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Abstract. The Natural Language Processing field has made great
strides recently. As a result, many challenging tasks are being given better solutions. One of these tasks is Sentiment Analysis, which is the
subject of this work. We propose a novel methodology to classify the
sentiment of tweets, based on BERT and focusing on emoji. Our method
also employs data augmentation to improve its generalization ability.
Experiments on two Brazilian Portuguese datasets – TweetSentBR and
2000-tweets-BR – show that our methodology produces better results
than BERT and outperforms the previously published results for TweetSentBR, with accuracy of 0.7726 (6.3 percentage points (p.p.) of improvement) and F1 score of 0.7514 (9.5 p.p. of improvement), as well as
for 2000-tweets-BR, with accuracy of 0.8247 (14.5 p.p. of improvement)
and F1 score of 0.8035 (23.4 p.p. of improvement).
Keywords: Natural Language Processing, Sentiment Analysis, Emoji,
Social Media
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Introduction and Background

Sentiment Analysis, also referred to as Opinion Mining, is a research field concerned with the computational study of sentiments. Since early 2000s, Sentiment
Analysis has grown to be one of the most active research topics in the Natural
Language Processing (NLP) field. It is also widely studied in Data Mining, Web
Mining, Text Mining, and Information Retrieval.
With the widespread access to the Internet in the last decades, people have
gained a new and powerful medium to voice their thoughts. With an unprecedented reach, it has never been easier to make our opinions visible worldwide.
Entities, such as companies and government agencies, are frequently interested
in knowing what people think in order to make informed decisions.
Usual sources of subjective texts (texts with an opinion) are social networking
services, (micro)blogs, and websites featuring user reviews. In this work, we used
two datasets of tweets from different domains. Since people express themselves
in many different ways, processing user-generated content is not an easy task.
Lack of punctuation and use of slang, for instance, are two of the challenges we
face. On the other hand, this type of text also presents interesting opportunities,
one of them being the use of emoji, which help to express sentiment.
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Fig. 1: Overview of our proposed method for sentiment classification of tweets.
In this work, we present a method to classify the sentiment of user-generated
texts that makes use of emoji, when present, to enrich the text representation
used to perform the classification. Our methodology is based on BERT [3] and
features additional pre-training and data augmentation.
1.1

Bidirectional Encoder Representations from Transformers
(BERT)

Since we used BERT [3] as a basis to build our proposed method for sentiment
classification, we describe it in more detail here. One of the strong points of
BERT is its bidirectionality. While previous models use left-to-right or independently trained left-to-right and right-to-left encoders to generate features for
downstream tasks, BERT employs a bidirectional Transformer, producing representations that are jointly conditioned on both left and right context in all
layers, which is reflected on the strong results obtained.
BERT is pre-trained using two unsupervised tasks: Masked Language Modeling (MLM) and Next Sentence Prediction (NSP). MLM is the solution that the
authors found to train a language model, since standard conditional language
models can only be trained left-to-right or right-to-left. In MLM, a percentage of
the input tokens are masked at random and the model is trained to predict those
masked tokens. The NSP task objective is to build understanding of the relationship between two consecutive sentences, to be used in downstream tasks such as
Question Answering and Natural Language Inference. The model is trained to
predict, given two sentences A and B, if B follows A or not.
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Methodology

The core idea behind our proposed methodology is to extract the maximum information possible from emoji to have a richer representation of a piece of text
and use that to improve the sentiment classification. The methodology comprises
additional pre-training evaluation, data augmentation evaluation, emoji extraction, and fine-tuning. Figure 1 illustrates the process. To evaluate our method
we adopted two datasets of tweets, which we briefly present.
2.1

Datasets

In this section, we present the datasets we used to conduct our experiments and
assess our methodology: the TweetSentBR and the 2000-tweets-BR.
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TweetSentBR The TweetSentBR [1] is a sentiment corpus for Brazilian Portuguese, manually annotated, with 15000 tweets on TV show domain. The tweets
were labeled in three classes: positive, neutral, and negative. The training set
has the following distribution of tweets: 5741 (44.2%) positive, 3410 (26.3%) neutral, and 3839 (29.5%) negative. And the test set has the following distribution
of tweets: 907 (45.1%) positive, 516 (25.7%) neutral, and 587 (29.2%) negative.
2000-tweets-BR The 2000-tweets-BR [9] is a multi-domain Brazilian Portuguese corpus of tweets built to analyze the Brazilian and European varieties
of the Portuguese language with respect to Sentiment Analysis. It was manually
annotated and organized in four classes: positive, neutral, negative, and mixed.
This last class refers to tweets having both positive and negative opinions. Following Vitório et al. [9], who introduced the dataset, we do not use the “mixed”
class in the classification process. Additionally, since the dataset does not have
predefined training and test sets, we split it using 15% of the samples, randomly
selected, as test set. For the TweetSentBR dataset, the test set is 13.4% of the
total, so we chose the nearest multiple of five here. Thus, the training set has the
following distribution of tweets: 329 (20.0%) positive, 894 (54.2%) neutral, and
425 (25.8%) negative. And the test set has the following distribution of tweets:
61 (20.9%) positive, 146 (50.2%) neutral, and 84 (28.9%) negative.
2.2

Additional Pre-Training

Since pre-training a Transformer-based model from scratch is very expensive
time-wise and it also requires massive amounts of data, we make use of BERTimbau [7] – a BERT [3] model pre-trained on the brWaC corpus, which is composed
of 2.7 billion tokens, from 120 thousand different websites. We can fine-tune this
model on our downstream task – sentiment classification – using a labeled dataset
and obtain a trained classifier. However, according to Gururangan et al. [4], performing a second phase of pre-training, this time using in-domain documents,
tend to generate better results.
To pre-train our model, we prepared a corpus of user-generated texts from
social media with 89458 entries, all of which contain at least one emoji. Some
examples of entries are:

Linda a Jessica e tem senso de humor.a
Quando foi isso? A mulher não ganhou com um nhoque?b
Caramba, que nível.... circo de horroresc
a
b
c

Jessica is beautiful and has a sense of humor.
When was that? Didn’t she win with a gnocchi recipe?
That’s terrible... it’s like a horror freak show.
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They were obtained from social media pages related to TV shows, so the
domain should be similar to the one of the TweetSentBR [1] dataset.
The pre-training process is unsupervised – or, more accurately, semisupervised, since the labels are obtained from the input samples – so we need
nothing besides the corpus. Furthermore, using the same inputs, it is possible
to generate different labels using different configurations (tasks). We conducted
pre-training experiments using six different configurations for the methodology:
– Masked Language Modeling (MLM): the same task used during pretraining of BERT. Random tokens are masked with a probability of 15%
and the model is trained to predict those masked tokens. For more details,
please refer to Section 1.1.
– Masked Language Modeling 50% (MLM50): akin to the Masked Language Modeling configuration, but using probability of 50% to mask a token.
– All Emoji (All): all emoji (and only emoji) are masked and the model is
trained to predict those masked emoji.
– First Emoji (First): the first occurring emoji of a text is masked and the
model is trained to predict this masked emoji. If there is only one emoji in
the text, it behaves like the All Emoji configuration.
– Emoji Masked Language Modeling (EMLM): similar to the Masked
Language Modeling configuration, but only emoji tokens are randomly
masked, with a probability of 15%.
– Emoji Masked Language Modeling 50% (EMLM50): similar to the
Emoji Masked Language Modeling configuration, but using a probability of
50% to mask a token.
In addition to these six pre-training configurations, we also evaluated the
scenario without additional pre-training.
2.3

Data Augmentation

We evaluated whether data augmentation could improve the results of sentiment
classification of social media texts or not. The approach employed here is based
on the work of Wei and Zou [10]. The central idea is to modify a piece of text
using four operations:
– Synonym Replacement: Randomly choose n words from the sentence that
are not stop words. Replace each of these words with one of its synonyms
chosen at random.
– Random Insertion: Find a random synonym of a random word in the
sentence that is not a stop word. Insert that synonym into a random position
in the sentence. Do this n times.
– Random Swap: Randomly choose two words in the sentence and swap their
positions. Do this n times.
– Random Deletion: For each word in the sentence, randomly remove it
with probability p.
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   [SEP]
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Fig. 2: Our proposed method for sentiment classification of tweets.
The number of words changed per sample, n, is based on the text length l and
given by the formula n = αl, where α is a parameter that indicates the percentage
of words in a sample to be changed. For the random deletion operation, p = α.
We experimented with the values of 0.1, 0.2, 0.3, 0.4, 0.5, and 0.6 for α
to determine which one produces the best results for each dataset. In addition
to the parameter α, another important one is the naug , which determines the
number of augmented samples per original sample. We experimented with the
values of 1, 2, 3, 4, and 5 for naug .
The original method of Wei and Zou [10] was built to work with English
texts. We modified it to work with Portuguese text by employing the Open
Multilingual WordNet to find synonyms of the words.
2.4

Emoji Extraction

For every tweet, we perform emoji extraction to separate them from the text,
so that we end up with two sequences: one with words and another with emoji.
We consider emoticons as emoji, because albeit not being the same thing, they
essentially fulfill the same role1 . All emoji found in the training sets are added
to the vocabulary of the WordPiece embedding tokenizer.
2.5

Model Architecture

Figure 2 illustrates the model and the classification process, from the input text
to the output sentiment probabilities. Each step is explained as follows.
First, the words sequence is processed by the tokenizer, which inserts a special
classification token ([CLS]) as the first token of the sequence and translates all
input tokens to WordPiece token IDs, according to the vocabulary. These token
IDs are fed to the embedding layer, using hidden size H = 768. The embeddings
then go to the multi-layer bidirectional Transformer [8] encoder. We use L = 12
1

Emoticons considered: S2 <3 ;D :D ;-) :-) ;) =) :) ;-( :-( ;( =( :(
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as the number of layers (i.e., Transformer blocks) and A = 12 as the number of
self-attention heads.
The output of the encoder is then “pooled” by taking the hidden state corresponding to the special classification token, following Devlin et al. [3]. The same
process is applied to the emoji sequence. Then we concatenate the hidden states
of the two sequences and feed the result to a dropout layer and then to a fully
connected classification layer, followed by the softmax function, which returns
the probability of the tweet having positive, neutral, or negative sentiment.
To try to reduce the overfitting and obtain a better model, we experimented
with dropout probabilities ranging from 0 (no dropout) to 0.5 (approximately
half the neurons’ outputs are zeroed) in steps of 0.05. We evaluated these different
settings on both datasets. According to our experiments, the best value is 0.35
for TweetSentBR, and 0.05 for 2000-tweets-BR.
Besides the aforementioned dropout layer, dropout is also used in the selfattention computation. We evaluated the same range of values, using the value
of 0.35 for the general dropout probability with TweetSentBR and 0.05 for 2000tweets-BR, as they performed the best. We found 0.05 to be the best value for
TweetSentBR, and 0.15 for 2000-tweets-BR.
To summarize the results obtained in our dropout experiments, the best
dropout settings for TweetSentBR are general dropout rate of 35% and selfattention dropout rate of 5%. As for 2000-tweets-BR, the best settings are general
dropout rate of 5% and self-attention dropout rate of 15%.
2.6

Training Protocol

Starting with a pre-trained BERTimbau [7] model, we evaluated additional pretraining, according to Section 2.2. We then fine-tuned our model on the datasets
using maximum sequence length of 128 tokens with padding.
We utilized Adam optimizer with initial learning rate of 1 × 10−5 , weight
decay of 0.01, batch size of 32 and maximum number of epochs of 20 for TweetSentBR and 100 for 2000-tweets-BR, since it is smaller and the model was still
learning in the 20th epoch in some cases. To determine the best values for the
training parameters, we used a stratified 5-fold cross-validation schema.
To develop our methodology, we used PyTorch, the
Transformers library from Hugging Face, BERTimbau, NumPy, Pandas, the Natural Language
Toolkit, and scikit-learn. The hardware specifications of the computers used to
conduct the experiments are: 2.2 GHz Intel Xeon processors, 12 GB of RAM
memory, and NVidia Tesla P100 graphics cards, with 16 GB of memory HBM2,
running Linux operating system.
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Results

We evaluated our methodology and compared the obtained results with the
published results for the TweetSentBR and 2000-tweets-BR datasets. Since our
model is based on BERT, and we could not find published results for it on these
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datasets, we performed the evaluation of a standard BERT model using the
same training protocol as our model. In all cases, the inputs are the full tweets,
including emoji, if present.
3.1

Evaluation Metrics

The evaluation metrics traditionally used for the TweetSentBR and 2000-tweetsBR datasets are accuracy and F1 score. We also present the results for precision
and recall to offer a better representation of the effectiveness of the classifiers.
All the metrics have their values in the interval [0, 1], and the higher the better.
3.2

Pre-Training Results

One of the first things we have to verify is whether additional pre-training improves the results of the final model or not. We experimented with six different
pre-training configurations (tasks), presented in Section 2.2, in addition to no
further pre-training at all. For the TweetSentBR dataset, the best results were
obtained with the Masked Language Modeling 50% configuration (improvement
of 1.2 p.p. in accuracy and 1.1 p.p. in F1 score). For the 2000-tweets-BR dataset,
the configuration with no additional pre-training yielded the best results.
3.3

Data Augmentation Results

Using an adaptation for the Portuguese language of the approach by Wei and
Zou [10], we evaluated data augmentation for Sentiment Analysis. There are two
important parameters in this method: α and naug , as explained in Section 2.3.
First, we executed experiments to determine the best value for α, using
naug = 1. For the TweetSentBR dataset, we found α = 0.4 to be the best
value, while for the 2000-tweets-BR dataset, the best value was α = 0.2.
Then, we evaluated the parameter naug . For the TweetSentBR dataset, we
used α = 0.4 and obtained naug = 3 as the best value. For the 2000-tweets-BR
dataset, we used α = 0.2 and found naug = 3 to be the best value as well.
To summarize the results obtained in our data augmentation experiments,
the best data augmentation schema for the TweetSentBR dataset is 3 augmented
samples per original sample, with 40% of the words changed. As for the 2000tweets-BR dataset, the best schema is 3 augmented samples per original sample,
with 20% of the words changed.
Having found the best settings for data augmentation, we compared these
results with those obtained without data augmentation to determine whether it
is beneficial to the method or not. Considering the TweetSentBR dataset, the
accuracy is 0.7647 without augmentation and 0.7711 with it. For the 2000-tweetsBR dataset, the accuracy is 0.8213 without and 0.8247 with data augmentation.
Based on these results, we consider that data augmentation is beneficial for both
datasets.
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Table 1: Experimental results for TweetSentBR.
Model

Accuracy

F1 score

Precision

Recall

0.6462
–
0.6840
0.7100
0.7468
0.7726

0.5985
0.6214
0.6560
0.5000
0.7292
0.7514

–
–
–
–
0.7287
0.7529

–
–
–
–
0.7297
0.7514

Brum and Nunes [1]
Brum and Nunes [2]
Sakiyama et al. [6]
Nascimento [5]
BERTBASE
Our model

Table 2: Experimental results for 2000-tweets-BR.
Model
Vitório et al. [9]
Nascimento [5]
BERTBASE
Our model
3.4

Accuracy

F1 score

Precision

Recall

0.6451
0.6800
0.8110
0.8247

–
0.5700
0.7937
0.8035

–
–
0.8135
0.8347

–
–
0.7807
0.7849

Fine-Tuning Results

Table 1 lists the experimental results for TweetSentBR. Note that the values
for precision and recall are the arithmetic means of their per-class values. When
building the model, we used the same size parameters as BERTBASE (L = 12,
H = 768, and A = 12), enabling us to make a fair comparison. Our methodology produced better results than the ones previously published and achieved
improvements of 2.6 percentage points (p.p.) in accuracy and 2.2 p.p. in F1 score
over BERT.
The results for the 2000-tweets-BR dataset are presented in Table 2. The
results obtained represent an improvement of accuracy of 1.4 p.p. and an improvement of F1 score of 1.0 p.p. over BERT.
Since our approach focuses on emoji, we tested on a subset of tweets of each
dataset that have one or more emoji, which are about 20% of the TweetSentBR
dataset and about 15% of the 2000-tweets-BR dataset. With this setting, we
can compare the effectiveness of BERTBASE and our model. As can be seen in
Table 3, in this scenario for TweetSentBR, our model excelled BERTBASE by
4.9 p.p. in accuracy and by 17.9 p.p. in F1 score, indicating that our model can
actually extract more information from emoji and use that to perform a better
sentiment classification.
For the emoji subset of the 2000-tweets-BR, the results are listed in Table 4.
We can see that our model outperforms BERT in the accuracy metric by 2.4
p.p., but is surpassed in the F1 score by 1.3 p.p., since the lower recall value
pulls the F1 score down, even though the precision is high. It may be caused by
having emoji which contradict the text in tweet or even by inconsistent labels in
the dataset.
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Table 3: Experimental results for TweetSentBR – emoji subset.
Classifier

Accuracy

F1 score

Precision

Recall

BERTBASE
Our model

0.7724
0.8208

0.5631
0.7425

0.8342
0.7311

0.5747
0.7607

Table 4: Experimental results for 2000-tweets-BR – emoji subset.
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Classifier

Accuracy

F1 score

Precision

Recall

BERTBASE
Our model

0.7073
0.7317

0.6779
0.6652

0.7146
0.8323

0.6587
0.6270

Conclusions

In our competitive society, having a better understanding of what people think
can represent a huge advantage for many companies, for instance evaluating user
satisfaction. Deep Learning methods usually produce good results but often require copious amounts of labeled data, which, for many applications, are hard to
acquire because it is very time-consuming to build a large manually-annotated
dataset – the gold standard in Machine Learning. Unsupervised language representation learning methods alleviate this issue by means of Transfer Learning,
pre-training a language representation model using a large amount of unlabeled
data and then fine-tuning it on a labeled dataset, which does not need to be too
large.
One prominent such model is the Bidirectional Encoder Representations from
Transformers (BERT) [3], used as a basis to develop our method. We focused
on extracting information not only from text but also from emoji. We extract
emoji from the input text and process them through the Transformer [8] encoder
independently, then concatenate the hidden states corresponding to the text and
emoji before sending them to the classification layer of the model. Our model
also employs data augmentation to improve its generalization ability.
We obtained good results in our experiments with two datasets of tweets in
Brazilian Portuguese – TweetSentBR [1] and 2000-tweets-BR [9] – surpassing the
previously published results for both datasets. For TweetSentBR, our method
achieved accuracy of 0.7726 (6.3 p.p. of improvement) and F1 score of 0.7514
(9.5 p.p. of improvement). For 2000-tweets-BR, accuracy of 0.8247 (14.5 p.p. of
improvement) and F1 score of 0.8035 (23.4 p.p. of improvement). It is possible
to use a previously pre-trained BERTBASE model to warm start ours, greatly
reducing the total training time.
As future work, we intend to apply our methodology to datasets in other languages, in particular English, since resources in this language are more plentiful.
We also plan to investigate the application of other Transformer models other
than BERT as the basis for our approach.
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Abstract. The automatic detection of hate speech is a blooming field
in the natural language processing community. In recent years there have
been efforts in detecting hate speech in multiple languages, using models
trained on multiple languages at the same time. Furthermore, there is
special interest in the capabilities of language agnostic features to represent text in hate speech detection. This is because models can be trained
in multiple languages, and then the capabilities of the model and representation can be tested on a unseen language.
In this work we focused on detecting hate speech in mono-lingual, multilingual and cross-lingual settings. For this we used a pre-trained language
model called Language Agnostic BERT Sentence Embeddings (LabSE),
both for feature extraction and as an end to end classification model. We
tested different models such as Support Vector Machines and Tree-based
models, and representations in particular bag of words, bag of characters, and sentence embeddings extracted from Multi-lingual BERT . The
dataset used was the SemEval 2019 task 5 data set, which covers hate
speech against immigrants and women in English and Spanish. The results show that the usage of LabSE as feature extraction improves the
performance on both languages in a mono-lingual setting, and in a crosslingual setting. Moreover, LabSE as an end to end classification model
performs better than the reported by the authors of SemEval 2019 task
5 data set for the Spanish language.
Keywords: Hate Speech Detection · Natural Language Processing ·
Multi-lingual Language Models.
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Introduction

Hate speech refers to the communicative action of promoting discriminatory
actions which infringe upon the dignity of a group of people. For the most part,
these actions are based in discrimination given the race, skin tone, ethnicity,
gender, sexual orientation, nationality, religion and another characteristics of
groups or individuals. Although hate speech is not a novel problem, it is still a
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relevant one as the growing use of social network platforms and the anonymity
they provide present an ideal environment for the rise of such occurrences.
In order to tackle these discriminatory actions, automated hate speech detection tools can be employed. To this end, Machine learning based models using
traditional algorithms (Naive Bayes, Support Vector Machines, Decision Trees,
etc.) and Deep Neural network based algorithms have been used. Traditionally,
the focus of hate speech detection has been in a mono-lingual setting (using
only one target language at a time to detect hate-speech). This is problematic
for other languages in which labeled data is scarce. Nonetheless, there have been
recent efforts in providing multi-lingual datasets, in which hate speech can be
detected in multiple languages across different domains [3,9,13].
With the new developments in Transformer-based Language Models [4,5]
trained in multiple languages, these big models can be used to extract a sentence embedding. These representations should preserve the properties of linguistic characteristics, in which similar sentences should be in proximity given
the embedding space. Moreover, with language models trained in multiple languages, they should preserve the similarity of sentences across all languages.
Given this, we can leverage these representations and multi-lingual datasets to
train models in a cross-lingual setting (training in A languages, and testing their
performance on a held out language B).
In this work, we study the application of language agnostic feature representations with different Machine Learning models to detect Hate Speech detection
in three settings: Mono-lingual, Multi-lingual and Cross-lingual. For these settings we use a benchmark dataset containing two languages, Spanish and English,
and pre-process them with these feature representations. In order to measure the
effectiveness of this language agnostic representation, we conduct a comparison
with traditional approaches to vectorize natural text (for example, with a Bag
of words approach), in addition to the use of two multi-lingual state of the art
models (Multi-lingual BERT and LabSE).
This work is organized as follows. In Section 2, we present the related works
in hate speech detection. Section 3 is where we present our proposal. The dataset,
the different representations, models and metrics are detailed in Section 4. In
Section 5 we present the results and a discussion on the experiments conducted
in this work. Finally, in Section 6 we present the conclusions and future work.

2

Related Works

Automated hate speech detection has been in study as early as 2012, where
Warner [21] employs a Bag of words representation and Support Vector Machines
(SVM), to detect messages with antisemitic connotation. In 2013, Kwok & Wang
[10] propose the use of a Naive Bayes model to detect racist messages towards
the Black community on Twitter. In 2015, Gitari et al. [8] created a rule-based
algorithm that uses a lexicon created by the authors to detect hate speech in
three domains: race, nationality, and religion.
Around the year 2017, word embedding approaches were being adopted for
hate speech detection, using this representation along with Deep Neural Net-
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works [2], specifically Long Short Term Memory (LSTM) Networks. In the same
year, Convolutional Neural Networks (CNN) were being used to detect hate
speech on Twitter [6]. In 2018 Zimmerman et al. [23] proposed the use of Deep
Neural Network ensembles to improve the performance in automated hate speech
detection. In 2019, with the release of the pre-trained Transformers language
models, such as BERT [4], there was a widespread use of these architectures
by fine tuning them on the hate speech classification domain, and in different
languages [11,15,12].
In the domain of multi-lingual and cross-lingual hate speech detection, Ousidhoum et al. [13] explores the effectiveness of single task and mono-lingual models,
compared to models trained on multiple tasks, and multiple languages. Sohn &
Lee [18], use a multi-channel variant of BERT architecture, generating an ensemble of three versions of BERT : Multi-lingual, English and Chinese BERT .
More recently, Aluru et al. [1] applied language agnostic sentence embeddings
to detect hate speech in both multi-lingual, and cross-lingual settings. Furthermore, Stappen et al. [20], applied pre-trained language models in a zero-shot,
and few-shot training scheme to carry out cross-lingual hate speech detection.
In 2021, Ghosh Roy et al. [7] used pre-trained cross-lingual models, in addition
to emoji embeddings and hashtags embeddings, to detect hate speech in three
languages.

3

Proposal

For tackling the problem of cross-lingual and multi-lingual classification of hate
speech, we propose the use of a pre-trained model named Language Agnostic
BERT Sentence Embeddings (LabSE)[5]. This model is trained to produce language agnostic sentence embeddings for 109 languages, and uses a Dual BERT
[4] architecture with shared parameters as the base model. Another difference
with the multi-lingual version of BERT is the pre-training step. For multilingual BERT a fixed vocabulary of 110k WordPiece tokens is used, and the
pre-training tasks are mono-lingual Masked Language Modeling (reconstructing
a sentence given a corrupted input) and Next Sentence Prediction. For LabSE,
the vocabulary consist of 500k WordPiece tokens, and is pre-trained on two tasks:
Masked Language Modelling and Translation Language. The latter uses parallel
sentences in different languages, which are concatenated and then corrupted by
masking words in both sentences. Then, the model is trained to reconstruct both
sentences in their respective language. This encourages the alignment of word
embeddings for each parallel sentence. To obtain a sentence representation from
multi-lingual BERT , we need to compute the mean pooling of each hidden state
on the output of the last layer. On the other hand, for LabSE we obtain this
sentence embedding by extracting the last hidden state of the [CLS] token.
To show the differences between LabSE sentence embeddings and multilingual BERT sentence embeddings, we encode the sentence ”The quick brown
fox jumps over the lazy dog” in 4 different languages (English, Spanish, German
and French). Then, these sentence embeddings are projected to a 2 dimensional
space using Principal Component Analysis. This is visualized on Figure 1:
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Fig. 1. 2d PCA projections for the sentence embeddings extracted with LabSE (left
side of the scatter plot), and sentence embeddings extracted with multi-lingual BERT

We can see that for the different languages and LabSE sentence embeddings,
a well defined cluster is located at the left side of the scatter plot, indicating that
the embeddings for each language are highly similar. For multi-lingual BERT
on the other hand, there is some proximity for the Spanish, French and German
sentence embeddings, but there is no well defined cluster. The same analysis can
be done computing the euclidean distance between sentence vectors for both
pre-trained models.
In recent years, these pre-trained language models have been effective on
tackling several Natural Language Processing Tasks by fine-tuning these models
on a downstream task. For this reason, we propose fine-tuning LabSE to detect
hate speech in a context of social media. Additionally, we can use LabSE as a
language agnostic feature extractor, in which these dense representations can be
used as inputs for traditional Machine Learning models.

4
4.1

Experiments
Dataset

The dataset used for this proposal belongs to the SemEval 2019 workshop Task 5 [3]. This dataset contains messages from Twitter social network, and was
used to tackle the detection of hate speech against immigrants and women in 2
languages: English and Spanish. In this case, we used the labels for the subtask
A: binary classification of the messages of Hate Speech or Non-Hate Speech.
Table 1 shows a summary of the number of documents for each language and
each train/test sets. Also it is worth noting, that there is a a small bias towards
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the Non-Hate Speech category. The best results in SemEval 2019 in terms of
F1 -score (defined in the next section) was 0.65 for English, and 0.73 for Spanish.
Language Train set Test Set Non-HS / HS
English
10000
3000 ≈ 58%/42%
Spanish
5000
1600 ≈ 59%/41%
Table 1. Number of tweets for each language on the datasets

For this paper, we use this dataset in three settings:
1. Mono-Lingual: training and testing in the same language, avoiding data
from the other language corpus.
2. Multi-Lingual: training and testing mixing both languages in one corpus.
3. Cross-Lingual: training in one language, and testing in the other language.
These settings permits us to benchmark our proposal, evaluating the generalization of models trained on language agnostic representations given these settings. There is minimal pre-procesing applied to each message, mainly we remove
emojis and URLs. Stopwords are not removed, nor a lemmatizing/stemming algorithm to each word. This is because, we try to avoid the sequentiality to be
destroyed by the removal of stopwords, and aditionally, generating conflicts with
the subword tokenization scheme applied by the pre-trained models.
4.2

Models and Evaluation Metrics

There are six baseline models implemented for each setting, three of them are
Support Vector Machines (SVMs) with different kernels: Linear SVM (LSVM),
SVM with RBF kernel (RSVM) and SVM with a Polynomial kernel (PSVM).
The other three baseline models are tree-based classifiers, namely: Decision Trees
(DT), Random Forest (RF) and Extremely Randomized Trees (ET). We conducted hyperparameter tuning for each of the baseline models, by doing 5-fold
cross validation over the training set. For the SVM-based models, we tune the
C parameter for all models, and γ and degree for RBF and Polynomial SVM respectively. For the tree-based models, the only parameter tuned is the maximum
tree depth. Additionally, we implement two feature representations in order to
compare the Transformer-based representations: a Bag of Words representation,
and a Bag of Character representation (using a vocabulary of graphemes and
symbols).
For the state of the art neural network models, we used both LabSE and
Multi-lingual BERT as an end to end classification model. For both models we
apply a 10% Dropout[19] on the last layer of the pre-trained model, followed by
a dense layer with a sigmoid activation serving as the new output layer. For finetuning, we fixed the learning rate to 0.0001, used a batch size of 8, and used the
Binary Cross Entropy Loss function (1). We conducted 5-fold cross validation
to determine the number of epochs to fine-tune the architecture.
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L=−

N
1 X
(yi · log(ŷi ) + (1 − yi ) · log(1 − ŷi ))
N i=1

(1)

Two metrics were used to assess the quality of the classification for all the
experiments. These metrics derive from the results of the confusion matrix: True
Positives (T P ), True Negatives (T N ), False Positives (F P ) and False Negatives
(F N ). The first metric was the Accuracy Score (A), which gave the ratio of
correctly classified observations to the total of observations. The Accuracy Score
was computed as follows 2:
TP + TN
(2)
TP + TN + FP + FN
The second metric was the F1 -score, which is the weighted harmonic mean
of the Precision (P ) and Recall (R):
Accuracy =

P =

TP
TP + FP

R=

TP
TP + FN

(3)

P ·R
(4)
P +R
The implementation of the baseline models was carried out using scikit-learn
library [14], while the Deep Neural Network models were implemented with
pytorch and Hugging Face pre-trained transformer library [22]. The machine
used in the experiments had an Intel i7 processor, 32 Gb RAM and two Nvidia
GTX 1080 TI graphics card. The code for reproducing these experiments will be
made publicly available 3 .
F1 -score = 2 ·

5

Results

In this section the results of the different tests carried out will be presented, as
well as the different training approaches. For each table, an upper section detailing the performance of the baseline models using all representations is presented.
The lower section of the table shows the performance of the Transformer-based
models, in a end to end classification setting. Accordingly, these models only use
the sentence embedding generated by their own architecture.
5.1

Mono-lingual

Table 2 shows the results obtained in the mono-lingual process with the traditional models and multiple input representations. The models with the best
performance are SVM with Linear kernel for English with LabSE as the input
vectors, obtaining 0.61 accuracy and 0.55 F1 -score. For Spanish, the best results
are obtained by the SVM with RBF kernel, also with LabSE input vectors, with
an accuracy of 0.74 and F1 -score of 0.73, matching the best results obtained at
the competition [3] for the latter metric.
3

https://github.com/capkuro/DetectingHatespeechLabse
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Word
EN
ES
Acc F1 Acc F1
0.48 0.42 0.71 0.70
0.48 0.42 0.71 0.71
0.47 0.42 0.71 0.70
0.47 0.43 0.68 0.68
0.47 0.40 0.73 0.70
0.54 0.51 0.71 0.70

Char
EN
ES
Acc F1 Acc F1
0.45 0.41 0.62 0.55
0.47 0.44 0.63 0.60
0.49 0.49 0.60 0.52
0.48 0.47 0.62 0.55
0.47 0.44 0.64 0.59
0.47 0.44 0.63 0.59

LabSE
EN
ES
Acc F1 Acc F1
0.61 0.57 0.69 0.67
0.53 0.50 0.74 0.73
0.52 0.50 0.73 0.72
0.55 0.55 0.60 0.59
0.55 0.54 0.69 0.65
0.54 0.54 0.68 0.63
0.54 0.51 0.76 0.75
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BERT
EN
ES
Acc F1 Acc F1
0.46 0.39 0.62 0.46
0.53 0.50 0.67 0.63
0.52 0.50 0.67 0.64
0.55 0.54 0.62 0.52
0.51 0.49 0.63 0.57
0.51 0.50 0.63 0.56

model
LSVM
RSVM
PSVM
DT
RF
ET
LabSE
BERT
0.53 0.49 0.75 0.74
Table 2. Mono-lingual results for baseline algorithms and the fine tuned LabSE and
BERT

Moreover, when we fine tune both Multi-lingual BERT and LabSE as an
end to end classification architecture we get interesting results. For the English
language, LabSE obtains the best results with 0.54 accuracy and 0.51 F1 -score.
Yet the Linear SVM with LabSE embeddings obtains better results than finetuning the whole architecture. For the Spanish language on the other hand, both
Multi-lingual BERT and LabSE architectures when fine tuned, obtain better
performance than the SVM with RBF kernels and LabSE embeddings input. In
this case, fine-tuning the LabSE model gives an 0.76 and 0.75 of accuracy and
F1 -score respectively.
5.2

Multi-lingual

For the Multi-lingual task, Table 3 shows the results for all the models with different representations. In this case, the best results are obtained by the Random
Forest with a Bag of Words representation. It is worth noting that tree-based
models work on par with Spanish, and even better than SVM-based models for
Spanish with Bag of Words representation. In this case, given that the Bag of
Words contains both English and Spanish vocabulary, we theorize that treebased models can generate sub-trees specialized on each language. Furthermore,
the Bag of Characters representation gives smooth results across all the traditional models, obtaining similar results for SVM-based models and LabSE
representation.
The results of fine-tuning both Multi-lingual BERT and LabSE are presented next. In this setting, LabSE obtains better results than fine-tuning Multilingual BERT , yet it does not obtain comparable results with Random Forest
and a Bag of Word representation.
5.3

Cross-lingual

For the Cross-lingual task, Table 4 shows the results for all baseline models
and representations. For this task, SVM-based models with LabSE input representation works best when compared with the other baseline models. For the
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Word
Char
LabSE BERT
model Acc F1 Acc F1 Acc F1 Acc F1
LSVM 0.55 0.54 0.62 0.62 0.62 0.62 0.52 0.50
RSVM 0.56 0.55 0.63 0.63 0.63 0.63 0.58 0.58
PSVM 0.56 0.55 0.63 0.63 0.63 0.63 0.58 0.58
DT 0.68 0.68 0.58 0.56 0.57 0.55 0.56 0.55
RF 0.73 0.71 0.63 0.59 0.61 0.61 0.64 0.58
ET 0.70 0.69 0.64 0.59 0.61 0.60 0.64 0.58
LabSE
0.62 0.61
BERT
0.59 0.57
Table 3. Multi-lingual results for baseline algorithms and the fine tuned LabSE and
BERT

ES → EN task, the SVM with RBF kernel obtains a 0.65 and 0.64 accuracy and
F1 -score respectively. For the EN → ES task, the SVM with Polynomial kernel
obtains a 0.66 and 0.65 of accuracy and F1 -score respectively. It is worth noting
that a Bag of Words representation for this task is not suitable and it shows on
the results that with this representation, the models tend to bias towards the
Non Hate speech category.
For the Bag of Characters representation it can be observed that there is a
partial transferring for the languages, given the increase in F1 -score. Nonetheless, it gives a worse performance when compared with the mono-lingual training.
For Multi-lingual BERT input representations, the results are slightly better
than the mono-lingual training, indicating that these embeddings can indeed
provide information across languages. It is worth mentioning that LabSE input
representation gives better results on the English language when compared with
the mono-ligual English task, obtaining a performance close to the best model
reported on [3].

model
LSVM
RSVM
PSVM
DT
RF
ET
LabSE
BERT

Word
ES → EN EN → ES
Acc F1 Acc F1
0.57 0.43 0.59 0.37
0.58 0.53 0.59 0.37
0.58 0.37 0.59 0.37
0.58 0.37 0.59 0.38
0.58 0.37 0.59 0.37
0.58 0.37 0.59 0.37

Char
ES → EN EN → ES
Acc F1 Acc F1
0.57 0.40 0.54 0.52
0.57 0.40 0.58 0.44
0.57 0.41 0.57 0.41
0.56 0.42 0.55 0.46
0.57 0.40 0.55 0.46
0.58 0.41 0.55 0.48

LabSE
ES → EN EN → ES
Acc F1 Acc F1
0.62 0.59 0.63 0.62
0.65 0.64 0.65 0.64
0.65 0.62 0.66 0.65
0.59 0.56 0.56 0.56
0.61 0.49 0.62 0.61
0.60 0.46 0.63 0.61
0.68 0.65 0.69 0.68

BERT
ES → EN EN → ES
Acc F1 Acc F1
0.43 0.33 0.60 0.43
0.57 0.54 0.61 0.49
0.57 0.54 0.61 0.48
0.54 0.49 0.58 0.54
0.53 0.51 0.60 0.52
0.53 0.50 0.59 0.52
0.66 0.64 0.66 0.61

Table 4. Cross-lingual results for baseline algorithms and the fine tuned LabSE and
BERT

When both Multi-lingual BERT and LabSE are used as an end to end model,
the latter produces the best results for both cross-lingual tasks. For the ES →
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EN task, LabSE model obtains a 0.68 and a 0.65 of accuracy and F1 -score
respectively, a better performance on the English mono-lingual task, and an
equal F1 -score reported by [3]. For the EN → ES task, LabSE model delivers
the best performance when compared with the baseline models. In this case,
the cross-lingual setting for Spanish does not yield a better performance when
compared with the mono-lingual setting, as opposed to the case for the English
language.

6

Conclusions

In this paper, we tackle the problem of multi-lingual and cross-lingual hate
speech detection using language agnostic representations. To this end, we proposed the use of LabSE both as an feature extraction method, and as an end to
end model for performing this classification. Experiments showed that LabSE
both as an embedding, and also as a model, outperforms other language agnostic
representations. Additionally, LabSE as an end to end model, outperforms the
best results obtained in [3].
In future work we would like to explore different datasets with an increased
number of both languages and samples, and include other language agnostic
representations, such as Byte Pair Encoding [17]. Additionally, exploring data
augmentation techniques, such as translating/back translating [16] the datasets,
could provide a richer exploration of data intensive models such as Recurrent
Neural Networks.
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Abstract. The Perception of Security (PoS) refers to the opinion that
persons have about security or insecurity in a place or situation. Realtime monitoring and the capacity of anticipation of citizen’s PoS are
highly relevant for citizen’s security planning. Surveys represent the most
widely used strategy to quantify PoS. Nevertheless, this approach cannot be applied continuously to obtain real-time monitoring or to predict
future PoS. Recent evidence suggests that social network content may
provide valuable information to quantify PoS. However, the prediction
of these PoS quantifications remains poorly studied. We propose a novel
strategy to quantify and anticipate PoS in short time windows using social network data. The model considers the external factors that may
contribute to the publication of posts related to PoS and the retweeting
phenomena. Results show that the proposed model may provide competitive predictive performances while keeps high levels of interpretability
about the factors influencing PoS.
Keywords: Perception of Security · Predictive Security · Social Networks Content · Natural Languaje Processing · Hawkes point process.

1

Introduction

The Perception of Security (PoS) refers to the subjective opinion that persons
have about the feeling of security or insecurity in a place or situation [1]. The
PoS is closely related to the fear of crime and its consequences on the citizens [2].
Due to its subjective character, the PoS quantification is highly challenging [3].
The PoS may change due to several factors, such as the environmental quality,
information coming from third parties, previously suffered criminal experiences,
the occurrence of particular situations influencing crime rates, or the occurrence
of events that may affect safety, among others [3] .
?

This work was funded by the project “Diseño y validación de modelos de analı́tica
predictiva de fenómenos de seguridad y convivencia para la toma de decisiones en
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Traditionally, the PoS is quantified using surveys applied to a small sample
of people, commonly annually or twice per year [4]. This approximation is time
expensive and also limited for performing real-time quantification of the PoS [4].
Besides, to our knowledge, there is no mechanism to predict or anticipate future
PoS. These predictions may play an important role in citizen’s security short
planning.
Previous works have recently explored social media as an alternative to improve survey limitations on measuring PoS [5, 6]. Mainly because of the kind
of content commonly published in this network and the spreading information
capacity of social networks. Nevertheless, these approaches focused on the quantification of PoS and did not consider PoS prediction’s problem.
In this work, we propose a novel strategy to quantify and anticipate PoS in
short time windows using social network data [5, 6]. The quantification strategy
focused on Twitter posts, which provide continuous observation of the citizen’s
PoS. These data are analyzed using natural language processing tools and supervised classification strategies to obtain PoS quantifications. Together with
relevant covariates, these quantifications serve as input for a Hawkes point process model that anticipate PoS in short time windows [7]. We evaluated the
strategy in predicting PoS for the city of Bogotá (Colombia). Results suggest
that this strategy may successfully anticipate PoS for short time windows, providing valuable information to better understand the origin of PoS.

2

Materials and Methods

The predictions herein performed were based on Twitter’s social network content. Specifically, geo-located data for the city of Bogotá (Colombia) between
2019 and 2020. This data resulted from a social media listening exercise performed by the City’s Security Secretary. After acquiring and preprocessing the
data a filtering process aimed to identify posts related to security was used.
Later, a sentiment analysis model based on machine learning classifiers tagged
the post text into classes (from 1 to 5), depending on the negativity (1) or positivity (5) level of PoS [8]. Additional tweet information, such as the number of
followers of the account that performed the message and the posting time, were
also considered input for the predictive model. Besides, these inputs included
some previously known relevant event’s in the city, which may alter the PoS. In
particular, dates of citizen protests, dates of soccer matches in which the teams
that historically their fans have participated in caused riots in the city, and other
dates are known for their increase in criminal events or that affect security [1].
The model aimed to predict the number of tweets that can be published on
the social network related to citizen security for future times [9, 10]. A Hawkes
point process provided this prediction [7]. This model aimed to estimate future
events based on past events of near occurrence simultaneously considering the
covariate’s influences and the retweeting phenomena.
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Proposed model

Nowadays, people use social networks to share and discuss their opinions, particularly opinions related to their Perception of Security [6]. One of the most widely
used social networks for this task is Twitter, where users can either post a message or share messages from other people [11]. This sharing mechanism results
in the appearance of messages with similar content or retweeted from an original
message, increasing the number of posts related to PoS [12]. For this reason, the
proposed model considers both messages related to PoS and retweets of these
messages. The model’s ultimate goal is to predict the number of security-related
tweets for a short time future window. Therefore, the total number of tweets
related to PoS posted per hour was computed, resulting in a time series.
A Hawkes point process provided the prediction of this time series. This selfexcitatory model was used to explain the tweets posting rate by simultaneously
considering the effects on the PoS of particular covariates and the retweeting
time. Specifically, the proposed model assumed a function for the intensity of
events of tweeting posts of the form:
X
λ(t) = µ(t) +
g(t − ti )
i:ti <t

where µ(t) captures the behavior of the posting events that arise naturally (background), in this case, the original tweets. The second term represents the accumulated intensity by the past posting events as a function of time elapsed, which
may influence the occurrence of new posts [7].
Original tweets For the background term µ(t) we considered the dynamic of
original PoS tweet posting actions, which are closely related to the mixture of
various temporal factors occurring in the city [6]. In the proposed model, this
background term µ(t) corresponded to µ(t) = exp(βT (t)), where T (t) is a timedependent column vector containing factors that may influence PoS tweet’s post
intensity. T (t) included the tweet posting weekday, the day timeslot of the tweet
posting (0- 12:00 pm to 12:00 am, 1 - 12:00 am to 12:00 pm). Besides, covariates
related to events that may influence security in the city were also considered in
T (t). Particularly, two entries indicated a soccer game of one of the two major
city teams (Millonarios or Santa Fe) occurring at time t 1 . Two additional entries
were also considered, the first one indicating if there were programmed citizen
protests and another one if there was a festive or special date. The β corresponds
to a weight vector, representing the amount each variable considered in T (t)
contributes to the intensity of the tweet posting occurrence [13].
Retweets Unlike original tweets, retweets may result from a different dynamic— for instance, retweeting the content of highly ranked influencers, i.e.,
1

The fans of these teams have previously caused disturbances in the city on the game
dates.
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a tweet from a person or account that is influential, is more likely to be highly
replicated in a short time. Also, the tweet’s influence should be strong at the
begging but may decrease over time as a function of the users who replicate the
tweet and the importance it may have over time [12]. In the case of messages
related to PoS, posts reflecting feelings of insecurity may have a more significant
impact since they negatively affect people’s perceptions. These messages may be
more influential than positive news that does not significantly increase overall
PoS [14]. Based on these observations, we model the function g that determines
the intensity added by past events as:
g(t − ti ) = pi (t)di φ(t − ti )
with


s<0

0



0 ≤ s ≤ s0
φ(s) = c0





c0 (s/s0 )−(1+θ) s > s0

and
pi (t) =

pi0




2π
(t + φ0 ) exp(−(t − t0 )/τm )
1 − (Sr0 )sin
Tm

where di represents the number of followers of the account that tweets or retweets
at the instant ti , the memory kernel φ(s) is a probability distribution of the
time interval between a tweet and its retweet made by another user [9]. The
parameters of φ(s) were set as c0 = 6.49x10−4 (/seconds), s0 = 300 seconds and
θ = 0.242. pi (t) is a function that determines the influence of a tweet over time.
This function considers S referring to sentiment given to an original tweet and
provided by the sentiment analysis model. pi (t) corresponds to an exponentially
decaying oscillating function modeled by the product of the exponential and
sinusoidal functions where t0 is the time when the original tweet was published,
Tm is the period of oscillation set to one day, r0 is the relative amplitude, φ0 is
the phase and τm is the characteristic decay time [9]. These last three variables
(r0 , φ0 , τm ) together with β correspond to parameters to be estimated in the
training phase.
2.2

Estimating model parameters

The model parameters were estimated from historical data using the maximum
likelihood method [13]. For this, the log-likelihood `(Θ) for a time interval [t0 , T ]
was formulated as:
X
`(Θ) =
βT (ti )
i:Original

+

X

X

i:Original j:RT

from i

Z

T

log(pi (tj )dj φ(tj − ti )) −

λ(t)dt
t0
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whose parameters to estimate are Θ = {β, r0 , φ0 , τm }.
Note that β only affects the first line of the equation and the first part of the
final integral when replacing λ(t) and dividing the sum. In this way, calculating
the derivative of `(Θ) with respect to β and setting it equal to zero we obtain:
!
Z T
X
∂`
∂`
exp(βT (t))dt = 0.
=
T (ti ) −
∂β
∂β
t0
i:Original

Due to the fact that the function T (t) of temporal covariates can be considered
as a piecewise function for a certain partition P of the interval [t0 , T ] its solution
is calculable as an expression that depends on β as follow:
X
X
T (ti ) =
Ti T (i)exp(βT (i))
i∈P

i:Original

where Ti is the size of the partition element with value T (i). From this expression
β cannot be directly solved, therefore numerical methods were used to obtain
at a good approximation of its value since the original likelihood expression is
convex in β [13].
The assumption that the influence of tweets is constant for small-time windows was used to estimate the remaining parameters of the influence function [9].
For this, pi (t) was approximated by discrete version pbi (t). Then, an error function was defined and that was minimized to obtain the remaining parameters.
Specifically, for a specific tweet i in a time window [Tst , Tend ] where the tweet
has been retweeted R times, the value pbi (t) was defined as:

pbi (t) = R 

X
j:RT

from i

Z

tend −tj

dj
tst −tj

−1
φ(t)dt

.

Starting from the estimated values for each tweet at the defined time instants,
the parameters (r0 , φ0 , τm ) were computed by minimizing the function:
X
X
E(r0 , φ0 , τm ) =
||b
pi (t) − pi (t)||.
i:Original t:t−estimated

With all the estimated parameters, it was possible to build a function that allows
estimating the number of future tweets.
2.3

Predicting future tweets

The λ(t) function can be evaluated at any t ∈ [t0 , T ]. However, for a t > T
although it is possible to calculate the intensity of new tweets using the µ(t)
function, its retweet times and quantity of accounts followers and the polarity of
sentiment are not known. To estimate these values for new tweets and retweets,
we calculate the expected value for λ(t). First, samples of background events were
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generated using the thining algorithm [7]. Thus initial times where original tweets
are produced were computed. These values were used to compute the expected
intensity for their retweets by replacing S and d with samples extracted from
their specific distributions obtained from the data with the following expression:
b = λ(t) +
E(λ(t)|t1 , . . .) = λ(t)

X
i:samples

Z

t

φ(t − s)ds.

E(pi (t))
T

Finally, knowing the value of the estimated intensity for a time t to be predicted, the thining algorithm was used again [7] to predict the number of tweets
related to security in the interval [T, t].
2.4

Experimental Settings

Two models provided the baseline approaches. The first model corresponded to
a nonhomogeneous Poisson Process model. In this case, the same covariates were
considered as independent variables that explain the number of final events, and
both tweets and retweets equally counted [15]. The second model is an adaptation of the model mentioned above, in which the model predicts the number
of retweets the original tweet can have over time by fitting a linear regression
on the logarithm of retweets in the training data [9]. The original tweets were
calculated using the background of the herein proposed model, and the retweets
came from linear regression and an estimated value of retweets during the first
hour from the data.
For quantitative comparison of the models, a cross-validation strategy with
slicing time windows was used. The complete data set was divided into sliding
blocks of time displaced each 15 days. Initial size of the training data was 30 days.
Each block was chosen as training and the rest for testing. The mean absolute
error (MAE) and the Pearson coefficient provided the quantitative quality errors.
Besides quantitative predictive performance, the covariates effect on the
training data was also studied.

3

Results

Effect Covariates Figure 1 shows an eight days prediction of tweets related to
PoS resulted from using the proposed model. The training data included tweets
between 24 September of 2019 to 23 November of 2019. This period was selected
because there were many social protests in the city of Bogotá and few soccer
matches.
The upper-left panel in Figure 1 shows in blue the number of tweets, both
original and retweets, related to security observed for the studied time-period
together with the prediction in orange. The proposed model can adequately
follow the oscillating pattern observed for the actual tweets. Nevertheless, the
model does not capture the high amplitudes observed on the actual tweets. When
comparing model predictions and the original tweets, both the oscillating pattern
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and the amplitude were correctly predicted by the model, as observed in panel
upper-right. The bottom-left panel shows the time location for covariates for the
period of prediction. Interestingly, the two covariates happening on 27 November
of 2019 increased the number of tweets related to PoS predicted for this day.
Panel bottom-left in Figure 1 shows the covariate values computed on the
training used for the prediction. As observed, citizen protests increased the number of tweets related to PoS, while special days occurrence seems to help decrease
this number. Remarkably, the influence of local teams’ soccer matches appears
to have minor importance on the number of tweets related to PoS, at least at
this period.

Fig. 1: Prediction obtained from the proposed model. The upper-left panel shows
the actual (original and retweets) and predicted number of tweets related to PoS.
The upper-right part shows the original and the predicted number of tweets
related to PoS. In the lower-left panel, the covariates’ weights were obtained
using the model on the training data. The lower-right panel shows the covariates’
events for the period of prediction.

Comparison with other models Figure 2 shows the metrics calculated for the
models evaluated under the proposed cross-validation scheme, on the different
folds. Figure (a) shows the MAE and part (b) the Pearson coefficients. For
figure 2a we obtained average values of 31.01±23.68, 30.48±21.44 , 30.24±23.02
for the proposed, Poisson and linear regression models, respectively. There were
no significant differences between result performances provided by the different
models. The average Pearson coefficients were 0.17±0.12 for the proposed model,
0.16 ± 0.13 for the Poisson model, and 0.08 ± 0.05 for the linear regression model.
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However, the proposed model was the only one able to provide an interpretation
about the covariates relevance.
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(a) MAE errors for different temporary (b) Pearson coefficients for different tempartitions in cross validation configuration. porary partitions in cross validation.

Fig. 2: Metrics evaluated in the different time partitions defined in the crossvalidation configuration on the different folds.

4

Conclusions

In this work, a model to predict the number of tweets related to citizen security
was proposed. The model considers factors that may contribute to the posting
of texts related to PoS and the retweeting phenomena. Results suggest that
the proposed model may provide competitive results when compared to baseline
methods. In addition, the model may provide interpretability for the relevance
of factors considered.
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Abstract. Deep Learning architectures have been extensively studied
in the last years, mainly due to their discriminative power in Computer
Vision. However, one problem related to such models concerns their number of parameters and hyperparameters, which can easily reach hundreds
of thousands. Additional drawbacks consist of their need for extensive
training datasets and their high probability of overfitting. Recently, a
naı̈ve idea of disconnecting neurons from a network, known as Dropout,
has shown to be a promising solution though it requires an adequate
hyperparameter setting. Therefore, this work addresses finding suitable
Dropout ratios through meta-heuristic optimization in the task of image
reconstruction. Several energy-based Deep Learning architectures, such
as Restricted Boltzmann Machines, Deep Belief Networks, and several
meta-heuristic techniques, such as Particle Swarm Optimization, Bat
Algorithm, Firefly Algorithm, Cuckoo Search, were employed in such a
context. The experimental results describe the feasibility of using metaheuristic optimization to find suitable Dropout parameters in three literature datasets and reinforce bio-inspired optimization as an alternative
to empirically choosing regularization-based hyperparameters.
Keywords: Machine learning, Deep learning, Regularization methods,
Meta-heuristic optimization

1

Introduction

Throughout the last decade, there has been an increasing demand in Deep Learning (DL) algorithms [7, 9, 11, 21], as they attempt to mimic the human visual
system and learn hierarchical features. Amongst DL architectures, some energybased models, such as Restricted Boltzmann Machines (RBM) [15], received
recent spotlights due to their capacity in modeling the input data distribution.
Even though RBMs are traditionally categorized as DL algorithms, they must
?
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#2013/07375-0, #2014/12236-1, #2017/25908-6, #2019/02205-5, #2019/07825-1,
and #2019/07665-4, and National Council for Scientific and Technological Development (CNPq) grants #307066/2017-7 and #427968/2018-6.
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be layer-stacked to be considered DL architectures, e.g., Deep Belief Networks
(DBN) [4].
One significant challenge regarding deep neural networks is their struggle
to achieve low generalization errors (testing errors). Whenever there is a high
discrepancy between training and testing errors, the model is prone to lose its
generalization capacity, commonly known as overfitting [14], i.e., neurons tend
to “memorize” the data instead of learning, thus producing a model that can not
accurately predict unseen data. Additionally, they have a considerable number of
parameters and hyperparameters, which might lead to an overfitted architecture
if not accurately set.
Numerous attempts have been engaged to lessen the overfitting problem,
such as early-stopping training or even introducing regularization methods such
as soft-weight sharing [10], L1 [18], and L2 [5], among others. Alternatively, the
best regularization would be to average the predictions of all possible parameter
configurations, weighing the possibilities and checking out which would perform
better. Nevertheless, such a methodology demands a cumbersome computational
effort, only feasible for pitiful or non-complex models [23]. Some years ago, Srivastava et al. [16] proposed a regularization technique known as Dropout, where
neurons are randomly dropped from neural networks during the training phase.
Although some works addressed the problem of overfitting in DL architectures
using Dropout regularization and obtained state-of-the-art results, their main
disadvantage concerns fine-tuning the Dropout probability, which is usually accomplished by hand or set to a standard value (0.5).
This work aims to find an adequate threshold for dropping out units through
meta-heuristic optimization tasks, where agents encode the Dropout ratios and
find feasible solutions over a search space guided by the validation set loss function. As far as we are concerned, this is the first work that has attempted to
select the Dropout ratio in energy-based models. Therefore, this work’s main
contributions are twofold: (i) introduce meta-heuristic optimization to Dropoutbased regularization in energy-based models, and (ii) fill the lack of research
regarding DL regularization and meta-heuristic optimization.
The remainder of this work is organized as follows. Section 2 presents a literature review regarding related works, while Section 3 introduces the theoretical
background regarding Restricted Boltzmann Machines and Dropout-based Restricted Boltzmann Machines. Section 4 discusses the methodology and Section 5
presents the experimental results. Finally, Section 6 states conclusions and future
works.

2

Related Works

Bergstra and Bengio [1] addressed that empirical- and grid-based searches were
only feasible for low-dimensional spaces and minor precision due to their computational burden in evaluating thousands of possible solutions. Hence, they
proposed a novel yet straightforward procedure that consists of simple random
searches in the context of Deep Belief Networks hyperparameter optimization,
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concluding that their proposed approach was superior to grid searches. Furthermore, Papa et al. [13] extended such an approach by employing meta-heuristic
optimization, such as Hyperopt and Harmony Search, in the context of Deep
Belief Networks hyperparameters optimization, achieving state-of-the-art results
when compared to traditional random searches. Additionally, Papa et al. [12] employed the same methodology to fine-tune Discriminative Restricted Boltzmann
Machines hyperparameters, obtaining better classification accuracies than naı̈ve
random searches.
Although several works have addressed fine-tuning hyperparameter optimization in energy-based models, only a few addressed Dropout regularization in such
models. For instance, Wang et al. [20] introduced a fast version of Dropout, but
not aiming RBMs as their primary focus, as their approach works by sampling
from a Gaussian approximation instead of applying the Monte Carlo “optimization”. Su et al. [17] tackled the problem of Dropout regularization in Restricted
Boltzmann Machines in Field Programmable Gate Arrays. Even though they
proposed a Dropout-based RBM, their work used the standard ratio (0.5) and
did not employ hyperparameter optimization.
At the same time, Lee et al. [8] proposed a fixed Dropout regularization to
improve the generalization capability of Deep Belief Networks and reduce their
overfitting in self-training tasks. Additionally, Wang et al. [19] presented a review
of regularization methods in RBMs, such as weight decay, network pruning, and
Dropconnect. Finally, Rosa et al. [2] introduced meta-heuristic optimization to
estimate reasonable Dropout probabilities in Convolutional Neural Networks applied to image classification. Although these works have obtained state-of-the-art
results in some applications, they have not explored meta-heuristic optimization
regarding Dropout regularization in energy-based models.

3

Theoretical Background

This section presents a brief theoretical background regarding Restricted Boltzmann Machines and Dropout-based Restricted Boltzmann Machines. Note that
we opted not to include Deep Belief Networks as they are straightforward extensions of RBMs.
3.1

Restricted Boltzmann Machines

Restricted Boltzmann Machines are stochastic-based neural networks and inspired by physical concepts, such as energy and entropy. Usually, RBMs are
trained through unsupervised algorithms and applied in image-based tasks, such
as collaborative filtering, feature extraction, image reconstruction, and classification. An RBM comprises a visible layer v composed by m units, which deals
directly with the input data, and a hidden layer h constituted of n units, which
is in charge of learning features and the input data’s probabilistic distribution.
Also, let Wm×n be the matrix that models the weights between visible and hidden units, where wij stands for the connection between visible unit vi and hidden
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unit hj . A deriving model from the RBM, often known as Bernoulli-Bernoulli
RBM (BBRBM), assumes that all units in layers v and h are binary and sampled from a Bernoulli distribution [3], i.e., v ∈ {0, 1}m and h ∈ {0, 1}n . Under
such an assumption, Equation 1 describes the energy function of a BBRBM:
E(v, h) = −

m
X

ai vi −

i=1

n
X
j=1

bj hj −

m X
n
X

vi hj wij ,

(1)

i=1 j=1

where a and b stand for the visible and hidden units biases, respectively. Hence,
the training algorithm of an RBM learns a set of parameters θ = (W, a, b)
through an optimization problem, which aims at maximizing the product of
probabilities derived from a training set D.
3.2

Dropout-based Restricted Boltzmann Machines

A Dropout-based Restricted Boltzmann Machine (DRBM) can be formulated
as a simple RBM extended with one binary random vector r ∈ {0, 1}n . In such
a formulation, r stands for the activation of hidden layer neurons, where each
variable rj defines whether neuron hj is activated or not. Notice that r is resampled for every batch during learning. As units were dropped from the hidden
layer, Equation 1 can be rewritten as follows:
E(v, h, r) = −

m
X
i=1

ai vi −

n
X
j=1

bj hj rj −

n
m X
X

vi hj rj wij

(2)

i=1 j=1

Therefore, a DRBM can be understood as a blend of several RBMs, each
using different subsets of their hidden layers. As we are training the model with
different subsets, the weight matrix W needs to be scaled at testing time, i.e.,
multiplied by p in order to adjust its weights.

4

Methodology

This section describes the proposed approach, the experimental setup, and the
employed datasets1 .
4.1

Proposed Approach

We modeled the problem of selecting a feasible Dropout probability regarding
energy-based architectures as a meta-heuristic optimization. As we are only interested in fine-tuning the Dropout ratio, we fixed every other hyperparameter
according to Section 4.2 and optimized p ∈ [0.0001, 1], guided by minimizing the
loss function (minimum squared error) of the validation set. Additionally, we
employed 15 agents over 25 convergence iterations. Algorithm 1 summarizes the
pseudo-code of the proposed approach.
1

Regarding the source-code, we have used the implementation available at GitHub:
https://github.com/gugarosa/dropout_rbm.
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Algorithm 1: Meta-heuristic optimization pseudo-code.
Input: Number of agents M , number of decision variables N , maximum
number of iterations T , dropout probability p and validation
reconstruction error f (·).
Output: Best solution g.
Objective function f (p), p = (p1 );
Initialize agents’ positions ai | ∀i = (1, 2, . . . , M );
p̂ ← (∞);
t ← 1;
while (t <= T ) do
for i from 1 to M do
Generate new solution pi according to pre-determined heuristic;
if f (pi ) < f (ai ) then
ai ← pi ;
if f (ai ) < f (p̂) then
p̂ ← ai ;
t ← t + 1;
g ← p̂;

To validate the proposed approach, we employed a subset of swarm-based
algorithms, such as Particle Swarm Optimization (PSO) [6], Bat Algorithm
(BA) [25], Cuckoo Search (CS) [26], and Firefly Algorithm (FA) [24]. Such algorithms have been selected due to their balance in exploring broad regions of
the search space and their ability to refine promising solutions as swarm-based
techniques commonly re-evaluate the whole swarm after updating their individuals’ positions, allowing the re-positioning of sub-optimal agents to more likely
optimal locations. Additionally, since we did not want to constrain the hyperparameters precision, we opted not to use the Grid Search algorithm, which
requires a step interval to compose the grid and often produces large spaces due
to its combinatorial approach2 .
Furthermore, Table 1 exhibits the parameter configuration for every metaheuristic technique3 . Concerning BA, we need to set the minimum and maximum
frequency ranges defined by f interval, the loudness parameter A, and the pulse
rate r. Regarding CS, we have β as the Levy distribution’s controller, p is the
probability of replacing the worst nests, and α is the step size. FA requires
the randomization parameter α, the attractiveness β, and the light absorption
coefficient γ. Finally, PSO defines w as the inertia weight, and c1 and c2 as the
social and cognitive constants.
2

3

A ratio constrained between [0.0001, 1] with a step size of 0.0001 generates 10, 000
possibilities.
Note that these values were empirically chosen according to their author’s definition
to mitigate additional influences over the Dropout regularization.
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Table 1. Meta-heuristic techniques hyperparameters configuration.
Meta-Heuristic
BA

f = [0, 2], A = 0.5, r = 0.5

CS

β = 1.5, p = 0.25, α = 0.8

FA

α = 0.2, β = 1.0, γ = 1.0

PSO

4.2

Hyperparameters

c1 = 1.7, c2 = 1.7, w = 0.7

Experimental Setup

We opted to employ two distinct DBN architectures varying in the number of
hidden neurons as follows: 100−100−400 and 500−500−2, 0004 . Each RBM and
DBN hyperparameter have been set as follows: η = 0.1, λ = 0.0002 e α = 0.5.
Furthermore, we have considered 25 epochs for their learning procedure with
batches of size 20, while all models were trained using the Contrastive Divergence algorithm with k = 1 (CD-1). As we wanted to understand better how
Dropout behaved in such a context, we decided not to vary the architectures’
hyperparameters. On the other hand, the fixed hyperparameters have been chosen accordingly to the training guide proposed by Hinton et al. [3]. A rule of
thumb is applied to choose the training rate, momentum, and weight decay in
such a work, whereas the hidden neurons have been empirically decided to reflect
a smaller and a large architecture.
To provide robust statistical analysis and acknowledging that the results of
the experiments are independent and continuous over a particular dependent
variable (e.g., number of observations), we identified the Wilcoxon signed-rank
test [22] with 0.05 significance and 10 observations satisfied our obligations. It
is a non-parametric hypothesis test that compares two or more related observations (in our case, repeated measurements of MSE) to assess whether there are
statistically significant differences between them.
4.3

Datasets

Table 2 depicts the employed datasets along with their number of samples per set,
size of samples, and the number of classes. Such datasets have been empirically
selected as they reflect some well-known image reconstruction tasks, whereas
MNIST depicts a more challenging problem than USPS, and USPS stands for a
more complex problem than Semeion.

5

Experimental Results

This section describes the experimental results, where the most significant results
according to the Wilcoxon-signed rank test are bolded.
4

Note that a x-layer architecture uses x sequential values from a−b−c, being x ∈ [1, 3].
Regarding RBMs, we opted to use 400 and 2, 000 hidden neurons.
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Table 2. Overview of employed datasets.
Dataset # Training # Validation # Testing Size # Classes
MNIST

20.000

40.000

10.000

28 × 28

10

Semeion

200

400

993

16 × 16

10

2.406

4.855

2.007

16 × 16

10

USPS

5.1

Restricted Boltzmann Machines

Table 3 describes the mean reconstruction error, and standard deviation found
over the testing set using the mean Dropout probability p found over the validation set. The first highlighted point concerns that more complex architectures
(higher number of hidden neurons) seem to benefit from Dropout regularization, according to the #2 columns results. Even though such columns obtained
statistically equal reconstruction errors than #1 columns, they achieved higher
Dropout probabilities, which means that these tasks did not demand a vast
amount of neurons to achieve feasible results. Regarding the meta-heuristics
evaluation, we can point that CS attained a poor performance due to its inability to enhance promising solutions in the search space. Such a behavior lies in
its nests’ replacement procedure, which often abandons potential solutions and
favors random ones.

Table 3. RBM mean reconstruction error and standard deviation [mean p] over
MNIST, Semeion and USPS testing sets.
MNIST
Model
RBM
BA
CS

Semeion

USPS

#1

#2

#1

#2

#1

#2

0.0145 ± 0.0002 [−]

0.0146 ± 0.0002 [−]

0.0548 ± 0.0015 [−]

0.0460 ± 0.0008 [−]

0.0233 ± 0.0004 [−]

0.0214 ± 0.0003 [−]

0.0145 ± 0.0002 [0.0098] 0.0148 ± 0.0004 [0.0887] 0.0548 ± 0.0007 [0.0807] 0.0442 ± 0.0009 [0.2320] 0.0232 ± 0.0003 [0.0001] 0.0215 ± 0.0003 [0.0134]
0.0161 ± 0.0003 [0.1204] 0.0159 ± 0.0016 [0.1559]

0.0562 ± 0.0019 [0.1498]

0.0443 ± 0.0009 [0.2174]

0.0256 ± 0.0032 [0.1096] 0.0227 ± 0.0020 [0.1563]

FA

0.0146 ± 0.0003 [0.0184] 0.0145 ± 0.0004 [0.0956] 0.0549 ± 0.0008 [0.0846] 0.0440 ± 0.0009 [0.2447] 0.0237 ± 0.0013 [0.0266] 0.0215 ± 0.0003 [0.0226]

PSO

0.0145 ± 0.0002 [0.0001] 0.0145 ± 0.0003 [0.0001] 0.0550 ± 0.0008 [0.0545] 0.0440 ± 0.0010 [0.2341] 0.0233 ± 0.0003 [0.0001] 0.0217 ± 0.0003 [0.0054]

As Semeion poses a more challenging task (higher reconstruction error), it is
possible to perceive that Dropout played a meaningful role and that the metaheuristics (BA, FA, and PSO) could achieve the best results, especially in the
architecture with a more significant number of hidden units. Such a fact is explained due to the network’s being more prone to overfit with a larger number
of neurons. Additionally, the last point to highlight is that no meta-heuristic
found Dropout probabilities higher than 0.2447, being far from the commonly
employed Dropout ratio (0.5). Hence we opted not to train a network using such
values as they would diminish the model’s performance.
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5.2

Deep Belief Networks

Table 4 describes the mean reconstruction error, and standard deviation found
over the MNIST testing set using the mean Dropout probability p found over
the validation set. It is possible to observe the maintenance of higher Dropout
probabilities as we introduce more layers in the network architecture; however,
too much Dropout inhibits the network from proper learning and often degrades
its performance (CS and FA). On the other hand, it is possible to observe that
the statistically best results by Wilcoxon (cells in bold) correspond to the metaheuristics BA and PSO. Even though FA achieved comparable results in RBM
experiments, its Dropout ratios are significantly higher than BA, and PSO, leading to a network that attained too much noise. Additionally, CS once again did
not perform well due to its nest replacement approach.
Table 4. DBN mean reconstruction error and standard deviation [mean p] over MNIST
testing set.
#1
Model
DBN
BA

#2

1L

2L

3L

1L

2L

3L

0.0206 ± 0.0003 [−]

0.0374 ± 0.0005 [−, −]

0.0484 ± 0.0005 [−, −, −]

0.0147 ± 0.0004 [−]

0.0312 ± 0.0003 [−, −]

0.0420 ± 0.0004 [−, −, −]

0.0214 ± 0.0020 [0.0188] 0.0376 ± 0.0004 [0.0001, 0.0013] 0.0488 ± 0.0012 [0.0219, 0.0335, 0.0244] 0.0144 ± 0.0002 [0.0022] 0.0321 ± 0.0023 [0.0604, 0.0979] 0.0440 ± 0.0046 [0.0883, 0.2546, 0.1147]

CS

0.0270 ± 0.0061 [0.1831]

0.0456 ± 0.0058 [0.1780, 0.3087]

0.0540 ± 0.0024 [0.1643, 0.3232, 0.3091]

0.0178 ± 0.0041 [0.1984]

0.0369 ± 0.0049 [0.2444, 0.3480]

0.0449 ± 0.0042 [0.1452, 0.3542, 0.1983]

FA

0.0206 ± 0.0003 [0.0001]

0.0409 ± 0.0033 [0.0744, 0.1402]

0.0503 ± 0.0017 [0.0749, 0.1218, 0.2124]

0.0147 ± 0.0005 [0.0334]

0.0322 ± 0.0012 [0.1036, 0.1538]

0.0413 ± 0.0006 [0.1258, 0.2903, 0.0641]

PSO

0.0209 ± 0.0003 [0.0001] 0.0375 ± 0.0005 [0.0001, 0.0004] 0.0483 ± 0.0004 [0.0001, 0.0001, 0.0044] 0.0144 ± 0.0002 [0.0198] 0.0313 ± 0.0003 [0.0057, 0.0035]

0.0417 ± 0.0007 [0.0357, 0.2173, 0.0267]

Table 5 describes the mean reconstruction error, and standard deviation
found over the Semeion testing set using the mean Dropout probability p found
over the validation set. Semeion is a more complicated task, thus having higher
reconstruction errors. However, the introduction of more layers resulted in the
opposite of what was expected, i.e., test errors increased considerably, and the
regularization probabilities were not as efficient as desirable. Such behavior is
explainable due to the datasets’ small amount of samples and its size, thus allowing the network to extract the essential features in its first layer easily and
not demand additional layers.
Table 5. DBN mean reconstruction error and standard deviation [mean p] over Semeion testing set.
#1
Model
DBN
BA

#2

1L

2L

3L

1L

2L

3L

0.0769 ± 0.0007 [−]

0.1044 ± 0.0010 [−, −]

0.1200 ± 0.0017 [−, −, −]

0.0549 ± 0.0012 [−]

0.0828 ± 0.0013 [−, −]

0.0984 ± 0.0015 [−, −, −]

0.0767 ± 0.0010 [0.0001] 0.1053 ± 0.0015 [0.0117, 0.0106] 0.1232 ± 0.0092 [0.0597, 0.0325, 0.0649] 0.0550 ± 0.0009 [0.0750] 0.0828 ± 0.0016 [0.0511, 0.0110] 0.0997 ± 0.0036 [0.0258, 0.0907, 0.0863]

CS

0.0788 ± 0.0014 [0.0471] 0.1151 ± 0.0062 [0.1438, 0.2402]

0.1346 ± 0.0060 [0.2503, 0.2311, 0.3239]

0.0568 ± 0.0055 [0.1352]

0.0893 ± 0.0051 [0.1738, 0.3174]

0.1059 ± 0.0080 [0.2026, 0.2574, 0.1979]

FA

0.0769 ± 0.0008 [0.0001] 0.1091 ± 0.0049 [0.0457, 0.1246]

0.1249 ± 0.0036 [0.0870, 0.1478, 0.1200]

0.0554 ± 0.0008 [0.0923]

0.0837 ± 0.0011 [0.0927, 0.1088]

0.1015 ± 0.0046 [0.1199, 0.2128, 0.2122]

PSO

0.0769 ± 0.0007 [0.0001] 0.1048 ± 0.0009 [0.0001, 0.0024] 0.1200 ± 0.0014 [0.0011, 0.0009, 0.0042] 0.0549 ± 0.0010 [0.0494] 0.0827 ± 0.0012 [0.0109, 0.0088] 0.0992 ± 0.0031 [0.0068, 0.0903, 0.0482]

Finally, Table 6 describes the mean reconstruction error, and standard deviation found over the MNIST testing set using the mean Dropout probability
p found over the validation set. It is possible to observe that the introduction
of layers to the architecture also attenuated the learning process, increasing the
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error rates in the testing set. Notably, the USPS also has a smaller sample resolution, withdrawing the necessity of employing deeper architectures to fulfill the
task.
Table 6. DBN mean reconstruction error and standard deviation [mean p] over USPS
testing set.
#1
Model
DBN

#2

1L

2L

3L

1L

2L

0.0373 ± 0.0003 [−]

0.0549 ± 0.0004 [−, −]

0.0688 ± 0.0005 [−, −, −]

0.0233 ± 0.0003 [−]

0.0414 ± 0.0003 [−, −]

0.0373 ± 0.0003 [0.0001] 0.0568 ± 0.0067 [0.0054, 0.0517] 0.0751 ± 0.0096 [0.0995, 0.1580, 0.0940] 0.0232 ± 0.0002 [0.0004] 0.0412 ± 0.0004 [0.0001, 0.0007]

BA
CS

0.0436 ± 0.0047 [0.1252]

0.0686 ± 0.0064 [0.2857, 0.1804]

0.0829 ± 0.0086 [0.2602, 0.2968, 0.1635]

FA

0.0374 ± 0.0007 [0.0035]

0.0580 ± 0.0029 [0.0339, 0.0776]

0.0733 ± 0.0036 [0.0844, 0.1003, 0.1550]

PSO

0.0372 ± 0.0003 [0.0001] 0.0545 ± 0.0004 [0.0001, 0.0001] 0.0691 ± 0.0005 [0.0105, 0.0001, 0.0001] 0.0232 ± 0.0003 [0.0001] 0.0412 ± 0.0005 [0.0001, 0.0001] 0.0534 ± 0.0004 [0.0243, 0.0371, 0.0001]

6

0.0254 ± 0.0016 [0.1248]

0.0470 ± 0.0039 [0.1410, 0.3177]

3L
0.0535 ± 0.0004 [−, −, −]
0.0578 ± 0.0056 [0.1776, 0.1571, 0.1252]

0.0234 ± 0.0002 [0.0030] 0.0419 ± 0.0018 [0.0439, 0.0444]

0.0629 ± 0.0098 [0.2111, 0.2633, 0.2903]
0.0556 ± 0.0016 [0.1374, 0.2254, 0.1508]

Conclusion

This work proposed to adequately select Dropout hyperparameters concerning
RBMs and DBNs through meta-heuristic optimization algorithms, such as Particle Swarm Optimization, Bat Algorithm, Cuckoo Search, and Firefly Algorithm.
The experiments were carried out over three literature datasets in the context
of image reconstruction. The experimental section comprised different energybased models, images with different resolutions, and datasets with distinct sizes.
The results obtained by the meta-heuristics were compared against standard
Dropout-less networks and showed to be promising alternatives to empirically
setting Dropout ratios. On the other hand, the optimization task required a
higher computational load than non-optimization models as each particle’s fitness update needs to be evaluated under a DL architecture; thus, it took a longer
time to find suitable Dropout hyperparameters. Regarding future works, we intend to investigate the proposed approach with other meta-heuristic algorithms,
extend it to Deep Boltzmann Machines, and employ meta-heuristic optimization
to select other regularization techniques hyperparameters.
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Abstract. The continuous computational power growth in the last
decades has made solving several optimization problems significant to
humankind a tractable task; however, tackling some of them remains
a challenge due to the overwhelming amount of candidate solutions to
be evaluated, even by using sophisticated algorithms. In such a context,
a set of nature-inspired stochastic methods, called meta-heuristic optimization, can provide robust approximate solutions to diﬀerent kinds of
problems with a small computational burden, such as derivative-free real
function optimization. Nevertheless, these methods may converge to inadequate solutions if the function landscape is too harsh, e.g., enclosing
too many local optima. Previous works addressed this issue by employing a hypercomplex representation of the search space, like quaternions,
where the landscape becomes smoother and supposedly easier to optimize. Under this approach, meta-heuristic computations happen in the
hypercomplex space, whereas variables are mapped back to the real domain before function evaluation. Despite this latter operation being performed by the Euclidean norm, we have found that after the optimization procedure has finished, it is usually possible to obtain even better
solutions by employing the Minkowski p-norm instead and fine-tuning p
through an auxiliary sub-problem with neglecting additional cost and no
hyperparameters. Such behavior was observed in eight well-established
benchmarking functions, thus fostering a new research direction for hypercomplex meta-heuristic optimization.
Keywords: Hypercomplex Space, Real-Valued Projection, Euclidean
Norm, Meta-Heuristic Optimization, Benchmarking Functions
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Introduction

Humanity sharpened their mathematical skills over several years of evolution
by researching and studying formal and elegant tools to model world events’
behavior. In such a context, when dealing with non-trivial problems, it is common
to apply mathematical programming to overcome the before-mentioned tasks or
even to streamline the process. Furthermore, once any prior knowledge might not
be available, mathematical programming, commonly known as optimization [19],
provides an attractive approach to tackle the burden of empirical setups.
In the past decades, a new optimization paradigm called meta-heuristic
has been used to solve several optimization problems [21]. Essentially, a metaheuristic is a high-level abstraction of a procedure that generates and selects a
heuristic that aims to provide a feasible solution to the problem. It combines
concepts of exploration and exploitation, i.e., globally searching throughout the
space and enhancing a promising solution based on its neighbors, respectively,
constituted of complex learning procedures and simple searches usually inspired
by biological behaviors. Additionally, they do not require specific domain knowledge and provide mechanisms to avoid susceptibility to local optima convergence.
Although meta-heuristic techniques seem to be an exciting proposal, they still
might perform poorly on challenging objective functions, being trapped in local
optima and not achieving the most suitable solutions. Some attempts as hybrid
variants [12], aging mechanisms [1], and fitness landscape analysis [3] try to deal
with this issue. Relying on more robust search spaces, such as representing each
decision variable as a hypercomplex number, is an alternative approach that is
not fully explored in the literature.
One can perceive that handling hypercomplex spaces is based on the likelihood of having more natural fitness landscapes, although mathematically not
proved yet. The most common representations are the quaternions [7] and octonions [6], which have compelling traits to describe the object’s orientation
in n-dimensional search spaces, being extremely useful in performing rotations
in such spaces [8]. These representations have been successfully used in diﬀerent areas, as in deep learning [14], feature selection [17], special relativity [11]
and quantum mechanics [4]. Regarding meta-heuristic optimization, interesting
results have been achieved in global optimization [5,13,16], although not yet
mathematically guaranteed.
Notwithstanding, hypercomplex optimization also has its particular problems, i.e., before attempting to feed quaternions or octonions to a real-valued
objective function, one needs to project their values onto a real-valued space, usually accomplished by the Euclidean norm function. However, to the best of our
knowledge, there is no work in the literature regarding how using the standard
Euclidean norm function might aﬀect the loss of information when projecting
one space onto another. Thus, we are incredibly interested in exploring the possibility of employing the p-norm function and finding the most suitable p value
that minimizes the loss of information throughout the projection.
In this work, we investigate how employing the p-norm to refine the solution
found by a standard hypercomplex meta-heuristic can aﬀect the obtained re-
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sult. In short, we optimize a real function using the standard quaternion-based
variant of the Particle Swarm Algorithm (Q-PSO) [15], i.e., meta-heuristic operations are performed in the hypercomplex space. In contrast, decision variables
are mapped to the real domain through the Euclidean Norm for function evaluation. Notwithstanding, the best solution is refined by finding a more suitable
projection between domains using the p-norm. The rationale for this decision
lies in the fact that this operation is a Euclidean norm generalization. Hence we
resort to fine-tuning new, yet not explored, hyperparameter in the optimization
procedure, thus allowing more robust solutions to be found. Regardless, such a
procedure can be applied to any hypercomplex-based meta-heuristic. Therefore,
this work’s main contributions are twofold: (i) to introduce a generic and inexpensive procedure to refine solutions found by hypercomplex meta-heuristics;
and (ii) to foster research regarding how to map better hypercomplex to real
values in the context of meta-heuristic optimization.
The remainder of this paper is organized as follows. Sections 2 and 3 present
the theoretical background related to hypercomplex-based spaces (quaternions
and Minkowski p-norm) and meta-heuristic optimization, respectively. Section 4
discusses the methodology adopted in this work, while Section 5 presents the
experimental results. Finally, Section 6 states conclusions and future works1 .

2

Hypercomplex Representation

A quaternion q is a hypercomplex number, composed of real and complex parts,
being q = a + bi + cj + dk, where a, b, c, d ∈ R and i, j, k are fundamental
quaternions units. The basis equation that defines what a quaternion looks like
is described as follows:
i2 = j 2 = k 2 = ijk = −1.

(1)

Essentially, a quaternion q is a four-dimensional space representation over
the real numbers, i.e., R4 . Given two arbitrary quaternions q1 = a + bi + cj + dk
and q2 = α+βi+γj +δk and a scalar κ ∈ R, we define the quaternion algebra [2]
used throughout this work:

1

q1 + q2 = (a + bi + cj + dk) + (α + βi + γj + δk)
= (a + α) + (b + β)i + (c + γ)j + (d + δ)k,

(2)

q1 − q2 = (a + bi + cj + dk) − (α + βi + γj + δk)
= (a − α) + (b − β)i + (c − γ)j + (d − δ)k,

(3)

κq1 = κ(a + bi + cj + dk)
= κa + (κb)i + (κc)j + (κd)k.

(4)

The source code is available online at https://github.com/lzfelix/lio.
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Minkowski p-norm

Another crucial operator that needs to be defined is the p-norm, which is responsible for mapping hypercomplex values to real numbers. Let q be a hypercomplex
D−1
number with real coeﬃcients {zd }d=0 , one can compute the Minkowski p-norm
as follows:
#q#p =

!D−1
"
d=0

|zd |

p

#1/p

,

(5)

where D is the number of dimensions of the space (2 for complex numbers, and
4 for quaternions, for instance) and p ≥ 1. Common values for the latter variable
are 1 or 2 for the Taxicab and Euclidean norms, respectively. Hence, one can see
the p-norm as a generalization of such norm operators.

3

Meta-Heuristic Optimization

Optimization is the task of selecting a solution that best fits a function among a
set of possible solutions. Several methods have been applied in this context, such
as grid-search and gradient-based methods. Nevertheless, these methods carry
a massive amount of computation, leading to burdened states in more complex
problems, e.g., exponential and NP-complete problems.
An attempt to overcome such behaviors is to employ a meta-heuristic-based
approach. Meta-heuristic techniques are nature-inspired stochastic algorithms
that mimic an intelligence behavior, often observed in groups of animals, humans,
or nature. Such approaches combine exploration and exploitation mechanisms
in order to achieve sub-optimal solutions with low eﬀort.
In this work, we employed the quaternion variant of the state-of-the-art Particle Swarm Optimization (PSO) [10] algorithm for function optimization. On
the other hand, since fine-tuning the p hyperparameter is a single-variable optimization task with a small search interval, we resort to the hyperparameter-less
Black Hole (BH) [9] algorithm.

4

Methodology

This section discusses how the presented meta-heuristics can be combined with
quaternions to perform the so-called “hypercomplex-based meta-heuristic optimization”. The proposed approach designated “Last Iteration Optimization”
(LIO) is presented along with the considered benchmarking functions to evaluate
it and the experimental setup.
4.1

Hypercomplex Optimization

In their original formulation, meta-heuristic algorithms were conceived to optimize real-valued target functions with multiple real parameters. However, one
may decide to represent each decision variable as quaternions.
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In this case, each decision variable is represented by a quaternion with its
real coeﬃcients randomly initialized from a uniform distribution in the interval
[0, 1]. Furthermore, the mapping from quaternions to real numbers for function
evaluation becomes a paramount operation, which is usually carried out through
the Euclidean norm. Still, care must be taken to ensure that this transformation
does not yield numbers outside the feasibility region. Hence, hypercomplex coeﬃcients are clipped individually to the real interval [0, 1] and the mapping for
each decision variable is performed by the following mapping function:
q̂j = M (qj , p)
= lj + (uj − lj )

#qj #p
,
D1/p

(6)

such that j = {1, 2, . . . , n}, D is the number of hypercomplex dimensions (4
for quaternions), lj and uj are the lower and upper bounds for each decision
variable, respectively, and p = 2 in this particular case.
4.2

Last Iteration Optimization

The main goal of this work consists of refining the solution found by a
hypercomplex-based meta-heuristic using a low-cost procedure. To such an extent, given a fitness function f : Rn → R, we first optimize it through the Q-PSO
algorithm, which consists in representing each decision variable as a quaternion
with the relations defined in Equations 2, 3, and 4. Once this step is finished, we
have the best candidate solution q ! with a real representation q̂ ! ∈ Rn , which
is obtained through Equation 6 with p = 2. Shortly, one can compute the best
solution fitness µ as follows:
$
%
µ = f M (q1! , 2), M (q2! , 2), . . . , M (qn! , 2) .
(7)
where M (·) is computed according to Equation 6.
We propose a second phase to the optimization pipeline, where the best
solution found is q ! is kept fixed, while the hyper-parameter p is unfrozen. Such
an approach allows obtaining a better real representation of q ! , which translates
to an even smaller fitness value µ! . Namely, we aim at solving the following
auxiliary optimization problem:
$
%
p! = arg min f M (q1! , p), M (q2! , p), . . . , M (qn! , p) ,
p
(8)
st. 1 ≤ p ≤ pmax ,
where pmax denotes the maximum possible value for parameter p. If pmax = 2,
for instance, the problem consists in finding a suitable norm between the Taxicab
and Euclidean ones.
Since the new search interval is usually small, as it is going to be discussed in
Section 4.4, we resort to the traditional BH algorithm since it does not contain
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hyperparameters to be tuned, thus making the process even simpler. As this
procedure is performed for a single decision variable in a small search space, the
time spent in this phase is negligible compared to the Q-PSO step. Furthermore,
since this new step is performed as the new last iteration of the optimization
pipeline, we name it Last Iteration Optimization (LIO).
4.3

Benchmarking Functions

Table 1 introduces the eight benchmarking functions used to evaluate the proposed approach.
Table 1. Benchmarking functions.
Function

Equation

Sphere

n
!

f1 (x) =

x2i

i=1

Csendes
Salomon

f2 (x) =

!n

i=1

f3 (x) = 1 − cos(2π

Ackley #1 f4 (x) = −20e−0.02

√

n−1

!n

Rastrigin

f6 (x) = 10n +

4.4

i=1

2
i=1 xi

f5 (x) =

Brown

$!n

!n

Alpine #1

Schwefel

i=1

!n−1 )
i=1

x2i ) + 0.1

− en

$!n

i=1

x2i

−1 !n
i=1 cos(2πxi )

|xi sin(xi ) + 0.1xi |

!n

i=1

f7 (x) =

f8 (x) =

"
#
x6i 2 + sin x1i

'

%

x2i − 10cos(2πxi )

n
!

i=1

2

x2i

(√π
2

&

(x2i )(xi+1 +1) + (x2i+1 )(xi +1)

*

+ 20 + e

Bounds

f (x∗ )

−10 ≤ xi ≤ 10

0

−1 ≤ xi ≤ 1

0

−100 ≤ xi ≤ 100

0

−35 ≤ xi ≤ 35

0

−10 ≤ xi ≤ 10

0

−5.12 ≤ xi ≤ 5.12

0

−100 ≤ xi ≤ 100

0

−1 ≤ xi ≤ 4

0

Experimental Setup

The proposed approach divides function optimization into two parts: global and
fine-tuning phases, which correspond to finding µ using Q-PSO and µ! by solving
Equation 8 through the BH algorithm.
Regarding the first phase, we use the same experimental setup from [16].
Namely, each benchmark function is optimized with n ∈ {10, 25, 50, 100} decision variables, for (2000 · n) iterations using 100 agents. As the amount of
iterations grows considerably fast, we adapt to the early stopping mechanism.
Such a strategy allows detecting if the optimization is stuck for too long in a
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local optimum and unlikely to find a better solution, saving computational time.
If the diﬀerence of fitness between two consecutive iterations is smaller than
δ = 10−5 for 50 iterations or more, the optimization is halted, and the best fitness found so far is deemed the solution. Despite these values being determined
empirically, they often present the same results as those obtained using all available iterations, despite using, at most 4% of all iterations for the extreme case
when n = 100. For the Q-PSO hyperparameters we use w = 0.7, c1 = c2 = 1.7,
as well established in the literature.
In the second phase, optimization is performed with pmax = 5, using 20 agents
for 50 iterations, which were determined on preliminary experiments. Further,
we do not rely on early stopping for this phase since it is performed much faster
than the previous one. Finally, we compare the results obtained by Q-PSO and
Q-PSO with LIO. Each experiment is executed 15 times, and the best results
with significance smaller than 0.05, according to the Wilcoxon signed-rank [20],
are highlighted in bold. Regarding the implementation, we used Opytimizer [18]
library.

5

Experimental Results

Experimental results are presented in Table 2, where the average fitness values
obtained by Q-PSO are compared against their refined versions, computed with
LIO. More specifically, we ran Q-PSO, stored the results, and continued the LIO
(denoted as Q-PSO + LIO).
5.1

Overall Discussion

Experimental results provided in Table 2 confirm the robustness of the proposed
approach since the Q-PSO + LIO outperformed the standard Q-PSO in the massive majority of benchmarking functions and configurations. One can highlight,
for instance, that LIO obtained the best results overall, considering all dimensional configurations, in half of the functions, i.e., Sphere, Csendes, Schwefel,
and Brown. Besides, Alpine1 and Rastrigin can also be deliberated, although
Q-PSO obtained similar statistical results. Further, LIO also obtained the best
results considering all functions over three-out-of-four configurations, i.e., 25, 50,
and 100 dimensions, being Q-PSO statistical similar in only two of them.
On the other hand, Q-PSO obtained the best results over two functions, i.e.,
Salomon and Rastrigin, considering a 10-dimensional configuration. Such behavior is very interesting since Q-PSO performed better over two functions who
share similar characteristics: both are continuous, diﬀerentiable, non-separable,
scalable, and multimodal, contemplating the same dimensionality, which may
denote some specific constraint to the model.
Finally, as an overview, the proposed approach can significantly improve QPSO, with an almost insignificant computational burden, and whose growth is
barely insignificant compared to the increase in the number of dimensions, as
discussed in the next section.
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Table 2. Best fitness found by varying the number of decision variables for each
benchmark function.
Functions Dimensions

Sphere

Csendes

Salomon

Ackley #1

Alpine #1

Rastrigin

Schwefel

Brown

5.2

Q-PSO
−7

Q-PSO + LIO

± 1.8964 · 10

−7

1.2169 · 10

−7

p

± 1.6903 · 10

−7

Q-PSO time (s) LIO time (s)

10

1.3447 · 10

1.99 ± 5.78

5.66 ± 0.35

0.29 ± 0.01

25

3.1993 · 10−1 ± 1.9855 · 10−1

3.0657 · 10−1 ± 1.9018 · 10−1

1.98 ± 0.06

33.08 ± 3.93

0.30 ± 0.01

50

5.3962 · 100 ± 2.0896 · 100

5.3205 · 100 ± 2.0266 · 100

2.01 ± 0.19

77.55 ± 14.45

0.37 ± 0.01

100

2.3679 · 101 ± 3.3931 · 100

2.3433 · 101 ± 3.4593 · 100

1.84 ± 0.38

158.04 ± 24.79

0.40 ± 0.01

−13

± 1.2771 · 10

−12

2.3502 · 10

−13

± 6.5480 · 10

−13

10

4.1345 · 10

1.99 ± 0.00

2.43 ± 0.12

0.31 ± 0.01

25

6.2160 · 10−7 ± 6.2587 · 10−7

5.8670 · 10−7 ± 5.6680 · 10−7

1.97 ± 0.11

6.16 ± 0.35

0.34 ± 0.02

50

8.5587 · 10−6 ± 6.5273 · 10−6

8.3406 · 10−6 ± 6.2563 · 10−6

2.01 ± 0.05

13.31 ± 0.71

0.39 ± 0.01

100

4.9290 · 10−5 ± 2.3214 · 10−5

4.8460 · 10−5 ± 2.3491 · 10−5

1.94 ± 0.15

31.88 ± 2.95

0.48 ± 0.02

−1

± 1.0242 · 10

−1

−1

−1

10

3.4654 · 10

2.04 ± 0.08

4.97 ± 0.58

0.30 ± 0.02

25

2.0332 · 100 ± 4.3919 · 10−1

2.0199 · 100 ± 4.4000 · 10−1

2.07 ± 0.29

11.73 ± 1.78

0.31 ± 0.01

50

4.1332 · 100 ± 5.6529 · 10−1

4.1000 · 100 ± 5.4903 · 10−1

2.22 ± 0.52

24.11 ± 3.30

0.36 ± 0.01

100

6.3799 · 100 ± 7.2682 · 10−1

6.3665 · 100 ± 7.0016 · 10−1

2.07 ± 0.46

58.78 ± 9.67

0.44 ± 0.02

10

8.7839 · 10

−1

2.00 ± 0.00

7.61 ± 1.23

0.35 ± 0.02

25

1.2330 · 100 ± 2.5165 · 10−1

1.2293 · 100 ± 2.5283 · 10−1

1.99 ± 0.00

35.09 ± 5.11

0.38 ± 0.02

50

1.8135 · 100 ± 1.8909 · 10−1

1.8062 · 100 ± 1.9024 · 10−1

2.00 ± 0.01

61.51 ± 9.02

0.40 ± 0.02

100

2.2038 · 100 ± 1.0338 · 10−1

2.2006 · 100 ± 1.0280 · 10−1

2.00 ± 0.01

125.12 ± 14.76

0.49 ± 0.03

10

7.9560 · 10

−2

2.00 ± 0.00

9.95 ± 2.36

0.29 ± 0.02

25

2.2345 · 100 ± 1.3898 · 100

2.2240 · 100 ± 1.3957 · 100

2.01 ± 0.05

27.84 ± 3.47

0.31 ± 0.02

50

1.2124 · 101 ± 4.1844 · 100

1.2088 · 101 ± 4.1675 · 100

2.00 ± 0.05

63.12 ± 11.53

0.35 ± 0.01

100

2.7375 · 101 ± 7.7322 · 100

2.7322 · 101 ± 7.7351 · 100

1.95 ± 0.20

124.72 ± 20.72

0.42 ± 0.02

± 2.9911 · 10

± 1.2551 · 10

1

−1

−1

0

3.4655 · 10

8.7843 · 10

−1

7.9515 · 10

± 1.0243 · 10

± 2.9914 · 10

−2

−1

± 1.2565 · 10

1

10

1.1608 · 10 ± 5.1079 · 10

2.00 ± 0.00

7.21 ± 0.60

0.33 ± 0.02

25

3.7845 · 101 ± 1.3993 · 101

3.7673 · 101 ± 1.4040 · 101

1.99 ± 0.01

39.67 ± 5.66

0.33 ± 0.02

50

1.4677 · 102 ± 2.3428 · 101

1.4506 · 102 ± 2.3524 · 101

2.00 ± 0.04

94.89 ± 20.97

0.37 ± 0.02

100

4.8812 · 102 ± 4.7400 · 101

4.8437 · 102 ± 4.7186 · 101

1.99 ± 0.05

208.48 ± 39.45

0.44 ± 0.02

−9

3.5510 · 10

−9

± 7.0349 · 10

−9

10

4.9247 · 10

1.99 ± 7.36

6.20 ± 0.43

0.31 ± 0.01

25

1.5213 · 103 ± 2.5509 · 103

1.1048 · 103 ± 1.2858 · 103

1.97 ± 0.07

64.56 ± 12.69

0.31 ± 0.01

50

9.4460 · 104 ± 5.9571 · 104

8.8915 · 104 ± 5.3935 · 104

1.88 ± 0.23

163.12 ± 52.00

0.35 ± 0.01

100

9.4876 · 105 ± 3.8055 · 105

9.0762 · 105 ± 4.0064 · 105

2.29 ± 0.56

349.40 ± 112.34

0.40 ± 0.02

0

± 9.7025 · 10

−9

1.1608 · 10 ± 5.1079 · 10

0

−1

0

0

1.0051 · 10 ± 9.4007 · 10

−1

10

3.3230 · 10 ± 4.3978 · 10

1.58 ± 0.37

8.21 ± 3.22

0.33 ± 0.01

25

1.4622 · 101 ± 7.9266 · 100

5.6664 · 100 ± 2.9834 · 100

1.13 ± 0.11

56.16 ± 13.62

0.34 ± 0.02

50

2.8192 · 102 ± 1.0655 · 102

1.3212 · 102 ± 5.4533 · 101

1.01 ± 0.02

120.97 ± 36.77

0.41 ± 0.03

100

1.8173 · 103 ± 3.1725 · 102

1.2501 · 103 ± 3.0196 · 102

1.01 ± 0.01

245.45 ± 82.48

0.49 ± 0.02

Computational Burden

Germane to this aspect, the results in Table 2 show that LIO takes significantly
less time than the main meta-heuristic to be evaluated. This phenomenon is
expected since the latter involves solving an optimization problem with a single
real variable in a small search interval. Nonetheless, despite this simplicity, our
results show promising results by performing such a task. In the worst-case
scenario, i.e., Csendes function with 10 variables, LIO takes only 12.6% of the
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time consumed by Q-PSO, which amounts to 0.31 seconds, while decreasing the
fitness value by a factor of 1.7.

5.3

How does p Influence Projections?

From the results in Table 2, one can highlight the variation in p-norm value. As
expected, such a variable is highly correlated to the optimization performance,
since small changes in its value resulted in better functions minima. On the other
hand, one can notice that expressive changes in p may also support performance
improvement, as in Brown function. Besides that, as p is changed, the mapping
process, i.e., the projection, from the hypercomplex space to the real one becomes
“less aggressive” to the latter, since the proposed approach gives margin to a
smooth fit for the values obtained in the former space.
Therefore, examining the performance on the optimization functions, one
can observe that employing LIO’s projection, diﬀerent optimization landscapes
are achieved, and such a process provides better value’s representation from the
hypercomplex search space. It is worth observing that for Rastrigin, Alpine #1,
and Ackley #1 functions, LIO found optimal p values with mean 2 and minimal
standard deviations, thus showing this parameter’s sensitiveness for some benchmarking functions. Moreover, only LIO optimization for the Schwefel function
with 10 dimensions showed a large standard deviation for this hyperparameter.
In contrast, in the remaining cases, there was no norm larger than 3, suggesting
that in further experiments, and even smaller search intervals (with pmax = 3,
for instance) could be employed.

6

Conclusion

In this work, we introduced the Last Iteration Optimization (LIO) procedure,
which consists of refining the solution found by a hypercomplex-based metaheuristic optimization algorithm by solving a low-cost hyperparameter-less auxiliary problem after the primary heuristic has found the best candidate solution.
Such a procedure provided robust results in various benchmarking functions,
showing statistically significant gains in 24 out of 32 experiments, over functions
with diverse characteristics. Since LIO has a low computational burden and is
easy to implement, it can be readily incorporated into other works.
In future studies, we intend to investigate how changing the p parameter
during the global optimization procedure can aﬀect the obtained results. Furthermore, LIO can be extended to find a diﬀerent p for each decision variable,
making it more flexible, and even other functions can be employed (or learned)
to perform the hypercomplex-to-real mapping process. Ultimately, fine-tuning
the p hyper-parameter of the Minkowski norm opens new research directions for
hypercomplex-based meta-heuristic function optimization methods.
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Abstract. The use of gradient-based methods are ubiquitously used
to update the internal parameters of neural networks. Problems commonly associated with gradient based methods are the tendency for the
algorithms to get stuck in sub-optimal local minima, and their slow
convergence rate. Efficacious solutions to these issues, such as the addition of “momentum” and adaptive learning rates, have been offered.
In this paper, we investigate the efficacy of using particle swarm optimization (PSO) to help gradient-based methods search for the optimal
internal parameters to minimize the loss function of a convolutional neural network (CNN). We compare the metric performance of traditional
gradient-baseds method with and without the use of a PSO to either
guide or refine the search for the optimal weights. The gradient-based
methods we examine are stochastic gradient descent with and without a
momentum term, as well as Adaptive Moment Estimation (Adam). We
find that, with the exception of the Adam optimized networks, regular
gradient-based methods achieve better metric scores than when used in
conjunction with a PSO. We also observe that using a PSO to refine the
solution found through a gradient-descent technique reduces loss better
than when using a PSO to dictate that starting solution for gradient descent. Ultimately, the best solution on the MNIST dataset was achieved
by the network optimized with stochastic gradient descent and momentum with an average loss score of 0.0092 when evaluated using k-fold
cross validation.
Keywords: Particle Swarm Optimization · Meta-heuristics· Deep Learning

1

Introduction

Convolutional neural networks use a cascade of trainable modules within the network to extract features from raw data input. The operations inside the modules
are either linear or pointwise nonlinear in nature. By layering these modules appropriately and altering coefficients accordingly, you can closely approximate a
function to achieve statistical generalization[1]. With the features created by the
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data passing through the layers of the model, a classification task is used to
produce an output. The difference between the desired output and the actual
output can be computed using an objective function which gets averaged over
all the samples in the training data [2]. The model can then adjust its internal
parameters, also known as weights, to minimize the objective function. The process of adjusting the weights of a neural network is considered to be a non-convex
problem with many local optima and typically gradient-based methods are the
preferred method when adjusting internal parameters [3]. Gradient-based methods compute a gradient vector for every internal parameter that specified the
amount the misclassification error would change if the parameter was increased
by that infinitesimal amount. The parameters are then adjusted in the opposite
direction to the gradient vector. However, gradient-based methods tend to converge slowly towards the global optimum parameter set, and will often get stuck
at sub-optimal local minima.
The use of meta-heuristic global optimization algorithms are frequently applied to multi-objective optimization problems prevalent in applied mathematics
and engineering [3]. One such algorithm is particle swarm optimization, which
has been shown to have fast convergence when locating the global minimum
in optimization problems [4]. In this paper we investigate the effect of using a
particle swarm to help guide the search for the optimum trainable parameters
in a convolution network. We will study the affects of using a particle swarm
within a CNN to 1) Find a more optimum starting point for the gradient descent
algorithm, and 2) Refine the best gradient descent search solution.
The structure of this paper as as follows: Section 2 introduces the traditional
method of training a neural network with gradient descent and backpropagation, as well as the drawbacks of this approach. In section 3 we discuss the PSO
algorithm and how it may be used to in tandem with the established methods
of training neural networks. Next, we review work related to the use of metaheuristic optimization algorithms for training neural networks in section 4. In
section 5 we outline the methods used to evaluate our model and make comparisons between different optimizer configurations. Section 6 presents the specific
implementation details about the CNN used and about the PSO used. In section 7 we report the results of the experiment and discuss the findings before
concluding the paper with section 8.

2

Gradient-Based Learning In Neural Networks

The types of functions used for activation and loss computations in neural networks are almost-everywhere differential w.r.t parameters θ. Gradient-based optimization methods are therefore the most commonly used optimization method
used for updating θ [5]. Supposing there is a function y = f (x) where x, y ∈ R.
This function’s derivative y 0 = f 0 (x) indicates how to scale incremental changes
to the input in order to obtain an output with a corresponding factor of change
such that f (x + ) ≈ f (x) + f 0 (x). Knowing how to update x to minimize the
value of y is an optimization technique known as gradient descent [6]. Partial
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differentiation is applied to functions with multiple inputs. We can measure how
∂
f changes at point x with respect to variable xi using ∂x
f (x). The gradient
i
of f is represented by a vector ∇x f (x) containing all the partial derivatives of
f (xi ) where xi ∈ x. The method of gradient descent proposes that we minimize
f by moving in the direction where gradient is:
x0 = x − ∇x f (x)

(1)

where  is a positive scalar value indicating the step size. When every value of
the gradient is zero, the gradient descent algorithm converges.
Feedforward networks, such as the CNN, take an input x that will be propagated forward through the hidden layers and generate an output ŷ. Then a
scalar value for loss J(θ) is computed. The information of the loss calculation is
then disseminated back down the network to make gradient computations using
the backpropagation algorithm [7]. Backpropagation calculates the gradient of
the loss function with respect to the trainable parameters ∇θ J(θ) by utilizing
the chain rule of calculus.
The point of f (x) that gradient descent algorithms seek to obtain is known
as the global minimum, where f (x) produces the absolute minimum value. In
deep learning problems, the functions that get optimized will contain many suboptimal local minimia and saddle points that are engulfed by flat regions. As the
number of training examples and the number of connections in a network grow,
so the complexity of the search space also grows [8]. A weakness of gradientbased methods is that they struggle to get unstuck from these flat regions in
the search space. Methods to prevent gradient descent algorithms from getting
stuck at local minima have been proposed. The addition of a hyperparameter,
α ∈ [0, 1), that tracks the moving average of the gradients called momentum
and is known to accelerate learning and quicken convergence [5]. If a gradient
keeps pointing in the same direction, this will increase the size of the steps taken
towards the minimum. Momentum also smooths out the variations in movement
caused when the gradients continually change direction. Another method, called
Adaptive Moment Estimation (Adam), is a variant on gradient descent where
individual adaptive learning rates are computed for different parameters. Adam
is effectively a combination of RMSprop and SGD with momentum, that uses
squared gradients to scale the learning rate and using moving average of the
gradient.

3

Particle Swarm Optimization

In 1995, Kennedy and Eberhart introduced a concept for the optimization of
non-linear functions using a population-based search technique called particle
swarm optimization (PSO) [9]. This technique was based off the social metaphor
of a flock of birds that can fly in incredibly complex patterns while being able
to change flight direction and regroup in a highly organised manner. Particles
belonging to a swarm search around an n-dimensional search space where their
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position represents a solution. Changes in position are due to the particles velocity. This velocity is broken down into two components, a social component
and a cognitive component. For particle swarms that disseminate information
through a global topology, an individual particle p has it’s velocity calculated
using
vpj (n+1) = vpj (n)+c1 ω1j (n)[ypj (n)−xpj (n)]+c2 ω2j (n)[yjgbest (n)−xpj (n)] (2)
where vpj (n) is the velocity of particle p in at dimension j = 1 . . . N at
iteration n. The particles current position is denoted as xpj (n). The personal best
position achieved by p is found in the cognitive component term as ypj (n), while
the current global best position yjgbest (n) is found in the social component term.
The acceleration constants c1 and c2 are selected before training and are used to
balance the social and cognitive components. Stochastic behaviour is introduced
into the algorithm using variables ω1j (n) and ω2j (n), which are sampled from
a Normal distribution ∼ N (0, 1). After the new velocity for p is calculated, the
position of p can be updated using the following equation
xpd (t + 1) = xpd (t) + vpd (t + 1)

(3)

Once the positions of the particles have been updated, they are evaluated
using an objective function to determine the quality of solution. The best positioned particle is the one that minimizes the loss score, and that position is
designated as the new yjgbest . We also set the new personal best solution of each
particle if applicable.
The gradient-based methods that are ubiquitous for training neural networks
have issues overcoming local minima and often converge slowly. Meta-heuristic
algorithms, such as the evolutionary algorithm and PSO, are inspired by naturally occurring phenomena and are often efficient solutions to finding global
optima in complex search spaces. The PSO algorithm is known to converge
faster than evolutionary algorithms, and is easy to comprehend and implement
[4]. Furthermore, it is flexible by not requiring a good initial starting point.
Therefore, we propose a hybrid algorithm that combines deterministic gradient
descent techniques with high convergence rates to locate local minima while using stochastic meta-heuristic algorithms to escape from local minima and explore
flat regions of interest.

4

Literature Review

Literature pertaining to the use of particle swarm optimization in neural network
weight is scarce, particularly within the context of convolutional neural networks.
A likely reason for this is that PSO’s are not capable of optimizing the tens of
thousands of variables found neural networks because of the particles tendency
to deviate from good area’s in the search space due to explosive velocities [10].
However, it is still feasible for PSO’s to be used in high dimensional search spaces,
such as neural network parameter optimization, to perform a highly exploitative and granular searches. As such the majority of existing literature regrading
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neural network parameter updates involve hybrid search strategies that combine
meta-heuristic stochastic optimizers such as particle swarm optimization and
genetic algorithms, with well established gradient-based techniques.
In 2009, Wang introduced a method of improving the performance of PSO’s
outside the realm of neural network optimization but still used gradient-based
methods to initially guide the search [3]. The gradient search was used to find
a local minimum in the search space of the objective function, From the local
minimum point found, the PSO’s initial population would be generated using
a Gauss distribution. From there the PSO algorithm searches for a better local
minima, before the algorithm repeats with the gradient-based search. To avoid
early convergence, Wang used a repulsion technique to avoid getting stuck at
previously found optima. The algorithm was benchmarked on various tests sets,
of which the maximum dimensionality was 1000, and performed well, with a good
computationally efficiency. Similarly, in 2010, Noel proposed a hybrid gradientbased local search algorithm combined with a modified PSO. This modified
PSO, known as the GPSO, avoided the use of inertia weights and constriction
coefficients [4]. Inertia weights and coefficient constants are used to bias between
exploration of the search space, and the exploitation of seemingly good solutions.
However, the GPSO presented sought to find a balanced exploration/exploitation
trade off. First a PSO is used to find a close local minimum to the random
starting point, then using that local minimum, a gradient based local search
is done. The gradient search algorithm was the quasi Newton–Raphson (QNR)
algorithm. The best solution found by the QNR search then becomes the best
solution for the next PSO iteration, and the algorithm repeats until termination
at a preset number of repetitions. The hybrid algorithm was benchmarked on
the De Jong test suite of benchmark optimization problems and compared to a
hybrid algorithm that used a standard PSO. The GPSO variant achieved a more
accurate solution, and converged faster.
An early example of applying particle swarm optimization to neural network
weight optimization was done by Mendes et. al. [11]. The authors compared
PSO’s directly to backpropagation for training feed-forward neural networks
on three classification tasks and two regression tasks. Additionally, the various
topologies of PSO’s, namely, global, local, and pyramid, were compared. The
local topology performed the worst and converged slowly, while the pyramid
and global topologies demonstrated efficacy on some of the benchmark tasks.
Ultimately, backpropagation was shown to achieve better results for end to end
training of a neural network. In 2011 Ding et. al. authored another example of
neural networking using meta-heuristics [12]. Here a genetic algorithm was used
to address the slow rate of convergence associated with backpropagation. The
genetic algorithm was used to start the initial search, with gradient descent used
to refine the best solution found by the GA. The authors also compared models
where the network used just gradient-based methods, and a genetic algorithm
to update network weights respectively. The model was benchmarked on UCL’s
iris data set. It was found that the hybrid algorithm achieved a higher precision
score than either of the individual methods.
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Although the literature pertaining to the use of a meta-heuristic optimization
algorithm for updating neural network internal weights is modest, there are still
patterns that emerge. Firstly, in optimization tasks with high dimensionality,
PSO’s are not performant as a standalone optimizer, particularly when compared to gradient-based methods on optimization problems where the function
to optimize is everywhere differentiable. Secondly, the combination of gradientbased methods and PSO’s was shown efficacy in highly dimensional problems,
where gradient-based methods are used to find a good initial best solution for
the swarm, or if a PSO guides the search to find a starting position for the
gradient-based algorithm.

5

Experimental Setup

5.1

MNIST Database

The Modified National Institute of Standards and Technology (MNIST) database
is a curated subset of the NIST Special database that has been historically used
to benchmark the performance of image processing systems and computer vision
algorithms [13]. It contains images of handwritten digits that have been centered
and size normalized. As a data set, MNIST has low complexity with 70000 images sized at 28 × 28 pixels. The data set contains ten classes, namely the digits
zero through nine, which can be seen in figure 1. In the figure we can see that the
data set is comprised of various styles of handwritten digits that may have different defining characteristics for the same digit. MNIST is an effectively solved
data set with accuracy scores of over 99% being regularly reported since the use
of CNN’s became common place in image processing models [14]. However, due
to it’s ubiquity and simplicity, MNIST is an excellent tool to evaluate experimental image processing algorithms. The MNIST data set splits into a training
set of 60000 images and a test set of 10000 images.

Fig. 1: A sample of the example data elements from the MNIST Database

5.2

Evaluation

To evaluate the performance we used the k-fold cross validation resampling procedure with a k value of 5. The data set gets split into 5 separate “folds”, and

Hybrid Methods For Parameter Learning In ConvNets

7

each fold will be used as the test set in 1 of the 5 training passes. The k-fold
cross validation method of evaluating a model is considered to be fairer than the
simpler train-test split method [15]. The metrics gathered for each of the five
passes are averaged out to perform a comparison.
The results the we present in section 7 are generated by training the network
outlined in section 6 with nine unique optimizers/optimizer combinations. We
test stochastic gradient descent optimization both with and without momentum.
We also evaluate a model trained using the Adam optimizer. We then evaluate
combinations of these traditional optimizers with a particle swarm optimizer,
with a variant where the PSO searches the solution space for a more optimal
place to start the gradient descent process, and a variant where the the PSO
runs after gradient descent optimization for fine tuning.
5.3

Hyperparameters

A general heuristic for choosing batch size is that smaller batch sizes tend to
perform better in terms of metric evaluation and train models to generalize better
than larger batch sizes [16]. In heed of this accepted standard, we chose a batch
size of 32. The learning rate of a gradient descent algorithm is a hyperparameter
that determines the step size at each iteration. Given that each cross validation
step runs for only 10 epochs, we decided to set the learning rate lr = 0.005.
A commonly used momentum values found in literature include 0.5, 0.9, and
0.99 [5]. We chose α = 0.9. The PSO would be initialized with a swarm size of
25 to search the solution space for only 5 iterations to limit the computational
requirement to perform classification while exploiting the PSO’s fast convergence
property.

6

Model

The network used is a small sequential CNN with a single convolutional layer
consisting of eight 3 × 3 convolutional filters with ReLu activation. Next a max
pooling layer is used to reduce the spatial dimensions and computation cost
of classification, while also adding regularization. Finally, the output from the
pooling layer is flattened and fed into a dense layer before predictions are made
using a softmax layer. This CNN has 349,018 trainable weights which are initialized randomly
drawing from a uniform distribution within [−limit, limit] where
p
limit = (6/w) and w is the number of input units in the weight tensor [17].
The PSO algorithm used to train our models is outlined in algorithm 1. The
particles are represented by a vector of length N , where N is the number of
layers of trainable weights in the CNN. Within each element of this vector is
another vector containing the weights of the layer. The use of the aforementioned particle encoding imposed some serious constraints on the training of the
model. The swarm size used for optimization, and the number of iterations that
the algorithm can run for will be minimal because of the extra memory requirements of having to keep “copies” of the weight vectors during training, and the
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exhaustive time required to run equations 2 and 3, as well as calculating the
loss for each solution. To initialize the swarm, we first create a particle using
the current weights of the model, and the generate the remaining particles by
multiplying each weight by a randomly sampled float in the range (0, 1). We
then find the best positioned particle in the swarm using the objective function
before starting the first iteration. The objective function we will use will be the
categorical cross-entropy loss function, commonly used to assess the quality of
classification models used to perform multi-class classification tasks.

Algorithm 1 Particle swarm algorithm to update network parameters
Require: Hyperparameters ω, c1 , c2 , vmax
Require: Loss function σ
Require: The trainable parameters θ
Initialize swarm particles
Find best position and set Gbest for all particles
while n ≤ nmax do
for p in particles do
set pbest
if σ(θp ) < σ(θpbest ) then
θp = θpbest
end if
set gbest
if σ(θpbest ) < σ(θgbest ) then
θgbest = θpbest
end if
end for
for p in particles do
for j in N do
update velocity vpj (n + 1)
update parameters xpd (t + 1)
end for
end for
end while

7

Results

The results of the nine model variations that we outlined in section 5.2 are
summarized in table 1. We can see that the most performant model across all
metrics evaluated was the model that used stochastic gradient descent with the
momentum term. The worst performing model was the stochastic gradient descent optimizer where the starting point for the gradient descent method had
been determined by the particle swarm algorithm. The PSO variants failed to
improve on the gradient-based methods in the SGD optimized models. However, the PSO refined solution of the Adam optimized network did outperform
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the network optimized only by Adam with regards to the loss score. Generally,
networks where the solutions found by the gradient-based methods which then
refined using a PSO algorithm performed slightly better than when a PSO was
used to guide the starting point for gradient descent.

Table 1: Summary of results
Optimizer

Loss Accuracy Precision Recall

SGD
SGD + PSO
PSO + SGD

0.0724
0.0741
0.0905

97.96%
97.77%
97.42%

98.35%
98.10%
97.93%

97.56%
97.54%
96.91%

Momentum
0.0092
Momentum + PSO 0.0142
PSO + Momentum 0.0132

99.78%
99.53%
99.56%

99.80%
99.56%
99.59%

99.74%
99.51%
99.55%

Adam
Adam + PSO
PSO + Adam

99.67%
99.55%
99.49%

99.67%
99.58%
99.51%

99.66%
99.53%
99.47%

0.0161
0.0157
0.0216

Ultimately, PSO’s are not immune to becoming stuck at local minima. In
the cases where the gradient descent algorithm started using the best solution of
the PSO, the sub-optimal starting point for gradient descent may have inhibited
the search for the best local minimum. This is seen in the metric scores of PSO
+ SGD and PSO + Adam versus their respective PSO last models. The PSO
last models, while only being able to outperform the standard gradient-based
method in the case of the Adam optimized models, did show promising results
that warrant further investigation. Although, it is worth keeping in mind that any
performance gains made in terms of loss reduction when using PSO optimizers,
come at the expense of computation performance and added training time. As
an example, the total training times of the SGD using momentum with and
without a PSO were 1:29:52.677 and 1:15:55.145 respectively.

8

Conclusions and Future Work

This study was undertaken to determine if a PSO could be effective used to
overcome the weaknesses of gradient-based methods traditionally used to train
convolutional neural networks and reduce the validation loss score on a simple
classification task. The best loss score was achieved by using stochastic gradient
descent with a moment term to smooth out the gradient information and make
the optimizer less susceptible to becoming stuck at local minima. Despite this,
the using a PSO to refine the search for the best weights did show promising
results, and is generally a better solution for weight optimization than using a
PSO to initially find a starting position for the gradient descent algorithms.
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For future consideration, an implementation of a PSO where the swarms degree of freedom is restricted either through particle coupling or velocity clamping
could be considered. Running a similar experiment on larger data sets such as
EMNIST or CIFAR10 may provide further clarity to the results presented here.
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Abstract. While semantic segmentation networks can approximate well
the shape of objects (e.g., people, chairs, tables) in images, boundary
adherence is still inaccurate. We present an unsupervised image segmentation approach, named Iterative Dynamic Trees (IDT), for improved
object delineation. We intend to combine IDT and semantic segmentation networks in future work towards improving object segmentation.
For a given number of objects in an image graph, the IDT algorithm
(i) estimates one seed per object (and background), (ii) delineates each
object as one optimum-path tree, (iii) improves seed estimation and repeats steps (ii)–(iii) for a preset number of iterations or until the seed set
convergence is achieved. Then, (iv) the optimum-path forest found with
the lowest total cost in the loop (ii)–(iii) is selected as final segmentation.
The IDT algorithm is a new method based on the Iterative Spanning Forest (ISF) framework, in which the number of superpixels is drastically
reduced to the number of objects. It adds step (iv) and exploits, for the
first time, dynamic arc-weight estimation in ISF for unsupervised object
segmentation. We show that IDT can outperform its counterparts in two
image datasets – a result that motivates its combination with semantic
segmentation networks in future work.
Keywords: Graph-based Object Delineation · Iterative Spanning Forest · Image Foresting Transform · Unsupervised Object Segmentation.
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Introduction

Object segmentation is a fundamental yet challenging research topic in Image
Processing and Computer Vision, with a wide variety of applications [9]. Object
segmentation requires two tightly coupled tasks: detection (the objects’ whereabouts in the image) and delineation (the definition of their spatial extent).
While semantic segmentation networks [5,13] can approximate quite well the
shape of objects (e.g., people, chairs, tables) in images, solving object detection
with inaccurate boundary adherence, they require user interaction to improve
object delineation [11]. Hence, improvements in delineation are still crucial for
automated object segmentation.
?
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Superpixel segmentation methods can usually delineate object boundaries
with high adherence, especially for a considerably higher number of superpixels
than objects, but with no identification of which superpixels compose each object [14,8,3]. Unfortunately, the union of connected superpixels, with the same
label assigned by semantic segmentation, does not solve the problem. On the
other hand, their complementary properties motivate possible combinations between superpixel generation and semantic segmentation, our goal for a future
work.
This paper focuses on object delineation as a superpixel segmentation task
that defines each object by a single superpixel. The proposed object delineation
method is named Iterative Dynamic Trees (IDT). The IDT algorithm consists
of four steps: (i) initial seed estimation with one seed per object, (ii) object delineation as an optimum-path tree, (iii) seed set improvement and the loop of
steps (ii)–(iii) for a preset number of iterations or up to seed set convergence.
After that, step (iv) completes the process by selecting the optimum-path forest
from loop (ii)–(iii) whose total path cost is minimum. The IDT algorithm is a
new method based on the Iterative Spanning Forest (ISF) framework [14], which
adds step (iv) and drastically reduces the number of superpixels to the number of objects. In ISF, more accurate delineation can be achieved by dynamic
arc-weight estimation, as the optimum-path trees grow – a strategy that has
been demonstrated for superpixel segmentation [3] and interactive object segmentation [4]. In IDT, we exploit this property in ISF for unsupervised object
segmentation by the first time.
Another relevant work in this context is Iterated Watersheds [12] (IW). IW
may also be implemented in the ISF framework. However, its presentation covers
unsupervised object segmentation in the image domain and data clustering in
the feature space with better performance than spectral clustering, isoperimetric
partitioning and k-means. IW, IDT and all other ISF-based methods rely on the
Image Foresting Transform (IFT) algorithm [7] for step (ii), wherein they use
specific path-cost functions. These methods also differ in all other steps.
Our contribution. We show that IDT can outperform the most recent
ISF-based methods, Dynamic ISF [3] and IW [12], for object delineation. Our
contribution extends the ISF framework with advancements summarized as follows: (1) an object delineation method based on multiple executions of the IFT
algorithm from improved seed sets with dynamic arc-weight estimation; and (2)
the identification of the forest with the lowest total cost among the iterations as
the final segmentation.
Organization. The remainder of this work is organized as follows. In Section 2, we introduce the IDT algorithm. In Section 3, we evaluate variants of the
IDT algorithm on two public datasets in comparison with their counterparts,
IW and DISF. Finally, concluding remarks and potential future work comprise
Section 4.

Iterative Dynamic Trees
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3

Iterative Dynamic Trees

The proposed Iterative Dynamic Trees (IDT) consists of four steps: (i) random
selection of an initial seed set S; (ii) object delineation by the Image Foresting
Transform (IFT) algorithm [7] with dynamic arc-weight estimation [4]; (iii) recomputation of S as the geometric centers of the optimum-path trees in the
image domain; and, after multiple iterations of the last two steps, (iv) selection
of the forest with lowest total path cost among all executions.

Fig. 1. Object segmentation using the IDT algorithm.

Figure 1 depicts the application of the IDT algorithm from a randomly selected initial seed set and maximum number of iterations set to 20. The seed set
is recomputed at the end of each single iteration and the optimum-path forest
with the lowest total cost is returned as the final output.

2.1

Object delineation by Image Foresting Transform

A two-dimensional image is a pair (DI , I), such that I(p) assigns local image
features (e.g., color space components) for each pixel p ∈ DI ⊂ Z2 . An image
can be rendered as a graph (N , A) under various configurations, depending upon
how nodes N ⊆ DI and adjacency relation A ⊂ N ×N are defined. In the present
work, we define pixels as nodes (N = DI ), such that I(p) represents the CIELab
color components of pixel p, and the 8-neighborhood relation defines the arcs.
Given a seed set S, we wish to partition the image into objects such that the
pixels enclosed by an object are more closely connected to the seed within the
object than to any other seed. A unique object identifier is given to each seed
p ∈ S by a labeling function λ(p) ∈ {1, . . . , c}, where c is the number of objects.
Note, however, that multiple seeds per object could also receive a same label
provided by a semantic segmentation network.
A simple path with terminus q is a sequence of distinct nodes πq = hp1 , p2 , . . . ,
pn = qi, (pi , pi+1 ) ∈ A, i = 1, 2, . . . , n−1, whereas πq = hqi is called a trivial path.
A connectivity function f stipulates a value to any path in the graph measuring
how strongly connected the start and end nodes of the path are. Here, we employ
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fmax as connectivity function

fmax (hqi) =

0
if q ∈ S ⊂ DI
+∞ otherwise

fmax (πp · hp, qi) = max{fmax (πp ), w(p, q)},

(1)

where w(p, q) denotes the arc weight of hp, qi and πp · hp, qi is the concatenation
of πp and hp, qi, with the two occurrences of p merged into one. The choice of
w(p, q) can considerably affect the results. Iterative Watersheds [12], for instance,
adopts fixed arc weights (e.g., w(p, q) = kI(q) − I(p)k). For IDT and DISF [3],
the arc weights are computed on-the-fly as proposed in [4]. This formulation uses
dynamic sets Ci ⊂ DI , i = 1, 2, . . . , c, that contain the nodes of optimum-path
trees as they grow to compose each object (or superpixel) Ci . The arc weights
w(p, q) are estimated when q is reached by p and evaluated to whether be part
of Ci :
w(p, q) = kI(q) − µL(p) k,
X
1
I(r)
µL(p) =
|CL(p) |

(2)
(3)

∀r∈CL(p)

where CL(p) is the growing object/superpixel (optimum-path tree) that contains
p by the time a path πp · hp, qi reaches a node q ∈ DI \ ∪ci=1 Ci under evaluation.
A path πq is called optimum if f (πq ) ≤ f (τq ) for any other path τq , regardless
of its starting node. The IFT algorithm minimizes a path-cost map C,
C(q) = min {f (πq )},
∀πq ∈Πq

(4)

so that Πq is the set of all possible paths in the graph with terminus q, while it
outputs an optimum-path forest P , i.e., an acyclic map that attributes to each
node q either a predecessor P (q) ∈ DI or a distinct marker P (q) = nil ∈
/ DI if
q ∈ S. The current path πq is replaced by πp ·hp, qi whenever f (πq ) > f (πp ·hp, qi).
Each seed r ∈ S grows to an optimum-path tree by computing optimum
paths to the remaining nodes. Moreover, each of these optimum-path trees is
defined as a unique object in the image. Let Ti ⊂ DI , i = 1, 2, . . . , c, be the
c objects defined by the c optimum-path trees in P (the nodes of Ti form the
final set Ci ) . Note that the optimum-path forest P is a partition of DI , i.e.,
∪ci=1 Ti = DI and ∩ci=1 Ti = ∅. By assigning a distinct object label i ∈ {1, 2, . . . , c}
to each seed p ∈ S, the IFT algorithm can also propagate the corresponding label
L(p) ∈ {1, 2, . . . , c} to its most closely connected pixels in DI , creating a label
map L.
2.2

The IDT Algorithm

Algorithm 1 presents the Iterative Dynamic Trees for fmax . The algorithm starts
off by initializing the cost map C ∗ , label map L∗ and predecessor map P ∗ in
Lines 1–2. These maps are updated throughout the execution of the algorithm
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aiming to minimize the total path-cost value derived from C ∗ . Later, in Line 3,
c seeds ri ∈ DI , i = 1, 2, . . . , c are picked, such that each is uniquely identified
as belonging to one among c objects.

Algorithm 1: Iterative Dynamic Trees for fmax
: Image (DI , I), adjacency relation A, seed set S with labeling
function λ, number of seeds c ≥ 1 and maximum number of
iterations T ≥ 1
Output : Cost C ∗ , label L∗ and predecessor P ∗ maps
Auxiliar: Priority queue Q, dynamic sets Ci , ∀ri ∈ S, i = 1, 2, . . . , c, maps C,
L and P , and variables tmp and converged
Input

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

foreach p ∈ DI do
C ∗ (p) ← +∞, L∗ (p) ← 0, P ∗ (p) ← nil
Pick c seeds from DI : S = {r1 , r2 , . . . , rc }, iter ← 1, converged ← false
Q=∅
while iter ≤ T and converged = false do
Ci ← ∅, ∀i ∈ {1, 2, . . . , c}
foreach p ∈ DI do
C(p) ← +∞, L(p) ← 0, P (p) ← nil
if p = ri ∈ S, i ∈ {1, 2, . . . , c} then
C(p) ← 0, L(p) ← i
Insert p in Q
while Q 6= ∅ do
Remove p from Q, so that p = argminq∈Q {C(q)} and
CL(p) ← CL(p) ∪ {p}
foreach (p, q) ∈ A | q ∈ Q do
tmp ← max{C(p), kI(q) − µL(p) k}
if tmp < C(q) then
C(q) ← tmp, L(q) ← L(p), P (q) ← p
Sprev ← S, S ← ∅
foreach i ∈ {1, 2, . . . , c} do
P
ri ← argminp∈Ci {kp − |C1i | ×
qk} and S ← S ∪ {ri }
∀q∈Ci

21
22
23
24
25

converged
← (S =P
Sprev )
P
if
C(p) <
C ∗ (p) then
∀p∈DI
∗

∀p∈DI

(C , L∗ , P ∗ ) ← (C, L, P )
iter ← iter + 1
return (C ∗ , L∗ , P ∗ )

In Lines 5–24, Algorithm 1 computes c optimum-path trees (objects) from a
seed set S, recomputes the seed set S in Lines 18–20 and repeats both operations
until either the convergence criterion is met or the maximum number of iterations
T ≥ 1 is reached. In Line 6, it sets the dynamic sets to empty. In Lines 8–11, it
initializes cost map C, label map L and predecessor map P , and inserts all nodes
in a priority queue Q. In Lines 12–17, the algorithm maintains the dynamic sets
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C1 , C2 , . . . , Cc , cost map C, label map L and predecessor map P . At each iteration
of this loop, a node p of minimum cost C(p) is removed from Q and inserted into
the corresponding dynamic set CL(p) in Line 13. At this moment, the current
path πp is optimum (i.e., its cost is minimum among all possible paths from S).
In Lines 14–17, node p offers an extended path πp · hp, qi to a node q ∈ Q (i.e.,
q ∈ DI \ ∪ci=1 Ci ). The path value fmax (πp · hp, qi) is computed and stored in tmp
in Line 15. If tmp is less than the cost C(q) of the current path πq in P , then
πq is replaced by πp · hp, qi in Line 17 by updating the values of cost C(q), label
L(q) and predecessor P (q) of q to tmp, L(p) and p, respectively.
In Lines 18–20, the algorithm saves the current seed set S into S 0 , resets the
seed set S to empty and then recomputes it by inserting the nodes ri ∈ Ci that are
closest to the mean pixel of their resulting optimum-path tree Ti , i = 1, 2, . . . , c.
The mean pixel is defined as the arithmetic mean of pixel coordinates of the
elements of Ci . Next, in Line 21, S 0 is compared to S to test for convergence and
the result of this comparison is saved in the variable converged. In Lines 22–23,
we test whether the map C provides a smaller total path-cost value than the
map C ∗ ; if that is so, then, C ∗ , L∗ and P ∗ are updated with the maps C, L
and P , respectively. Lastly, the tuple (C ∗ , L∗ , P ∗ ) with minimum total path-cost
value among all iterations is returned in Line 25.
In order to reduce the complexity of the algorithm, we can store the mean
feature vector of each dynamic set and its size, so that these measures can
efficiently be updated during label propagation. Therefore, each time a new
element p is added to the dynamic set, the mean feature vector and the dynamic
set size are updated as in Equation 5, where I(p) represents the color components
of p, µprev and µnext are the previous and next mean feature vectors, while nprev
and nnext represent the size of the dynamic set before and after the update.
µnext = µprev +

I(p) − µprev
nprev + 1

(5)

nnext = nprev + 1

3

Experimental Results

To demonstrate the advantages of step (iv) and random seed sampling in step
(i), we compare three versions of IDT. IDT1 is the proposed version, as described in the previous section. IDT2 is IDT1 without step (iv), it selects the last
optimum-path forest after T iterations, as proposed in the original ISF framework and adopted by all previous ISF-based methods, such as DISF [3]. IDT3
is IDT1 with grid sampling (seed sampling with uniform distance among seeds)
in step (i), as used in some ISF-based approaches, such as DISF [3] and most
superpixel segmentation methods. To demonstrate the improvement of IDT for
object delineation, we compare it against DISF and IW [12] with two path-cost
functions in the IFT algorithm: IW-max computes the cost of a path as the
maximum arc weight along it, for fixed arc weights kI(q) − I(p)k, and IW-sum
computes the cost of a path as the sum of its arc weights. Like IDT1 and IDT2 ,
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Fig. 2. Results obtained in each dataset for AMI, ARI, BR and CA. (a) Weizmann
1-Object dataset, (b) Weizmann 2-Object dataset.

both IW-based methods start from a random seed set of size equal to the number
of desired objects (and background) [12]. DISF starts from a set with 150 seeds
selected by grid sampling for all images and reduces the seed set size at every
iteration until it reaches the number of desired objects [3].
For evaluation of object segmentation, we use the Weizmann 1-Object and
2-Object datasets [2], containing 100 images each, along with ground-truth segmentations. Images in these datasets (available at http://www.wisdom.weizmann.
ac.il/~vision/Seg_Evaluation_DB/) depict one or two objects in the foreground.

2-Object

1-Object

Table 1. AMI, ARI, Boundary Recall and Cluster Accuracy (Mean +/- Std. Deviation)
for Weizmann 1-Object and 2-Object datasets for IDT variants, DISF, IW-max and
IW-sum.
Method

AMI

IDT1
IDT2
IDT3
DISF
IW-max
IW-sum

0.564673 ±
0.344623 ±
0.366932 ±
0.304520 ±
0.397320 ±
0.352781 ±

0.283
0.270
0.307
0.282
0.278
0.257

0.613058 ±
0.363208 ±
0.372370 ±
0.282088 ±
0.419055 ±
0.373990 ±

ARI

0.317
0.323
0.363
0.347
0.318
0.300

0.657833 ±
0.433819 ±
0.458131 ±
0.398606 ±
0.473212 ±
0.330048 ±

BR

0.241
0.276
0.285
0.296
0.276
0.243

0.908387 ±
0.841895 ±
0.860064 ±
0.836631 ±
0.856288 ±
0.847699 ±

CA

0.091
0.114
0.107
0.112
0.112
0.108

IDT1
IDT2
IDT3
DISF
IW-max
IW-sum

0.589247 ±
0.587252 ±
0.386087 ±
0.420036 ±
0.435559 ±
0.395757 ±

0.278
0.278
0.279
0.295
0.330
0.242

0.600024 ±
0.614408 ±
0.334149 ±
0.376453 ±
0.544933 ±
0.347743 ±

0.345
0.333
0.328
0.352
0.311
0.299

0.748527 ±
0.730065 ±
0.518125 ±
0.582483 ±
0.615948 ±
0.496769 ±

0.194
0.207
0.263
0.263
0.231
0.224

0.953605 ±
0.946522 ±
0.902305 ±
0.919615 ±
0.921671 ±
0.895421 ±

0.054
0.064
0.100
0.078
0.086
0.097

For assessment of the methods, we use four popular effectiveness measures:
(i) Adjusted Mutual Information (AMI) [15], which is an adjustment of the Mu-
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tual Information (MI) score to account for chance, (ii) Adjusted Rand Index
(ARI) [10], which determines the Rand index (RI) score adjusted for chance,
(iii) Boundary Recall (BR), which measures boundary adherence [1], and (iv)
Cluster Accuracy [6], which measures the degree of intersection between predicted and ground-truth segmentation.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

(p)

(q)

(r)

(s)

(t)

(u)

(v)

(w)

(x)

(y)

(z)

(aa)

(ab)

(ac)

(ad)

(ae)

(af)

(ag)

(ah)

(ai)

(aj)

Fig. 3. Segmentation results for Weizmann 1-Object and 2-Object datasets. (a)–(f)
Original images, (g)–(l) Ground-truth, (m)–(r) IDT1 , (s)–(x) DISF (No = 150),
(y)–(ad) IW-max, and (ae)–(aj) IW-sum.
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The experiments were conducted using the same sets of initial seeds for IDT1 ,
IDT2 , IW-max and IW-sum. To guarantee the best result from each algorithm,
they are executed 20 times for each image, from which the best object segmentation is selected according to the evaluation metrics. Next, mean and standard
deviation are computed from these values across all images for each dataset.
Table 1 shows the effectiveness of object segmentation for all methods according to four different metrics (AMI, ARI, BR and CA). IDT1 is the best
approach, being worse than IDT2 in only a single case, according to ARI for the
2-object segmentation task. An important finding from the experiments showed
that DISF relies heavily on the size of the initial seed set, imparting outstanding results for some images while failing for others. The results also show that
random sampling suffices for step (i), and step (iv), added by the proposed approach to the ISF framework, is vital for improved object segmentation. The
results raise the question of how good it would be IDT for superpixel segmentation (when the number of seeds is higher than the number of desired objects),
which we will leave for future work.
Figure 3 shows the segmentation results for IDT1 , DISF, IW-max and IWsum on some images of Weizmann 1-Object and 2-Object datasets.

4

Conclusion

In this work, we have introduced a novel iterative procedure, called Iterative Dynamic Trees (IDT) that, through a sequence of executions of IFT with dynamic
arc-weight estimation, each of which followed by a seed re-computation stage,
achieves a better object segmentation in comparison to other similar graph-based
algorithms. The carried out experiments show that IDT attains considerably
better performance than its counterparts assessed by four popular metrics. We
intend to investigate new techniques for seed set sampling and re-computation
to further improve its performance on object segmentation. Another future work
direction is to explore IDT for superpixel segmentation. Furthermore, IDT as
a complementary tool for semantic segmentation networks to improve object
delineation seems a promising research direction as well.
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Abstract. The use of new and more sustainable technologies in agriculture is important to reduce the need for agrochemicals and improve
energy efficiency. Many of the recent approaches in this area are based
on computer vision algorithms. However, due to the great variability
of the scenes that can occur in an agriculture field, the domain shift
phenomenon is a relevant problem in this area. Domain adaptation attempts to mitigate this data variability problem. In this work, we propose a low-cost domain adaptation method between agriculture domains
for image segmentation. Our approach performs domain adaptation by
changing the amplitude of the low-frequency spectrum of images along
with contrast limited adaptive histogram equalization (CLAHE), which
is an efficient replacement for a commonly used image-to-image translation methods, such as Cyclegan, drastically reducing the number of
parameters and improving quality in cases where these models do not
maintain semantic consistence between translations.
Keywords: Domain Adaptation · Image Segmentation · Deep Learning

1

Introduction

Intensive crop production is fundamental for today’s society, however, the resulting massive application of agrochemicals is a major productive and environmental problem [5]. New technologies are emerging to reduce this issue, such
as the application of robots and intelligent systems in the field, many of them
based on computer vision algorithms.
The use of semantic segmentation algorithms in agriculture can introduce
numerous benefits, such as the reduction of the amount of herbicides used and the
detailed analysis of the phenotypic characteristics of the plants [15]. Currently,
the state of the art for semantic segmentation problems is based on deep neural
networks [6, 7]. However, due to the large number of parameters found in this
type of model, a substantial amount of labeled data is required for training [22].
Therefore, the requirement to have labels for different plant species at different
stages of growth is currently one of the biggest challenges in this area.
?
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The inherent complexity of the image acquisition process in the field and the
manual annotation of images make the creation of this type of data laborious
and expensive. Furthermore, the domain shift phenomenon is a critical problem,
occurring when there is a change in the probability distribution from the training
data set to the test set [18]. An apparent example of this problem is observed
when the model is trained using images of plants extracted with a different sensor
or lighting condition than the one used during the test phase.
Recently, domain adaptation for semantic segmentation has made great
progress by separating it into two steps. First, it performs the mapping of images
from the source domain to the target domain, and then the semantic segmentation model in the target domain is trained with the images transferred from
the domain of origin and their respective annotations [11]. However, the training
of domain mapping models, such as Cyclegan [21], uses a large set of images to
have a satisfactory result. In addition, the translation does not guarantee the semantic fidelity of the images in both domains, which can cause confusion during
the training of the semantic segmentation model, especially when there are small
objects, such as weeds in images of agricultural robots. Figure 1 shows a mapping adaptation with a full image using Cyclegan. It may be observed that the
mapping presents semantic errors, translating plants and weeds to soil. Some
approaches in the literature mitigate this problem by dividing the image into
many patches [3]; however, this strategy may severely limit the application for
real-time inference, which is critical in targeted herbicide spraying using robots.

(a) Source

(b) Target

Fig. 1: Domain translation using a Cyclegan architecture. Some errors in this
translation can be seen in weed and crop pixels being transformed into soil.

In this work, we propose a new approach to perform the mapping in agricultural images by swapping the low-frequency spectrum of images along with
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contrast limited adaptive histogram equalization (CLAHE) [13]. The main contribution of this work is showing that the application of CLAHE in conjunction
with adaptation of the amplitudes in the Fourier space is an efficient replacement
for adversarial generative network models, such as Cyclegan, drastically reducing
the number of parameters and obtaining better results for cases where the weed
occupies a small area in the image. In addition, the possibility of inference in
the complete image improves the suitability of our technique for inference in real
time. Our source code and dataset splits will be made available upon acceptance
for fair comparison with future works.
This text is organized as follows. Section 2 reviews some concepts and works
related to the topic under investigation. Section 3 describes the proposed method.
Section 4 presents and discusses the obtained results. Finally, Section 5 encompasses some concluding remarks and directions for future work.

2

Background

In the computer vision area, different probability distributions between training
and test sets are a common scenario [17], also known as a domain shift problem.
This type of problem often leads to a performance degradation of the system
under test [16]. Domain adaptation aims to mitigate this problem [9, 12], using
only images xs from source domain and their respective ys labels together with
images xt from target but without any labels in this domain. The goal is to
develop a system that can correctly predict the label for the xt target data.
Following the notation used by Patel et al. [12], let X be the random input
variable and Y its respective label, P (x) is the joint probability distribution
of X and Y . The source and target distributions are called Ps (X) and Pt (X),
such that, in cases involving domain shift, the target and source distribution
Ns
denotes the samples from the source set with
are different. S = {(xsi , yis )}i=1
xs ∈ RN being a sample extracted from the domain and ys its respective label.
Ntu
The unlabeled target is given by Tu ={xtu
i }i=1 . The
 sets S and T are nottuknown
S
in their entirety, so the subsets S = x1 , · · · , xsNs and T = [xtu
1 , · · · , xN tu ] are
used to minimize the parameters of function f (X), in the case of this work, a
convolutional semantic segmentation model.
Image-to-image translation is one of the techniques used in several state-ofthe-art works in domain adaptation in semantic segmentation [8, 11, 14]. The
goal is to copy the visual style of the images from one domain to another. This
technique individually is not specifically a domain adaptation technique, however, it comes to be considered when it is used to perform a specific task in a
new domain [18].
The deep learning architecture named Cyclegan presented a solution based
on generative adversarial networks [4], which translates visual styles without the
need for paired images between the source and target domains, something that
previously limited the possibilities of applying this type of technique, since the
existence of images paired between domains is scarce or even impossible [10].
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In this sense, several works have used the Cyclegan architecture and its variations for domain adaptation. Hoffman et al. [8] presented an architecture called
Cycada that adapts representations at both pixel and coded levels, in addition
to adding cost functions that reinforce the semantic consistency of adaptations
between domains. Ramirez et al. [14] proposed an approach to reconstruct the
appearance in the domain mapping process in order to help preserve small details
in adapting the domain.
Li et al. [11] developed an architecture, called Bidirectional Learning for
Domain Adaptation of Semantic Segmentation. They presented a technique for
training the domain mapping model in conjunction with the semantic segmentation model, in contrast to other approaches that performed the training separately. Gogoll et al. [3] used a similar architecture for adapting the domain of
agricultural images.
The computational cost and the need to have enough data to train Cycleganbased domain adaptation architectures have been minimized by the Fourier Domain Adaptation (FDA) for semantic segmentation [19]. Its authors used a simple method, switching the low-frequency spectrum of images from the source to
target domain. Thus, they were able to replace the four models normally present
in a Cyclegan-based network with a simple (Fast) Fourier Transform (FFT) and
its inverse FFT (iFFT).

3

Methodology

The approach proposed in this work uses only a convolutional model trained with
data from the source domain. In order for the target images to be inferred in this
model, the target images are translated into source using an unsupervised technique without the need for the images to be paired. The image-to-image translation technique is based on the replacement of low frequencies in the Fourier
space [19] and no training is required for its use, which opens the possibility of
using this method for domains with a reduced number of images. The method
performs FFT for each input image and replaces the low-level frequencies of the
target images into the source images before reconstituting them via the inverse
FFT. Figure 2 illustrates this process.
The main motivation for this technique comes from the observation that low
frequencies can carry more general information about the environment, such
as lighting, image quality and sensor characteristics [19]. On the other hand,
high frequencies are responsible for details of plant and weed phenotype, thus
preserving semantic information during adaptation.
The technique of replacing low frequencies, although reduces the visual difference between the images of the source and target domains, it is not sufficient
to guarantee that the model trained with the source data will have a good performance when inferred with the data mapped from the target domain to the source
domain. In this sense, our approach demonstrates that the use of the CLAHE
technique with different clipping limits (CL), when carefully chosen both for the
source images during model training and for the target images during inference,
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SWAP

Fig. 2: Image-to-image translation method. Initially, the image is pre-processed
with CLAHE. Once FFT is applied, the low-frequency amplitudes are replaced
between source and target domains. The inverse FFT is then performed.

can further reduce the distance between distributions, causing a better result in
adapting the domain.
Thus, the proposed technique performs a search for the best CLAHE’s CL
values of the pre-processed images from the source domain for training the model
and for the target images at the inference time. These limits are chosen by
statistically comparing the masks of the target image predictions with the masks
from the source domain. The best CL parameters are chosen based on similar
values of the pixel rate of the soil class in relation to the crop and weed classes.
Figure 3 illustrates the inference process and the comparison between labels.

4

Results

We perform the evaluation of four methods on two datasets. The Sugar Beets [1]
contains images of beet plantation from a farm near the city of Bonn, Germany,
which were obtained from photographs captured by a terrestrial robot 3 times
a day for 6 weeks. The Sunflower dataset [2] was recorded using a robot near
Ancona, Italy. The growth stage in both datasets contain 4-6 leaf plants. Figure 2 illustrates examples of both datasets, where the first row presents some
samples of the Sugar Beets dataset and the second row presents some samples
of the Sunflower dataset. The datasets were split into training and testing in the
proportion of 80% and 20%, respectively.
We fixed the search for CLAHE CL parameters at the ends of the possible
limits, more precisely, at 0.01 and 0.9. We also compared the results with models
without adaptation. The model chosen to evaluate the method was the Bisenet
convolutional network [20], due to its computational efficiency.
The dataset images were scaled to 800 × 800 pixels, requiring only one inference for the entire image, in contrast to the state-of-the-art approaches on
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Fig. 3: Inference process of a target image. First, the translation described in
Figure 2 is performed with different CLAHE CL parameters in the target image,
then the inference is performed using different source models trained with images
and labels of the source domain, also with different CLAHE parameters. The
best CLAHE parameters for both source and target are chosen comparing the
statistics of the predicted masks with the masks of the source domain.

adapting these two domains, which divided the inference into 240 × 240 pixel
patches. The original resolution of the Sugar Beets dataset is 1296×966, whereas
the resolution of the Sunflower dataset is 1296 × 964. The optimizer used for
training the models was Adam, with a 1e − 5 learning rate, 0.5 momentum and
1e − 4 weight decay. Data augmentation was performed only by mirroring the
images vertically and horizontally. In all replacement cases of the low frequency
amplitudes of the Fourier amplitudes, we used β = 0.001. Other values were
tested, however, this demonstrated to provide the best results.
For the analysis of the statistical variable used to choose the best model, some
parameters were evaluated based on the ground-truth masks of the training set
of the two datasets, and the index with the least variation was chosen. The
mean of the ratio between soil and plant is a factor that remains without great
oscillation between the datasets and was the index selected for evaluating the
masks after adaptation. If the adaptation is not carried out correctly, the values
vary greatly from this index found in the ground truth both in the source and
target domains. In this sense, the parameters that generate indices closer to the
mean of the ratio between soil and plants are the index chosen for CL in the
CLAHE algorithm. These proportions in the training set for the Sugar Beets
and Sunflower datasets were 27.08 and 19.98, respectively.
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Table 1 illustrates the F1 metric for the three classes obtained in the source
models after training the models with different CLAHE CL values. It can be
observed that there is no deterioration in the application of the CLAHE in the
models. In fact, there was a small improvement in all cases. It is also observed
that the Sunflower dataset is slightly easier than the Sugar Beets dataset, especially when we evaluate the metric in the weed class.

Table 1: F1 metric of the models trained with labels from their own domain with
different parameters of CLAHE clipping limit.
Sugar Beets
Sunflower
Method Resolution Soil Crop Weed Mean Soil Crop Weed Mean
NO CLAHE Resize 800 0.993 0.868 0.430 0.764 0.984 0.840 0.565 0.796
CL=0.01
Resize 800 0.994 0.891 0.475 0.787 0.985 0.842 0.565 0.797
CL=0.90
Resize 800 0.992 0.863 0.442 0.766 0.986 0.847 0.576 0.803

Table 2 shows the results used as reference for the search for the best method
parameters. The baseline result is obtained by training the domains with their
respective training labels. The other results are obtained only with training data
from the other domain, that is, the results illustrated for the Sugar Beets dataset
come from a model trained only with the data from the Sunflower dataset and
vice versa. This table also shows the ablation gain of the two main components
of the method, the pre-processing using the CLAHE algorithm and the swapping
between the amplitudes of the low Fourier frequencies.
It is observed that, in the Sunflower domain as target, the use of the Fourier
transfer amplitudes already provides a relative gain of more than 0.5 in the F1
metric. However, the gain does not hold for the Sugar Beets domain as target.
On the other hand, the gain using the CLAHE alone is also very small in both
adaptations, where the best combination in this case obtained an increase of 0.13
in F1 for Sugar Beets as target and 0.14 for Sunflower as target. When analyzing
the combined use of both techniques, there are gains of more than 0.62 in F1
for the Sunflower dataset for the worst combination of parameters, whereas the
smallest gain is 0.24 in F1 metric for the Sugar Beets domain.
The selection of the best parameters in the method is performed by comparing the averages of the ratio between the total number of pixels in the soil class
in relation to the number of pixels in the plant and weed classes. In the case of
the Sunflower domain as a target, the best result was obtained with a CL of 0.9
for source images and also 0.9 for target images. The predictions of this adaptation obtained an average soil/plant ratio of 26.81, the closest to the ratio found
in the source Sugar Beets domain, which is 27.08. In the Sugar Beets domain as
a target, the best result was a CL of 0.9 for source images and 0.01 for target
images. The predictions of this adaptation obtained an average soil/plant ratio
of 21.62, the closest to the ratio found in the source Sunflower domain, which
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Table 2: F1 metrics in the domain adaptation between Sugar Beets and Sunflower
datasets using different combinations of CLAHE clipping limit parameters.

Baseline
No adaptation
Only CLAHE
Only CLAHE
Only CLAHE
Only CLAHE
Only FDA
CLAHE + FDA
CLAHE + FDA
CLAHE + FDA
CLAHE + FDA

Sugar Beets
Sunflower
Source Target
Soil Crop Weed Mean Soil Crop Weed Mean
CL
CL
0.993 0.868 0.430 0.764 0.984 0.840 0.565 0.796
0.991 0.021 0.061 0.358 0.081 0.022 0.004 0.036
0.01
0.01 0.985 0.360 0.076 0.474 0.146 0.170 0.011 0.109
0.90
0.90 0.974 0.100 0.039 0.371 0.041 0.469 0.020 0.177
0.01
0.90 0.977 0.207 0.046 0.410 0.157 0.187 0.011 0.118
0.90
0.01 0.982 0.408 0.080 0.490 0.038 0.428 0.020 0.162
0.986 0.076 0.067 0.376 0.976 0.667 0.057 0.567
0.01
0.01 0.977 0.478 0.079 0.511 0.974 0.689 0.300 0.654
0.90
0.90 0.931 0.246 0.027 0.401 0.981 0.805 0.397 0.728
0.01
0.90 0.932 0.324 0.029 0.428 0.978 0.724 0.300 0.667
0.90
0.01 0.987 0.726 0.190 0.634 0.973 0.745 0.367 0.695

is 19.98. The left mask in Figure 4 is an example of prediction with the best
parameters of the Sugar Beets domain as a target, while the mask in the center
is an unsuccessful adaptation. The image also shows its impact on the soil/plant
ratio.
Source CL: 0.9
Target CL: 0.01
S/P RATIO: 21.62

Source CL: 0.9
Target CL: 0.9
S/P RATIO: 8.79

Ground Truth
S/P RATIO: 27.08

Fig. 4: Example of predictions of two different parameter combinations in the
Sugar Beets domain as a target. The left is the best combination and, in the
center, an unsuccessful combination. It is observed in the last case that the
soil/plant ratio (S/P ratio) is significantly reduced due to artifacts present in
the mask.

It is also worth mentioning that the method presented in this work could also
be used in combination with very few images annotated in the target domain.
In this case, it would not be necessary to choose the parameters based on the
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soil/plant ratio, as the mask itself could be used to select the adaptation to
generate the best results in the annotated target images. This method could
also be used as a pseudo-mask to retrain a new model in the target domain.
Although the approach developed by Gogoll et al. [3] reported results on the
adaptation of the two domains presented in our work, where the adaptation of
the Sunflower domain to Sugar Beets is reported as 0.67 mean F1 metric and
Sugar Beets for Sunflower as 0.70, a fair comparison was not possible because
the authors did not provide their used dataset splits. However, despite the competitive results, their work uses small patches of 240×240 pixels for adaptation
using Cyclegan, thus requiring numerous inferences in the same image, which
restricts its use in real-time cases.

5

Conclusions and Future Work

In this work, we presented an unsupervised domain adaptation approach to
the crop and weed semantic segmentation problem. Our method is based on
the source domain data to perform domain adaptation using simple FFT and
CLAHE techniques.
According to the experiments conducted in our work, we achieved competitive results with a much lighter approach than other methods available in the
literature based on Cyclegan. In addition, we also improved the results for full
image-to-image translation while maintaining semantic consistency in regions
that are difficult for Cyclegan methods, such as domain translation of small
weeds. Therefore, the proposed method allows significant advances in the application of real-time domain adaptation.
As directions for future work, the use of the proposed method could be used
as a pseudo-label for training a new model in the target domain. New parameter
selection techniques could also be be evaluated and compared with the use of
a few images in the target domain to select parameters directly through the
target masks. Other data sets could be evaluated, including domains of images
captured by drones due to their greater availability in the literature compared
to terrestrial images.
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Abstract. Recognition of emotions from facial information is a simple task well-performed by humans, but very complex to be executed
computationally. Since many of the computational trials to solve this
problem lead to studies for a generic approach, it needs to be comprehensive to provide a solution analytically possible. Several approaches
were proposed over the past few years, and apart of the chosen model, a
considerable amount of input samples must be used to train the computational approach properly. Over the literature image datasets for facial
recognition can be found, and despite the fact that several of them are in
public domain available,the presented images are usually very restricted,
with slight variations and limited number among participants, low miscegenation mixing and short age ranges, which ends up making the studies
and new algorithms very specific. For this purpose, this paper has as
main goals (i) to present a newly designed dataset entitled MIGMA for
human expression recognition from facial images and (ii) to address essentials features of this dataset such as high-quality spatial resolution
images, varied ethnicity, ages and genders, and including non-induced
and induced expressions via emoji. The dataset has 323 participants and
15k images on its current first version, taking into account 8 distinct
emotions, photographed in an academical environment in a south American country. In contrast, all the participants completed questionnaires
for anxiety and depression, allowing to address further studies in this
area with facial emotions. The obtained dataset was tested in an experimental environment using a Convolutional Neural Network recognizer
for general recognition overall and class separability estimation.
Keywords: MIGMA · facial emotion dataset · feature recognition · computer vision dataset.

1

Introduction

Emotion recognition from facial expressions, besides instinctive and natural for
humans, is a very complex task to be performed computationally. This fact is due
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its natural sense, with hard description and explicitness, and as a consequence,
it is difficult to be reproduced in analytical terms. The achievement of a good
general solution for this problem has several practical implications [1], being applied by medicine education, robotics, driver safety, games and the educational
area. However, emotion recognition has been still an open problem in the computational area. Lately, thanks to the recently developed hardware architectures
and computational models, approaches were designed to be dynamic in terms of
recognition and generalization. This generalization, on the other hand, can be
achieved at the cost of requirements for an large input dataset, used to train the
recognition model properly.
In fact, the emerging convolutional neural network models (CNN’s) are paving
the way for very interesting generic solutions, the datasets available are not evolving at the same compass. Larger datasets are required nowadays to properly train
the CNN’s in order to be effective and provide the expected results. Over the past
few years, several image sets for recognizing human emotions in facial expressions
have been proposed, as demonstrated in our related works section. However, the
found databases are not always able to meet minimal requirements to develop
a robust facial emotion recognition system. As a consequence, it is common to
see a large amount of projects including their own dataset (but not for public
domain) to develop their computational approaches. For instance, JAFFE and
Cohn-Kanade both have low miscegenation and a higher number of photos of
people of the same gender; JAFFE and MMI have a low number of participants in their bases, being corresponding to 10 and 75, respectively. There are
datasets in addition with images in an uncontrolled environment, such as FER2013, where the images were collected from the WEB. All of these drawbacks
result in a problem for the training of classifiers and the new convolutional neural
networks, making the computational model restricted to very specific domains.
In the present study, a new dataset for emotion recognition from facial images
is proposed. The dataset was developed taking into account the aforementioned
limitations and providing higher resolution images, in a well-controlled environment, good number of participant and images. Unlike others, our dataset presents
a very high miscegenation of participants, since it was built in an academic environment, including people from the most varied ethnic groups. Additionally,
as far as we know, this is the very first time a emotion facial image dataset is
provided taking a higher miscegenation from a South American nation for open
domain, high-resolution images, and associated with a medical scale of psychiatric symptoms.

2

Related Works

Given the importance and need for automated emotion recognition systems for
facial images, it became necessary to create datasets that allow us to both training and testing the effectiveness for such in developing algorithms. Over the past
few years, several datasets have been appeared in different countries with varied
purposes and characteristics, such as those presented in the Table 1 and 2.
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The Japanese Female Facial Expression (JAFFE), despite being developed in
1998, it is still widely used since its creation by a group of Japanese researchers
[2]. The images in this dataset have a spatial resolution of 256x256 pixels and
were taken in gray scale [3]. The base has a total of 213 images of 10 Japanese
women, in which they express 7 emotions: happiness, sadness, surprise, disgust,
fear, anger and neutrality. However, emotions are not considered pure, and were
classified according to their predominant emotion.
Another well-known dataset is Cohn-Kanade (CK), and it had its first version
developed in 2000, whose project was carried out by [4] and is currently active
and managed by the University of Pittsburgh. According to [3] in its first version,
it already had 486 image sequences, which, unlike static images, had information
about the process of creating emotion. Initially, this dataset had 97 participants
of both gender and ages ranging from 18 to 30 years, the majority of participants
were Euro-American or African-American, only 3% were Latin or Asian. In 2010,
this dataset was updated, and the newest version became known as CK+, having
107 new sequences added and 26 new participants representing the following 6
emotions: anger, contempt, heartbreak, fear, happiness, fear and surprise [5].
MMI is a dataset that started to be developed in 2002, being composed by
images and videos of 75 people until the present moment [6]. Participants are
men and women, aged from 19 to 62 years old and from different ethnicities.
This dataset has static images and sequences of images of the participants in
which they express the six basic expressions: happiness, anger, sadness, disgust,
fear and surprise. Furthermore, according to [3] this is the first web-based facial
expression database, and has as main drawback a controlled environment.
BU-3DFE was created in 2006 by [7], being different from the other ones
since its has 3D image sequences. This database is divided into 7 emotions and
composed by a total of 2500 sequences with a spatial resolution of 1040x1329. As
presented by [3], the base has 100 participants, men and women, aged from 18
to 70 years old, of different ethnicities including whites, blacks, Indians, Asians,
among others, they performed 6 emotions: sadness, happiness, fear, angry, surprise and disgust.
FER-2013 is a dataset developed for the International Conference on Machine
Learning (ICML - 2013), being shared publicly afterwards. The dataset has a
total of 35887 images divided into 7 emotions. Unlike other datasets, it is not
known for sure about the source participants because the images were obtained
through google images API. The resolution of the photos are 48x48 and they are
in gray scale [8], being already normalized to be used as input layer in training
procedures.
In addition to the datasets already mentioned, there are countless others that
can be found over the internet. It has been observed that many computational
approaches for emotion recognition are closed, since they were developed to
provide artifacts for their own computational approaches [9] [10] [11], indicating
a real research demand and that a new one is still required.
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Table 1. Comparison of datasets proposed over time, and the positioning of the presented dataset MIGMA in quantitative terms.
Name
JAFFE
CK
MMI
BU-3DFE
CK+
FER-2013
MIGMA

No. of images Resolution
213
486
545
2500
593
35.887
15.071

Color

256x256
Gray
640x490
Gray
720x576
Color
1040x1329
Color
640x490 Color and Gray
48x48
Gray
1920x1080
Color

No. of Emotions
7
6
6
7
7
7
8

Table 2. (cont.)Comparison of datasets proposed over time, and the positioning of the
presented dataset MIGMA in quantitative terms.
Name

Images/ Images Sequence Year Environment No. of participants

JAFFE
Image
CK
Image Sequence
MMI
Image, Image Sequence
BU-3DFE
Image, 3D models
CK+
Image Sequence
FER-2013
Image
MIGMA
Image

3

1998
2000
2002
2006
2010
2013
2020

Controlled
Controlled
Controlled
Controlled
Controlled
In-the-wild
Controlled

10
97
75
100
123
323

Methodology: Proposed Dataset Environmental
Protocol

Figure 1 illustrates the computational flow adopted in our approach and an
example of the computational environment prepared to acquire the images, respectively in (a) and (b). In (a), the protocol flow is demonstrated in five stages:
(1) participant information collection, (2) psychological profile gathering, (3) image acquisition in unsupervised manner and (4) image acquisition in supervised
manner, and (5) images verification and eventual corrections.
A web-based system was developed in order to conduct the participant information and images acquisition, following the five steps aforementioned in sequence. Concurrent participants of the dataset are allowed in this web system. At
the first step (Figure 1-(a)) the presented system required that the user provides
his/her identification such as register, and afterwards, answering a questionnaire
elaborated to assess demographic information (age, gender, marital status, ethnicity and religion), as well psychiatry symptoms of the participants.
At the second stage, participants were submitted to a test to track their psychiatric symptoms, where questions about depression, anxiety and stress were
answered. The following instrument for screening were used with the super-
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Fig. 1. General overview of the proposed dataset, having its computational flow in (a),
and an example of the acquisition process illustrated in (b).

vision of a psychiatrist: Beck Depression Inventory (BDI) [12]; Beck Anxiety
Inventory (BAI) [13]; Adult ADHD Self-Report Scale (ASRS 18) [14]; Obsessive–Compulsive Inventory-Revised (OCI-R) [15] and Self Reporting Questionnaire (SRQ-20) [16][17].
The final step of our protocol is the acquisition itself, in which before the
images capture themselves, a script is executed, so that the characteristics of
the images such as color and quality are kept. Thus, the 6 capture sessions of 8
images each, are taken by the participant himself through the system. The third
stage is removed from the first 3 sessions, which participants alone must imagine
each emotion and save their image.
During the fourth stage, 3 more sessions are held with 8 photos each, but
different from the previous one, the participant now has an emoticon as support
to reproduce the emotion presented. Due to the fact that the participants take
their own photos, in the fifth stage a supervisor was chosen to review possible
flaws, such as reddish or blurred images, so if an inconsistencies is found, the
images can be retaken.
Regarding the capture environment shown in the Figure 1-b, a controlled
environment was chosen for the realization of this data set, so the images contained in it have a standard background: all photographs were taken with the
same camera as model being HP hd-4110, with 13 mega-pixels and connected
to a conventional computer via USB. During the acquisition procedure, only
one face appears at a time for the participant, avoiding induction for the next
emotion expressions. Distinct eight emotion expressions from facial images are
shown in the Figure 2, where the expressions sadness, fear, happiness, disgusting, angry, surprised, contempt and neutral are demonstrated from (a) to (h),
respectively.
The full dataset can be downloaded in our institutional web site migma.ufsc.br.
To download the dataset, a research term must be signed and submitted electronically. No participant information is released, except photos categorized into
expressions. Psychiatric symptoms, on the other hand, is protected under ethical terms and can be released only in the form of meta-data, excluding names
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Fig. 2. Distinct expressions considered for the proposed dataset.

and mentions to images. It can be used for further assays involving computer
vision associated with the corresponding medical area, opening a wide range of
possible studies whose median faces can be correlated to its medical scales to
track possible depressive and anxiety symptoms.

4
4.1

Results
Dataset Properties

The target population chosen was college students from different courses and
university staffs, reaching a total of 323 participants. All participants completed
a structured and self-administered form composed of closed questions about depression, anxiety and attention deficit and hyperactivity symptoms (ADHD).
The demographic characteristics of the sample were 200 men (61.91 %), 119
women (36.84%) and 3 no reply (0.92%), with an average age of 26.54 years (STD
= 8.12; range 18 to 55 years). In additionally, the self-reported skin color showed
that most of the sample consisted of self-declared white students (86.06%), followed by mulatto (2.47%), black (5.88%), Asian (1.23%), other mixed colors
(0.30%), and 2.78% no declared.
4.2

Dataset Statistical Analysis

Over the obtained dataset, some statistics were obtained in order to validate
some premises such as regularity of the expressions and standard deviation.
The first analysis performed was the acquisition of the mean faces for each
expression, corresponding to a simply summation of the dataset images for each
category of emotion, as demonstrated in the Figure 3. The mean faces need
to be registered to a reference planar domain to be representative and avoid
deformations and blurring effects. The eyes for each participant were chosen to
perform this alignment.
To provide the mentioned statistics, a pre-processing step was applied to
extract relevant data features from facial images and correlate them by spatial
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Fig. 3. Images generated summing the faces aligned by eyes for each emotion. The
aligner algorithm used is from Dlib package for python 3.7.

transformations in an accurate manner. Statistics were extracted from the image
domain and converted to a set of 2-dimensional sparse space points, allowing
the use of descriptive and inferential statistics metrics, such as central tendency,
measures of variance, and permutation tests. For this purpose, the Dlib library
was used, being a popular set of algorithms in python package used as feature
extractor of facial points. The algorithm was trained from the iBUG 300-W
dataset which is used in some machine learning competitions [18]. The data
returned by the function provides a cardinality of 68 two-dimensional points of
relevant parts of the human face, such as mouth, nose, eyebrows, eyes and the
contour of the face.
4.3

Case-study : Dataset Performance in a Convolutional Neural
Network Framework

The second way used to validate this dataset was a case-study, which aims to
assess the separability of the classes belonging to the dataset with a trained
convolutional neural network.
The processing pipeline performed was initiated with the transformation of
the images to gray scale, then the standard facial detection algorithm from the
Dlib library was used to perform the alignment. After that, a resizing using cubic
interpolation was used to bring the images to 70x70 resolution. After the first
resizing, a 12-pixel cut for all sides was performed, transforming the images to a
46x46 resolution. At that moment, normalization and equalization of the image
were carried out, with the intention of reducing the input domain.
The network architecture was implemented using Tensorflow 2, with a pattern
of Conv2D folowed by Batch Normalization and Max Pooling. This pattern was
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Fig. 4. History of the model training plotted with Matplotlib, a very popular python
package.

used 3 times followed by flatten, a MLP with 2 layers and a softmax for 8 classes.
The training parameters were the Adam optimizer, batch size of 128, learning
rate of 0.0001. Two callback functions were used in the training of the network,
ModelCheckpoint for save the model with best accuracy on validation set, and
EarlyStopping with patience 5.
Sets of training, testing and validation were separated with size respectively
70%, 15% and 15% of the original. The samples of each participant are present
in only one of the three sets, making the analysis more robust. The training
history can be seen in the figure 4. The best model saved has 44% of accuracy
on validation set and 41% in the test set.

5

Conclusion and Discussions

In present study a new dataset for emotion recognition from facial images containing more than 15k images and 323 participants was presented. The dataset
entitled ******* was designed taking into account higher spatial resolution in
a frontal well-controlled environment aiming to cover the most common and
widely-used expressions from facial images. Differently from the existing datasets,
here we focus in a high-miscegenated source, presenting facial images from the
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most distinct and rich types, ages and genders, since it was developed in a south
American country in an academical environment. Although, this dataset includes induced and non-induced expressions associated with a psychiatric profile
for each participant, performed by a physician in the area.
The preliminary statistics we obtained reveals interesting aspects in terms
of regularity of the dataset when distinct emotions are compared, indicating
those expressions that are consensus and ambiguity among participants. Also,
we presented the mean faces obtained in our dataset, which can be used as a
general pattern distribution for those expressions in classifiers or decision-making
systems.
There are some important points that can limit the aforementioned classifier
to achieve a higher performance when compared to other models available over
the literature. A first aspect is the larger number of classes presented in our
dataset, increasing the number of cluster combinations in the feature-space and
the complexity. Moreover, one can observe the inclusion of some properties that
may increase the dataset variance, such as the high miscegenation and larger
number of participants. Nonetheless, the proposed dataset was designed taking
into account a significant increment of the spatial resolution used during the
acquisition, which infers directly in terms of execution time for classifiers. An
example of a classifier presented a high accuracy is presented in [19], in this
article the test is made with dataset JAFFE and the accuracy is 100% however,
it has 213 images and 10 participants, which ends up affecting the generalization
of the solution.
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Abstract. In this article, we present the Brazilian Regulatory Traffic
Sign Recognition Dataset, following the style of the CIFAR10 dataset.
A convolutional neural network is also proposed to recognize and identify these traffic signs as a possible aid for ADAS (Advanced Driver
Assistance Systems). The developed architecture has thirteen layers, selected after attempts to search for a sufficiently efficient organization.
CNN used the RMSProp optimizer, a variant of the stochastic gradient descent technique (SGD), reaching 99.31% accuracy in training and
93.73% in the validation set. This document covers the dataset development process, convolutional neural network architecture, discussions
about operation and results.
Keywords: Self-driving car · Traffic sign recognition · Convolutional
neural network

1

Introduction

Regulatory signs and guide signs are a road safety item in everyone’s daily life
of everyone who drives through the streets of large and small cities. With the
promise of making traffic safer and less chaotic, autonomous cars emerged, providing support to navigation and identification of danger or attention zones. One
of the systems present in autonomous navigation and extensively researched is
the Advanced Driver Assistance System (ADAS). Along with ADAS, we have
Traffic Sign Recognition and Recognition (TSDR), responsible for identifying
and recognizing traffic signs in the vehicles sensors images. In Brazil, the National
Transport Council (CONTRAN) regulates the road network’s signs through the
Brazilian Road Signs Guide.
The present work will focus on vertical regulatory signaling, standardized
through the Brazilian Manual of Road Signs Volume I [6]. This manual identifies the colors, shapes, and symbols used to define each road sign. A total of
51 regulatory traffic signs are defined (see Fig. 1). The manual definitions are
sufficient for human classification, but for an algorithm in a TSDR device, this
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Fig. 1. Brazilian traffic sign classes, from class 0 to class 50.

convention may not be enough. TSDR systems are intended to warn drivers
of road signs proximity, even in partial occlusions or bad weather. However,
there can still be challenging conditions where the system is not functioning
correctly, e.g., the blur caused by the vehicle’s movement during capturing an
image, lighting, or weather conditions [7]. According to [4], the methods most
commonly used by a TSDR system to detect a road sign are defined in three
steps: color segmentation, detection, and recognition of the sign. Color segmentation generates tone maps from given color characteristics of the object to be
studied. The detection works by selecting the color map areas where the pixels
correspond to the searched attribute. The sign recognition stage classifies traffic
sign’s content, and in this article, a Convolutional Neural Network (CNN) will
be used for this task. Road sign recognition has a wide variety of applications,
such as driver assistance systems, autonomous driving, navigation systems, and
conservation mapping of traffic signs for federal agencies.
We present the Brazilian Regulatory Traffic Sign Recognition Dataset (BRTSRD), a dataset of more than 24,000 regulation traffic sign images in 51 classes.
The choice for creating a new dataset instead of using the existing ones, e.g.,
GTSRB or BTSD, is due to the peculiarities of Brazilian traffic signs. The German and Belgian plates have colors that are not part of the Brazilian standard
and some of their meanings. The article is structured as follows. Section 2 provides an overview of published work on TSDR systems built using CNN. Section
3 describes the proposed architecture, information about the dataset used, and
other information about the proposed system. Section 4 lists the experiments
and their results. Finally, conclusions and future works are given in Section 5.

2

Related Works

Convolutional neural networks are widely used for image classification. It is no
different in the field of road sign recognition. In [8], a system is proposed for
recognizing traffic signals using convolutional neural networks. In this model,
CNN is responsible for learning the characteristics of road signs. The proposed
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model has three convolutional layers, three max pooling layers, and two fully
connected layers. Also, is presented a discriminatory method using Max Pooling
Positions (MPPs) as an effective alternative in predicting categorical labels. Y.
Sun, P. Ge, and D. Liu [10] used color segmentation to preprocess areas that
may contain a road sign. Then, they applied the Hough transformation to detect
forms similar to traffic signage. They also used TensorFlow to implement a CNN
that could locate road signs with 98.2% accuracy. The authors used the GTSRB
(German Traffic Sign Recognition Benchmark) dataset for training and testing.
In [8], the substantial difference from the previous one is using a panoramic
camera with a 360-degree aperture to capture the surroundings. They also used
a CNN for image detection, and they added some image processing techniques
to improve image detection accuracy. The overall accuracy of the method was
88.61%. Recently, S. Mehta, C. Paunwala, and B. Vaidya [7] proposed a deep
convolutional network to classify road signs. The dataset used to perform the
training and tests was the Belgian Traffic Sign Dataset (BTSD). The architecture
consisted of three convolutional layers, each accompanied by a max pooling layer,
and two fully connected layers. We use a dropout layer between the two fully
connected layers. The study showed that with only ten training epochs and
the Adam optimizer and Softmax activation, it was possible to achieve 97.06%
accuracy in tests with the dataset. In [2], Wael Farag modeled a CNN, which he
called WAF-LeNet, to recognize and identify traffic signs. The CNN is a deep
fifteen-layer network trained with the Adam optimization algorithm. They added
two dropout layers after the fully connected layer. The data set used for training
the learning algorithm was the German Road Sign Benchmarks (GTSRB), with
some additional signs images collected from the web. The proposed approach
proved successful in identifying correctly 96.5% of the testing dataset.

3
3.1

Proposed Architecture
Image Pre-Processing

The images used to compile the dataset were downloaded from the Internet and
captured by other means. Many of them contained unnecessary artifacts and
information, e.g., vehicles, pedestrians, objects of no interest, and had different
resolutions. Therefore, before adding the images to the final dataset, we need to
preprocess that. The steps used in the preprocessing of the database, depicted
in Fig. 2, are as follows:
- Noise reduction: a Gaussian Blur with kernel size three is used for this purpose. The Gaussian filter reduces the image noise and eliminates insignificant
details.
- Map to HSV color space: the HSV color space is a suitable space to
distinguish objects with very distinctive colors, such as regulatory road signs.
- Color detection: Brazilian traffic signs have predominant colors that allow
them to stand out against the background landscape, as shown in Tab. 1.
This enables the segmentation of targets by thresholding. The operation
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Fig. 2. Diagram showing the operation to obtain traffic sign images from any raw
image.

-

-

result is a binary image in which the values hue segments the targets in the
HSV space.
Gray scale: images are converted from RGB to grayscale.
Image enhancement : as described by [11], captured images under different perspectives and environmental conditions, so they can show significant
differences even though they belong to the same class. In order to improve
the distinguishing features, histogram equalization is applied to the images.
Adaptive threshold: the threshold acts like an image segmentation, activating only the regions of interest.
Hough transform: use this transform to capture the position of elements
with specific shapes in an image [11], in this article, circles. The segmented
circles are scaled to 32 x 32 pixels, creating the database’s image.

Table 1. The use of colors in Brazilian regulatory signs must be done according to the
criteria below and the Munsell standard indicated.
Color
red
black
white

3.2

Munsell Pattern
7,5 Red 4/14
Neutral (absolute) 0,5
Neutral (absolute) 9,5

Regulatory signs use
R-1 background; border and stripe
regulatory symbols and legends.
regulatory signs fund; letters of the R-1 sign.

The Dataset

The dataset used in this work is composed of images obtained manually using the
Google Street View tool 3 , through Google Images 4 and frames extracted from
3
4

https://www.google.com.br/intl/pt/streetview/
https://www.google.com/imghp?hl=en
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videos recorded on smartphone cameras. The raw images obtained are taken
from different Brazilian scenarios (rural and urban). It describes some climatic
situations, e.g., sun and rain, in addition to the movies of the mobile devices
taken at different times, e.g., dawn, daytime, and twilight, which gives the base
good homogeneity.
Dataset structure The structure being considered for the proposed dataset
follows the standard used by the CIFAR10 dataset. Each image has a resolution
of 32 x 32 pixels with three color channels. Each entry in the dataset consists
of a 3073 integer vector where the first index of each corresponds to the label,
and the other to the image, where every 1024 elements have a channel color, in
order (i) red channel; (ii) green channel; and (iii) blue channel.

Unique Samples

500
400
300
200
100

0

10

20

30
Classes

40

50

Fig. 3. Distribution of number of instances over classes in the dataset.

The data obtained after the preprocessing step consists of 3076 traffic regulation signs, and the distribution of the images per class can be seen in Fig. 3. The
traffic signs are not centering with the image border. Labeling of classes in the
dataset was done manually. For each image, the corresponding label has been
assigned according to as follows: for the first traffic sign defined in [6] (traffic
sign R-1), the initial class in the dataset is defined as zero, from this point, the
initial value of the class is increased by one with each new traffic sign class is
added, until all the traffic sigs classes have been identified.
However, in the initial dataset, many classes did not have sufficient samples
for representing a traffic sign during the network training, in addition to class
imbalance. Hence, it was necessary to use Data Augmentation (DA) to generate
new samples. DA is a process in which new images are generated through various transformations and filters, e.g., rotations, blurs, inversions, and rotations
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[3]. The technique simulated environmental situations, e.g., ambient light, rain,
snow, morphological operations such as image blur, salt and pepper filter, and
contrast adjustment. At the end of this phase, the dataset is formed by a total of
24072 images of traffic signs. In the Fig. 4 we can observe the new distribution of
images by classes after the application of the DA step in the initial dataset. We
randomly divide all images into three blocks for the final assembly of the dataset:
training, validation, and testing images. The distribution of the instances in the
dataset can be seen in Table 2.
Table 2. Dataset images distribution.
Dataset No. of images
Training
12071
Validation
6015
Testing
5986
Total
24072

3.3

CNN Architecture

The architecture used in this document was based on the version of LeNet presented in [5]. The CNN was developed using three convolutional sets arranged
as follows: one convolutional layer, each with a batch normalization layer, an
activation layer, and a max pooling layer. After the convolutional block, one
fully connected layer does the classification work.
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Fig. 4. Distribution of number of instances over classes in the dataset after the DA
step.
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This article uses the softmax activation function in the last layer and the
ReLU function in the convolutional layers. ReLU, short for Rectified Linear Unit,
produces results in the range [0, ∞[. The Softmax function is usually used in
the output layer because it produces probabilistic values for each attribute. The
optimization algorithm chosen for the work was Root Mean Square Propagation.
RMSProp is a method used for optimization with an adaptive learning pace.
This algorithm divides the learning rate by an exponentially decreasing mean of
the square of the gradients [9], addressing the disappearing gradient problem.
In Table 3, rho and momentum are parameters of optimizer RMSProp. The
regularization process introduces a new term to prevent overfitting. It helps
to avoid the linear models overfitting with the training dataset penalizing the
extreme weight values. At this work, we utilize the L2 Regularization at the
convolutional and dense layers.

Table 3. This table shows the hyperparameters (h-params) values choosed by the
Bayesian Optmization.
H-Params
Conv0 Filters
Conv0 L2 Regularization
Conv1 Filters
Conv1 L2 Regularization
Conv2 Filters
Conv2 L2 Regularization
L2 Regularizarion Dense
Rho
Momentum
Learning Rate

Min. Value Max. Value Best Value
32
64
32
1e-5
1e-3
1e-3
32
64
64
1e-5
1e-3
1e-05
32
64
32
1e-5
1e-3
1e-05
1e-5
1e-3
1e-3
0.75
0.9
0.90
0
0.2
0.0
1e-4
1e-3
1e-3

Hyperparameters are training control variables, basically neural network configuration variables. The hyperparameters, such as learning rate or regularization, are selected by Bayesian Optimization (BO). BO is an approach that uses
Bayes Theorem to direct the search to find the minimum or maximum of an
objective function. Bayesian Optimization is a strategy to find the extreme of a
function that may not have a closed expression but can obtain observations in
samples. This method is advantageous when the cost of function evaluation is
high when there is no access to its derivatives and/or when the problem is not
convex [1]. As the library chose for this work was the TensorFlow1 , we use the
Keras Tuner to apply the BO. The choice of the search space is a subjective task.
How the BO operates and probability distributions for each parameter have to
be set by a user. We are chosen to define a range of hyperparameters and let
the optimization algorithm choose the best set. For the initial model search, we
defined the baseline structure as in Table 3.
1

https://www.tensorflow.org/
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The BO objective is to locate the set of hyperparameters that would maximize the validation accuracy. Therefore, we are configuring the bayesian optimizer to perform 20 searches for the best set of configurations, executing each
set for up to 50 epochs. For training, we used the available hardware in Google
Colab2 free account. We use the step decay technique for the learning rate parameter. During the first 50 epochs, the value remained unchanged, following the
best value indicated by the BO. However, the learning rate value was reduced
from this point on, using the values 0.1, 1-e2, and 1-e3, until the total of 200
epochs was completed. The batch size selected for training was 32.

4

Results and Discussion

In this section, we will present the results obtained after training the proposed
CNN model. The dataset developed as described in section 3.2 was used to evaluate the architecture proposed in this paper. This dataset has different images
with all 51 traffic regulation signs defined by Brazilian legislation. Table 4 displays the average of the values obtained by evaluating the metrics accuracy,
precision, recall, and F1-Score. The model presented reached a maximum accuracy of 99,31% in the training set. The accuracy achieved was 93,73% in the
validation set, indicating that the model was properly trained. The best loss
values obtained were 0.3737 during training and 0.5574 for the validation set.

Table 4. Training, validation and testing set results (in percentage).
Metric
Accuracy
Precision
Recall
F1-Score

Training
99,31
99,52
99,02
99,27

Validation
93,73
96,37
92,45
94,34

Testing
91,41
91,55
89,28
99,27

The model predicted which test traffic signs were accurate to 91.41%. The
confusion matrix displays the classification frequencies for each class of the
model. It will show us the frequencies of true positives, false positives, false
true, and false negatives. In the end, we have the confusion matrix generated
by the model in Fig. 5. Looking at the matrix, it appears that classes 20, 39,
44, and 46 were the ones that obtained the lowest accuracy during classification,
with a percentage below 75%. Still observing the confusion matrix, it is noted
that the neural model encountered difficulties in recognizing some other classes.
Classes 39-44, 46-45, and 11-37 are very similar. In this way, the neural network
found it challenging to distinguish them correctly.
2

https://colab.research.google.com/

Construction of Brazilian Regulatory Traffic Sign Recognition Dataset

9

Fig. 5. Confusion matrix.

5

Conclusion and Future Work

In this paper, we describe a pipeline capable of accurately recognizing traffic
signs. The proposed approach applies different robust methods used by the scientific community, obtaining good results in traffic signs classification. CNN’s
architecture allowed the detection of traffic signs in various conditions with a
test accuracy of 91.42%. In training the neural network, we find it difficult to
optimize hyperparameters correctly, so we resort to Bayesian Optimization. Although the parameters described in Table 3 were the best during the optimization
attempts, it is understood that there is still room for improvement. Besides, a
new set of data was presented regarding the Brazilian traffic regulation signs.
Another point to be developed is the dimensioning of the CNN model to be
ported to embedded devices without degradation of accuracy.
We have identified some lines that we are currently exploring as future work.
In neural network training, hyperparameter optimization is developed using systematic methods. We are currently using the Bayesian Optimization method.
We are also developing model compression so that it can be transferred to embedded devices. In particular, we intend to generate a compact enough model
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to be delivered in an ESP32 MCU device that, due to its small size, can be attached to the chassis of a vehicle and used to assist drivers in real-time. On the
other hand, the great challenge is to make decisions with a good performance
given the existing hardware limitations. Specifically, this device only has 520KB
of RAM and 4 MB of FLASH, in which both the model and the data must be
stored.
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Abstract. This work introduces a Japanese Kana and Brazilian Portuguese database (JKBP), a novel database made freely available aimed
at supporting the development of manuscript-based recognition tasks.
As far as we know, this is the first database created and made available to the research community composed of Portuguese and Japanese
manuscripts. The samples were collected from 57 volunteers. Each volunteer provided five manuscript samples written in Brazilian Portuguese,
and five more samples written in Japanese Kana. We also describe baseline experiments accomplished on JKBP exploring some of its different
possibilities of classification tasks, such as syllabary and writer classification. We conducted the experiments using Speed Up Robust Features
(SURF), a texture descriptor which has been successfully used to capture
the textural content in this application domain. Support Vector Machine
(SVM) was used for classification, given its good performance in other
works available in the literature involving similar tasks. The obtained
results showed that the zoning process and use of late fusion provide a
meaningful increase of the performance in some scenarios. The best accuracy rates achieved were 97.98% and 83.77% on writer identification
task using Portuguese and Japanese manuscripts respectively, and 100%
in syllabary classification.
Keywords: Manuscripts database· multi-script handwritten database ·
writer identification · pattern recognition.

1

Introduction

Identifying the writer is a recurring task, commonly needed in some specific
application domains, such as forensic science, for example. In this type of application domain, the need for an accurate identification of the person who wrote
a particular manuscript is a common problem. Automatic identification of the
writer is a topic widely discussed by the pattern recognition research community.
With the increase in research efforts on this problem, the need for databases of
manuscripts arises, especially if we take into account databases made publicly
available, considering diverse languages and scripts, and created under conditions that emulate as much as possible the real-world scenario.
At this point, it is important to remind some basic concepts regarding classification tasks based on manuscript images. One of this concepts regards to online
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versus offline modes [19]. The online mode is characterized when the manuscript
is acquired with additional information, beyond the manuscript image itself. In
this case, information regarding the writing movement, like direction and/or pen
pressure is also collected. Online manuscripts can be acquired by means of specific electronic devices, like a graphic tablet for example. In another vein, the
offline mode refers to those situations in which only the manuscript image itself is collected and made available. Obviously, the use of offline manuscripts is
much more challenging, since we have less information, but we must not to lose
sight that this scenario is much more realistic, since it is much more common to
have only the manuscript image itself available. Moreover, there are still other
external factors that can introduce a bias affecting the writing on the offline
manuscript classification mode, such as the paper texture, and the pen flow.
In addition, the way how the manuscripts originally described in the paper are
transformed to a digital format ”can introduce some noise as well.
Text-dependence is another important concept in this field of investigation
[2]. A manuscript database is considered text-dependent when all the volunteers
who contributed to write the manuscripts are asked to make copies of previously
defined texts. On the opposite way, a database is classified as text-independent
when the writes are supposed to freely describe the manuscript, without a previous definition of the textual content. Text-dependent databases use to be much
more suitable to the accomplishment of investigations on this subject, once in
this mode the volunteers use to contribute with a more homogeneous amount of
manuscript content, making more feasible the creation of more reliable classifiers.
There are still some important concepts about the modern Japanese writing system to take into account here. In this type of writing, a combination of
logographic kanji (adopted Chinese characters) and Kana is used. Kana itself
is formed by two syllabaries: Hiragana, that contains 46 base characters used
mainly for native or naturalized Japanese words and grammatical elements, and
Katakana, also with 46 base characters and used mainly for foreign words and
names, scientific names, transliterations, onomatopoeia and, sometimes, for emphasis. Most phrases written in Japanese use a mixture of Kanji and Kana [8].
After presenting some important concepts about this field of research, we
believe the reader will be more comfortable to follow the remaining of this paper. In this work, we introduce a new offline, multi-script and text-dependent
manuscripts database. The database is composed of more than 500 images of
manuscripts written in Brazilian Portuguese and Japanese Kana, provided by 57
volunteer writers. Each volunteer contributed with five samples in Brazilian Portuguese and five more samples in Japanese Kana. The creation of this database
is justified by the scarcity of handwriting databases available for Japanese Kana,
and also the scarcity of databases designed with different scripts available for
all the volunteers, such a way that the database can also support investigations
on writer identification on the multi-script scenario. The database introduced
here was especially curated for investigations on manuscript classification tasks
on both aforementioned languages. Beyond the writer identification task, other
tasks can be explored, since there are also labels for age group and gender.

Japanese Kana and Brazilian Portuguese manuscript database
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3

The Dataset

The Japanese Kana and Brazilian Portuguese (JKBP) is a public database,
made available under request3 , that supports the development of research on
manuscript classification tasks, like writer identification. The database is composed of 570 samples taken from 57 different contributors, all of whom are proficient in writing in Portuguese and Japanese, with the vast majority having
Portuguese as mother tongue, and Japanese as second language. They are also
from different genders, age groups and levels of education. The distribution of
the volunteers among these categories was made balanced as much as possible,
and it can be seen in Table 1. A complete balancing was not possible due to the
lack of volunteers for some specific categories (e.g.: men aged over 55 years old).
Table 1: JKBP contributors and samples distribution by gender and age group.
Contributor ID Gender Age Group
1 to 8
Female
0 to 14
9 to 15
Male
16 to 26
Female
15 to 24
27 to 36
Male
37 to 46
Female
25 to 54
47 to 51
Male
52 to 56
Female
55 over
57
Male

The manuscript samples were obtained such a way that the volunteers were
asked to copy ten different reference texts, five written in Portuguese and five in
Japanese. We concentrate on using only the Kana syllabary for Japanese texts
given its reduced number of characters in relation to Kanji and, in general, being
the first syllabary taught in language schools. The ones written in Japanese were
divided as follows: two written only in Hiragana, one written only in Katakana
and two texts formed by the combination of Hiragana and Katakana. It is important to emphasize that the texts written in Portuguese are not translations
of the texts in Japanese, that is, all chosen texts are unique.
All the manuscript samples collected from the collaborators were digitized,
using the same scanner with 300 dpi, RGB color space, and they were saved in
PNG format with identification of age group, gender, age and a unique (anonymous) identifier of the author. The available database includes the original samples and cut versions of the handwritten regions, highlighting the content of the
writing and excluding blank areas that correspond to the margins.
As we can see in Figure 1b and Figure 1a, samples of the same author, on
Portuguese or Japanese scripts are very different, whether in syllabary or even in
spacing between words. This is something that naturally happens on the writing
process, and makes the multi-script scenario even more complex.
Table 2 shows the transcript of excerpts taken from the database. In texts
1, 2 and 10, originated from poems, the presence of the character “/” indicates
a mandatory line break. Due to space restrictions, aiming to suitably fulfil the
table, we decided to keep this notation here. It is worth mentioning that texts
1, 2 and 6 are pangrams, that is, a sentence in which all the letters of the alphabet of a given language are used and no repeated. In case of texts 1 and 2, all
3
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(a) Hiragana.

(b) Portuguese.

(c) Katakana.

Fig. 1: Examples of parts of manuscripts written by the same author.
modern ideograms of Hiragana syllabary and in case of text 6, all letters, including accented ones, of Brazilian Portuguese alphabet. Text 3, written entirely in
Katakana, describes the Japanese-Brazilian Festival that takes place annually in
the city of Maringá, in the south of Brazil. Texts 4 and 5 were extracted from
the book “Minna No Nihongo”, because it is commonly used in the teaching of
Japanese in language schools that contributed providing volunteers to the development of this research. Texts 7 to 10 were taken from the classical Brazilian
literature, they are often considered mandatory reading for entrance exams.
Table 2: Transcription of selected excerpts used to conduct the writing.
# id. Syllabary
1
2

3

4

5

6

7
8

9

10
∗

3

Transcription
Extracted from
いろはにほへと/ちりぬるを/わかよたれそ/つねならむ/うぃのおくやま/けふこえて/あさきゆめみ
Iroha by Kūkai
し/えひもせす
あめ つち ほし そら/やま かは みね たに/くも きり むろ こけ/ひと いぬ うへ すえ/ゆわ さる
Hiragana
Ametsuchi no Uta by 9th
おふせよ/えのいえを なれぃて
century AD
オ フェスチヴァール ニッポ-ブラジレイロ エ ウン ドス マイオレス エヴェントス ダ ク
ルツラ ジャポネザ ノ ブラジル。オコヘ アヌアルメンテ ノ エスタド ド パラナ、 エン
マリンガ、 エ オフェレッセ ジヴェルサス アトラソエス アルチスチカス、エスポジソエス Created by the authors
Katakana
クルツライス、 クリナリア チピカ エ ヂヴェルソス コメルシオス。 オ エヴェント テ
ン プレスチジオ ナシオナル、 テンド ガンニャド ヂヴェルソス プレミオス エ センド
レコンニェシド コモ ウン ドス マイオレス ド セギメント ノ パイス。
ミラーさんは まいあさ ７じに おきます。 あさごはんは いつも パンと コーヒーです。 でんしゃ
で かいしゃへ いきます。かぃしゃは 9じから ５じまでです。７じに うちへ かえります。７じはん Minna no Nihongo by 3a
Kana
に ばんごはんを たべます。それから テレビを みます。えいごの しんぶんを よみます。よる １２ Corporation book
じに ねます。
この どうぶつの なまえをしって いますか。カンガルーです。オーストラリアに すんで いま
す。1778ねんに イギリスの キャプテン・クックはふねで オーストラリアへ いきました。そして、
はじめて この どうぶつをみました。クック は オーストラリアの ひとに この どうぶつの なまえ Minna no Nihongo by 3a
Kana
を しりたい と いいました。その ひとは オーストラリアの ことば 「カンガルー(わたしはしらな Corporation book
い）」といいました。それを きいて、イギリスじんは みんな この どうぶつの なまえは 「カンガ
ルー」だと おもいました 。それから、この どうぶつの なまえは 「カンガルー」に なりました。
Roman À noite, vovô Kowalsky vê o ı́mã cair no pé do pinguim queixoso e vovó põe Unknown author
açúcar no chá de tâmaras do jabuti feliz.
O amor não mira cumprimentos nem guarda termos de razão em seus discursos, e tem a mesma condição da morte: que assim acomete os grandes palácios
Roman
Dom Quixote by Miguel de
dos reis como as humildes cabanas dos pastores, e quanto toma posse de uma
Cervantes
alma, o primeiro que faz é tirar o medo e a vergonha.
Cada estação da vida é uma edição, que corrige a anterior, e que será corRoman
Memórias Póstumas de Brás
rigida também, até a edição definitiva, que o editor dá de graça aos vermes.
Cubas by Machado de Assis
Tu não és ainda para mim senão um garoto inteiramente igual a cem mil
outros garotos. E eu não tenho necessidade de ti. E tu não tens também
Roman necessidade de mim. Não passo a teus olhos de uma raposa igual a cem mil O Pequeno Prı́ncipe* by Anoutras raposas. Mas, se tu me cativas, nós teremos necessidade um do outro. toine de Saint-Exupèry
Serás para mim o único no mundo. E eu serei para ti única no mundo. . .
E eu vos direi: “Amai para entendê-las!/ Pois só quem ama pode ter ouvido/
Roman
Via Láctea by Olavo Bilac
Capaz de ouvir e de entender estrelas.”
Brazilian version of Le Petit Prince.
Hiragana

Related Databases

In recent years, several databases focusing on the writer identification task
have been published in the literature [11,16,12,15,14,13]. However, few of this
databases can be used on the multi-script writer identification scenario. In this
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section, we present an overview of some databases composed of handwritten texts
in Japanese or Portuguese and works that presented multi-script databases.
The JEITA-HP, presented in [9], is a database made up of handwritten kanji
samples collected from 570 writers. In this database, each of the writers contributed 3,306 images from 3,214 categories, in which each Kanji character was
written once, while each of the kana / alphanumeric characters was written twice.
A handwritten Kanji characters database was introduced by [17] in literature.
The database was composed by 100 kanji classes frequently used for Japanese
place names, with 50 samples for each class, written by 100 volunteers, totaling
5,000 samples. It was properly organized for author identification investigations.
The “ETL Character Database” is a database of images composed of about
1.2 million handwritten and machineprinted numerals, symbols, Latin alphabets
and Japanese characters, compiled in nine datasets. This database has been
prepared by the Electrotechnical Laboratory (currently reorganized as the National Institute of Advanced Industrial Science and Technology (AIST)), under
cooperation with the Japan Electronic Industry Developement Association (currently reorganized as Japan Electronics and Information Technology Industries
Association), universities and other research organizations for character recognition researches from 1973 to 1984. The ETL-1 dataset can be used for writer
identification, this set contains 99 character classes written by 1,445 writers.
The Brazilian Forensic Letter Database (BFL) [7] is composed of manuscripts
in Portuguese, great part of them following the text-dependent mode. A total of
315 writers contributed with three letters each, written on plain A4 sheets.
An important contribution on the multi-script scenario was the creation of
the CVL database [11], this database consists of RGB images with handwritten
texts described in German and English. In total, 311 different writers copied six
different texts in English and one text in German.
The QUWI database [13] contains manuscript documents taken from 1017
writers who wrote a total of 4068 documents in Arabic and English languages.
Part of this public database was used in the ICDAR 2015 Competition on Multiscript Writer Identification and Gender Classification [6].
LAMIS-MSHD database [5] is a multi-script offline handwriting database
comprising 600 text samples in Arabic and 600 in French, 1300 signatures and
21,000 digits taken from 100 volunteers selected at random in Tebessa (Algeria).
The ALTID database [4] includes texts printed in Arabic and Latin with
various fonts and sizes, as well as handwritten texts in Arabic and Latin. The
handwritten part consists of 460 blocks of text in Arabic and 582 in Latin,
written by seventeen individuals of different ages and educational levels.

4

Experimental Settings

In this section we describe the protocol used for feature extraction in subsection
4.1, and details of the classifiers used for identification in subsection 4.2.
4.1 Feature Extraction
Digital images in gray scale can be defined as an array of pixels, each pixel having
a brightness value between 0 and 255. The images that present a low value of
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brightness, mainly in the proximity of words or ideograms, may indicate aspects
such as the pen pressure applied at the time of writing. In this context, there
are inherent characteristics that may contain a rich textural content, allowing
to investigate a wide variety of approaches.
In this work we use Speed Up Robust Features (SURF)[1] as the texture
descriptor to be applied on the manuscript images. This texture descriptor was
chosen to carry out the experiments due to the good results previously obtained
on the writer identification task, as shown in [18] using Document Filter4 protocol and in [20] presenting results from the use of texture descriptors with entire
documents, texture compression and dividing the image into blocks. The idea
behind it is to extract points of interest from different regions of a given image.
Points of interest are detected based on the Hessian matrix and the construction
of a square region around each identified points of interest. Next, SURF generates a feature vector with 257 features, formed by concatenating information
from the sub-regions around each point of interest. More details of SURF in [1].
Experiments dividing the images into blocks without overlapping were made
inspired by [20]. In our tests, we limited the number of vertical and horizontal
divisions to one, that is, combinations of divisions were experimented with the
number of divisions varying from zero to one, so the document was divided into
a maximum of four blocks, as shown in Figure 2. After dividing the image into
blocks, the SURF descriptor was applied to each block in order to extract features. When performing this procedure we can find good local points of interest
that would not be considered in the entire image.

(a) 1×1.

(b) 1×2.

(c) 2×1.

(d) 2×2.

Fig. 2: Examples of block division.
4.2

Classifiers

The classification was performed using Support Vector Machine (SVM) because
it has already been successfully used for classification tasks in this scenario, as
shown in the works [18,20,2]. For experiments, the classification was performed
using C-SVM present in the LibSVM framework [3] with radial basis function
(RBF) kernel and the optimization of hyper-parameters made using grid search.
To increase accuracy results and to make it more reliable, K-fold CrossValidation (CV) was applied on all tests, but with different configurations. It
is worth mentioning that in the writer identification task performed here, all
the samples of the same author were distributed to different folds, in other
4

Document filter is a protocol which determines that all the blocks taken from the
same manuscript sample must be placed on the same fold.
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words, the M1 manuscript of individual Ik was allocated to fold F1 , the M2
manuscript of the same author was allocated to fold F2 and so on until the fold
F5 with manuscript M5 5 . On the other hand, in the script identification task, the
separation of samples used a different criterion, all samples from the same author
remained in the same fold. So, samples from the same author never participate
at the same time on the training stage and on the testing stage. It was made in
script identification aiming to avoid a bias by author.
In this work, we have adopted the Document Filter (DF) protocol. DF introduces a mandatory restriction that prohibits the use of data taken from different
fragments of the same manuscript at the same time in the training and test sets.
Investigations carried out by [18] showed that the use of the DF protocol implied,
in the most extreme case, a decrease in the rate obtained by 13.95% percentage
points in relation to the same test without the use of the protocol. In order to
avoid biased results, the DF protocol was applied to the experiments that used
block divisions performed here. To ensure that the protocol was properly applied, all Pt parts taken from a document P were placed into the same fold. In
this case t refers to the total number of blocks, given by 1 + m vertical divisions
multiplied by 1 + n horizontal divisions (1 + m × 1 + n). The SVM predictions
were obtained for each block individually, and we merged the predictions obtained from them to get a single final decision, for the document as a whole. We
performed tests using Sum, Product and Max fusion rules [10].
Figure 3 shows the general process of classification used in this work. As seen
in this figure, the JKBP database step by pre-processing, in which the samples
are transformed into gray scale, then go through the process of dividing into
blocks and later have their features extracted. The classification process and
fusion of classifiers to obtain the final decision occurs as previously presented.
Block Division
Manuscript 1

JKBP

B0

B1

B2

B3

Feature vector 0
Feature vector 1
Feature vector 2
Feature vector 3

SVM
Training

Feature vector a
Feature vector b
Feature vector c
Feature vector d

Classification
model

Final
decision

Manuscript n

Pre-processing

Ba

Bb

Bc

Bd

Decision vector 0
Decision vector 1
Decision vector 2

Fusion

Decision vector 3

Fig. 3: Classification scheme for process with four blocks division and late fusion.

5

Experimental results and discussion

Aiming at exploring the different possibilities of classification using the JKBP
database, we have conducted experiments on syllabary and writer recognition
tasks. Firstly, the results obtained on experimental variations for the writer
identification task are presented in Subsection 5.1. After that, the protocols used
5

It is important to remark that the document filter has not been broken. Do not to
confuse the placement of samples from the same author in different folds, with the
placement of data taken from blocks of the same document in different folds.

8

Pereira L.F.M. et al.

to obtain the higher accuracy rates on syllabary identification are presented in
details. The rates presented following range from zero to one.
5.1 Writer identification
For writer identification experiments, two different sets of experiments were accomplished. The first set refers to tests with manuscripts in Portuguese only
and the second set refers to tests performed using only Japanese manuscripts.
In these sets, the classification setup was evaluated considering the following
variations: i) feature extraction using the entire document; ii) feature extraction
using image zoning followed by late fusion; iii) different amount of samples;
We will start by exposing the results obtained on experiments in which the
images have not been zoned. In this scenario the SURF descriptor was applied
in each sample of each author and a 5-fold CV was made, such a way that each
fold has no more than one manuscript of the same author and taking care that
each fold has the same amount of samples. This configuration produced adequate
results in author recognition task using samples in Portuguese, with an accuracy
of 0.9509 (±0.0288), while the results for samples in Japanese were substantially
lower, 0.5895 (±0.2179) of accuracy.
In order to improve the results, the process of classification described in Section 4.2, using block division, was applied using 5-fold CV again. In tests with
both languages, the accuracy rates produced using the Product rule to support
late fusion surpassed those obtained using Max and Sum rules. On one hand,
the accuracy for writer recognition using manuscripts in Portuguese slightly
increased to 0.978947 (±0.0288). On the other hand, this new protocol has increased the accuracy for Japanese tests, becoming equal to 0.7754 (±0.2516).
The previous results, the confusion matrix and the results per fold on writer
identification with Japanese manuscripts, led us to notice that when the folder
selected for test was the folder with only katakana samples, the obtained rates
were the worst by far. It can be explained by the imbalance in the number of
samples of each syllabary, while there are two texts completely written in Hiragana, and another two texts with much more characters in Hiragana than in
Katakana, there is only one text completely written in Katakana. To validate
this suspicion, an experimental variation was carried out. In this new experiment, all Katakana samples are removed from test and the number of folds was
decreased to four. The best accuracy rate obtained in this variation was 0.8837
(±0.043860), using four blocks division and the Product as fusion rule. These
results showed that the suspicion raised earlier seems to make sense.
5.2 Syllabary identification
In this Subsection we will describe the procedures adopted to classify the manuscripts
among three classes according to their syllabary, that is, Hiragana, Katakana or
Roman, the latter corresponding to the manuscripts in Portuguese. For carrying
out the current tests it is important to note that the class referring to Hiragana
was composed of the manuscripts in Hiragana, and the manuscripts that used
Hiragana with Katakana.
For the experiments with four and five folds, the presented results were not
satisfactory since the classifiers always predicted the same class (Roman) for
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all samples. This result probably happened due to the imbalance between the
number of samples per class. Based on this hypothesis, we decided to perform
new tests making undersampling on the Roman class. For that, we randomly
excluded three of five samples for that class, taking care to select always the same
samples for all the writers. When applying this strategy, the 570 manuscripts
were reduced to 399. These in turn were divided into three-folds, that is, each
fold composed of 133 samples, this set being composed of all seven manuscripts
of each of the nineteen participants per fold.
Using three folds and dividing each image in four blocks, the setup with best
values of accuracy and F-Measure was the one in which the manuscripts 6, 7
and 8 of each writer were not used. The best value of accuracy, equal to 1 and
with standard deviation equal to 0, was obtained using the Sum rule.

6

Concluding Remarks

In this work, we presented the JKBP, a novel database made freely available to
the research community, aimed at supporting the development of manuscriptbased recognition tasks. The database is composed of ten handwriting texts, five
in Brazilian Portuguese and five in Japanese, taken from 57 volunteers, totalling
570 images of manuscripts.
Experiments with author and syllabary recognition and their results were also
presented. Features were extracted using the SURF descriptor, and SVM was
used for classification. Aiming to get good performances and unbiased results, we
have tried block division of images followed by late fusion, and we have also taken
into account the restrictions imposed by the Document Filter (DF) protocol.
In future, we intend to expand the JKBP, increasing the number of contributors, introducing samples with kanji, and more samples with Katakana. We
also plan to carry out new experiments, this time making use of dissimilarity
to identify the author in the multi-script scenario and making tests with others
classifiers, in order to compare the results and increase the classification rates.
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Abstract. Dynamic sign language recognition is a challenging and active research topic over the last years. Due to the lack of high quality
annotated datasets, it is currently unfeasible to train neural networks to
perform neural machine translation of large dictionaries of dynamic signs
from RGB videos. In this work, we present Skelibras: a large annotated
skeleton dataset of dynamic Libras signs comprised of unsegmented and
segmented conversations. Skelibras was built by exploiting an existing
large and public RGB video dataset. We adopted an automatic approach
to properly extract poses from each recorded individual, and then manually filter inconsistent representations and/or subtitles. We also present
results of experiments performed on variants of recurrent neural networks
to provide baseline benchmarks for future research on dynamic Libras
signs recognition.
Keywords: Brazilian sign language · Dynamic sign language recognition · Deep learning

1

Introduction

Sign languages are visual languages known to promote social inclusion mainly
among deaf individuals and those with hearing disabilities [7]. Nevertheless, hearing individuals are generally not educated to learn sign languages, thus limiting
the social interactions of that impaired community [3].
Fortunately, during the last decade, remarkable improvements in hardware
and Computer Vision algorithms have been achieved. Besides, Deep Learning
approaches have been shown to outperform human professionals in tasks such
as language translation [14] and image recognition [19]. Consequently, real-time
Sign Language Recognition (SLR) has become a prominent research topic in the
recent years [4].
However, training deep neural networks to recognize and translate a specific
sign language requires a huge amount of supervised visual data, such as raw
videos or skeletons. In practice, collecting and organizing such datasets may be as
relevant as, for instance, investigating novel neural network architectures. On the
one hand, collecting or exploiting previously recorded raw RGB videos is easier
than employing Motion Capture (MoCap) systems that directly provide human
skeletons. On the other hand, when compared to high dimensional RGB videos,
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skeletons provide a higher level of human pose representation that substantially
accelerates the machine learning task due to a much lower dimension.
In this paper, we fill this gap by adopting an approach based on the OpenPose [5] algorithm to automatically extract skeletons from raw RGB video. More
importantly, we introduce Skelibras: a dataset comprised of thousands of annotated 2d skeleton sequences representing executions of 9,080 distinct dynamic
signs of the Brazilian Sign Language (Libras).
The compilation of Skelibras was motivated by the lack of publicly available
large datasets of dynamic signs of Libras that could be exploited for SLR. We
take advantage of Corpus de Libras [16]: a huge dataset comprised of RGB videos
exhibiting conversations between pairs of individuals. However, as the dataset
was built for cataloging and educational purposes, it is not suitable for Computer
Vision tasks in its original form.
Skelibras was built through a sequence of steps that includes: 1. the extraction
of 2d skeletons from raw RGB videos of Corpus de Libras; 2. a manual temporal
segmentation step for each sign execution; 3. a manual annotation enhancement
step, and; 4. a quality filtering step, to remove inconsistencies. We also performed
experiments with baseline neural network architectures to validate the Skelibras
dataset, and to provide baseline performance for future research.

2

Related Work

Human Action Recognition (HAR) assigns a specific label corresponding to the
specific action being executed. It is commonly done using RGB or/and depth
videos directly or skeleton joints [21, 10]. Sign Language Recognition (SLR) is
comprised in HAR and has been addressed in the scientific literature for years
as an attempt to provide better communication capabilities to deaf individuals.
Initially, researchers were focused on identifying static hand poses (finger
spelling) using feature engineering and traditional image processing techniques,
such as hand segmentation and classification [13]. A similar approach was applied
to depth images with hand alignment, feature extraction and classification [6].
Next, the scientific community started focusing on dynamic Sign Language
Recognition (SLR) due to its potential applicability towards deaf communities.
Indeed, many efforts has been dedicated to continuously reading the subject’s
hand pose and position using dedicated hardware such as Glove-Talk-II [8, 11,
20]. Wearing gloves, however, can be disruptive, thus leading to non-standard
gestures, and consequently compromise the accuracy of Sign Language Recognition (SLR) systems even through wireless devices.
A second methodology is based on Computer Vision and image processing
techniques. Due to its ability to recognize sequences, Hidden Markov Models
(HMM) or derivations have been widely used in SLR in the past. More recently,
with the popularization of specific Recurrent Neural Networks (RNN) architectures such as the Long Short-Term Memory (LSTM) and high efficacy dealing
with sequences, one can observe many applications of Neural Networks in SLR
systems [17].
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Many works use devices such as the Kinect sensor [9] to obtain a numeric
representation of human’s joints [12] and estimate the 3d skeleton. However,
even though sensors can work well for many real applications and improve the
system’s accuracy by fusing information with the 2d image acquired, in general,
their performance depend on environmental conditions such as lighting. Therefore, devices must be tailored to the environment in which the application must
operate.
Many databases for SLR with different characteristics have been presented
in the last decade with a higher variety of languages [17]. This is balancing the
traditional predominance of databases containing signs of the American Sign
Language (ASL) and promote more diverse research [17]. Amaral et al. for instance, evaluated the applications of Deep Neural Networks in labeling hand
poses using depth sensors [1] for the Brazilian Sign Language (BSL).
Dynamic inputs consider sequential information which has the potential to
improve the classification accuracy as opposed to static signs. In addition, dynamic strategy is further divided into isolated (where tokenization happens in
word level) and continuous (with sentence-level tokenization). In this work we
use the former.

3

Corpus de Libras Dataset

The database includes a high diversity of actors from different Brazilian states,
leading to a rich variety of distinct accents. The recorded performances serve
distinct purposes, such as dialogs, spoken poetry, interviews, and basic vocabulary. It is organized as follows: for each Brazilian state, there are several distinct
projects which are comprised of many recordings. Performances that include
two speakers were acquired from four different points of view, resulting in four
videos per performance: one recorded from a lateral view and one recorded from
a top view showing both speakers; and two from frontal views of each speaker,
as illustrated in Fig. 1. Performances with a single speaker were recorded in
a single video from a single frontal viewpoint. Since videos were recorded at
different Brazilian regions and distinct projects, video resolution and quality is
not uniform. It is worth mentioning that a minority of the videos were annotated with synchronized Libras subtitles. Such subtitles were annotated using
the open-source ELAN annotation tool [15] and are publicly available in the
ELAN Annotation Format (EAF) at the official website1 .
Each annotated video holds separate subtitle tracks for right-hand signs and
left-hand signs. When the sign is performed by both hands, the subtitle is equally
annotated in both tracks, although we found cases where they were not the same.
Additionally, since there may be two speakers per conversation, there is a total
of four tracks (two for each speaker).
1

http://corpuslibras.ufsc.br/
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(a) Lateral view

(b) Frontal view 1

(c) Frontal view 2

(d) Top view

Fig. 1: Frame taken from the original Corpus de Libras dataset: performances
were recorded from four distinct points of views.

4

Skelibras Dataset

Since we aimed at compiling a supervised dataset, we only made use of the
annotated videos from the original repository. Unfortunately, we found out that
many files were corrupted, thus requiring an exhaustive manual check of every
video file to exclude unusable files. Subsequently, the remaining videos were also
manually checked and filtered to discard incorrect, inconsistent, or out of sync
subtitles.
In the following step, we extracted pose representations of the speakers, in
the form of body skeletons, for each video of the filtered video dataset. With
this aim, we adopted the well-known OpenPose [5] algorithm to extract poses
from the RGB videos, and then sync the skeleton sequences to the corresponding
videos’ subtitles. The OpenPose skeleton representation is a graph comprised of
18 joints as nodes, including 21 hand joints, as illustrated in Fig. 2.
It is worth mentioning that, for conversations with two speakers, we extract
and exploit the skeletons of both speakers. Since the OpenPose algorithm does
not provide any ordering among the recognized skeletons, we use the horizontal
coordinate of the center of mass of each skeleton to identify each speaker as left
or right speaker. Note that this is a required step since each skeleton is individually extracted from each frame of the video. Then, we performed a temporal
segmentation of the signs according to the corresponding subtitles, in such a way
that each skeleton sequence represents a single sign execution.
The Skelibras dataset was also intended to be comprised of skeletons from
both frontal and lateral viewpoints, in a synchronized fashion. With this aim, it
was first necessary to associate each speaker skeleton to a specific subtitle track.
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As mentioned in the previous section, conversations with a couple of speakers are
annotated in four tracks (two per speaker), but the correspondence between the
tracks and the (left or right) speaker was not provided in the original dataset.
To overcome this issue, we exploit the premise that only one speaker performs
gestures at a time. To detect which speaker was performing a sign, we employ
a simple frame differencing filter to detect motion and then evaluate which side
of the image (or which speaker) was in motion. The latter was implemented
by merely summing the pixel values of each side of the image and comparing.
Finally, it was required to match the speakers of each frontal view video to the
corresponding speaker of the lateral view. For this purpose, we adopt the face
detection and recognition approach of the OpenFace library [2], which provides
an implementation of FaceNet [18].
The last filtering step of the dataset compilation is meant to exclude mistracked poses. During a manual examination of the resulting dataset, we empirically found that rapid body motions led to severe motion blur, and consequently
to inaccurate skeleton tracking. We mitigate this issue by excluding skeleton
sequences whose OpenPose confidence is lower than 30% in at least one single
joint of at least one frame of the sequence.
The average length of unsegmented conversations of the Skelibras dataset
is 3 minutes, with the lengthier ones achieving up to 29 minutes, at 30 fps.
On average, segmented sequences duration is 707 milliseconds. The lengthier
sequences, however, may achieve up to 19000 milliseconds.
Skelibras currently has 9,080 distinct classes of signs, and 85,229 segmented
signs (each sign has 3 samples taken from different points of view – POV, thus
resulting in 255,687 sequences). The dataset includes many daily words; pointing
gestures such as: “my mother”, “we”, “three”, “you”, “I”; demonstrative and
possessive pronouns; verbs and classifying verbs, which describe actions such as

(a) Body joints.

(b) Hand skeleton joints.

Fig. 2: OpenPose skeleton output format. Source: edited from the original OpenPose repository [5].
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“the man touched his feet”, “the man grabbed the apple”; negations like “didn’t
like”, “don’t want”; and nominal signs representing proper nouns, such as people
names. Skelibras is publicly available on the official website, which also includes
more specific details of the dataset2 .

5

Baseline classifiers

In this section, we briefly describe three classes of recurrent neural network
(RNN) architectures commonly employed for human action recognition. We experimented on variations of these classifiers to validate our dataset, investigate
whether dynamic Libras recognition is practical, and provide a baseline for future
research.
Input. Four distinct skeleton representations were examined as input for the
baseline classifiers: normalized cartesian coordinates (NCC); oriented joint angles
(OJA); and OJA combined with their time derivatives (OJATD).
Cartesian pose normalization was performed to achieve both translation and
cross-subject invariance, for each individual frame t. Let S t = {xt1 , xt2 , . . . , x6 1t }
be a vector of 2d coordinates of the 61 joints of the skeleton S t . We compute the
center of mass (µt ) and standard deviation (σ t ) of S t , and normalize each joint
xti as
(xt − µt )
,
(1)
zit = i t
σ
where zit is the vector of normalized 2d coordinates of joint i at time t.
Oriented angles were also considered due to their appropriate invariance properties. For each adjacent pair of segments of joints, here denoted by vit and vjt ,
we compute their oriented angle of incidence:
t
θij
= sign(vit × vjt ) · arccos (vit · vjt ) ,

(2)

where × is the 2D cross product.
Time derivatives were computed at each frame as the difference between the
following and current features (Cartesian normalized poses or oriented angles).
For each of the four input formats, the resulting feature vectors are concatenated
to compose a time series.
Architectures. Due to the sequential nature of the data, we chose as baselines
three classes of architectures based on the well-known Long Short-Term Memory (LSTM) recurrent networks, as revealed in Fig. 3. Such architectures are
known to be effective in learning temporal features from time series. The baseline architecture b1 is a naive LSTM multi-class neural network with softmax
activation in the output layer, possibly with more than one consecutive LSTM
layer. We also experimented with learning, at each frame, local and global features from the input feature vectors. To this purpose, we inserted a dense layer
2

https://github.com/luqsthunder/Skelibras
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Input
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Input
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Softmax

LSTM
spatial dropout
recurrent dropout

Maxpooling

Softmax

LSTM
spatial dropout
recurrent dropout

Softmax

Fig. 3: Baseline architectures experimented on Skelibras: the inputs are given directly
to LSTM layers (b1 ); to an intermediate dense layer (to learn global skeleton features)
followed by a LSTM layer (b2 ); or to an intermediate convolutional layer (to learn local
skeleton features) before following to the LSTM layer (b3 ). Note that the LSTM box
may represent multiple concatenated LSTM layers, and dropouts are optional, at 35%.

(b2 ) or an unidimensional convolutional layer (b3 ) before the LSTM layer. It is
worth mentioning that, for all architectures, the input is sequentially given, one
frame per time, making use of their cells’ states. Thus, temporal features of each
sign are learned and considered for classification. The use of spatial dropout and
recurrent dropout was also investigated to avoid overfitting. With this aim, both
dropouts were experimented in the LSTM layer.

6

Experiments

In this section, we present results of the experiments carried out to validate
the Skelibras dataset and to provide baseline performance for future evaluation.
We also aimed to answer the following research questions: 1) which of the four
input formats (see Section 5) is more appropriate to perform dynamic Libras
recognition through LSTMs? 2) is spatial or recurrent dropout effective to improve the accuracy of LSTMs? 3) are dense or convolutional layers effective to
learn and provide higher-level global or local features to the recurrent layers,
outperforming the accuracy of b1 architectures?
For practical reasons, due to the huge size of the dataset, we selected a subset
comprised of 1,000 samples of 10 distinct segmented signs: “BOM”, “COMO”,
“E”, “ESTUDAR”, “HOMEM”, “NÃO”, “PORQUE”, “TER”, “TRABALHAR”
and “VER”. For each sign, 100 samples were randomly chosen.
We performed hyperparameter tuning in a comprehensive manner to search
for the top architectures and perform fair comparisons. An uniform grid search
was conducted by experimenting combinations of the following hyperparameters:
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–
–
–
–

class of architecture: b1 , b2 or b3 ;
input format: NCC, OJA, or OJATD;
# of LSTM layers: 1, 2 or 3;
# of LSTM units per layer: 45 or 90 units for the first, 20 or 30 for the
second, and 10 or 15 for the third;
– spatial dropout: 0% or 35%;
– recurrent dropout: 0% or 35%.
For each configuration, we carried out cross-validation experiments by randomly
assigning 70% of the samples for training and 30% for testing. The results are
revealed in 6 separate histograms describing distinct combinations of inputs and
architectures, as shown in Fig. 4. It was possible to find configurations that
achieved more than 75% of accuracy, for all histograms.
In answer to research question 1, the NCC input outperformed the anglebased representations. Nevertheless, the latter also achieved accuracies above
80% for the top trained networks. Research question 2 is answered in Table 1,
where one can see that the top networks applied spatial dropout, but not recurrent dropout. This may be explained by the velocity of signs executions, in which
case every frame is relevant. Last, research question 3 is answered in Table 2:
NCC+b3 achieved the best result, followed by b2 networks. Thus, we conclude
that it is appropriate to apply convolutions in the input NCC representation.
Even dense layers achieved better results than just feeding LSTM layers with
the input data.
Finally, it is also worth mentioning that, by achieving up to 88.4% of accuracy, the experimented neural networks reveal that Skelibras is an appropriate
dynamic Libras signs dataset to train classifiers for sign recognition.
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Fig. 4: Histograms of accuracies of distinct configurations of neural networks,
according to the input and the class of architecture.
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Table 1: Top 5 configurations achieved in our experiments: architectures with a
convolutional layer, spatial droupout and no recurrent dropout prevailed.
arch

acc

b3
b3
b3
b3
b3

88.40%
87.99%
87.59%
87.19%
87.19%

# LSTM
layers
1
2
2
1
3

# LSTM
units
45
45 e 20
90 e 30
90
45, 20 e 10

spatial
dropout
35%
35%
35%
35%
35%

recurrent
dropout
0%
0%
0%
0%
0%

Table 2: Top performing networks per input format and class of architecture.
architecture OJATD + b2 OJATD + b1 OJA + b2 NCC + b2 NCC + b1 NCC + b3
accuracy
82.19%
80.80%
82.80%
79.19%
75.59%
88.40%

7

Conclusion

In this work, we presented Skelibras: a large dataset of dynamic Libras signs
aimed at training classifiers for Libras recognition from 2d skeletons. We also
experimented with baseline neural networks on a small sample of the dataset
to provide benchmarks for future research on the recognition of dynamic Libras
signs. By examining the accuracy of the top neural networks, which reached more
than 88%, we mainly conclude that it is practical to perform gesture recognition from Skelibras. We also found out that convolution is relevant to learn
higher-level features. As future work, we intend to investigate deep neural network architectures for unsegmented dynamic Libras recognition that could be
eventually employed for real-time translation of Libras conversations.
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Abstract. The increased challenges surrounding object detection within
the sporting environment have been studied with multiple proposed solutions for various domains. The increasing environmental changes with
moving objects, actors, and overlapping objects that are present in sporting video footage make detecting and classifying different objects challenging. However, with the introduction of deep learning, researchers
now have the available methods that can learn semantic, high level, and
deeper features that can be used to solve problem areas within existing research. Cricket is a sporting domain that exhibits many of these
challenges with multiple moving actors and objects. This research paper
implements RetinaNet architecture to detect and classify multiple objects within a scene. Six different objects/classes are addressed: fielder,
batsman, non-striker, bowler, umpire, ball, and wicket-keeper. Following
the dataset preparation, using transfer learning, the images are trained
on the RetinaNet architecture, and the architecture proved to be successful by producing a mean average precision score of 86.78%. The trained
model manages class precision scores all above 98% except that of the
ball class. Upon further investigation, the poor performance of the ball
class is due to occlusion and the ball’s small size relative to the overall
frame. The proposed model can successfully detect and classify the different objects/classes within a cricket scene and serves as a promising
foundation for further research within the cricketing domain.
Keywords:

1

Introduction

Within computer vision, object detection is an integral task toward finding instances of real-world objects [2]. Objects within an image allow the prediction
of their location along with the class to which they belong. Attempting to determine the coordinates of an object within an image and the object’s classification
is a problem that is prevalent within various domains [16]. Unfortunately, there
is no one fit-all solution. The different computer vision domains, such as image retrieval, security and surveillance, autonomous driving and many industrial
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applications, require different object detection approaches [2]. In many cases, object detection is seen as a prerequisite for activity recognition, which has evolved
into an exciting area of research in the last decade [6]. Activity recognition can
be challenging due to camera motion, camera switching, and variation in backgrounds [6].
One such domain that exhibits these challenges is the cricketing domain.
Cricket is a sport played by two teams with 11 players on each team [7]. Each
side has batsmen, bowlers, fielders, a wicket-keeper, and an umpire that judges
the match [14]. The game’s objective is for the batsmen to score as many runs
as possible whilst the bowler attempts to dismiss the batsman, in which the
batsman is forced to leave the field of play. Due to the emphasis placed on accumulating runs, our previous research discusses the scene recognition of significant
events within cricket game footage [11]. The significant events noted were when
the ball is released by the bowler and the moment the batsman strikes the ball.
Within these scenes, there are various objects and detecting these objects is
needed for continued research.
This research paper discusses using the RetinaNet architecture to detect
and classify objects within a scene. Section 2 will unpack the domain’s challenges by discussing current similar works. Section 3 will discuss the experiment
setup, which will illustrate the architecture implemented in section 4. Finally,
the discussion in section 6 will highlight the results in section 5 of the proposed
architecture with an emphasis on the performance and challenges encountered.

2

Problem background

Object detection remains an open research problem within various domains [1].
Difficulty in object detection arises due to the variations in images, which is
especially problematic in sports. Object detection in sports has been noted for
suffering from problems, such as high false positives, due to varying poses of the
athlete and high-computational complexity due to the varying objects within the
scene [12]. In sports such as football, there is a uniformly coloured field, which is
addressed with static camera usage, image differencing, background subtraction,
or a colour based elimination of the ground. However, these methods are prone
to missed detections [12]. The environment in which cricket games are played
is usually a large open field, with challenging illumination conditions, multiple
moving actors and objects, and conditions that are not ideal. In the cricket
domain’s highly dynamic setting, the motion blur and shadows that actors cast
over different lighting conditions are often apparent in videos and images. The
positioning and shape of the actors who overlap with other actors vary greatly,
making object detection within the domain more challenging.
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3

Related works

Buriśc, Pobar, and Ivasić-Kos propose an object detector that handles a different number of objects of varying sizes, partially occluded, lousy illumination,
and cluttered scenes in order to detect objects within a handball scene [2]. Their
works make use of current state-of-the-art detection methods that rely on convolutional neural networks. To achieve their outcome, the most prominent methods
used are a mask regional convolutional neural network (R-CNN) and the “you
only look once” (YOLO) object detector. Their findings show that mask R-CNN
is better in team sports as it can inherently detect individual actors even when in
cluttered groups [2]. The mask is also noted to provide, with more computation
power, more significant features. The YOLO object detector was noted to test
faster on real-time data that performs well but ultimately produces too many
false positives. The R-CNN lacked the possibility of fast and on-field analysis.
However, with additional hardware and algorithm development, their research
problem would be addressed in the future [2]. One significant challenge was
that both methods struggled to reliably detect the sports ball, where researchers
noted it might be due to the fact that the texture and shape of the ball share
similar features that are apparent in many other objects.
Research conducted by Liang, Mei, Wu, Sun, and Wang proposes automatic
basketball detection in sports video based on Region-based Fully Convolutional
Networks (R-FCN) built on the residual network with 50 layers [9]. Newer methods are then applied, Online Hard Example Mining (OHEM), Soft-NMS, and
a multi-scale training strategy to achieve higher detection accuracy [9]. The
OHEM method reduces the cost associated with training by calculating the loss
of the region of interests. Using the Soft-NMS, the false positive rate was reduced by decreasing the object detection rate between the overlapping objects
[9]. A mean Average Precision (mAP) value of 89.7% was achieved, proving that
a deep-learning approach to basketball detection is effective and potentially in
other sporting domains.
Zaveri, Merchant, and Desai propose an algorithm for detection and tracking
fast and small moving objects, like a ping pong ball or a cricket ball [18]. Zaveri
et al. note that detecting and tracking small and fast-moving objects is becoming increasingly important within the sporting domain. With the objective to
develop algorithms that can further assist in making decisions and analysing
sports video sequences [18]. Using a wavelet transform for temporal filtering enables one to detect and characterise the dynamical behaviour of the elements
present in the scene. Their proposed method uses motion as a cue for detection,
which allows for the detection of the object with shallow contrast and negligible
texture content [18]. However, many challenges were encountered, most noteworthy that of the cricket ball’s varying size, which made detection difficult due
to the camera’s different zooming.
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Object detection has been applied in multiple sporting domains, where different approaches are adapted to cater to its inherent challenges encountered.
Within a cricket scene, there is a vast number of objects that vary between each
image. The same scene is used in each image to apply continued research within
our domain, where the bowler is about to release the ball. Using the RetinaNet
architecture, this research paper aims to detect and recognise different objects
within a specific scene during a cricket game, which will subsequently further
the research within the domain.

3

Dataset and Experiment setup

To construct the dataset, a scene recognition model was implemented from previous research to find samples for the study [11]. Through a comprehensive search
on YouTube, video footage of First-Class International Test Match highlights
were captured and saved. The scene recognition model allows for video footage
processing, capturing and saving the corresponding image of the desired scene.
Each image is then manually inspected to remove any corresponding false positives that may have been produced by the scene recognition model, resulting in
a total of 200 images ready for processing.
Once the images were correctly stored, using the Labelbox editor [8], the
image annotations were created by drawing the bounding box and labelling each
object within the scene. The following objects were labelled; fielder, batsman,
non-striker, bowler, umpire, ball, and wicket-keeper. For each image, the number
of objects varied, the count for each object’s ground truth label is as follows;
fielder: 222, batsman: 200, non-striker: 200, bowler: 199, umpire: 198, ball: 179,
and wicket-keeper: 128. The ball had fewer occurrences due to the ball being
a fast-moving object within the often blurred scene, making it difficult to detect. The wicket-keeper had the fewest number of occurrences, and earlier, it is
highlighted that the cricket environment is filled with many overlapping actors.
Whenever the wicket-keeper is directly behind the batsman, as per the figure 2,
it causes uncertainty as to the area the actor spans.
Figure 2 illustrates the different positioning of the actors and objects within
a cricket game for this particular dataset used. The batsman faces the delivery
and is situated at one end on the pitch, where the non-striker is positioned on
the opposite end of the pitch, waiting for the ball to be delivered. The wicketkeeper is positioned either right behind the wickets or further away, depending
on the type of bowler. The bowler is the actor delivering the ball toward the
opposite end of the pitch. Fielders are strategically positioned across the field to
deny the batsmen from accumulating runs. The umpire is the match official who
stands right behind the wickets on the non-striker’s end. The second umpire is
not considered as he/she is not in the frame of shot. Finally, the ball is a moving
object usually in the bowler’s hand right before releasing it toward the batsman.
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Using Roboflow software [15], the training and testing datasets were created using an 80:20 data split, resulting in 160 images being used for training
and the remaining 40 images for testing. The annotation files were created along
with the data split, which contained each objects bounding box dimensions (top,
left, height, and width), label, and the uniform resource location (URL) of each
object instance paired with a file containing each class name. The mAP and
precision scores for each class are computed to determine the performance of the
architecture [17]. The mean Average Precision (mAP) is a common score used in
measuring the accuracy scores in object detectors. mAP computes the average
precision value for recall value over 0 to 1 for each class. The mean Average
Precision score uses precision and recall, where precision refers to the number
of observations that are, in fact, true. The recall is the number of correctly predicted positive observations [5]. The mAP of a set of queries is defined by:
X
AP =
(Rn − Rn−1 )Pn
(1)
n

where Rn represents precision and Pn represents recall at the n th threshold,
and mAP is the mean overall the subsequent queries [17].
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Object detection relates to image and computer processing, facilitating the detection of semantic objects of a particular class within digital images and videos
[3]. To achieve object detection for the proposed problem, a deep learning approach will be adapted. Deep learning forms part of machine learning based
on artificial neural networks, in which multiple layers of processing are used to
extract features from data. The idea behind deep learning is that we are given
depth in multiple layers, which enables the computer to learn in a multi-step
computer program [4]. Each layer in the given representation can be seen as the
state of the computer’s memory after executing another set of instructions in
parallel. Within deep learning models, the function mapping from a set of pixels
to an object can be complicated. Deep learning breaks down the mapping into a
series of nested mappings, each of which is described by a different layer of the
model.
The modern paradigm for object detection is based on one-stage and twostage approaches. The two-stage approach is pioneered by selective search; the
first stage generates the candidate proposals that should contain all the objects.
The second stage classifies the proposals into their respective classes [10]. R-CNN
was introduced, which saw large improvements in accuracy by upgrading the
second-stage classifier to a CNN. One-stage treat object detection as a simple
regression problem that learns the class probabilities and bounding boxes of
input image detectors, which was later renewed with YOLO and Single Shot
MultiBox Detector (SSD’s), where these methods are tailored for speed [13].
RetinaNet shares many qualities as previous dense detectors, in particular the
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concept of anchors introduced by Region Proposal Network (RPN) that predicts
the probability of an anchor being a background or foreground. Figure 1 depicts
the RetinaNet architecture, a single, unified network composed of a backbone
network and two task-specific subnetworks [10]. The backbone network is an
off-the-shelf fully connected convolutional network responsible for computing a
convolutional feature map over the input image. The Feature Pyramid Network
(FPN) backbone is built on top of the ResNet18 architecture, where each level
of the pyramid can be used for detecting objects at a different scale. The levels
range from p1 to pi where i indicates the pyramid level. Translation-invariant
anchor boxes are responsible for size and shape within a grid cell, the anchor box
with the highest degree of overlap with an object is responsible for predicting
the object’s class and its location [10].

Fig. 1: The one-stage RetinaNet network architecture uses a FPN backbone on
top of a feedforward ResNet architecture, that is attached by two subnetworks,
one for classifying anchor boxes and one for regressing from anchor boxes to
ground-truth object boxes [10].

The RetinaNet architecture was implemented using the RetinaNet model described by Lin, Goyal, Girshick, He, and Dollár [10]. Using transfer learning,
whereby the RetinaNet architecture developed is reused, the following parameters were the only parameters altered through testing and validation to achieve
the optimal results. The image dimensions were set to 1024x1024 pixels, epochs:
100, the number of steps: 40, batch size: 4, and patience level: 10. The patience
level was altered to allow the model to improve over a larger number of epochs.
The batch size and number of steps were altered to accommodate the number
of samples within the dataset. The next section will unpack the results achieved
by the model.

5

Results

A more in-depth investigation of the images is conducted to assess the architecture’s performance on the given dataset. Figure 2 presents a sample image that
illustrates the manner in which the bounding boxes and objects are annotated.
The number of instances for each object in the scene is captured upon completion of training; fielder: 183, batsman: 160, non-striker: 159, bowler: 159, umpire:
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159, ball: 141, and wicket-keeper: 102. Early in the research, we noted that the
ball is in the bowler’s hand before the ball is released. From the human eye, it is
difficult to determine the difference between the ball and the bowler’s hand, as
seen in figure 2. The inability to view the ball supports the poor classification
score, and further conclusions will be unpacked in section 6.

Fig. 2: A sample image depicting the ground truth labels and bounding boxes
for each object, which was created using Labelbox editor [8].

Table 1: The table illustrates the precision scores for each object within the
image and the weighted average precision (mAP) of 86.78% for all classes
Class
Precision
batsman
99.15%
wicket keeper
98.46%
fielder
98.38%
bowler
99.97%
non striker
99.46%
umpire
99.99%
ball
12.06%
weighted average precision mAP for all classes: 87.69%
mAP score 86.78%

The following metrics found in table 1 illustrates the performance of the proposed solution. For each class the precision score is computed; batsman: 99.15%,
wicket-keeper: 98.46%, fielder: 98.38%, bowler: 99.97%, non striker: 99.46%, umpire: 99.99%, and ball: 12.06%. Each class performs well apart from the ball
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object, which has a significantly lower score. Section 6 will further unpack this
finding.

6

Discussion and Critique

The RetinaNet architecture can detect and classify different objects within a
cricket scene successfully. The most noteworthy finding was that of the ball object, which produced a low precision score of 12.06%. To determine the challenge
related to the poor detection of the ball, Zaveri et al. [18] also noted that the ball
is a small and fast-moving object, which is often subjected to low contrast within
object tracking of the cricket ball and suffers from a shadow effect created by
the changing environment [18]. However, the actors are easily segmented using
an edge operator that exploits high contrast. The issue of low contrast, shadow
effect coupled with the small size of the ball is one possible reason as to why the
architecture struggles to detect and classify the ball. Another possible conclusion may be due to the bounding area size around the ball, which is significantly
smaller, as seen in figure 2. Zaveri et al. also note the ball’s varying size due to
camera zooming that made detection difficult, which supports the issue relating
to the ball’s size. The small size of the object is noted as the primary reason for
the mAP score.

Fig. 3: A test image that was loaded into the model, where the model was able
to successfully detect and classify the different objects within the scene.

When testing the model’s performance, several new images were used to
validate the architecture’s performance. As seen in figure 3, a test image is
shown to emphasise the success of the architecture while taking into account the
ball class’s poor performance. Figure 3 illustrates each object and the accuracy
to which the model classifies that object. The batsman is correctly classified
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Fig. 4: An image representing different samples of the ball to illustrate the positioning of the ball, which supports the recommendation to select a frame where
the ball is not in the bowler’s hand.

with a score of 98.87%, fielder 1: 100%, fielder 2: 99.8%, the non-striker: 98.90%,
umpire 99.9%, and the bowler with 96.98%. The ball is not classified at all, which
supports the metrics found in table 1. From figure 4, the ball is difficult to see
from the human eye as it can be argued that a human with little knowledge of
the domain would not be able to reliably detect the ball object either. The ball
in each image within the dataset is often in the bowler’s hand. As seen in figure
1, there are apparent noise and anomalies, which requires further processing.
A solution to capture a different frame after the ball is released may allow the
architecture to detect and classify the object. Researchers suggest a possible
solution to the inability to detect and classify balls within sport is to take into
account the existence and position of the ball near the actor during the training
phase [2].

7

Conclusion

Balaji, Karthikeyan, and Manikandan note the challenges around performing
object detection within the sporting environment [1], detecting and classifying
different objects is challenging with constant changes in the environment, moving objects and multiple moving actors. However, with the introduction of deep
learning, researchers are now able to use more powerful methods to learn semantic, high-level, deeper features, which can solve problems existing in traditional
architectures [19]. The architectures performance is highlighted in table 1, where
an mAP score of 86.78% is achieved. Each class apart from the ball has a precision score greater than 98%, which further supports the architecture’s success.
The most significant challenge encountered in this research was the architectures’
inability to detect and classify the ball. A possible solution to the challenge encountered is to consider the ball’s position relative to the bowler. Ensuring that
the ball is isolated may serve as a plausible solution. This research serves as
a promising foundation for further research within the cricketing domain. By
selecting each object within the scene, further analysis is possible to potentially
determine each object’s impact within the scene.
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Abstract. In this paper, we examine the effect of texture-based image
transformation on classification performance. A novel combination of
mathematical morphology operations and contrast-limited adaptive histogram equalization is proposed to enhance image textural features. The
suggested operations are applied in HSV colour space, where the intensity component is separated from the colour information. Two publicly
available, texture-oriented datasets are used for evaluation in this study.
The KTH-TIPS2-b dataset is utilised to illustrate the general effectiveness and applicability of the proposed solution on standardized texture
images. The Virus Texture dataset is subsequently used to demonstrate a
statistically significant classification improvement in a particular biomedical image recognition task.
Keywords: texture recognition · image processing · transfer learning ·
HSV colour model

1

Introduction

The texture analysis has been a topic of intensive research in the last decades and
a variety of techniques for texture discrimination was introduced [15]. Because
natural textures display different properties, like regularity and randomness, or
uniformity and distortion, texture can hardly be described in a unified manner. Textural characteristics are important especially for image recognition and
classification using convolutional neural networks (CNNs), as it was recently
demonstrated by Geirhos et al. [5]. Their paper challenges the traditional intuition of shape-based CNN features and suggests that CNNs trained on ImageNet
are biased towards texture. One of the key observations for our work is that the
model performs better as the amount of texture on the object increases. Based
on this statement, the modification or enhancement of the texture information
in the image is potentially interesting for image classification tasks, when deep
learning models pre-trained on ImageNet are considered.
Our paper explores this idea by incorporating the textural information enhancement methods to the recognition process. In particular, we employ the
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granulometry principle from mathematical morphology that uses a series of morphological opening operations to remove intensity peaks of a chosen size. The
motivation for this approach comes from the earlier work on HEp-2 cells’ classifier [20], where a hand-crafted granulometry-based descriptor was introduced.
In this work, we use slightly modified approach, where we apply our methods in
the HSV colour space.
In the next section, we briefly describe the recent related works and applications of texture-based analysis. Section 3 introduces our proposed method for
texture improvement. Section 4 presents two datasets employed in this study,
namely the KTH-TIPS2-b dataset [13] and the Virus Texture dataset v.1.0 [9]
that will be further referred to as the virus dataset. At the end of the paper, we
present our results together with a discussion, a conclusion, and future work.

2

Related Work

The recent work in texture-oriented deep learning is focused on medical or
biomedical applications, where texture analysis is a common issue [1]. Deep
learning techniques were utilised for texture analysis of chest and breast images
[3] or the recognition of HEp-2 cell images [2]. Texture approaches were also
used to analyse transmission electron microscopy (TEM) images [16]. All these
works employed methods based, for example, on local binary patterns to support
medical or biomedical image analysis applications.
For the virus particle detection, a method based on integration of the theory
of rough sets and the merits of local texture descriptors was suggested by Kumar
at al. [7]. Their method identifies the relevant local texture descriptor for representing the intrinsic properties of each pair of virus classes. Other approaches
to improve the virus recognition include, for example, the reduction of trainable
weights [14] or the usage of local texture descriptors [18]. Morphological layers
in deep learning framework called MorphNet were introduced to perform atomic
morphological operations like dilation and erosion [17]. Morphological granulometric features were used for a white blood cell classification [22], where four
so-called granulometric moments were extracted from the image.
Our method employs morphological openings in a preprocessing stage. The
algorithm changes the internal structure of textural area, which leads to enhanced image output. The modified outcome combined with the original image
brings higher, state-of-the-art classification performance demonstrated in this
paper on two different public datasets.

3

Proposed Method

In this section, we provide a detailed description of our proposed method. The
visual illustration of our pipeline is shown in Fig. 1. In the beginning, we convert
the input RGB image to HSV colour space that describes colours similarly to
how the human eye tends to perceive them. For greyscale images, we copy the
single intensity channel to all three colour components of RGB and continue
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Fig. 1: Illustration of the pipeline of our method for image transformation.

with indicated conversion to HSV. In HSV colour space, hue (H) channel specifies the base colour, saturation (S) channel represents the vibrancy of the colour
and captures the amount of grey in a particular colour, and value (V) channel
in conjunction with S channel describes the intensity or brightness of the colour.
The motivation is to separate the intensity component from the colour information. This conversion is essential for our method and it was already employed
for textural image enhancement [6].
Since we are interested in texture transformation, we perform the transformation on S and V channels. First, we take the S channel that consists of greyscale
values. We define a disk structuring element SE of size d. The morphological
opening operation on the input image I is defined as an erosion followed by a
dilation: I ◦ SE = (I SE) ⊕ SE. The erosion operation removes objects smaller
than SE and subsequent dilation operation restores the shape of remaining objects. The opened value of a pixel is the maximum of the minimum value of the
image in the SE neighbourhood.
In the next step, we define i = {1, .., d} and a morphological opening I ◦ SE
with SE of size i is performed. For each i, we calculate the pixel-wise difference
between I and I ◦ SE. We stack these differences into a volumetric 3D image,
where the third dimension has length corresponding to d. In the end, we transform the 3D image back to 2D by calculating the pixel-wise sum of intensities
over all d slices. This technique by its definition characterises the peak distribution of grains in the image. The hyper-parameter d needs to be determined
experimentally. Based on the parametric study presented in the evaluation section, the optimal value determined for the KTH-TIPS2-b dataset is eight. We
employed the same value also for the virus dataset.
The second modification is performed on the V channel, where we apply
CLAHE [24]. This non-parametric equalization operates on small regions in the
image and computes histograms corresponding to distinct sections of the image.
Subsequently, it uses them to redistribute the lightness values of the image. The
application of CLAHE on the V channel was successfully used for retinal image
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Fig. 2: Samples from KTH-TIPS2-b. The top row : images from the same class
(wool) demonstrating high intra-class variance; the middle row : images from
different classes (cork, linen, cotton, and wood); the bottom row : middle row
images after application of our proposed method.

enhancement [6]. This variant of adaptive histogram equalization helps to stretch
intensities by the contrast amplification.
After described two transformations, we convert the HSV image back to
RGB colour space. The example of output images for the KTH-TIPS2-b dataset
are in the bottom row of Fig. 2, while output images for the greyscale virus
dataset are in the right part of Fig. 3. Please note that greyscale virus images
have three channels after our transformation. However, they visually appear as
greyscale samples. In both presented datasets, finer textural details with stretch
intensities are visible after the proposed transformation.

4

Datasets

Since we study the texture transformation, the evaluation is conducted on textural datasets. The first one is a standard benchmark texture dataset known as the
KTH-TIPS2-b dataset [13], where TIPS stands for textures under varying illumination, pose, and scale. The dataset contains four physical samples of eleven
different materials (44 samples in total) including, cork, linen, cotton, wood,
and others (see first two rows of Fig. 2 for illustration). Each image is obtained
with three viewing angles, four illuminations, and nine different scales. Images
were manually cropped to 200 × 200 pixels by their creators. In total, there are
108 images per each sample. The dataset has eleven image classes (classification
categories) corresponding to eleven materials, where each category is formed by
four samples, which leads to 4 × 108 = 432 images.
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Fig. 3: The left part: original samples from virus dataset, each from a different
class; the right part: the same images after application of our method.

There are two evaluation scenarios commonly used for KTH-TIPS2-b dataset.
The first one employs training on three samples (3 × 11 × 108 = 3564 images)
and evaluation on the remaining physical sample (11 × 108 = 1188 images). We
further refer to this scenario as train3test1. The second scenario utilises a single
physical sample for training and the remaining three samples for evaluation. We
refer to it as train1test3. The common practice is to present results for a single
chosen scenario. However, we report both scenarios, which better illustrates the
effect of the number of training samples on the classification performance.
The second dataset employed in our study is virus dataset [9], which is based
on TEM images of 15 virus types (see the left part of Fig. 3 for illustration).
It was chosen to demonstrate the practical application of our method. The texture samples have been automatically extracted from objects segmented using
a specific method [8]. There are 100 unique greyscale texture patches per image
class and each image has 41 × 41 pixels. For evaluation, we follow the 10-fold
cross-validation procedure suggested by creators.

5

Evaluation and Results

The evaluation was conducted using a fine-tuning approach that is known as the
transfer learning. For each CNN model pre-trained on ImageNet, we replaced
its last three layers with the fully-connected layer, the softmax layer, and the
classification layer, which classifies images directly to our desired categories. All
images were resized to an appropriate input size for each network separately
using bicubic interpolation and all tests were performed using Matlab R2019b.
5.1

Results for KTH-TIPS2-b dataset

For the evaluation on KTH-TIPS2-b dataset, we used two recent network architectures, namely Xception and NASNet. The fine-tuning utilised a stochastic
gradient descent with momentum optimizer and an initial learning rate of 10−3 .
For Xception, we used the mini-batch size of 16 images and the network was
trained for 20 epochs. For NASNet, we employed the mini-batch size of eight
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Table 1: Accuracy values for a pre-trained Xception model.

orig
gran4
gran8
gran12
gran16
late f us. [23]
orig*gran8

samplea
77.95 %
74.38 %
77.08 %
77.02 %
76.68 %
78.56 %
79.38 %

orig
gran4
gran8
gran12
gran16
late f us. [23]
orig*gran8

93.35 %
91.33 %
94.19 %
93.52 %
92.34 %
94.44 %
94.78 %

train1test3 scenario
sampleb samplec sampled
76.74 %
75.08 %
79.10 %
72.95 % 70.79 % 74.72 %
78.23 % 69.92 % 76.80 %
73.63 %
68.55 %
76.49 %
73.32 %
66.27 %
75.62 %
74.97 %
71.97 % 81.20 %
78.82 % 73.48 % 79.91 %
train3test1 scenario
83.16 %
90.74 %
84.68 %
81.99 % 87.21 %
81.82 %
81.82 % 88.55 % 84.18 %
81.14 %
83.92 %
83.42 %
81.14 %
86.20 %
81.48 %
81.06 % 89.90 % 84.34 %
83.08 % 89.90 % 86.11 %

average
77.22 %
73.21 %
75.51 %
73.92 %
72.97 %
76.68 %
77.90 %
87.98 %
85.59 %
87.19 %
85.50 %
85.29 %
87.44 %
88.47 %

images and it was trained for ten epochs. During the training, we controlled
the convergence using the validation dataset that was separated from the training dataset using random 10 % of files from each label. We tested also image
augmentation techniques but for KTH-TIPS2-b dataset, no improvements were
measured by augmenting training data. Results for Xception are in Table 1 and
results for NASNet are in Table 2.
In both tables, we present accuracy values in columns sample{a,b,c,d} . For the
train1test3 scenario, the column header specifies the physical sample used for
training, while the images from the other three samples were used for testing.
For the train3test1 scenario, each column header specifies the physical sample used for the evaluation, while images from the other three samples were
used for training. The original dataset without any transformation is referred
to as orig. Subsequently, we present four entries corresponding to grand , where
d = {4, 8, 12, 16}, which refer to the performance of our method for different
parameter d described above. As we can see, the highest average values are
consistently achieved for d = 8.
The stand-alone results of our method for KTH-TIPS2-b dataset are typically
slightly lower when they are compared with results for original images. However,
the key factor is that we bring complementary texture information with our
approach. Therefore, an introduction of a fusion strategy for the network trained
on original images and the network trained on modified images is highly relevant
here. The last two rows in both results tables compare two fusion strategies.
The first one comes from a comprehensive comparison of fusion strategies that
was done by Wetzer et al. [23]. Based on their findings, a so-called late fusion
strategy was suggested, where the output probabilities of the softmax layer of
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Table 2: Accuracy values for a pre-trained NASNet model.

orig
gran4
gran8
gran12
gran16
late f us. [23]
orig*gran8

samplea
76.99 %
75.06 %
76.96 %
77.72 %
75.84 %
77.67 %
79.12 %

orig
gran4
gran8
gran12
gran16
late f us. [23]
orig*gran8

92.51 %
91.16 %
94.78 %
93.77 %
93.52 %
94.36 %
97.31 %

train1test3 scenario
sampleb samplec sampled
83.08 %
73.23 %
77.50 %
78.54 %
67.90 %
74.16 %
80.42 % 71.75 % 81.12 %
76.96 %
71.35 %
79.94 %
78.73 %
69.87 %
76.49 %
81.43 %
73.29 %
77.50 %
86.98 % 74.41 % 83.92 %
train3test1 scenario
81.48 %
97.98 %
85.19 %
79.21 % 96.04 % 76.77 %
83.08 % 94.02 % 84.09 %
81.14 %
93.27 %
83.67 %
77.10 %
90.40 %
79.29 %
83.50 % 93.86 %
84.76 %
83.16 % 97.73 % 88.38 %

average
77.70 %
73.92 %
77.56 %
76.49 %
75.23 %
77.47 %
81.11 %
89.29 %
85.80 %
88.99 %
87.96 %
85.08 %
89.12 %
91.65 %

both networks are concatenated and a linear SVM is trained to classify the data
based on concatenated vectors.
In our experiments, we included a strategy, where we multiplied corresponding softmax probabilities for each original test image and its modified gran8 version. This strategy is illustrated in Fig. 4 and results are presented as orig*gran8 .
The average performance of this fusion strategy over all four samples outperforms
all other tested scenarios, including the late fusion strategy [23]. Moreover, our
top-performing fused model outperforms state-of-the-art techniques on KTHTIPS2-b dataset for train3test1 scenario (see Table 3).

Gran8 image
True class: class3

Original image
True class: class3

class1
0.01

class2 class3 class4
0.02

0.34

class5 class6
0

0.59

0
class1

class1

0.04

0

0.28

class2 class3 class4
0.01

0

0.1

class2 class3 class4

0

0.81

0

class5 class6

0.17

class5 class6
0.01

0

Extracted softmax probabilities.
Original image is missclassfied
in this example.

Multiplied softmax probabilities.
The final classification output is the class
with the highest value.

Fig. 4: Illustration of our proposed merging strategy, where softmax probabilities
are multiplied. For simplicity, only six classes are used in this example.
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Table 3: Comparison of our results on KTH-TIPS2-b dataset with other approaches.
Li et al. [10]
Liu et al. [12]
Sulc et al. [21]
Song et. al. [19]
Liu et al. [11]
Our NASNet

5.2

train1test3
–%
–%
76.0 %
79.3 %
86.7 %
81.11 %

train3test1
83.7 %
88.2 %
–%
–%
–%
91.65 %

Results for virus dataset

The practical application of our method is demonstrated on the virus dataset,
where we followed suggested evaluation using randomized 10-fold cross-validation.
The fine-tuning employed the same optimizer but with the initial learning rate
of 10−4 . For the augmentation of the training part, the image mirroring and rotation around the central pixel were used. We rotated each image by 90◦ , 180◦ ,
and 270◦ , which together with the mirroring operation resulted in seven unique
training samples derived from each original one.
Since virus images are very small, we opted for pre-trained models with lower
input image size, namely for VGG-16 and GoogLeNet. During the fine-tuning,
they were both trained for 30 epochs with the mini-batch size of 32. The accuracy
values are presented in Table 4. For comparison purposes, we added also results
for a pre-trained Xception model but its higher input image size leads to slightly
worse results in this particular task.
The VGG-16 results for original images and images after our modification are
in line with most of the previously published methods. However, after our suggested multiplication of softmax probabilities described above, the accuracy was
increased significantly (p<0.01). This behaviour was measurable for all tested
pre-trained models. The paired sample t-test was used to confirm statistical
significance.

Table 4: Comparison of our results on virus dataset with current state-of-the-art
approaches.
Kumar et al. [7]
Faraki et al. [4]
Sintorn et al. [18]
Nanni et al.[16]
Our Xception
Our GoogLeNet
Our VGG-16

Reported average on 10-fold cross-validation
82.07±2.62 %
82.5±2.9 %
88.24 %
98.57 %
orig
gran8
orig*gran8
72.67±0.03 % 77.20±0.02 %
87.60±0.03 %
80.73±0.03 % 78.60±0.04 %
93.33±0.02 %
82.40±0.02 % 84.93±0.04 % 95.40±0.02 %

Texture-Based Transformations for Improved Classification
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Since original images and our modified images are qualitatively different,
their combined classification leads to a significant boost in the performance.
Typically, an original image is classified incorrectly by a small margin and its
modified version is classified correctly with high probability, as it is illustrated in
Fig. 4. This scenario can also happen vice versa. Our results on the virus dataset
were outperformed only by Nanni et al. [16], where authors fused a complex long
list of features from multiple CNN models with handcrafted features.

6

Conclusion

In this paper, the texture transformation based on the granulometry principle
from the mathematical morphology and the CLAHE algorithm was presented.
As we have demonstrated on two independent public texture-oriented datasets,
our suggested method brings complementary textural information to the classification process. Especially results on the virus dataset are very encouraging
and promise a big potential for further practical applications. Our presented results support the observation of Geirhos et al. [5] that ImageNet-trained CNNs
are biased towards texture. The modification of image texture has the potential
to significantly improve the classification output. For the future work, we see
the possibility for improvements by retraining CNNs from scratch on ImageNet
samples that are modified by our approach.
Acknowledgement The work was supported from European Regional Development Fund-Project “Postdoc2@MUNI” (No. CZ.02.2.69/0.0/0.0/18_053/
0016952), and from Ministry of Education, Science, and Techn. Development of
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Abstract. Automatic recognition of pollen bearing bees can provide important information both for pollination monitoring and for assessing the
health and strength of bee colonies, with the consequent impact on people’s lives, due to the role of bees in the pollination of many plant species.
In this paper, we analyse some of the Convolutional Neural Networks
(CNN) methods for detection of pollen bearing bees in images obtained
at hive entrance. In order to show the influence of colour we preprocessed
the dataset images. Studying the results of nine state-of-the-art CNNs,
we provide a baseline for pollen bearing bees recognition based in deep
learning. For some CNNs the best results were achieved with the original images. However, our experiments showed evidence that DarkNet53
and VGG16 have superior performance against the other CNNs tested,
with unsharp masking preprocessed images, achieving accuracy results
of 99.1% and 98.6%, respectively.
Keywords: Pollen bearing bees · Convolutional neural network · Deep
learning.

1

Introduction

Honey bees and other insect pollinators are an essential component of ecosystems, being necessary for the successful reproduction of a wide variety of flowering plants, including agricultural crops [8]. The recognition of bee foraging behaviour brings an important input to identify the colony balance and health [4].
The scientific observation of honey bees activities within and outside their
colonies began nearly a century ago [7]. In this seminal work, Lundie referred
to the extreme difficulty to obtain accurate records by counts made at the entrance of the hive. Therefore, he claimed the use of some mechanical means to
automatically register the exit and return of the bees over long periods of time.
Despite his visionary proposals, the traditional technique still remains the human observation and manual annotation, as it is the only approach that enables
?

This work has been supported by FCT – Fundação para a Ciência e Tecnologia
within the Project Scope: UIDB/05757/2020.

2

F. C. Monteiro at al.

the extraction of a wide range of behaviours available to bee specialists [1]. As
such, developing image and video acquisition at the entrance of the hive, and
recognizing bees bearing pollen, enables automatizing bee foraging behaviour
analysis, whic is of great interest for ecological and ethological studies [2,10,13].
Pattern recognition from images has a long and successful history. In recent
years, deep learning, and in particular Convolutional Neural Networks (CNNs),
has become the dominant machine learning approach in the field of computer
vision and, to be specific, in image classification and recognition. While still
being a classification based on a combination of key image features, this new
approach involves a model determining and extracting the features itself, rather
than these being predefined by human analysts. Since the number of labelled
pollen bearing bees images in the publicly available datasets is too small to
train a CNN from scratch, transfer learning can be employed.
This paper analyzes the performance of 9 state-of-the-art deep learning CNNs
(VGG16, VGG19, ResNet50, ResNet101, InceptionV3, Inception-ResNetV2, Xception, DenseNet201 and DarkNet53) in classifying images of pollen bearing and
non-bearing bees. As colour is a priori a relevant feature for the presence of
pollen, CNNs were trained and tested using different colour image preprocessing
techniques. Besides original images, grayscale images were used, as well as Contrast Limit Adaptive Histogram Equalization and Unsharp Masking techniques.
The rest of the paper is organized as follows: in the next section, related
work is presented; Section 3 provides an overview of the CNNs used; Section 4
describes the proposed approach and the experimental setup; this is followed by
the results analysis in Section 5, and conclusions and future work in Section 6.

2

Related Works

In this section, we review some papers that provide pollen bearing bees recognition systems and define computer vision techniques as baselines.
Babic [2] used background subtraction, colour segmentation and morphology
methods for honey bees segmentation. Classification of pollen bearing bees and
bees that do not have pollen load is done using a nearest mean classifier, with
a simple descriptor consisting of colour variance and eccentricity features. This
achieved a correct classification rate of 88.7% with 50 training images per class.
Stojnić [14] proposed an approach that starts by segmenting honey bees
from images using two segmentation methods based on colour descriptors. Then,
Support Vector Machines (SVM) are trained on few variations of VLAD and
SIFT descriptors to classify the images into two classes (with or without pollen).
Finally, the classification results are evaluated using Area Under a Curve (AUC),
obtaining a score of 91.5% for a dataset of 1000 images.
Rodriguez [10] proposed a colour vision system for detecting pollen-bearing
bees, using a Convolutional Neural Network (CNN) for detecting pollen on bees
entering the hive. To highlight most of the pollen balls in the dataset, the colour
information is filtered using a Gaussian model. Using three models of supervised
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classification (KNN, Naive Bayes and SVM), and three deep CNN architectures
(VGG16, VGG19 and ResNet50), accuracy varies from 50% to 96%.
Sledevic [13] presented the classification of images with pollen bearing bees
using a simple scratched CNN with a sufficient configuration required for future implementation on a low-cost FPGA. The three hidden layer CNN was
selected as a trade-off between performance and number of required arithmetic
operations, yielding an accuracy of 94%.
Yang and Collins [17] applied deep learning techniques to pollen sac detection
and measurement on honeybee monitoring video. The pollen sac detection model
is built using a faster RCNN architecture with VGG16 core network. This pollen
detection model is then combined with a bee tracking model, so that each flying
bee tracked on successive video frames is identified as bearing pollen or not. The
classification score obtained was 93%.

3

Convolutional Neural Networks Architectures

Convolutional Neural Networks (CNN) is a type of deep learning model for processing data with a grid pattern (e.g., images), inspired by the organization of
animal visual cortex and designed to automatically and adaptively learn spatial hierarchies of features through back-propagation by using multiple building
blocks, like convolution layers, pooling layers, and fully connected layers from
low to high level patterns. It is especially suited for image processing as it uses
2D hidden layers to convolve the features with the input data. The main strength
of CNN is that it suppresses the need for feature extraction by automatically
extracting the more discriminant features of a set of training images.
Next, we provides an overview of the main features of the CNNs used in this
study. We choose nine popular architectures due to their performance on several
classification tasks as well as on ImageNet dataset [11].
VGG16 and VGG19 architectures [12] are 16 and 19 layers deep networks,
respectively, on 224 × 224 RGB images input. They use 3 × 3 kernels in every
convolution layer. They have five convolutional blocks where the first two blocks
have two convolution layers and one max-pooling layer in each block. The remaining three blocks of the network have three fully-connected layers equipped
with the rectification (ReLU) non-linearity and the final softmax layer. The main
difference between VGG16 and VGG19 is the number of convolutional layers.
ResNet50 and ResNet101 [5] also apply to 224 × 224 RGB image inputs,
and have some design similarities with the VGG architectures with convolutional
layers with 3 × 3 filters with convolution stride of one pixel, except the first convolutional block, whose filter is 7 × 7 with convolution stride of two pixels. The
batch normalization is adopted right after each convolution layer and before activation. These architectures introduce the residual block whose aim is to address
the degradation problem observed while training the networks. In the residual
block the identity mapping is performed, adding the output from the previous
layer to the non-linear layer ahead. The network finishes with a global average
pooling layer and a fully-connected layer with the softmax function.
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In Inception-V3 [16], the first three convolutional layers have 3 × 3 filters
with convolution strides, respectively, of two, one, and one pixel. These convolutional layers are followed by max-pooling and other three convolutional layers
with 3 × 3 filters. This network has three inception modules where the resulting
output of each module is the concatenation of the outputs of three convolutional
filters with different sizes. The goal of these modules is to capture different visual
patterns of different sizes and approximate the optimal sparse structure. Finally,
before the final softmax layer, an auxiliary classifier acts as a regularization layer.
Inception-ResNet-V2 [15] combines residual connections and the Inception architecture. Since Inception networks tend to be very deep, they are hard
to train because of the notorious vanishing gradient problem - as the gradient is
back-propagated to earlier layers, repeated multiplication may make the gradient indefinitely small, so Inception-ResNet-V2 replaced the filter concatenation
stage of the Inception architecture with residual connections as in ResNet.
The Xception architecture [3] has an initial convolutional layer with 3 × 3
filters with a convolution stride of 2 pixels on 299 × 229 RGB image input. The
architecture has three blocks in a sequence where are carried out convolution,
batch normalization, ReLU, and max pooling operations. Besides, at the output
of each block, residual connections are made as in ResNet50.
DenseNet201 [6] is built from dense blocks and pooling operations, where
each dense block is an iterative concatenation from all previous layers. Within
those blocks, the layers are densely connected together: each layer gets the input
from all preceding layers and passes on its own feature maps to all subsequent
layers. This extreme reuse of residuals creates deep supervision because every
layer receives more supervision from the previous layer and thus the loss function
will react accordingly which makes it a more powerful network. Like on ResNet,
the first block has 7×7 filters with a convolution stride of two pixels on 224×224
RGB images input; however, max-pooling in this convolutional block is carried
out over a 3 × 3 pixel window.
Darknet53 [9] has 53 layers deep and acts as a backbone for the YOLOv3
object detection approach for a 256×256 image input. This network uses successive 3 × 3 and 1 × 1 convolutional layers with shortcut connections (introduced
by ResNet to help the activations propagate through deeper layers without gradient vanishing) to improve the learning ability. Batch Normalization is used to
stabilize training, speed up convergence, and regularize the model batch.
3.1

Transfer Learning

Constraints of practical problems, such as the limited size of training data, refrain
the performance of deep CNNs, trained from scratch, to be satisfactory. Since
there is so much work that has already been done on image recognition and
classification, we can use transfer learning technique to solve the problem. With
transfer learning, instead of starting the learning process from scratch, we can
start from patterns that have been learned when solving a similar problem.
In deep learning, transfer learning is a technique whereby a CNN model is first
trained on a large image dataset with a similar goal to the problem that is being
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solved. One or more layers from the trained model are then used in a new CNN,
trained with sampled images for the current task. This way, the learned features
in re-used layers may be the starting point for the training process and adapted
to predict new classes of objects. Transfer learning has the benefit of decreasing
the training time for a CNN model and can result in lower generalization error
due to the small number of images used in the training process.
The weights in re-used layers may be used as a starting point for the training
process and adapted in response to the new problem. This usage treats transfer
learning as a type of weight initialization scheme. This may be useful when the
first related problem has a lot more labelled data than the problem of interest
and the similarity in the structure of the problem may be useful in both contexts.

4

Pollen Bearing Bees Dataset

The PollenDataset1 [10] used in this work was created in 2018 for classifying
pollen bearing honeybees obtained at hive entrance. This dataset features high
resolution images (180 × 300) (as illustrated in Figure 1) of segmented honey
bees with a total of 714 labelled images (369 Pollen and 345 Non-Pollen bearing).

Fig. 1. PollenDataset samples: bees with (1st row) and without (2nd row) pollen bag.

As described in [10], the images were extracted and manually annotated
from videos using a protocol defined to avoid near-duplicate samples, remove
1

https://github.com/piperod/PollenDataset
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misaligned samples and ensure a balanced and representative dataset. The orientation of the bees was compensated to ensure in all image samples that the
bee is facing upwards. The authors did not preprocessed the images.

5

Experimental Setup

The nine CNN architectures adopted were set up to use the fine-tuning strategy
as well as the stochastic gradient descent with momentum optimizer at their default values; also, dropout rate was set at 0.5, early-stopping was used to prevent
over-fitting, and the learning rate was established at 0.0001. Additionally, the
CNNs batch size was configured to be 12 and they were trained with 30 epochs.
This specific batch size was chosen to consume less memory and train the CNNs
faster since it allows to update the network weights more often. During training,
all images go through a heavy data augmentation which includes horizontal and
vertical flipping, 360o random rotation, rescaling factor between 70% and 130%,
and horizontal and vertical translations between −20 and +20 pixels. All CNNs
were trained using the MatConvNet MATLAB toolbox in a virtual machine with
a pair of NVIDIA RTX 2080 Ti GPUs attached, hosted at the CeDRI cluster.
We adopted 5-Fold Cross-Validation on the dataset, such that in each fold
the dataset was split on 70% (499 images) for training and 30% (215 images) for
test, allowing the CNN models to be iteratively trained and tested on different
sets. Since the testing set is composed of images not seen by the model during the
training step, this allows to anticipate the CNN behaviour against new images.
5.1

Colour preprocessing techniques

As colour is a priori a relevant feature for the presence of pollen, we used different
colour image preprocessing techniques, as exemplified in Fig. 2. Grayscale images
where used to remove the colour information. Contrast limit adaptive histogram
equalization (CLAHE) improved the low contrast issue, without producing noise,
by changing the slope of the function that is relating input image intensity
value to desired resultant image intensities. Unsharp masking is a linear image
processing technique which sharpens the image. The sharp details are identified
as a difference between an original image and its blurred version.

6

Results and Discussion

This section shows the performance of the deep learning networks trained on
individual bee images. Each network was applied for pollen bearing bee detection
on the 215 images validation set (111 pollen bee images and 104 non-pollen bee
images). To study the influence of colour features in the recognition process,
besides using the original images, CNNs were also trained and tested with the
results produced by different colour image preprocessing techniques applied on
those images: grayscale images, local contrast enhancing and unsharp masking.
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(d)

Fig. 2. Colour image preprocessing. (a) Original version. (b) Grayscale version. (c)
After contrast limit adaptive histogram equalization. (d) After unsharp masking.

The training step produces a network model for pollen bearing bee detection
images. The network is applied for pollen detection on the validation images producing correct classification (true positive or true negative) results and incorrect
classification (false positive or false negative) results, as shown in Fig. 3.

(a)

(b)

(c)

(d)

Fig. 3. Example of pollen recognition results. (a) A true positive result. (b) A true
negative result. (c) A false positive result. (d) A false negative result.

An interesting observation is that the false negative samples have smaller
pollen bags than the true positive samples, which confirms the intuition that the
reduced size of pollen bags increases the difficulty of the classification.
The classification results for Precision, Recall, F1-score and Accuracy for the
nine state-of-the-art CNN architectures considered, with different colour preprocessing techniques, are presented in Table 1. The numbers exhibited in bold
indicate the best F1-score and Accuracy results obtained for each architecture.
The highest F1-score and Accuracy, both of 99.1%, were achieved by the
DarkNet53 architecture with the unsharp masking preprocessing technique, show-
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Table 1. Classification results (in percentage) through 5-Fold Cross-Validation on the
test set for different CNNs and preprocessing techniques considered.
CNN

Preprocessing

Precision

Recall

F1-score

Accuracy

VGG16

Original
Grayscale
CLAHE
Unsharp

94.8
86.4
99.1
100

99.1
97.3
94.6
97.3

96.9
91.5
96.8
98.6

96.7
90.7
96.7
98.6

VGG19

Original
Grayscale
CLAHE
Unsharp

98.2
82.7
94.7
94.8

98.2
99.1
97.3
98.2

98.2
90.2
96.0
96.5

98.1
88.8
95.8
96.3

ResNet50

Original
Grayscale
CLAHE
Unsharp

86.6
90.0
99.0
92.3

99.1
97.3
87.4
97.3

92.4
93.5
92.8
94.7

91.6
93.0
93.0
94.4

ResNet101

Original
Grayscale
CLAHE
Unsharp

94.7
92.3
96.3
89.9

96.4
97.3
92.8
96.4

95.5
94.7
94.5
93.0

95.4
94.4
94.4
92.6

Inception V2

Original
Grayscale
CLAHE
Unsharp

92.0
84.8
90.2
89.7

93.7
95.5
91.0
94.6

92.9
89.8
90.6
92.1

92.6
88.8
90.2
91.6

Inception V3

Original
Grayscale
CLAHE
Unsharp

98.0
94.2
89.9
93.9

87.4
87.4
96.4
96.4

92.4
90.7
93.0
95.1

92.6
90.7
92.6
94.9

Xception

Original
Grayscale
CLAHE
Unsharp

86.0
79.2
85.2
85.2

82.9
92.8
88.3
93.7

84.4
85.5
86.7
89.3

84.2
83.7
86.1
88.4

DenseNet201

Original
Grayscale
CLAHE
Unsharp

95.6
92.9
95.4
96.4

97.3
93.7
93.7
95.5

96.4
93.3
94.5
95.9

96.3
93.0
94.4
95.8

DarkNet53

Original
Grayscale
CLAHE
Unsharp

99.1
84.4
98.1
99.1

96.4
97.3
93.7
99.1

97.7
90.4
95.9
99.1

97.7
89.3
95.8
99.1
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ing that the rates of true positives, true negatives, false positives and false negatives did not present large distortions. On the opposite extreme, the Xception
model achieved the lowest results of all CNNs, in all the experiments.
The generality of the CNNs used in this study considerably improve the
results presented in [10] for the same dataset. In that work, researchers obtained
the best results with an accuracy of 96%. However, they removed several images
from the dataset without given any motives or information on that removal.
The validation score obtained with the DarkNet53 network for the images in
the test dataset has a mean value of 96.7% with a variance of 1.2% for non-pollen
images, and a mean of 98.8% with a variance of 0.4% for pollen images. This
network produces only one false positive and one false negative with scores of
96.3% for the false positive and 68.7% for the false negative.
The grayscale preprocessing technique produced the worst evaluation results
in all networks due to its lack of colour information, achieving the best result
with ResNet101 with an Accuracy of 94.4%.
The CLAHE approach achieved good results, but its increasing of brightness
enhanced the yellow regions of the bees body, which can be confused with pollen
bags, thus biasing the training process.
As the unsharp masking technique enhances image details, this may help the
training process, allowing the learning of different image characteristics. Thus,
this technique achieved the best results for most of the networks, and good results
even when the networks produced the best results for the original images.
Although the number of images in the dataset is still low, we foresee increasing the classification capacity of the tested approaches by expanding the number
of images available via data augmentation with rotation, translation and scaling.
Also, the high values for the four evaluation metrics in all CNNs show that
the number of correctly identified images is high when compared to the number
of tested images. We believe that a 99.1% value for all the four evaluation metrics
is enough to build an automatic classification system of pollen bearing bees, since
the visual classification of that bees performed by humans is a hard task.

7

Conclusion

In this paper, an automated pollen bearing bee recognition approach is proposed.
To promote research in the automation of pollen bearing bees classification,
we report performance for nine pre-trained CNN topologies, applied in four
different colour preprocessing techniques. We identify evidence that DarkNet53
has superior performance against other CNNs tested, specially with unsharp
masking preprocessing technique, achieving an F1-score and Accuracy of 99.1%.
VGG network produces the best evaluation results for original images with an
Accuracy of 98.2% against the 97.7% of DarkNet53. This study proves that using
the CNN architecture defined for the PollenDataset image collection, allows good
classification results when used in a transfer learning approach. In the future,
we plan to combine different CNNs in order to further improve the performance.
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Abstract. This work investigates the use of deep learning techniques
to improve the performance of web application firewalls (WAFs), systems that are used to detect and prevent attacks to web applications.
Typically, a waf inspects the http requests that are exchanged between
client and server to spot attacks and block potential threats. We model
the problem as a one-class supervised case and build a feature extractor
using deep learning techniques. We treat the http requests as text and
train a deep language model with a transformer encoder architecture
which is a self-attention based neural network. The use of pre-trained
language models has yielded significant improvements on a diverse set of
NLP tasks because they are capable of doing transfer learning. We use
the pre-trained model as a feature extractor to map a http request into a
feature vector. These vectors are then used to train a one-class classifier.
We also use a performance metric to automatically define an operational
point for the one-class model. The experimental results show that the
proposed approach outperforms the ones of the classic rule-based ModSecurity configured with a vanilla owasp crs and does not require the
participation of a security expert to define the features.

Keywords: Web Application Firewall, Anomaly Detection, Deep Learning

1

Introduction

It has become a regular security practice to deploy a Web Application Firewall
(waf) [9] to identify attacks that exploit vulnerabilities of web applications. A
waf is a piece of software that intercepts and inspects all the traffic between the
web server and its clients, searching for attacks inside the http packet contents.
An implementation of an open source waf that has become a de facto standard
is ModSecurity [24]. The actions this waf undertakes are driven by rules that
specify, by means of regular expressions, the contents of the http packets to
?
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be analyzed and eventually flagged as potential attacks. ModSecurity comes
equipped with a default set of rules, known as the owasp Core Rule Set (owasp
crs) [15], for handling the most usual vulnerabilities included in the OWASP Top
Ten [16]. However, this rule-based approach has some drawbacks: rules are static
and rigid by nature, so the owasp crs usually produces a rather high rate of false
positives, which in some cases may be close to 40% [8] that would potentially lead
to a denial of service of the application. The systematic review presented in [22]
analyzes the available scientific literature focused on detecting web attacks using
machine learning techniques. In [4,3,13] we have presented solutions where the
rule-based detection approach of ModSecurity is complemented with machine
learning-based models to mitigate the rule-based approach’s drawbacks.
In this work we present an approach that makes use of deep learning techniques to improve the performance of ModSecurity. It consists of a two step
learning framework: first we build a feature extractor using deep learning techniques; then we train a one-class supervised model. We treat the http requests
as raw text and pre-train a deep language model with the architecture proposed
in [12]. These models can operate in huge amounts of text and are called selfsupervised because the optimization of the network does not require labels (we
will explain this in Section 3).
The structure of the rest of the paper is as follows: Section 2 describes the
deep learning techniques and the related work. Section 3 presents the deep learning framework. The outcomes are described and discussed in Section 4. Further
work and conclusions are presented in Section 5.

2

Background and related work

NLP techniques have been greatly improved by the advancements of deep learning [12,6,19,17]. These models rely on a two-step approach. First, they learn deep
contextual word representation from raw text in a self-supervised way (stage referred as pre-training). Then, this pre-trained language model can be applied
to downstream NLP tasks by choosing between two learning strategies: featurebased and fine-tuning.
Traditional NLP techniques represent words as atomic units and text is transformed into a numeric vector using one-hot encoding. There are two main problems with this approach. First, there is no notion of similarity between words,
as they are represented as indices in a vocabulary [14]. Additionally, the size of
the vector is as large as the size of the vocabulary, |V |, making machine learning
methods prone to problems related with high dimensional feature spaces such
as the curse of dimensionality. With the progress of machine learning techniques
it has become possible to train more complex models. Probably one of the most
successful concept is to use distributed representations of words, also know as
word embedding. In this approach words are represented in a continuous vector
space with much lower dimension than |V |. Additionally, it has been shown that
words with semantic similarities tend to be nearby in the vector space [2]. In
the last decade, word embeddings have established themselves as a core element
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of many NLP systems. However, as word embedding techniques are static they
miss a crucial element for fully capturing local contexts, that is, the semantic
and syntactic meaning of words. These methods actually learn to capture the
general (most common) context of words in their representations, but they are
not able to handle polysemy. Replacing static embeddings with deep contextualized representations has yielded significant improvements on a diverse set of
NLP tasks. The idea is simple, a word is assigned a representation that is a function of the entire input sequence (the whole text sequence). The success of deep
contextualized word representations suggests that despite being trained with
only a language modelling goal, they learn highly transferable and task-agnostic
properties of the language [7].
In this work we propose the use of deep contextualized representation of http
requests to extract feature vectors that then will be used to train a classifier to
detect attacks to web applications. In a first step we create a deep pre-trained
language model from scratch using a set of http requests from the web application that we aim to protect. In a second step, we use the feature-based strategy
to transform each http request into a feature vector. That is, once we have
obtained the pre-trained model, we convert each http request into a numeric
representation using the weights of the last layer of the network, also known
as feature extraction. With these representations as input we build a One-Class
Classification model (OCC).
Related work In [10] Kruegel and Vigna propose an anomaly detection approach
where they model specific characteristics of the URL parameters, such as parameter length and input order to generate a probabilistic grammar of each
parameter. In our one-class approach we work using the whole request, not only
the URL parameters, capturing the normal behavior by modeling the occurrence
of a specific set of tokens. This allows us to capture the behavior of the data sent
in the normal use of the application. In our approach we also deal with attacks
present in the body and header of the requests.
Several authors propose anomaly detection techniques that work over simplification of the application’s parameter values. In [5], numbers and alphanumeric
sequences are abstracted away, representing each category with a single symbol.
In [23] Torrano-Giménez et al present an anomaly detection technique that instead of using the tokens themselves uses a simplification that only considers the
frequencies of three sets of symbols: characters, numbers and special symbol. In
our approach the whole request is analyzed without any further simplification.
The work presented in [28] uses word embeddings to represent the URLs.
This approach has three steps. First, an ensemble clustering model is applied
to separate anomalies from normal samples. Then they use word2vec to get
the semantic representations of anomalies. Finally, another multi-clustering approach clusters anomalies into specific types. In our model, static embeddings
(word2vec) are replaced with deep contextualized representations. We use these
representations to get the semantic representations of normal data and use it as
input to build the one-class model. In [27] Yu et al propose a method that uses
Bidirectional Long Short-Term Memory (Bi-LSTM) with an attention mecha-
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nism to model the HTTP traffic. This approach is supervised, as they train the
Bi-LSTM network to predict whether a request is anomalous or not.
In [18] Qin et al propose a model which learns the semantics of malicious
segments in payload using a Recurrent Neural Network (RNN) with an attention
mechanism. The payload is transformed into a hidden state sequence by a RNN
and then an attention mechanism is used to weight the hidden states as the
feature vector for further detection. Thus, they also can use the hidden state of
the network as features for a second classifier. The difference with the learning
technique that we propose is that they learn the weights of the RNN, the feature
extractor model, using normal and abnormal instances. In our case, we build a
self-supervised pre-trained model using only normal data.
The work [25] proposes a model that uses a stacked auto-encoder (SAE) and
a deep belief network as feature learning methods in which only normal data is
used in the learning phase. Subsequently, OCSVM, Isolation Forest and Elliptic
Envelope are used as classifiers. In this work features of the HTTP are extracted
using n-grams and then deep learning models are applied to reduce the dimensionality generated by the n-grams vectors. In our case we work directly with
the http request and avoid building the n-grams which require large amounts
of data to correctly capture the statistics of each modelled field.

3

A two-step learning approach for anomaly detection

We propose a learning architecture composed of a two-step method to improve
web application anomaly detection models. In a first step, we create a deep pretrained language model using only normal http requests to the web application.
In a second step, we use this model as a feature extractor and train a one-class
classifier. That is, each web application has its own model (both the pre-trained
language model and the one-class classifier). In the following sections we describe
the components of the proposed learning architecture depicted in Figure 1.
3.1

Pre-training a HTTP language model

We train a language model for the http requests in a self-supervised way. We
use a Robustly Optimization Bidirectional Encoder Representations from Transformers architecture (RoBERTa) [12]. Using this model each http request is
transformed into a numeric vector that captures the contextual information of
each token present in the request. The architecture of the network used to build
the language model is a multi-layer bidirectional Transformer Encoder [26]. This
is an attention-based architecture for modeling sequential data which is an alternative to recurrent neural networks (RNN) and is capable of capturing long
range dependencies in sequential data.
The proposed model (see top Figure 1), is composed of a stack of L identical
transformer encoder layers, as detailed at the bottom of Figure 1. Each encoder
layer contains two types of sub-layers. The first one is a multi-head self-attention
mechanism, which helps looking at other tokens in the sequence while encoding
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Fig. 1: Top: Proposed architecture. Left: transformer encoder used to extract
the contextual representation of each token tokenij in the request ri . Right: each
request ri is represented as the mean of token deep contextualized representation
hij and how they are used to train a one-class classifier. Bottom: Architecture
of the Transformer Encoder (Jay Alammar, 2018 [1])

a specific token. The second sub-layer is simply a feed-forward network (FFN),
which is applied to each position (token representation from previous layer)
separately and identically. Because our implementation is almost identical to the
original, for a detailed description of the model architecture, we refer readers to
[26,12]. We denote the number transformer encoder blocks as L (see top Figure
1), the hidden size as H (the output of the transformer encoder denoted as h
in Figure 1), and the number of self attention heads as A. Our model uses the
following set of parameters (L=12, H=768, A=12, Total Parameters = 125M).
Token encoding and model training. The input to the model composed
of L blocks of transformers is a tokenized version of the http request. For that
we use a Byte-Pair Encoding (BPE)[21] tokenizer, a hybrid between character
and token-level representations. It relies on sub-word units which are extracted
by performing statistical analysis of a training corpus. We use the same tokenizer learned by [19]3 , a clever implementation of BPE that uses bytes instead
3

We could have chosen another pre-trained BPE tokenizer instead of the one proposed
in [19]. The key point is to use a BPE tokenizer trained on huge corpus (40 GB
of text) because they can tokenize any word (and any character) of any language
without using the unknown token.
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of unicode characters as the basic sub-words units. This tokenizer has a subword vocabulary of 50K units that can still encode any input string without
introducing any unknown tokens.
Given the model architecture the next step is to define the training strategy,
that is, the learning goal and the training mechanisms. In our case, in order to
learn the deep contextualized representation of tokens we apply a self-supervised
learning approach. We randomly masks some of the tokens from the input, and
then the goal is to predict the original masked token based only on its context. In
[6] they refer to this procedure as Masked Language Model (MLM). In contrast
to denoising auto-encoders, these models only predict the masked words rather
than reconstructing the entire input [6]. In an attempt to predict the masked
tokens, the model should be able to extract some information from the language,
not only structural information but some semantic information as well. This
information is encoded in the weights of the encoding layers.
3.2

One-Class Classification

The pre-trained model detailed in section 3.1 takes a request ri and tokenizes it
to obtain a representation ri = {tokeni1 , ..., tokenini }, where ni is the number
of tokens in the request ri (the model has a max length of 2048 tokens as inputs
to be processed). Then, generates as output a deep contextual representation
of each token. This deep representation is obtained using the weights of the
encoder’s last layer. In this way, each request ri is transformed into a numeric
vector {hi1 , ..., hini }. Each hij ∈ RH is the vector representation for the tokenij
in ri (where H = 768 is the size of the encoder hidden layer).
In order to get a representation of the full request, the most common technique is to
token representations to produce a vector r̄i ∈ RH such that:
Paverage
ni
1
r̄i = ni j=1 hij . With these procedure we transform a set of normal http
requests D = {r1 , .., rm } into a numeric form D̄ = {r̄1 , .., r̄m }, each r̄i ∈ RH .
We perform a One-Class Classification model (OCC), with a One-Class Support
Vector Machine (OCSVM), with these representations. We operate in a scenario
in which only valid requests are known, and no requests tagged as attacks are
necessary. We believe that is a realistic approach, where valid traffic could be
collected, for instance, as the result of performing functional testing of the application.
Once we have the feature vector mentioned above, we apply the well-know
OCSVM classifier introduced in [20] with a Radial Basis Function (RBF) Kernel.
They develop an algorithm that returns a function f that takes the value +1 in a
“small” region capturing most of the training data points and −1 elsewhere. The
strategy is to map the data into the feature space corresponding to the kernel
and to separate them from the origin with maximum margin. For a new point x,
the value f (x) is determined by evaluating which side of the hyper-plane it falls
on in feature space. For each sample, we can calculate the signed distance to
the separating hyper-plane. The distance is positive for an inlier (considered as
normal) and negative for an outlier (a possible attack). We can set a threshold (θ)
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and classify a sample as normal if the distance to the hyper-plane is greater than
θ. Varying θ between −1 and +1 we obtain a ROC with different operational
points. Below we will explain how to automatically obtain the best θ using a
grid search approach.
Estimation of the optimal operational point. We must set up two parameters to optimize the performance of the OCSVM: ν and γ. γ parameter
is required by the RBF kernel to define a frontier. ν corresponds to the probability of finding a new, but normal, observation outside the frontier. To find
the optimal parameters we use a traditional grid-search method. In the case of
supervised classification, we can use performance metrics such as F-score or the
overall accuracy to evaluate each configuration of parameters. However, these
metrics rely on positive and negative samples so it is not possible to use them
in an anomaly detection scenario. Nevertheless, [11] introduces a performance
measure, F̂ , that can be estimated from normal and unlabeled examples. They
show that F̂ is proportional to the square of the geometric mean of precision and
recall. Thus, they argue that has roughly the same behaviour as the F1 -score
(the harmonic mean of the precision and recall). Therefore, we use a grid-search
with the F̂ metric for selecting the best parameters of the OCSVM classifier.
We use a validation set with only normal and unlabeled examples. The best
parameters for both datasets used in Section 4 are: ν = 0.05 and γ = 0.5

4

Results

The performance of the proposed method is analyzed in terms of True Positive
Rate (TPR) and False Positive Rate (FPR). In our case, TPR and FPR indicate
the ratio of requests correctly and incorrectly classified as attacks, respectively.
To evaluate the proposed method we shall use the same datasets used in our
previous work [3,13]. The csic2010 dataset embodies a collection of normal
and abnormal http requests for a web application that provides functionalities
to perform an on-line shopping. The dataset contains 36.000 valid request for
training, other 36.000 for testing and 25.000 request of anomalous traffic. We use
the drupal dataset in order to evaluate the model on a real life application. We
crafted this dataset by registering three days of incoming traffic to the public
website of a University. The dataset contains 65.000 valid request and 1.287 real
attacks.
One of the main goals of this work is to reduce the amount of false positives generated by ModSecurity without decreasing the TPR. For this reason
we compare our results against ModSecurity configured with the owasp crs
version 3 out of the box with two paranoia levels. We also compare the results
with the classic information retrieval approach based one-class model presented
in [3] later improved in [13]. In this case, a security expert defines the features
to be extracted and used to train a one-class classifier based on a Gaussian mixture model. One objective of this work is to compare the features automatically
extracted with deep learning with the ones selected by the expert.
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Table 1. TPR and FPR for each dataset. (*) One-class classifier using features manually selected by an expert (http tokens). The operational point was manually selected
by the authors. (+) The operational point was automatically selected (see Section 3.2).
DRUPAL
CSIC 2010
Method
TPR FPR TPR FPR
ModSecurity OWASP CRS v3 -PL 1 29.55% 15.57% 26.62% 0.00%
ModSecurity OWASP CRS v3 -PL 2 77.89% 49.93% 29.48% 0.00%
One-class classifier from [13] (*) 94.43% 6.00% 39.63% 5.37%
RoBERTa + OCSVM (+)
95.00% 3.73% 47.10% 7.54%

Fig. 2: One-class ROC curve varying the θ value

The evaluation was performed, on each of the datasets, using 70% of the
valid requests for training and the rest of the dataset (30% of valid and 100%
of attacks) for testing. The results of our proposal (RoBERTa + OCSVM) in
Table 1 were obtained with parameters ν, γ and θ found automatically as explained in Section 3. In Figure 2 we present the results in terms of a ROC curve
(constructed in terms of TPR and FPR) The solid line represents the different
operation points of the OCSVM model. The stars represents the performance of
ModSecurity. The plus symbol represents the operating point achieved by the
EA+Gaussian Mixture model in [13]. The circle represents the operating point
achieved by OCSVM with the estimated ν, γ and θ as explained above.
In the case of the drupal dataset the ROC curve shows that there are several
points that outperform all configurations of ModSecurity. If we compare the
results with our baseline, the best configuration ModSecurity detects 75% of
the attacks, whereas RoBERTa + OCSVM detects 95.00%. The FPR of ModSecurity is 39.69% and RoBERTa + OCSVM is 3.37%. As to the dataset
csic2010 the TPR is higher than all versions of ModSecurity. csic2010 is
a synthetic dataset constructed adding some attacks and anomalous requests
to a set of normal ones. ModSecurity with paranoia levels 1 and 2 does not
produce any false positives at the expense of extremely low TPR. With a more
strict paranoia level (PL 3) FPR is 13.95% and TPR is 52.61%. Our method
produces a low FPR (7.54%) with a similar TPR (47.10%) for this dataset.
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Conclusion and further work

To the best of our knowledge, the method we propose is a first attempt in using
a deep transformer based language representation of http requests to address
the problem of web applications attack detection.
We used two different datasets to pre-train a deep language model for the
http requests without requiring a security expert to define the set of features.
We have proposed a two-step learning approach consisting in first mapping a
http request into a continuous space using a transformer encoder and then
applying a OCSVM to discriminate normal traffic from attacks. We have used a
performance metric proposed by [11] to automatically obtain the parameters of
the OCSVM.
We find that the results presented in Section 4 are quite promising. They
outperform ModSecurity using the most widely adopted rules and are slightly
better than those presented in [3] later improved in [13] with the advantage of
not requiring the participation of a security expert to define the features.
As future work, we intend to re-train the pre-trained language model with the
dataset drupal with more http requests and check whether we can improve the
language model. We also plan to use a set of attacks and explore the fine-tuning
approach. That strategy consists in adding one additional layer and fine-tuning
all the parameters of the whole network. The goal of this supervised downstream
task is to check whether the model generalizes.
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Abstract. Most image data available are often stored in a compressed
format, from which JPEG is the most widespread. To feed this data on a
convolutional neural network (CNN), a preliminary decoding process is
required to obtain RGB pixels, demanding a high computational load and
memory usage. For this reason, the design of CNNs for processing JPEG
compressed data has gained attention in recent years. In most existing
works, typical CNN architectures are adapted to facilitate the learning
with the DCT coefficients rather than RGB pixels. Although they are
effective, their architectural changes either raise the computational costs
or neglect relevant information from DCT inputs. In this paper, we examine different ways of speeding up CNNs designed for DCT inputs ,
exploiting learning strategies to reduce the computational complexity by
taking full advantage of DCT inputs. Our experiments were conducted
on the ImageNet dataset. Results show that learning how to combine all
DCT inputs in a data-driven fashion is better than discarding them by
hand, and its combination with a reduction of layers has proven to be
effective for reducing the computational costs while retaining accuracy.
Keywords: Deep Learning · Convolutional Neural Networks · JPEG ·
Discrete Cosine Transform · Frequency Domain

1

Introduction

Convolutional neural networks (CNNs) have achieved state-of-the-art performance in several computer vision tasks, such as, classification, segmentation,
object detection, image super resolution, denoising, medical images, autonomous
driving, road surveillance, among others [2, 8]. However, in order to achieve this
performance, increasingly deeper architectures have been used, making computational cost one of the main problems faced by deep learning models [4].
For storage and transmission purposes, most image data available are often
stored in a compressed format, like JPEG, PNG and GIF [2]. To use this data
with a typical CNN, it would be required to decode it to obtain RGB images, a
task demanding high memory and computational cost [2]. A possible alternative
is to design CNNs capable of learning with DCT coefficients rather than RGB
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pixels [2, 4, 5, 16]. These coefficients can be easily extracted by partial decoding
JPEG compressed data, saving computational cost.
In this paper, we investigate strategies to accelerate CNNs designed for the
JPEG compressed domain. The starting point for our study is a state-of-theart CNN proposed by Gueguen et al. [5], which is a modified version of the
ResNet-50 [6]. However, the changes introduced by Gueguen et al. [5] in the
ResNet-50 raised its computational complexity and number of parameters. To
alleviate these drawbacks, Santos et al. [16] proposed to feed the network with
the lowest frequency DCT coefficients, thus losing image details irretrievably.
Here, we explore smart strategies to reduce the network computation complexity
without sacrificing rich information provided by the DCT coefficients.
Experiments were conducted on the ImageNet dataset, both in a subset and
in the whole. Our reported results indicate that learning how to combine all
DCT inputs in a data-driven fashion is better than discarding them by hand.
We also found that skipping some stages of the network is beneficial, decreasing
its computational costs, while also increasing the performance.
The remainder of this paper is organized as follows. Section 2 briefly reviews the JPEG standard. Section 3 discusses related work. Section 4 describes
strategies to speed-up CNNs designed for DCT input. Section 5 presents the experimental setup and reports our results. Finally, Section 6 offer our conclusions.

2

JPEG compression

The JPEG standard (ISO/IEC 10918) was created in 1992 and is currently
the most widely-used image coding technology for lossy compression of digital
images. The basic steps of the JPEG compression algorithm are described as
follows. Initially, the representation of the colors in the image is converted from
RGB to YCbCr, which is composed of one luminance component (Y), representing the brightness, and two chrominance components, Cb and Cr, representing
the color. Also, the Cb and Cr components are down-sampled horizontally and
vertically by a factor of 2, for human vision is more sensitive to brightness details than to color details. Then, each of the three components is partitioned
into blocks of 8x8 pixels and 128 is subtracted from all the pixel values. Next,
each block is converted to a frequency domain representation by the forward
discrete cosine transform (DCT). The result is an 8x8 block of frequency coefficient values, each corresponding to the respective DCT basis functions, with
the zero-frequency coefficient (DC term) in the upper left and increasing in frequency to the right and down. The amplitudes of the frequency coefficients are
quantized by dividing each coefficient by a respective quantization value defined
in quantization tables, followed by rounding the result to the the nearest integer.
High-frequency coefficients are approximated more coarsely than low-frequency
coefficients, for human vision is fairly good at seeing small variations in color or
brightness over large areas, but fails to distinguish the exact strength of highfrequency brightness variations. The quality setting of the encoder affects the
extent to which the resolution of each frequency component is reduced. If an
excessively low-quality setting is used, most high-frequency coefficients are reduced to zero and thus discarded altogether. To improve the compression ratio,
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the quantized blocks are arranged into a zig-zag order and then coded by the
run-length encoding (RLE) algorithm. Finally, the resulting data for all 8x8
blocks are further compressed with a lossless algorithm, a variant of Huffman
encoding. For decompression, inverse transforms of the same steps are applied
in reverse order. If the DCT computation is performed with sufficiently high
precision, quantization and subsampling are the only lossy operations whereas
the others are lossless, so they are reversible.

3

Related work

The processing of JPEG compressed data has been widely-explored by many
conventional image processing techniques as an alternative to speed up the computation performance in a variety of applications, such as face recognition [3],
image indexing and retrieval [12], and many others. In deep learning era, the potential of the JPEG compressed domain for neural networks has received limited
attention and a few works have emerged in the literature only recently.
To accelerate the training and inference speed, Ehrlich and Davis [4] reformulated the ResNet architecture to perform its operations directly on the JPEG
compressed domain. Since the lossless operations used by the JPEG compression
algorithm are linear, they can be composed along with other linear operations
and then applied to the network weights. In this way, the basic operations used in
the ResNet architecture, like convolution, batch normalization, etc, were adapted
to operate in the JPEG compressed domain. For the ReLU activation, which is
non-linear, an approximation function was developed.
In a different direction, Deguerre et al. [2] proposed a fast object detection
method which takes advantage of the JPEG compressed domain. For this, the
Single Shot multibox Detector (SSD) [10] architecture was adapted to accommodate block-wise DCT coefficients as input. To preserve the spatial information
of the original image, the first three blocks of the SSD network were replaced by
a convolutional layer with a filter size of 8x8 and a stride of 8. In this way, each
8x8 block from JPEG compressed data is mapped into a single position in the
feature maps used as input for the next layer.
Similarly, the neural network introduced by Gueguen et al. [5] is a modified
version of the ResNet-50 [6] capable of operating directly on DCT coefficients
rather than RGB pixels. After the DCT coefficients are obtained by partial
decoding JPEG compressed data, their Cb and Cr components are up-sampled
to match the resolution of the Y component. Next, the Y, Cb, and Cr components
are concatenated channel-wise, passed through a batch normalization layer, and
fed to the convolution block of the second stage of the ResNet-50. Due to the
smaller spatial resolution of the DCT inputs, the strides of the early blocks of
the second stage were decreased, mimicking the increase in size of the receptive
fields in the original ResNet-50. Also, the second and third stages were changed
to accommodate the amount of input channels and to ensure that, at their end,
they have the same number of output channels as the original ResNet-50.
However, these changes led to a significant increase in the computational
complexity of the ResNet-50 network. To alleviate its network computation costs
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and number of parameters, Santos et al. [16] extended the modified ResNet-50
network of Gueguen et al. [5] to include a Frequency Band Selection (FBS)
technique for selecting the most relevant DCT coefficients before feeding them
to the network. The FBS technique relies on the idea that higher frequency
information have little visual effect on the image, retaining the lowest frequency
coefficients. Although this approach is efficient, image details are completely lost
by discarding high frequency information, which may drop the model accuracy.

4

Speeding up CNN models designed for DCT input

In this paper, we extend the work of Santos et al. [16], investigating smarter
strategies to reduce the computational complexity and number of parameters
of the ResNet-50 network proposed by Gueguen et al. [5]. In Section 4.1, we
examine learning strategies to reduce the number of channels in the early stages
of the ResNet-50 network but without sacrificing any information provided by the
DCT coefficients. In a different direction, Section 4.2 investigates the possibility
of reducing the computational complexity by decreasing the number of layers of
the network, while attempting to keep the model accuracy.
4.1

Reducing the number of channels

To start, we evaluate the simple idea of reducing the number of channels in the
early stages of the modified ResNet-50 of Gueguen et al. [5], which has been
proven to be effective in reducing the computational costs of the network [16].
First, we reduce the number of input channels of the second stage to 64 but we
kept the decreased strides at its early blocks, as proposed by Gueguen et al. [5].
To accommodate this amount of input channels, we change number of output
channels of the second and third stages are changed to be the same as the original
ResNet-50. Then, we evaluate different strategies to reduce the number of DCT
inputs from 192 (i.e., 3 color components × 64 DCT coefficients) to 64.
Unlike the FBS of Santos et al. [16], where the DCT inputs are discarded
by hand potentially losing image information, we take advantage of all DCT
inputs and learn how to combine them in a data-driven fashion. For this, we
evaluate three different approaches: (1) a linear projection (LP) of the DCT
inputs (Section 4.1), (2) a local attention (LA) mechanism (Section 4.1), and (3)
a cross channel parametric pooling (CCPP) (Section 4.1).
Linear projection (LP) The ResNet-50 network [6] have residual learning
applied to every block of few stacked layers, given by Equation 1, where F () is
the residual mapping to be learned by the i-th block of stacked layers, Wi are
its parameters, x are the input data, and y are the output feature maps.
y = F (x, Wi ) + x

(1)

The F () + x operation is executed by a shortcut connection and a elementwise addition, but their dimensions must be equal. When they are not, a Ws
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linear projection can be applied in order to match the dimension. As can be
seen in Equation 2, assuming that x have n input features maps and Ws is a
weight matrix of size m × n, the product Ws · x will output in m feature maps,
where each one is a linear combination of all the n inputs from x.
y = F (x, Wi ) + Ws · x

(2)

We apply this linear projection to reduce the number of channels from 192
of the DCT inputs to 64 of the convolution block of the second stage. In this
way, we consider the DCT inputs as a whole regardless the importance of each
of their frequencies to the image content. Also, the skewness or kurtosis (shape)
of their distribution is preserved by the linear transformation.
Local attention (LA) The local attention proposed by Luong et al. [11] is
a soft attention mechanism used on the machine translation task to analyze a
word with a small context window of adjacent words, learning attention maps
which focus on relevant parts of the input information.
We adapt this mechanism to be used in the DCT inputs in order to reduce the
number of channels from 192 to 64. This is performed according to Equation 3,
where x is an input with n features maps, r is its reshaped version partitioning
n
n
it into m groups of m
channels, W is a weight matrix of size m × ( m
), y is an
output with m feature maps, and is the Hadamard product.
 h
n i
r = reshape x, m,
(3)
m
s=W r
ai = sof tmax(si ), ∀i ∈ {1 . . . m}
yi = ai · ri , ∀i ∈ {1 . . . m}
n
First, the input x is split into m partitions r = {r1 , . . . , rm } with m
features maps. Then, alignment scores s are obtained by computing the Hadamard
product between W and r. For each partition i ∈ {1 . . . m}, alignment scores si
are normalized by applying the softmax function, producing attention maps ai
which are used to amplify or attenuate the focus of the distribution of the input
data ri . Therefore, the feature map yi outputted for the i-th partition is a linear
combination of adjacent channels. In this way, we preserve information of the
DCT spectrum for the entire range of frequencies.

Cross Channel Parametric Pooling (CCPP) In a cross channel parametric
pooling layer, a weighted linear recombination of the input features maps is performed and then passed though a rectifier linear unit (ReLu) [9]. Min Lin et al. [9]
proposed to use a cascade of such layers to replace the usual convolution layer
of a CNN, since they have enhanced local modeling and the capability of being
stacked over each other. Formally, a cascaded cross channel parametric pooling
l
is performed according to Equation 4 [9], where fi,j,k
stands for the output of
the l-th layer, xi,j is the input patch centered at the pixel (i, j), k is used to
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index the feature maps, Wl,k and bl,k are, respectively, weights and biases of the
l-th layer for the k-th filter, and N is the number of layers.

1
T
fi,j,k
= max 0, W1,k
· xi,j + b1,k
(4)
..
.

N −1
N
T
fi,j,k = max 0, WN,k
· fi,j
+ bN,k
The cross channel parametric pooling is equivalent to a convolutional layer
with a kernel size of 1 × 1 [9], which is also know as a pointwise convolution [1],
being capable of projecting the input feature maps into a new channel space,
increasing or decreasing the amount of channels.
We used a cross channel parametric pooling layer to reduce the number of
channels from 192 to 64. Similar to the linear projection, the individual importance of each DCT coefficient for the image content is also not taken into account.
On the other hand, the non-linear properties of the ReLU activation encourages
the model to learn sparse feature maps, making it less prone to overfitting.
4.2

Reducing the number of layers

The modified version of the ResNet-50 introduced by Gueguen et al. [5] skips
first stage of the original ResNet-50, feeding the DCT coefficients to the second
stage, which is modified to accommodate the amount of input channels. In order
to reduce the complexity of the network even further, we analyze the effects
of skipping the second, third, and fourth stages of the original ResNet-50, but
maintaining the stride reduction proposed by Gueguen et al. [5] at the early
blocks of the initial stage in which the DCT coefficients are provided as input.
Different from Gueguen et al. [5], we do not increase the number of input
channels at the initial stages, since it would lead to a great increase on the
computational complexity of the network. Instead, we keep them the same as
the original ResNet-50, whose the number of input channels in the second, third,
fourth, and fifth stages are 64, 128, 256, and 512, respectively.
To accommodate such amount of channels, the strategies presented in the
previous section were used to decrease or increase the DCT inputs from 192 (i.e.,
3 color components × 64 DCT coefficients) to the amount of input channels of
the initial stage in which they are provided as input. Notice that the number
of DCT coefficients is close to the number of input channels of the third stage,
requiring a less drastic reduction than the one needed to feed them on the second
stage. On the other hand, the expected inputs for the fourth and fifth stages have
a greater amount of channels than the DCT inputs and, for this reason, they
need to be scaled up, however preserving the salient features as the original data.

5

Experiments and results

Experiments were conducted on the ILSVRC12 [13] dataset, commonly known
as ImageNet, and on a subset of it used by Santos et al. [16]. The ImageNet
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dataset has 1000 classes and is divided into a training set of 1,281,167 images
and a test set of 50,000 images. The ImageNet subset has 211 of the 1000 classes,
totaling 268,773 images that were split into a training set with 215,018 images
and a test set of 53,755 images. Image classification tasks at two difficulty levels
were considered for this subset: in the coarse granularity, the 211 classes were
grouped according to their semantics into 12 categories, namely: ball, bear, bike,
bird, bottle, cat, dog, fish, fruit, turtle, vehicle and sign; whereas in the fine
granularity, all the 211 classes were used.
All the images were resized to 256 pixels on their shortest side and the crop
size for all experiments was 224 × 224. In the experiments, the evaluated networks were trained for 120 epochs with batch size of 128, initial leaning rate
of 0.05 reduced by a factor of 10 every 30 epochs, and momentum of 0.9. Data
augmentation with random crop and horizontal flipping was applied on training
phase, while on test, only center crop was used.
The experiments were implemented in PyTorch (version 1.2.0) and performed
on a machine equipped with two 10-core Intel Xeon E5-2630v4 2.2 GHz processors, 64 GBytes of DDR4-memory, and 1 NVIDIA Titan Xp GPU. The machine
runs Linux Mint 18.1 (kernel 4.4.0) and the ext4 file system.
Section 5.1 compares the performance of the different strategies used to reduce the number of channels from 192 to 64 before feeding them to the network.
Section 5.2 shows the effects of reducing the number of layers of the network.
5.1

Effects of reducing the number of channels

Table 1 presents a comparison of the computational costs and the accuracy for
the coarse and fine granularity task for the ImageNet subset, and for the entire
ImageNet. The computation complexity was measured by the amount of floating
point operations (FLOPs) required for passing one image already loaded into the
memory through the network and by its number of parameters. The value inside
parentheses is the number of input channels at the initial stage of each network.

Table 1. Comparison of computational complexity (GFLOPS), number of parameters,
and accuracy for the original ResNet-50 with RGB inputs and networks using DCT
with different strategies to reduce number of input channels.
Computational Cost
Approach
RGB (3x1) [6]
DCT (3x64) [5]
DCT + FBS (3x32) [16]
DCT + FBS (3x16) [16]
DCT + LP (1x64)
DCT + LA (1x64)
DCT + CCPP (1x64)

GFLOPs

Params

3.86
5.40
3.68
3.18
3.20
3.20
3.20

25.6M
28.4M
26.2M
25.6M
25.6M
25.6M
25.6M

Accuracy
ImageNet Subset
ImageNet
Fine
Coarse
76.28
96.49
73.46
70.28
94.15
72.33
69.79
94.53
70.22
68.12
93.92
67.03
70.08
93.17
69.62
69.15
94.23
69.96
70.09
94.85
69.73
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For both tasks on the ImageNet subset, the RGB-based network performed
better than the DCT-based ones. In the fine-grained task, the network of Gueguen
et al. [5] achieved the highest accuracy among the DCT-based networks, but also
have the highest number of parameters and computational complexity, even compared to the RGB-based network. Similar results were obtained by the networks
of Santos et al [16] and ours in terms of accuracy however greatly reducing the
computational complexity and number of parameters. In the coarse-grained task,
our LA and CCPP networks yielded better results than that of Gueguen et al. [5]
and a similar performance to the DCT + FBS (3x32) of Santos et al. [16].
On the full ImageNet dataset, the network of Gueguen et al. [5] also achieved
the highest accuracy, whereas the results obtained for those of Santos et al. [16]
and ours were similar, with the advantage of reducing the network computation
complexity. Among the strategies we proposed, LA performed slightly better
than LP and CCPP. Compared to the networks of Santos et al. [16], our strategies
yielded a similar accuracy to DCT + FBS (3x32), while having a computational
complexity similar to DCT + FBS (3x16), showing that the use of smarter
strategies to learn how to reduce the number of input channels is promising.
The computational complexity and number of parameters of all our strategies (LP, LA, and CCPP) are identical and better than the original ResNet-50,
proving to be effective for accelerating computation without sacrificing accuracy.
5.2

Effects of reducing the number of layers

When stages of the network are skipped, we need to decrease or increase the DCT
inputs in order to match the amount of channels expected at the initial stage in
which they are provided as input. For this, we use the CCPP method, since the
results for all the strategies presented in Section 4.1 were similar. This strategy
was chosen because it is commonly applied in CNNs in order to obtain channelwise projections of the feature maps, like in depthwise separable convolutions [1].
Table 2 presents the computational complexity and number of parameters of our
ResNet-50 using DCT as input when skipping different stages.
Table 2. Comparison of computational complexity (GFLOPS) and number of parameters for our ResNet-50 using DCT as input when skipping different stages and using
the CCPP to accommodate the amount of channels expected at the initial stage.
Approach
GFLOPs Params
Skip the first stage
3.20
25.6M
Skip the first and second stages
2.86
25.1M
Skip the first, second, and third stages
8.26
23.9M
Skip the first, second, third, and fourth stages 10.76
15.8M

As it can be seen, skipping the first and second stages was beneficial, reducing the computational complexity and number of parameters of the network.
However, as more stages were skipped, although the number of parameters is
decreased, the computational complexity is greatly increased. This is due to the
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decreased strides at the early blocks of the initial stage. For this reason, the
skipping of the first and second stages is the only setting considered in the next
experiments, since only it saves the computational costs of the network.
Table 3 compares the computational complexity, number of parameters, and
accuracy between state-of-the-art methods and our proposed strategy, which
skips the first and second stages and uses CCPP to accommodate DCT inputs.
Skipping the first and second stages benefited not only computational costs of
the network, but also its accuracy. In both tasks on the ImageNet subset, this
modification led to the best performance among the DCT-based networks. On
the full ImageNet dataset, it achieved the second best accuracy among the DCTbased networks, behind only the modified ResNet-50 of Gueguen et al. [5], whose
computational complexity and number of parameters are considerable bigger.
Table 3. Comparison of computational complexity (GFLOPS), number of parameters,
and accuracy for the original ResNet-50 with RGB, state-of-the-art networks designed
for DCT, and our strategy for reducing the number of input channels and layers.
ImageNet Subset
ImageNet
Fine
Coarse
RGB (3x1) [6]
76.28
96.49
73.46
DCT (3x64) [5]
70.28
94.15
72.33
DCT + FBS (3x32) [16]
69.79
94.53
70.22
DCT + FBS (3x16) [16]
68.12
93.92
67.03
DCT + CCPP (1x64)
70.09
94.85
69.73
DCT + CCPP + skipping 1st and 2nd stages (1x128) 71.21
94.84
70.49
Approach

6

Conclusion

In this paper, we addressed the efficiency issues of CNNs designed for the JPEG
compressed domain. More specifically, we speeded-up a modified version of the
ResNet-50 proposed by Gueguen et al. [5] and improved by Santos et al. [16].
Although these proposals are effective, they introduced changes in the ResNet50 [6] that either raised the computational costs or lost relevant information from
the input. In contrast, we explored smart strategies to reduce the computational
complexity without discarding useful information.
We conducted experiments on the ImageNet dataset, both in a subset and in
the whole. Our results on both datasets showed that learning how to combine all
DCT inputs in a data-driven fashion performs better than the FBS technique of
Santos et al. [16], where the DCT inputs are discarded by hand. Also, we found
that skipping some stages of the network is beneficial, proving to be effective for
reducing the computational complexity while retaining accuracy.
As future work, we intend to evaluate other learning strategies for accelerating computation without sacrificing accuracy. Also, we want to evaluate the
use of our strategies with other network architectures, like EfficientNet [17] and
MobileNet [7]. In addition, we also plan to extend the ideas applied on networks
designed for JPEG images to those devised for MPEG videos [15, 14].
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Abstract. The task of person re-identification has important applications in security and surveillance systems. It is a challenging problem
since there can be a lot of differences between pictures belonging to the
same person, such as lighting, camera position, variation in poses and
occlusions. The use of Deep Learning has contributed greatly towards
more effective and accurate systems. Many works use attention mechanisms to force the models to focus on less distinctive areas, in order to
improve performance in situations where important information may be
missing. This paper proposes a new, more flexible method for calculating these masks, using a U-Net which receives a picture and outputs a
mask representing the most distinctive areas of the picture. Results show
that the method achieves an accuracy comparable or superior to those
in state-of-the-art methods.
Keywords: Attention · Person Re-Identification · Feature Extraction ·
Deep Learning

1

Introduction

Person re-identification (re-ID) consists of matching a query image of an individual to other pictures of that same individual. The pictures are taken from a
system of different cameras, each with a different view. Hence, this problem has
important applications in security and surveillance systems. This task can be
quite challenging, due to the differences in the position of the cameras, where
the face of the person might not be visible, the possibility of occlusions, the large
variation in poses, and differences in the background.
In the past, the problem of person re-ID was treated as a classification problem, and a common strategy was to use handcrafted features [11–13, 15, 26, 32].
This was due to the small size of the datasets available in the past. With the
rising interest in solutions for this problem, more complex datasets have been created. These new datasets include more identities and more pictures per identity.
The approach to the problem has also changed with the use of Deep Learning,
where instead of using handcrafted features, the networks encode the images by
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extracting relevant information into feature vectors that can be used to compare
different images, using simple distance metrics [4, 17, 21, 23, 28].
The use of the same datasets, with the same train-test splits, allows to benchmark different methods, in order to compare their performance. Measures such
as the Mean Average Precision (mAP) and the Cumulative Match Characteristic
(CMC) curve are commonly used to compare the results.
One of the most commonly used loss functions is the Triplet Loss, which
modifies the embedding space to pull together pictures belonging to the same
person, and to push apart pictures of different identities [6]. This loss is also used
with a batch mining process, which makes training more effective by choosing
triplets where the error of the network is higher [8].
Many works also use attention mechanisms to force the network to focus
on less distinctive areas, in order to improve performance in situations where
important information may be missing [4, 10, 17, 21, 22].
In [4], the authors propose a method that randomly drops part of the input
images in order to force the network to include less distinctive areas in the
creation of the feature maps. This leads to a more robust network capable of
performing better in situations where information may be missing or occlusions
might occur.
In order to improve results, Quispe and Pedrini [17] proposed a method that
instead of dropping random parts of the image, created an activation map. This
allowed them to drop areas of the image with highly distinctive information, in
order to force the network to perform better in situations where information was
missing, by using less distinctive information. Although this method calculates
which parts of the image it should drop, it can only drop horizontal stripes,
which is limited and might lead to suboptimal results.
In this paper, we present a more flexible method, capable of calculating such
masks using an auxiliary segmentation model, which allows it to define masks of
any shape. This also removes the constraint of deriving the mask directly from
the activations, which allows us to calculate the mask in a less predetermined
manner.

2

Proposed Methodology

The proposed method is comprised of two networks. The feature extraction network uses a ResNet-50 backbone [7], pretrained on ImageNet [5]. This network
receives as input an image and outputs a vector containing 512 features. This
feature vector can be used to compare different pictures by computing their
euclidean distance. After the network is trained, pictures containing the same
individuals will have features vectors with a small distance and pictures with
different individuals will have feature vectors with a large distance. These feature vectors allow us to sort a gallery of images. This is achieved by taking a
query image and computing its distance to each image in the gallery.
This method also makes use of a mask generation network, to make the feature extraction network more robust. The mask generation network is trained to
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output a mask that highlights the parts of the image that the feature extraction
network is using to generate the feature vector. To make the feature extraction
network more robust we hide 30% of the image, by choosing the pixels where
the mask has the highest values. This forces the feature extraction network to
extract relevant information from other parts of the image. We set the drop ratio
to 30% as it was the recommended value in [4].

2.1

Network Architecture

Feature Extractor The backbone is comprised of a ResNet-50 Network, pretrained on ImageNet. Using a pretrained backbone helps our model to more
easily extract relevant features in an image, by using previously learnt filters.
The last layer of the ResNet-50 network was removed, therefore the output from
the ResNet-50 model is a feature vector of shape 2048x1x1 (channels, height and
width respectively). Then we added a convolutional layer with 512 filters, with
a kernel size of 1 × 1 and stride 1 × 1, followed by batch normalization and ReLU
activation.
The output of the network is a template that can be used to match individuals. This template is a unidimensional vector containing 512 features, that
describes the picture of the person that was passed to the network. The picture
is matched against a gallery of pictures containing a variety of different individuals, by computing the euclidean distance between the feature vectors and
sorting the gallery based on the distance metric.

Mask Generator The mask generation part of the model is performed by a UNet [20], with an encoder that reduces the resolution at each level, and a decoder
that increases the size back to its original resolution. The U-Net features skip
connections between layers of the encoder and the decoder that have the same
resolution. This allows the transmission of information between layers, which
avoids information loss during the encoding and decoding process.
The encoder is composed of 9 Convolutional layers and 4 Max-Pooling layers
distributed over 5 resolution levels. Convolutional layers have 32 − 512 filters,
with a size of 3 × 3 and stride 1 × 1, each followed by a Batch Normalization
layer and a ReLU activation function. Max-Pooling layers use a window size of
2 × 2 and a stride of 2 × 2, which reduces the resolution by a factor of 2 at each
level.
The decoder mirrors the architecture of the encoder with convolutional and
deconvolutional layers. Convolutional layers have 32 to 512 filters, with a size of
3×3 and stride 1×1, each followed by batch normalization and ReLU activation.
Deconvolution Layers have 32 − 256 filters with a size of 2 × 2 and stride 2 × 2,
which increases resolution by a factor of 2.
The final layer is a Convolutional layer and has one filter with size 1 × 1
and stride 1 × 1, followed by a sigmoid activation function to have pixel values
between 0 and 1 for the mask.
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2.2

Loss

Feature Extractor The feature extraction model uses the triplet loss, the goal
of this loss function is to reduce the distance between feature vectors of pictures
belonging to the same individual, and to increase the distance between feature
vectors of pictures belonging to different individuals. In the experimental settings
section, we go over the selection process of the triplets.
The triplet loss can be written as:
Ltriplet (F ) = Ea,p,n [max(||F (a) − F (p)||2 − ||F (a) − F (n)||2 + m, 0)].

(1)

where F is the feature extractor, a is the anchor image, p is the positive image,
n is the negative image and m is the margin.
When both models are being trained simultaneously we take a weighted sum
of the triplet loss of the regular images and the triplet loss of the images with
the mask applied.
Lextractor (F ) = λ1 Ltriplet (F ) + (1 − λ1 )Ltripletwithmask (F ).

(2)

where Ltripletwithmask is the triplet loss applied to masked images (where some
parts of the image has been removed to force the network to get relevant information from less distinctive areas).
Mask Model In order to generate a mask that highlights the areas of the image
that the feature extractor is using to calculate the feature vector, we use several
losses combined.
The first component can be written as:
Lidentity (M ) = Ea [mse(F (a), F (M (a) × a)].

(3)

where mse is the mean squared error between two vectors, a is an image, M is
the U-Net that generates the masks and F is the feature extractor. M (a) is the
mask generated for image a, and M (a) × a is the resulting image after applying
the mask to image a.
The problem with this loss is that it will make the output of the mask model
a mask filled with ones. This will make M (a) × a equal to a, minimizing the
previous loss. This is not what we want, as our goal is to make the relevant
pixels equal to one while making non-relevant pixels equal to zero. In order to
achieve this we add a second loss component:
Lsparsity (M ) = Ea [mean(M (a))].

(4)

where M (a) is the mask generated for image a. This loss function aims to reduce
the mean value of the masks, in order to solve the previous problem.
In addition to both of these losses, we need to make the mask contiguous, in
order to select an area of the image, and not single and separated pixels.
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Hence, we add the third loss component:
Lcontiguity (M ) = Ea [

1 X
|M (a)i+1,j − M (a)i,j |
h × w i,j

(5)

+ |M (a)i,j+1 − M (a)i,j |].
where M (a)i,j is the value of the mask at index (i, j). This loss calculates the
difference of consecutive pixels of the mask (vertically and horizontally), then it
calculates the absolute value and finally the mean.
The final loss function becomes:
Lmask (M ) = λ2 Lidentity (M ) + (1 − λ2 )(Lsparsity (M ) + Lcontiguity (M )), (6)
where Lsparsity and Lcontiguity losses are adapted from [18].

3
3.1

Experimental Settings
Data

The proposed model was trained on three datasets that are commonly used in
the person re-identification problem.
Market1501 dataset [30] contains data collected from six cameras, on an open
environment, in Tsinghua University. It contains images of 1501 individuals. 751
individuals are used for training and 750 individuals for testing. There are a
total of 12936 images in the training set, 19732 images in the test set and 3368
query images.
DukeMTMC-reID dataset [19, 34] is a subset of the DukeMTMC dataset.
The original dataset contains 85-minute videos of high-resolution captured from
8 different cameras. It contains images of 1404 individuals. 702 individuals are
used for training and 702 individuals for testing. This dataset contains 16522
images in the training set, 17661 images in the testing set and 2228 query images.
CUHK03 dataset [9] is comprised of images collected from The Chinese University of Hong Kong (CUHK) campus. It contains images from 1467 identities
collected from 5 different pairs of camera views. This dataset contains 7368 images for training, 5328 images for testing and 1400 query images. This dataset
has two versions: labelled and detected. Labelled means that the bounding boxes
were labelled by a human. Detected means that the bounding boxes were estimated by a pedestrian detector. This dataset is prone to missing body parts,
misalignments and occlusions, especially on the ”detected” version, which makes
it more challenging.
3.2

Data Augmentation

There are a couple of pre-processing steps that are applied to the images during training. These improve training, as they make the model more robust to

6

Leonardo Capozzi et al.

changes and avoid overfitting. During training, images are resized to a resolution
of 234 × 117 pixels (height and width, respectively). Then a random section of
the image is cropped, with a size of 224×112 pixels. The image is then randomly
flipped horizontally, with a probability of 0.5. After all these steps are applied
we normalize the images using the mean and standard deviation from ImageNet.
This is needed because we use a pretrained ResNet-50 model, which was trained
with normalized images.
3.3

Training

The proposed model was trained in three stages. The first stage consists of
training the feature extraction model using Ltriplet . The second stage consists
of training the mask model (while keeping the feature extraction model frozen)
using Lmask . The third stage consists of training both models simultaneously using Lextractor for the feature extractor model and Lmask for the mask generation
model. After many experiments we set λ1 = 0.90 and λ2 = 0.95.
Since we are using the triplet loss we need a strategy to select the triplets
that maximize the error of the network. Choosing triplets randomly is not a
viable strategy, as the network can easily adapt itself to most pictures. This
would result in a loss of progress, as the majority of the selected triplets would
already have a difference in distances larger than the margin. To overcome this
issue we used batch hard triplet mining [8].
Due to GPU memory constraints we used a batch size of 60 pictures (20
individuals and 3 pictures per individual).
We train the model for 50 epochs on the first stage, 25 epochs on the second
stage and 100 epochs on the third stage.
For the feature extraction model we used the Adam optimizer with a learning
rate of 2×10−4 as the default learning rate of 1×10−3 would make the pretrained
ResNet-50 model unstable and led to a collapsed model, where every feature
vector outputted by the model had the same values. The learning rate of 2×10−4
worked well for every dataset tested.
For the mask model we used the Adam optimizer with the default values.

4

Results and Discussion

To evaluate the performance of the model we used the mean average precision
(mAP) and the rank-1 accuracy. We computed these values for the test sets of
the Market1501, DukeMTMC-reID dataset and CUHK03 dataset. There are two
versions of the CUHK03 dataset, labelled (L) and detected (D).
After training the model with the Market1501 dataset the model attained
a mAP of 63.9% and a rank-1 accuracy of 97.4%. On the DukeMTMC-reID
dataset, the model reached an mAP of 61.1% and a rank-1 accuracy of 90.2%.
On the CUHK03(L) dataset the model attained an mAP of 69.0% and a rank-1
accuracy of 93.4%. On the CUHK03(D) dataset the model reached an mAP of
66.9% and a rank-1 accuracy of 92.7%.
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Table 1. Comparison to state-of-the-art approaches

Method
IDE [31]
PAN [33]
DPFL [3]
HA-CNN [10]
PyrNet [14]
Auto-ReID [16]
MGN [24]
DenSem [27]
MHN [1]
ABDnet [2]
SONA [25]
OSNet [35]
Pyramid [29]
Top-DB-Net [17]
Proposed

Market1501
mAP rank-1
46.0 72.5
63.4 82.8
73.1 88.9
75.7 91.2
86.7 95.2
85.1 94.5
86.9 95.7
87.6 95.7
85.0 95.1
88.2 95.6
88.6 95.6
84.9 94.8
88.2 95.7
85.8 94.9
63.9 97.4

DukeMTMC-ReID
mAP
rank-1
47.1
67.7
51.5
71.6
60.0
79.2
63.8
80.5
74.0
87.1
–
–
78.4
88.7
74.3
86.2
77.2
89.1
78.5
89.0
78.0
89.2
73.5
88.6
79.0
89.0
73.5
87.5
61.1
90.2

CUHK03 (L)
mAP rank-1
21.0 22.2
35.0 36.9
40.5 43.0
41.0 44.4
68.3 71.6
73.0 77.9
67.4 68.0
75.2 78.9
72.4 77.2
–
–
79.2 81.8
–
–
76.9 78.9
75.4 79.4
69.0 93.4

CUHK03 (D)
mAP rank-1
19.7 21.3
34.0 36.3
37.0 40.7
38.6 41.7
63.8 68.0
69.3 73.3
66.0 66.8
73.1 78.2
65.4 71.7
–
–
76.3 79.1
67.8 72.3
74.8 78.9
73.2 77.3
66.9 92.7

Comparing the results to other state-of-the-art methods (table 1) we can see
that our model has the best results regarding the rank-1 accuracy metric.
Regarding the mAP score, our method is slightly inferior, but aligned, to the
alternative methods. This might suggest that our method is better at making a
single prediction (as it has a better rank-1 accuracy than other methods) but
feels greater difficulty in sorting the whole gallery. To solve this problem we could
add multiple streams (or networks), as in [4, 17]. This would make the training
more stable, since training with the masked images could have the opposite effect
of what we want to achieve, which is to force the network to use less distinctive
features to compute the feature vector, making the model more accurate.
Figure 1 shows the masks that were generated by our mask generation model.
We select 30% of the pixels with the highest values and hide them, therefore black
areas represent zones of high importance to our feature extraction model, while
white areas represent zones of low importance. During training, we hide the high
importance zones, in order to force our feature extraction model to use other
parts of the image to generate the feature vectors. In figure 1 we can see that
the mask generation model almost always tries to hide the person’s face, as this
is one of the most important attributes of the person for identification. It also
hides information about clothing and other things that the feature extraction
model finds useful.

8

Leonardo Capozzi et al.

Fig. 1. Masks generated by our method (the hidden parts are areas of high importance).

5

Conclusion

The proposed model generates masks that represent areas of the image with
important information for the identification process. In order to improve the
performance of our feature extraction algorithm, we train it with original images,
and images with missing information. This forces the model to use less distinctive
areas to compute the feature vector, which leads to better results.
Upon evaluation on three popular datasets, we show that the performance of
the algorithm is superior to the alternatives regarding the rank-1 accuracy. However, when using the mAP metric the proposed algorithm was slightly inferior,
but aligned, to the alternatives.
The process of removing information from the images could add noise and
have the opposite effect that we want to achieve, making the training process
unstable and decreasing the performance of the model. We tried to balance
the losses to avoid this, but further efforts should be devoted to improving the
architecture of the model, adding different streams to minimize the effects of
removing information [4, 17]. These changes could improve the performance of
the model on the mAP metric.
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Abstract. Semantic hashing is a technique to represent high-dimensional
data using similarity-preserving binary codes for efficient indexing and
search. Recently, variational autoencoders with Bernoulli latent representations achieved remarkable success in learning such codes in supervised
and unsupervised scenarios, outperforming traditional methods thanks
to their ability to handle the binary constraints architecturally.
In this paper, we propose a novel method for supervision (self-supervised )
of variational autoencoders where the model uses its own predictions of
the label distribution to implement the pairwise objective function. Also,
we investigate the robustness of hashing methods based on variational
autoencoders to the lack of supervision, focusing on two semi-supervised
approaches currently in use. Our experiments on text and image retrieval
tasks show that, as expected, both methods can significantly increase the
quality of the hash codes as the number of labelled observations increases,
but deteriorates when the amount of labelled samples decreases. In this
scenario, the proposed self-supervised approach outperforms the classical
approaches and yields similar performance in fully-supervised settings.
Keywords: Hashing · Variational Autoencoder · Neural Networks.

1

Introduction

Given a dataset D = {x(1) , x(2) , . . . , x(N ) }, with x(`) ∈ X ∀` ∈ [N ], similarity
search is the problem of finding the elements of D that are similar to a query
object q ∈ X, not necessarily in D. If X is equipped with a similarity function3
s : X × X → R and n is small, a simple approach to solve this problem is a linear
scan which consists in comparing q with all the elements in D and returning x(`)
if s(x(`) , q) is greater than some threshold θ. The value of θ is predetermined
and can be computed either to return exactly k elements or chosen to maximize
information retrieval metrics [1]. If X ⊂ Rd , with small d, tree-based indexing
such as KD-trees are used to perform efficient scans when N is large. However,
if d is large, the computational performance of these methods quickly degrades.
Semantic hashing aims to learn a similarity-preserving hash function h(x) ∈
{0, 1}B that maps similar data to nearby positions in a hash table, preventing
3

A high value in this function means that the objects are more similar.
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undesirable collisions. Similar items to a query q can be easily retrieved by
simply accessing all the table cells that differ a few bits from h(q). Since binary
codes are storage-efficient, these operations can be performed in main memory
even for very large datasets [15]. Although classical hashing algorithms based
on randomized methods are able to preserve specific and well-known similarity
functions (e.g. cosine) [8], the methods based on machine learning (ML) can
significantly reduce the number (B) of bits required to preserve similarity by
leveraging available real data.
In this context, two different supervision schemes are currently in use. The
pointwise supervision augments the training objective to predict the label distribution of a training pattern [3]. The pairwise supervision leverages the labels
to define an additional objective component in which pairs of items with the
same label are required to have similar hash codes. This latter approach yields
state-of-the-art performance [4] assuming as known the labels of all the training
examples. However, in many real-world cases, obtaining labelled data is difficult
and time-consuming, thus understanding the efficacy of the current methods
when annotations are scarce is extremely important.

2

Related Works

The representation of high-dimensional data using binary codes that preserve the
semantic content and support efficient indexing has been extensively studied.
Unsupervised methods rely purely on the properties of the points to indexing.
For instance, Iterative Quantization (ITQ) [6] computes the codes by applying
PCA followed by a rotation that minimizes the quantization error arising from
thresholding. Spectral Hashing (SpH) [20] poses hashing as the problem of partitioning a graph that encodes information about the geometry of the dataset.
Recently, more flexible unsupervised models based on autoencoders have been
proposed. In [2], a classic (deterministic) autoencoder is trained to minimize the
reconstruction error with an explicit constraint for handling the quantization error. The method proposed in [5] employs a deeper architecture for the encoder.
Experimental results [2,5] suggest that hashing methods based on autoencoders
can outperform other deep learning methods [13].
Supervised approaches leverage information about the semantic of the items
in the dataset to improve the hash codes. Pointwise methods [19] use labels to
implicitly enforce consistency between the codes and the annotations. Pairwise
methods assume the pairs of objects to be annotated as similar and attempt
to preserve these similarities explicitly. In [13] pairwise similarity relations are
derived from class labels and integrated into the training objective of a neural
network. Deep methods that leverage information from triplets or lists have also
been proposed [12]. A different type of supervision that is often combined with
deep learning techniques is known as self-taught hashing [22].
Hashing methods tailored to semi-supervised scenarios, in which labelled and
unlabelled samples are available, have been studied in the last years. The method
in [5] extends the objective function of a traditional (unsupervised) autoencoder
with a term based on pairwise supervision. In [18], the authors present various
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methods based on linear projections, which combine pairwise supervision with an
unsupervised learning goal inspired in information theory (max entropy). In [16],
pointwise and pairwise supervision schemes are combined with spectral methods
[20]. Building on the idea of self-training [17], the authors in [21] propose a classic
approach to leverage partially labelled datasets where label representations and
hash codes are learned together in the model.
In this work, we extend the approaches presented in [3,14,4] with a focus on
semi-supervised scenarios. In particular, the proposed method can learn label
representations and hash codes simultaneously, and while incorporating an explicit unsupervised mechanism, with the supervised one being complementary.

3

Methods

3.1 Generative Model and Bernoulli Autoencoders
As in [14], we pose hashing as an inference problem, where the goal is to learn
a probability distribution qφ (b|x) of the code b ∈ {0, 1}B corresponding to an
input pattern x. This framework is based on a generative process involving
two steps: (i) choose an entry of the hash table according to some probability
distribution pθ (b), and (ii) sample an observation x indexed by that address
according to a conditional distribution pθ (x|b). The parameters of this random
process are learnt in such a way that it approximates the real data distribution.
According to [10], the distribution qφ (b|x) is called encoder, and the distribution pθ (x|b) decoder. In the original formulation, qφ (b|x) is a Gaussian distribution N (µφ (x), σφ2 (x)) and binary codes are obtained by thresholding µφ (x)
around its empirical median [3]. Instead, in Bernoulli variational autoencoders
(B-VAEs), the encoder is a multi-variate Bernoulli distribution Ber(α(x)) with
activation probabilities α(x). This choice permits to handle the binary constraint
underlying hashing architecturally, creating an inductive bias that can reduce
the quantization loss incurred from thresholding Gaussian representations [14].
3.2 Parametrization by Neural Nets
To learn flexible non-linear mappings, the activation probabilities of the encoder
α(x) can be represented using a neural net f (x; φ) whose architecture can be
chosen according to the specific dataset. Usually, the model is composed by L
fully-connected layers f1 ◦ . . . fL−1 ◦ fL , where f1 : X → Rn1 accommodates
the input data (a feature vector) and fL : RnL → [0, 1]B produces the activation probabilities. The latter is usually obtained by using a layer of independent
sigmoid neurons [7]. The architecture for the decoder depends also on the application. In text and image retrieval applications it is common to represent data
using normalized features xi ∈ [0, 1] (word frequencies or pixels). In this case
g(b; θ) can be implemented using a net g1 ◦ . . . gL0 −1 ◦ gL0 that ends with a layer
of sigmoid neurons (other layers can use other activations, e.g. ReLU).
3.3 Unsupervised Training
As illustrated in Fig.1, the composition an of an encoder pθ (x|b) and a decoder qφ (b|x) leads to a stochastic auto-encoder. This model can be trained
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n an unsuperv sed fash on us ng var at ona methods 10 Accord ng to 14
f S = {x(1) x(2)
x(n) } denotes the set of tra n ng examp es the negat ve
og- ke hood correspond ng to a s ng e data po nt x(`) ∈ S s upper bounded
by the fo ow ng oss funct on
i
h
(`)
b) + og qφ (b x(`) )
(1)
L(`)
) − og pθ (x
un up = Eqφ (b x
i
h


= Eqφ (b x ) − og pθ (x(`) b) +λ DKL qφ (b x(`) ) pθ (b)
|
{z
}
|
{z
}
L1

L2

The term L1 measures the expected error n the reconstruct on of x from
the hash code b For nstance f the decoder uses a Gauss an d str but on L1 s
proport ona to the squared oss kx̂−xk2 between the decoder s output x̂ and the
or g na observat on x The term L2 measures the Ku back-Le b er d vergence
between the target d str but on of the encoder qφ (b x) and a pr or d str but on
pθ (b) In the context of hash ng w th Bernou autoencoders pθ (b ) s chosen as
Ber(0 5) ∀i ∈ B wh ch expresses a preference for ba anced hash tab es Th s
cho ce a ows comput ng L2 ana yt ca y 14
3.4 Semi-Supervised Training
In presence of tra n ng examp es S = {x(`) } annotated w th c ass abe s that
descr be the semant c content y (`) ⊂ Y = {t1 t2
tK } the unsuperv sed
object ve can be further expanded Hereafter we assume that the annotat ons are
one-hot encoded as probab ty d str but ons e yj = 1 f x ∈ S are annotated
w th a abe tj and yj = 0 otherw se To accommodate the sem -superv sed
scenar o we assume that on y the first s  n examp es from S are abe ed
Pointwise Supervision. A s mp e way to gu de the mode towards a more d scr m nat ve atent representat on s to mpose the earn ng p(x) and p(y x) s mu taneous y More spec fica y f the neura net mp ement ng the encoder s
f = f1 ◦
fL−1 ◦ fL we burden the mode w th the task of nferr ng p(y x)
from the representat on z = f1 ◦
◦ fL−1 computed mmed ate y before the
b t-act vat on probab t es α(x) Th s approach s ustrated n F g 1 Intut ve y f two patterns x(1) x(2) have the same annotat ons the mode shou d
earn p(y x(1) ) ≈ p(y x(2) ) S nce p(y x) s computed from z we shou d have
p(y x(1) ) ≈ p(y x(2) ) ⇒ z (1) ≈ z (2) However the codes a so are computed from
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z, then we expect z (1) ≈ z (2) ⇒ b(1) ≈ b(2) . Therefore, the model learns those
patterns with the same annotations allocated in nearby addresses of the hash
table. This means that the model allows to preserve similarities between objects in the generated latent space. We can approximate the distribution p(y|x),
augmenting the autoencoder with an extra fully connected layer ŷ(z; ψ). The
parameters ψ of this layer can be jointly alongside the rest of the architecture
to minimize the cross-entropy loss between the predicted label distribution for a
labelled example x(`) and the ground-truth. In the simplest case (one-hot vectors
representing mutually exclusive labels), the loss can be expressed as follows:
h
i
X (`)
(`)
(`)
L(`)
log pψ (y|x(`) ) = −
yk log ŷk .
(2)
sup = −E y
k

Pairwise Supervision. A more straightforward way to preserve the similarities
in the code space and the label space is by equipping the model with a pairwise
0
loss function. If b(`) and b(` ) denote the codes assigned to a pair of exam0
0
ples x(`) , x(` ) sampled from the labelled dataset, and y (`) , y (` ) denote their
ground-truth labels, a loss that penalizes/rewards differences between the codes
of similar/dissimilar pairs is
(`,`0 )

0

0

0

0

Lpair = I(y (`) = y (` ) )D+ (b(`) , b(` ) )

(3)

− I(y (`) 6= y (` ) )D− (b(`) , b(` ) ) ,
where D± denote distance functions in the Hamming space. Usually, D+ is
0
chosen to be the standard Hamming distance kb(`) − b(` ) kH , but D− is reduced
0
according to D− = −(ρ − kb(`) − b(` ) kH )+ to avoid wasting efforts in separating
dissimilar pairs beyond a margin ρ. This loss is also employed in a plethora of
hashing algorithms and variational autoencoders [4].
Self-Supervision. Both the pointwise and the pairwise supervision schemes suffer
the lack of labelled examples, which is the most common case when dealing with
real-world data. In particular, a hashing algorithm based on pairwise loss usually
deteriorates even faster than a method using pointwise supervision because of
relevant reduction in the number of pairs that can be generated reduces, which
is the squared of the fraction of the training set whose label is known (ρ). We
propose a self-supervised learning mechanism in which the ground-truth labels
required in Eq.(3) are substituted by the predictions of the pointwisely supervised layer of the autoencoder (ŷ(z; ψ)).
To formally define the self-supervised loss function, we express Eq. (3) in
0
0
matrix form. Since y (`)T y (` ) = 0 if the points x(`) , x(` ) have different labels
0
(y (`)T y (` ) = 1 otherwise), the pairwise loss can be rewritten as
(`,`0 )

0

0

+
−
(`)T (` )
Lpair = y (`)T y (` ) D`,`
y )D`,`
0 − (1 − y
0 ,

(4)

0

±
± (`) (` )
where D`,`
, b ). Then, the self-supervised
0 is used as short-hand for D (b
loss is defined as
(`,`0 )

0

0

+
−
(`)T (` )
Lselfsup = ŷ (`)T ŷ (` ) D`,`
ŷ )D`,`
0 − (1 − ŷ
0 .

(5)
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Intuitively, minimizing the pointwise loss in Eq. (2) requires fewer annotations than learning a label-consistent hash function. Thus, after some training
rounds ŷ (`) approximates y (`) for many unlabelled observations. Notice that in
this formulation the label distribution in Eq. (5) is trainable and the loss can be
examined as a function of the labels ŷ assigned by the algorithm to the different
points of the Hamming space. We can rewrite the self supervised loss as:
(`,`0 )

0

+
−
−
(`)T (` )
Lselfsup = (D`,`
ŷ
− D`,`
0 + D`,`0 )ŷ
0 .

(6)

We can see that the loss function penalizes correlations between the label distri+
−
0
butions proportionally to D`,`
0 + D`,`0 . The loss is 0 if and only if pairs (`, ` ) for
which D± > 0 get assigned orthogonal label distributions. Since there is a finite
number of (normalized) distributions on Y which are mutually orthogonal, the
proposed loss is minimized by reserving a different labelling to distant regions
of the Hamming space (D±  0).
3.5 Efficient Implementation
The final objective function for training the autoencoder in semi-supervised scenarios based on self-supervised approach is the following:
Xn
Xs
Xn
(`,`0 )
(`)
L=
Lunsup
+β
L(`)
Lselfsup
(7)
sup + α
0
`=1

`=1

`,` =1

where β, α > 0 are hyper-parameters. Note that only the supervised loss Lsup is
computed on labelled instances. The unsupervised loss and the self-supervised
loss are computed using all the available observations.
We optimize (7) using backpropagation. Indeed, thanks to the GumbelSoftmax estimator [9], we can efficiently compute the gradients of L(`)
unsup and
(`,`0 )

Lselfsup w.r.t. all the model’s parameters φ, θ, ψ. Being ŷ (`) independent on the
stochastic layer, the gradients of L(`)
sup can be computed classically. However, the
direct computation of the total loss has quadratic computational complexity in
the number of examples. As sketched in Alg.1, we circumvent this problem by
(`,`0 )
forming the pairs required for Lselfsup at a mini-batch level. In this way, the computational cost of the algorithm is only O(nM ), where M is the mini-batch size
which can be considered a (small) constant.

4

Experiments

We conduct experiments to compare different semi-supervised variational autoencoders in scenarios of label scarcity.
Data. The text retrieval tasks are defined on three annotated corpora: 20 Newsgroups, containing 18000 newsgroup posts on 20 different topics; TMC containing 28000 air traffic reports annotated using 22 tags; and Google Search Snippets,
with 12000 short documents organized in 8 classes (domains). We define an image
retrieval task using the dataset CIFAR-10, containing 60000 32×32 RGB images
of 10 different classes [11]. To facilitate comparisons, we represent the text using TD-IDF features [3,14]. 20 Newsgroups (hereafter abbreviated 20News) and
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Algorithm 1: SSB-VAE.
1
2
3
4
5
6
7
8
9
10

Input: A set S = {x(1) , . . . , x(n) } and semantic labels y (`) for the first s.
Output: Trained parameters φ, θ, ψ.
Initialize φ, θ, ψ;
while not converged do
Randomly split S into n/M batches of size M ;
foreach mini-batch Bj do
Predict ŷ (`) for any x(`) ∈ Bj ;
Average the gradients of (1) and (5) w.r.t. φ, θ, ψ among all the examples in Bj ;
Average the gradient of (2) w.r.t. ψ among the labelled examples in Bj ;
Perform backpropagation updates for φ, θ, ψ;
end foreach
end while

TMC are splitted in train, validation and test (according to [3]). For Snippets,
a random sampling of 2400 texts is performed (1200 for validation and 1200 for
test) and the rest is used as training test. For CIFAR-10, we use a pre-defined
test set [11] where the images are represented using deep VGG descriptors [5].
A validation set of the same size is randomly sampled from the training set.
Methods. We compare three methods based on variational autoencoders: (1)
VDHS-S, a variational autoencoder proposed in [3] employing Gaussian latent
variables, that combine typical unsupervised learning approach and pointwise
supervision; (ii) PHS-GS, a variational autoencoder proposed in [4] employing
Bernoulli latent variables, that combines unsupervised learning, and both pointwise and pairwise supervision; (iii) SSB-VAE, our proposed method based on
Bernoulli latent variable, unsupervised learning, pointwise and self-supervision.
Implementation. All models are implemented according to the architectures in
[3]. We train the algorithms using 30 epochs, batch size M = 100, and the Adam
learning rate scheduler [7]. The KL weight λ in Eqn. (1) is fixed to the values
reported in [14]. The parameters β and α required for PHS-GS and SSB-VAE
are selected on the validation set, using a logarithmic search grid in the range
[10−6 , 106 ]. For a fair comparison, we also allow VDHS-S to select the weight of
the supervised loss in the objective function. The scores reported in figures and
tables are obtained as an average over 5 runs. The experiments are implemented
using Python 3.7 with TensorFlow 2.1 and executed on a GTX 1080Ti. 4
Evaluation. To evaluate the effectiveness of the hash codes, each document/image
in the test set is used as a query to search for similar items in the training set.
Following previous works [4,5], a relevant search result is one which has the
same ground-truth label (topic) as the query. To favour comparisons, the performance is measured using p@100, the precision within the first k = 100 retrieved
documents/images, sorted according to the Hamming distances of their corresponding hash codes to the query. We also compute the mean average precision,
the average of p@k varying k from 1 to the length of the retrieved list. This score
penalizes missing relevant items among the first positions of the list. To assess
the robustness of the algorithms in case of label scarcity, we train and evaluate
4

Our code is made publicly available at https://github.com/amacaluso/SSB-VAE
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Fig. 2. Mean average precision (MAP@100) of the different algorithms for different
levels of supervision. The first row shows the results with 16 hashing bits. The second
row the results with 32 bits.
A)
ρ
0.1
0.3
0.5
0.7
0.9
1.0

20-News

0.589
0.630
0.762
0.815
0.867
0.866

B)
ρ
0.1
0.3
0.5
0.7
0.9
1.0

CIFAR

PSH SSB-VAE VDSH

0.734
0.787
0.824
0.841
0.880
0.878

0.648
0.738
0.788
0.831
0.866
0.876

0.687
0.737
0.818
0.889
0.903
0.906

20-News

0.711
0.762
0.770
0.829
0.870
0.873

0.825
0.847
0.879
0.880
0.901
0.910

0.805
0.820
0.844
0.852
0.863
0.867

0.582
0.705
0.744
0.794
0.831
0.846

0.501
0.542
0.564
0.553
0.644
0.696

0.816
0.849
0.870
0.884
0.906
0.909

0.565
0.620
0.641
0.644
0.648
0.657

0.540
0.576
0.634
0.648
0.656
0.661

PSH SSB-VAE VDSH

0.738
0.757
0.772
0.790
0.806
0.806

Snippets

PSH SSB-VAE VDSH

0.635
0.718
0.820
0.877
0.904
0.906

TMC

PSH SSB-VAE VDSH

CIFAR

PSH SSB-VAE VDSH

0.595
0.678
0.752
0.802
0.826
0.872

Snippets

PSH SSB-VAE VDSH

0.781
0.789
0.811
0.818
0.832
0.836

0.621
0.612
0.614
0.634
0.647
0.641

0.730
0.736
0.743
0.768
0.781
0.788

TMC

PSH SSB-VAE VDSH

0.482
0.569
0.598
0.551
0.635
0.666

0.750
0.759
0.778
0.795
0.813
0.818

0.522
0.580
0.623
0.627
0.647
0.649

PSH SSB-VAE VDSH

0.723
0.740
0.750
0.764
0.768
0.759

0.725
0.751
0.763
0.782
0.803
0.808

0.705
0.719
0.715
0.753
0.770
0.777

Table 1. P@100 of the different methods for different levels of supervision ρ. a) 32
hashing bits and b) 16 hashing bits. The algorithms PHS-GS [4] and VDHS-S [3] are
abbreviated PSH and VDSH.

the models at varying levels of supervision ρ = s/n, the ratio of labelled examples in the training set. Starting from ρ = 1 ( fully supervised setting), we stress
the algorithms reducing ρ till a 10% of supervision.
Results & Discussion. Table 1 shows the precision of the different methods on
the four datasets using code lengths of B = 16 and B = 32 bits. When all the
training instances are labelled (ρ = 1), the model PSH-GS often outperforms
the VDSH-S. This result has been confirmed in other works [4]. However, as the
supervision level decreases the advantage is reduced, specially when ρ ≤ 0.5. For
instance, with only 20% of training images labeled, VDSH-S provides a precision
of 81.6% in CIFAR, 10% over PSH-GS. We see something similar in Snippets
and 20News/32Bits. In this case, the performance of PSH-GS suffers significantly
more the lack of supervision, with a precision loss over 20% in CIFAR, 25% in
20News and 20% in Snippets. To better illustrate this point, we display in Fig.2
the mean average precision (MAP) of the algorithms as a function of ρ.
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In Tab.1 and Fig.2 we can see that the self-supervised method (SSB-VAE),
which uses the ground-truth labels to learn the label distribution and employs
its own predictions to implement the pairwise loss, is much more robust to the
lack of annotations. Its performance decreases more smoothly as the fraction of
labelled instances reduces down, achieving noticeable improvements over PSHGS for small amounts of supervision. This enforces the possibility to use such
approach in semi-supervised scenarios, which is the most common in real-world
data. In Snippets/16Bits, SSB-VAE provides a precision only 2% less than the
precision achieved in the fully supervised case. In the cases of TMC dataset, the
pairwise approach is able to maintain an advantage on VDSH-S almost uniformly
as the supervision becomes lower. If this is the case, the proposed method is still
competitive or better than the best baseline. Although the most significant improvements are obtained for smaller ρ, we also confirm that in scenarios of label
abundance, using pairwise supervision based on the ground-truth distributions
does not give a very significant advantage over the self-supervised approach.
To test the robustness of the proposed method, two types of statistical tests
are also conducted. We employ the Friedman’s test to assess whether there is
enough statistical evidence to reject the hypothesis that the three methods are
statistically equivalent (in terms of p@100), when considering different levels of
supervision. In this design, the method (SSB-VAE, PSH, VDSH) serves as the
group variable, and the level of supervision serves as the blocking variable. In
addition, when rejecting the null hypothesis of Friedman’s test, we compare the
proposed method against PSH and VDSH using the Nemenyi post-hoc test, to
check for statistically significant differences. The p-values are reported in Table
2. In all but two cases we obtain values below 5%.
Table 2. P-values of the Statistical Tests
16 bits
Friedman Test
20-News
Snippets
TMC
CIFAR

5

1.1
7.4
4.5
2.0

×
×
×
×

10−4
10−3
10−5
10−2

32 bits
VDSH Friedman Test

PSH

6.3
1.0
6.5
1.1

×
×
×
×

10−5
10−2
10−2
10−1

3.7
8.9
2.3
1.2

×
×
×
×

10−2
10−1
10−5
10−2

5.0
7.4
2.2
1.8

×
×
×
×

10−4
10−3
10−4
10−3

PSH

4.9
1.0
1.9
1.9

×
×
×
×

10−3
10−2
10−2
10−2

VDSH

1.0
8.9
1.6
2.2

×
×
×
×

10−3
10−1
10−4
10−3

Conclusions

We studied the performance of semi-supervised hashing algorithms based on
variational autoencoders in scenarios of label scarcity. As expected, the models
that explicitly preserve pairwise similarities derived from the annotations, often
yields better results than using pointwise supervision (only), confirming results
of previous works. However, these methods tend to deteriorate more sharply
when the number of labelled observations decreases. To overcome this problem,
we proposed a new type of supervision in which the model uses its own beliefs
about the class distribution to enforce a consistency between the similarities in
the code space and the similarities in the label space. Experiments in text and
image retrieval tasks confirmed that this method degrades much more gracefully
when the models are stressed with scarcely annotated data, and very often outperforms the baselines by a significant margin. In scenarios of label abundance,
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the proposed method is competitive or even better than the best baseline. In
future, we plan to equip the method with adaptive loss weights and extend the
experiments to cross-domain information retrieval.
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Abstract. In a dynamic environment, models tend to perform poorly
once the underlying distribution shifts. This phenomenon is known as
Concept Drift. In the last decade, considerable research effort has been
directed towards developing methods capable of detecting such phenomenons early enough so that models can adapt. However, not so much
consideration is given to explain the drift, and such information can completely change the handling and understanding of the underlying cause.
This paper presents a novel approach, called Interpretable Drift Detector, that goes beyond identifying drifts in data. It harnesses decision
trees’ structure to provide a thorough understanding of a drift, i.e., its
principal causes, the affected regions of a tree model, and its severity.
Moreover, besides all information it provides, our method also outperforms benchmark drift detection methods in terms of false-positive rates
and true-positive rates across several different datasets available in the
literature.
Keywords: Data Streams · Data Stream Mining · Concept Drift · Drift
Detection · Drift Understanding · Decision Tree.

1

Introduction

Data streams are a form of data where elements are produced sequentially and
continuously. Although data streams can be stationary - i.e., their data is drawn
from an unknown fixed probability distribution - for the majority of real-world
scenarios that assumption is just not true, which means that a single probability
distribution is unable to capture the behavior of the data at all the different periods encompassed by the stream. Streaming data normally present non-stationary
characteristics, which could be due to seasonality, gradual or subtle changes in
them. The main drawback of non-stationarity is that models once trained and
fine-tuned to certain scenarios may perform sub-optimally once the data drifts
to a new probability distribution, a phenomenon known as “Concept Drift”. In
supervised learning, a classification task can be defined as follows: y represents
the target variable; and X, the feature variables. Their joint probability distribution at instant t is defined as Pt (X, y) and is also known as “concept” at t.
That way, there is a Concept Drift between two distinct timestamps t0 and t1 if
Pt0 (X, y) 6= Pt1 (X, y) [2].
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The joint probability distribution can be stated as Pt (X, y) = Pt (X)Pt (y|X).
Thus a concept drift is either a mixture of changes in the evidence factor, P (X),
and in the posterior probability, P (y|X), or a result of changes in one of these factors alone. Considering Pt0 (y|X) = Pt1 (y|X) and Pt0 (X) 6= Pt1 (X), we state that
a Virtual Drift occurred between instants t0 and t1 . It is called a virtual drift,
because although the distribution of the feature variables, X, has changed, their
relation to their corresponding target has not changed, and hence the drift does
not affect the models previously trained. Nevertheless, they are still important
for understanding the behaviour of the data and even coming up with a better
model for it. On the other hand, if Pt0 (X) = Pt1 (X) and Pt0 (y|X) 6= Pt1 (y|X),
a Real Drift is acknowledged between instants t0 and t1 . This drift shows the opposite, i.e., the relation between target and feature variables has changed, while
the underlying distribution of the feature variables has not changed. Therefore,
they are highly correlated with the accuracy of the model.
Our framework aims at not only identifying drifts along the stream but also
at providing an overall understanding of them. Recently, [1] presented a broader
vision of Concept Drifts, which they named “Concept Drift Understanding”.
Instead of only focusing on the exact moment a drift happened (When), Concept
Drift Understanding also aims at questioning other aspects of a drift, such as its
severity (How) and the regions of the model most affected by it (Where). That
way, three different questions are raised to drift detection methods: “When”,
“How”, and “Where”. In line with that, we propose another perspective for the
area: “Concept Drift Interpretability”, which is summarized by adding a new
question for the drift: “Why did it happen?”. Our method aims to answer all
these four questions (When, How, Where, and Why) by leveraging decision trees’
structure. That way, we frame our method as a drift interpretability method
rather than a drift detection one.

2

Related Works

Concept Drift Detection is a topic of substantial research in academia. Many
methods have been developed to identify the moment a drift occurs and provide
appropriate windows for retraining the models. The two most common strategies
are based on monitoring a classifier’s performance (Error rate-based detectors)
or monitoring changes in the data’s underlying distribution (Data Distributionbased detectors).
Regarding the classifier’s performance strategy, a popular approach is the
DDM (Drift Detection Method) [3]. This method uses the overall classification
error as the test statistic for a hypothesis test. The method runs the test on a
landmark window. Although commonly used, it has some shortcomings which
motivated the development of other methods. Early Drift Detection Method
(EDDM) changed the DDM by considering the distance between two classification errors as the test statistic, which combined with other changes improved
detection for gradual drifts [4]. DDM for Online Class Imbalanced (DDM-OCI)
[5] approaches the scenario where data is imbalanced by using the minority-class
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recall (True Positive Rate) as test statistic. Many other approaches have been
developed based on the DDM algorithm. Apart from them, Linear Four Rates
(LFR) [8], another drift detection method, proposes to monitor four different
metrics of a confusion matrix (TPR, TNR, PPV, NPV), becoming more resilient
to the different kinds of drift. As it also increases the rate of false positives, Hierarchical Linear Four Rates (HLFR) [9] proposes the addition of a second layer
with a permutation test on the classifier’s accuracy in order to double-check
any drift raised by the LFR algorithm. There are also error rate methods based
on sliding windows for detecting drifts: Adaptive Window (ADWIN) [7], which
cuts a window W in all possible points, looking for two sub-windows with distinct enough averages in order to assume a drift happened and discard the older
sub-window. Statistical Test of Equal Proportions Detection (STEPD) [6], which
compares the overall time window with the most recent time window by applying
a test of equal proportions on the accuracy of the classifier.
Data Distribution-based detectors use a dissimilarity measure to quantify
drift between historical data and the new data. Normally, these methods use
a fixed window to represent the historical data and a sliding window for the
current data. They provide more information regarding the drift, since they act
on their feature variables [1]. Dasu et al. [10] proposed the Information Theoretic Approach (ITA), which uses a kdqTree, to partition the historical window.
This tree is then applied to the current sliding window, and the Kullback-Leibler
ˆ is calculated for each node between historical and current data.
divergence, d,
Then, by consecutively bootstrapping samples from both distribution, it calculates a KL-divergence interval for each node based on a parameter α. If dˆ falls
outside the interval, we assume a drift occurred for the node. There are still
many other approaches for this sort of detector [11–13].

3

Visualizing Drift in Decision Trees

Most drift detection methods focus only on detecting the exact instant a drift
occurred. Nevertheless, there are other aspects of a drift that are also essential,
e.g. identifying affected regions of a model, assessing drift severity and finding
their root causes. This knowledge can significantly impact businesses, since it
enables them to handle the drift properly, understanding why it happened, what
it affected, and correlating it to real-world situations. Deeply comprehending a
drift is an important step into preventing it from happening again.
In order to assess drifting behaviors along the stream, our proposal is to
exploit the structure of decision trees under two different perspective: (i) the
frequency perspective, where nodes are analyzed according to how they segment
their data through their child nodes, Node Frequency Analysis; (ii) and the
accuracy perspective, where accuracies are computed for each node according
to the prediction assertiveness of the observations passing through them, Node
Accuracy Analysis.
Fig. 1 illustrates a synthetic data set with 20000 instances. Note that features
0 and 2 were perturbed to simulate drifts according to a Gaussian noise for
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Fig. 1. Synthetic dataset with variables scaled to [0, 1] interval in order to visualize
perturbations applied to them. First perturbation is applied to variable 0 for the interval
[7000, 9000]; the second is applied to variable 2, from 12000 t0 15000; and the last one
is applied to the target variable (index 10) at the interval [16000, 19000]. The red line
denotes the first 5000 instances which are used for training the decision tree.

the periods [7000, 9000] and [12000, 15000] respectively. Furthermore, the binary
target variable - denoted by the last row in the heat map (index 10) - was also
perturbed using a set of Bernoulli trials with a success probability of 0.9 for
the interval [16000, 19000]. The features were scaled to [0, 1] intervals for better
visualization of their behavior. The first 5000 instances, denoted by the red
vertical line, are selected for training a decision tree of maximum depth of 3 and
the minimum amount of samples in a leaf of 5%. In the next subsections, we use
this dataset to explain the analysis.

3.1

Node Frequency Analysis

Fig. 2. Frequency visualization of the trained decision tree on distinct segments of the
dataset: top left tree comprises the interval [0, 5000] (training tree); top right tree, the
next interval [5000, 10000]; bottom left tree, the interval [10000, 15000]; and bottom
right tree, the interval [15000, 20000].
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The Node Frequency Analysis aims at measuring how frequently each node
is accessed on different periods. Variations on these frequencies give us a hint on
the behavior of the feature variables along the stream. Hence, one can associate
this analysis to the evidence factor, explained in section 1. By monitoring how
the evidence factor varies, we are actually monitoring where possible virtual
drifts are taking place on the stream.
Fig. 2 top left tree illustrates the trained decision tree with each node’s
frequency. A blue palette is used to denote their frequencies. The lighter the
node’s color, the less it is used by the tree. The trained decision tree was tuned,
such that the leaves have a minimum access frequency of 5%, so the tree is
initially balanced. Nevertheless, as the stream goes on, the tree may become
imbalanced, with some nodes presenting drifting behaviors. We investigate this
hypothesis on the other trees, each containing a fraction of the test set, which is
segmented into three periods: [5000, 10000] (first period); [10000, 15000] (second
period); and [15000, 20000] (third period).
By analyzing fig. 2, it is possible to correlate drifts added to the stream
to variations on the nodes’ frequency. The first drift was placed in variable
“att num 0” at the interval [7000, 9000]. If we compare Node #2 for the top trees,
we observe that their frequencies are almost the same (37,34% and 37,94%), but
how they divide the data into their child nodes has changed. On the training set
tree, nodes #3 and #4 have respectively 23,4% and 13,94%, while on the test
set tree for the first period, the frequencies are 29,94% and 8,0%. Furthermore,
when we move to the second period, another drift can be identified. Node #8,
which is related to the variable “att num 2”, also perturbed in the data set,
clearly shows a different segmentation of its data when compared to the training
set tree. Identifying these drifts helps us better understand why the model might
become outdated along the stream.
3.2

Node Accuracy Analysis

The node accuracy analysis is highly related to real drifts. A significant drop
in accuracy for a node means that the hyperspace delimited by the set of rules
that compose the path to this node is not reliable to approximate the target
set’s behavior passing through it anymore. Such variations in the distribution of
a subset of the target variable is essentially the result of changes in the posterior probability, P (y|X). That way, by identifying these nodes, where accuracy
dropped significantly, we are actually identifying real drifts in the data as well.
Fig. 3 top left tree represents the trained decision tree colored according to
their node’s accuracy. The colors used to illustrate accuracy are red and green.
Nodes whose accuracy is below 60% are shown in a red palette, while the ones
above 60% are shown in tones of green. The overall accuracy of the trained
decision tree is expressed by the accuracy of its node #0, which is 82,68%.
By analyzing fig. 3, we observe that the same nodes where virtual drifts were
detected also presented significant drops in their accuracies, or real drifts as well.
For instance, node #2 had 74,5% accuracy in training while in the first period
of the test set it dropped to 63,15% (Top right tree). Observing the trees, it
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becomes obvious that it happened due to node #3, whose frequency became
higher with the virtual drift, leading to a higher rate of wrong predictions. The
same behavior can be observed for node #8 when comparing the second-period
test set tree’s training set. It presented a considerable drop in accuracy: from
86,67% to 51,87% (bottom left tree). Besides these drifts, the third period of
the test set contains a drift on the target variable, which is not visible by just
analyzing node frequencies. This analysis clearly shows drifting behavior in the
last tree since many nodes (#2, #3, #8, #9, #10, and #11) are now painted in
red, denoting a substantial drop in accuracy.

Fig. 3. Accuracy visualization of the trained decision tree on distinct segments of the
data set: top left tree comprises the interval [0, 5000] (training tree); top right tree, the
next interval [5000, 10000]; bottom left tree, the interval [10000, 15000]; and bottom
right tree, the interval [15000, 20000].

4

Interpretable Drift Detector

Visualizing the trees facilitates the detection of drifts along the data set. Nevertheless, when the drifts’ position is not known beforehand, identifying the right
intervals to detect them by plotting the trees can be quite overwhelming. Besides
that, to develop a drift detector, a visual representation has to be translated into
an automated behavior that either classifies as a drift or not. With that in mind,
we propose to bootstrap samples of each node’s training data, calculate the corresponding test statistics - the accuracy mean (Node Accuracy Analysis) and their
child nodes frequencies (Node Frequency Analysis) - and compute the mean, µ∗ ,
and standard deviation, σ∗ , from their sampling distributions. A sliding window
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of a predefined size is then used for processing the whole data set in order to
iteratively recalculate the test statistics, µtest , for each node and update their
−µ∗
z-scores, z = µtest
. Based on these z-scores and the minimum z-score threshσ∗
old for considering a drift, zmin - which is based on a node’s weight on the tree
1
- a drift grade is calculated by the following formula: grade = 1+e−(zscore
−zmin ) .
The grades help us assess the severity of a drift.
Since observations of streaming data are not necessarily i.i.d., we use a technique called Block Boostrapping, where the data is segmented into smaller blocks
and the observations are selected from these blocks in order to generate samples
that preserve the structure of the original data. By calculating the corresponding
test statistic on each sample, we derive the appropriate sampling distribution.
For the Node Accuracy Analysis, we are not interested in the upper tail of the
distribution, since it means that accuracy actually improved, which is not a concern for our algorithm. On the other hand, for the Node Frequency Analysis, if
the frequency of either one of the node’s children, µtest , lies anywhere beyond
the interval: [µ∗ − zmin ∗ σ∗ , µ∗ + zmin ∗ σ∗ ]), a higher drift grade is attributed to
that node. In both analyses, nodes that are leaves in the tree are not considered
by the algorithm and therefore receive drift grades equal to zero.

Fig. 4. Heat map of Node Frequency and Node Accuracy Grades for our example data
set. The yellow color denotes the periods where grades are equal to 1, while the purple
denotes periods of grades smaller or equal to 0.5 (not relevant for detecting drifts).

Fig. 4 illustrates drift grades calculated for Node Frequency and Node Accuracy Analysis. A sliding window of size 2500 is used for processing the data.
Note that two specific nodes present distinct periods of high grades on the left
chart: #2 and #8. These are clear indications of virtual drifts in the data. These
nodes use the variables “att num 0” and “att num 2”, which were respectively
perturbed for the intervals [7000, 9000] and [12000, 15000]. Their grades start
rising around 7300 (node #2) and 12300 (node #8) and falling around 11000
(node #2) and 17000 (node #8). The delay and size of the drifting periods can
be controlled by tuning the sliding window size. A similar analysis could be
performed for the node accuracy grades.

5

Experiments

Our algorithm was initially designed to detect drifts specifically on each node.
Nevertheless, in order to provide a proper comparison to other benchmark algorithms, we adapted the Interpretable Drift Detector to be able to raise drifts
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every instant the mean z-scores of all nodes combined - excluding the leaves,
which are left out of the equation - are higher than 3 ( 3-σ rule) for either one
of both analyses: Node Accuracy and Node Frequency. Moreover, only when the
mean drops below 2.5, we consider that the algorithm exited a drifting zone.
We compare our algorithm to all the benchmark methods available on ScikitMultiflow : ADW IN , DDM , EDDM , HDDMAtest , HDDMWtest , KSW IN
and P age−Hinkley [14]. We use those algorithms with their default parameters.
Furthermore, we add Linear Four Rates to the list of benchmark methods with
the following parameters: σ∗ = 1/100, ∗ = 1/100K and η∗ = 0.99 [8]. We opt to
leave out HLF R, since it is essentially the LF R with a second layer permutation
test, which could be adapted to most of the algorithms compared by our experiment. For our method, we train the decision tree with the first 10000 instances
and set the sliding window to 1000 instances. The size of the sliding window
is best determined through cross-validation. The bigger the size, the more the
algorithm is likely to miss a drift, while the smaller the size, the more likely it
is to detect false positives. So it is a clear trade-off between false positives and
misses in our adaptation. The synthetic data sets used are also available on the
Scikit-Multiflow library: SEA, Sine, AGRAW AL, RandomRBF , Hyperplane,
M ixed, RandomT ree and ST AGGER [14]. They all have 40000 instances.

Fig. 5. Results of a single execution of the experiment for the data sets: AGRAW AL
and RandomRBF . The red vertical lines denote the intervals for the real drifts, while
the green vertical lines, the interval for the virtual drift. The blue vertical lines correspond to the detection raised by each method.

Fig. 5 shows the results of one single execution of the experiment for data
sets: RandomRBF and AGRAW AL. On every data set, four distinct real drifts
were added in the intervals: [10500, 11500], [14500, 15500], [19500, 20500] and
[29500, 30500], denoted by the red dashed lines; and a single virtual drift was
added to two random variables of the data set in the interval: [25000, 26000],
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AGRAWAL
TP
FP
2, 51 ± 0, 99 3, 56 ± 1, 49
0, 04 ± 0, 20 0, 40 ± 0, 80
0, 00 ± 0, 00 4, 86 ± 5, 37
0, 03 ± 0, 17 3, 87 ± 0, 42
1, 33 ± 0, 88 15, 59 ± 3, 31
0, 14 ± 0, 35 2, 21 ± 1, 15
2, 45 ± 1, 10 14, 68 ± 3, 75
4, 02 ± 0, 14 5, 88 ± 1, 43
4, 55 ± 0, 59 2, 06 ± 4, 90
HYPERPLANE
TP
FP
ADWIN
1, 87 ± 1, 25 2, 78 ± 1, 87
DDM
0, 00 ± 0, 00 0, 16 ± 0, 47
EDDM
0, 00 ± 0, 00 4, 43 ± 4, 59
HDDM A
0, 02 ± 0, 20 3, 12 ± 1, 25
HDDM W
1, 00 ± 1, 26 8, 46 ± 3, 68
PAGE-HINKLEY 0, 34 ± 0, 48 1, 66 ± 1, 00
KSWIN
1, 74 ± 1, 21 7, 33 ± 3, 58
LFR
3, 63 ± 0, 76 0, 78 ± 1, 14
OURS
4, 70 ± 0, 72 0, 34 ± 0, 82
ADWIN
DDM
EDDM
HDDM A
HDDM W
PAGE-HINKLEY
KSWIN
LFR
OURS

FN
2, 49 ± 0, 99
4, 96 ± 0, 20
5, 00 ± 0, 00
4, 97 ± 0, 17
3, 67 ± 0, 88
4, 86 ± 0, 35
2, 55 ± 1, 10
0, 98 ± 0, 14
0, 45 ± 0, 59
FN
3, 13 ± 1, 25
5, 00 ± 0, 00
5, 00 ± 0, 00
4, 98 ± 0, 20
4, 00 ± 1, 26
4, 66 ± 0, 48
3, 26 ± 1, 21
1, 37 ± 0, 76
0, 30 ± 0, 72

RANDOM RBF
TP
FP
3, 01 ± 0, 93 6, 67 ± 3, 36
0, 14 ± 0, 35 0, 64 ± 0, 88
0, 00 ± 0, 00 4, 13 ± 4, 38
0, 01 ± 0, 10 3, 81 ± 0, 63
0, 46 ± 0, 63 6, 91 ± 2, 27
0, 14 ± 0, 35 2, 08 ± 0, 98
1, 69 ± 1, 00 6, 53 ± 2, 66
4, 01 ± 0, 10 6, 86 ± 5, 79
4, 64 ± 0, 50 0, 52 ± 1, 09
MIXED
TP
FP
4, 00 ± 0, 00 31, 81 ± 3, 74
0, 01 ± 0, 10 3, 44 ± 1, 04
0, 00 ± 0, 00 3, 82 ± 4, 30
0, 01 ± 0, 10 3, 93 ± 0, 26
0, 12 ± 0, 36 4, 00 ± 0, 00
0, 00 ± 0, 00 3, 89 ± 0, 31
1, 78 ± 0, 95 4, 63 ± 0, 99
4, 24 ± 0, 43 110, 24 ± 63, 08
4, 45 ± 0, 80 2, 96 ± 2, 61

SEA
FN
1, 99 ± 0, 93
4, 86 ± 0, 35
5, 00 ± 0, 00
4, 99 ± 0, 10
4, 54 ± 0, 63
4, 86 ± 0, 35
3, 31 ± 1, 00
0, 99 ± 0, 10
0, 36 ± 0, 50
FN
1, 00 ± 0, 00
4, 99 ± 0, 10
5, 00 ± 0, 00
4, 99 ± 0, 10
4, 88 ± 0, 36
5, 00 ± 0, 00
3, 22 ± 0, 95
0, 76 ± 0, 43
0, 55 ± 0, 80

TP
FP
2, 20 ± 0, 93 2, 89 ± 1, 63
0, 02 ± 0, 14 0, 21 ± 0, 57
0, 01 ± 0, 10 5, 20 ± 5, 50
0, 00 ± 0, 00 3, 30 ± 0, 89
0, 70 ± 0, 70 8, 34 ± 2, 11
0, 12 ± 0, 33 1, 96 ± 1, 25
1, 79 ± 1, 12 7, 00 ± 2, 67
3, 92 ± 0, 37 5, 87 ± 4, 12
4, 72 ± 0, 47 0, 49 ± 1, 18
RANDOMTREE
TP
FP
1, 62 ± 1, 44 2, 91 ± 3, 37
0, 03 ± 0, 17 0, 31 ± 0, 71
0, 00 ± 0, 00 7, 15 ± 7, 54
0, 03 ± 0, 17 2, 92 ± 1, 39
1, 50 ± 1, 14 16, 43 ± 6, 35
0, 12 ± 0, 33 2, 18 ± 1, 21
2, 35 ± 1, 13 15, 68 ± 6, 58
3, 72 ± 0, 74 4, 21 ± 13, 05
4, 02 ± 1, 23 1, 20 ± 3, 10

FN
2, 80 ± 0, 93
4, 98 ± 0, 14
4, 99 ± 0, 10
5, 00 ± 0, 00
4, 30 ± 0, 70
4, 88 ± 0, 33
3, 21 ± 1, 12
1, 08 ± 0, 37
0, 28 ± 0, 47
FN
3, 38 ± 1, 44
4, 97 ± 0, 17
5, 00 ± 0, 00
4, 97 ± 0, 17
3, 50 ± 1, 14
4, 88 ± 0, 33
2, 65 ± 1, 13
1, 28 ± 0, 74
0, 98 ± 1, 23

SINE
TP
4, 01 ± 0, 10
0, 03 ± 0, 17
0, 19 ± 0, 39
0, 01 ± 0, 10
0, 00 ± 0, 00
0, 02 ± 0, 14
1, 79 ± 1, 07
4, 16 ± 0, 37
4, 93 ± 0, 36
STAGGER
TP
4, 01 ± 0, 10
0, 00 ± 0, 00
0, 00 ± 0, 00
0, 02 ± 0, 14
0, 16 ± 0, 44
0, 00 ± 0, 00
1, 30 ± 1, 10
5, 00 ± 0, 00
2, 51 ± 1, 94

9

FP
36, 03 ± 2, 58
3, 70 ± 0, 69
10, 72 ± 6, 51
4, 00 ± 0, 00
4, 00 ± 0, 00
3, 93 ± 0, 26
4, 46 ± 0, 67
150, 82 ± 63, 96
2, 75 ± 4, 43

FN
0, 99 ± 0, 10
4, 97 ± 0, 17
4, 81 ± 0, 39
4, 99 ± 0, 10
5, 00 ± 0, 00
4, 98 ± 0, 14
3, 21 ± 1, 07
0, 84 ± 0, 37
0, 07 ± 0, 36

FP
41, 62 ± 3, 57
4, 00 ± 0, 00
0, 00 ± 0, 00
3, 93 ± 0, 26
3, 99 ± 0, 10
3, 01 ± 0, 10
4, 20 ± 0, 49
981, 05 ± 16, 61
1, 36 ± 1, 93

FN
0, 99 ± 0, 10
5, 00 ± 0, 00
5, 00 ± 0, 00
4, 98 ± 0, 14
4, 84 ± 0, 44
5, 00 ± 0, 00
3, 70 ± 1, 10
0, 00 ± 0, 00
2, 49 ± 1, 94

Table 1. Results of a hundred executions of the experiment. All data sets have 40000
instances and the drifts are set always on the same intervals. For each method and
data set, we monitor three distinct metrics: True Positive (TP), False Positive (FP)
and False Negative (FN). The best results in each one are marked in bold.

green dashed lines. Blue lines denote the drifts detected by each algorithm.
Whenever they fall inside a drifting interval, we state that the algorithm detected it correctly (True Positive). If they fall outside these intervals, it is a false
detection (False Positive). Furthermore, if the algorithm fails to detect a drift,
it has missed the drift (False Negative). Observing fig. 5, we state that our approach performs best for these instances of the data sets, followed closely by the
LF R algorithm.
We executed the experiment a hundred times, always changing the seed for
generating the data sets. That way, we have a more reliable estimation of the
parameters: T P , F P , and F N for each kind of data. Table 1 shows each metric’s
mean and standard deviation per data set for each algorithm. The best results are
marked in bold. Our method outperforms others in almost every data set, except
for ST AGGER, for which ADW IN had the best performance. We also point
out that DDM and EDDM probably performed poorly, due to the standard
parametrization of these algorithms in the library.

6

Conclusion

This paper presents the Interpretable Drift Detector, which aims at providing
more insights into the detected drifts. Using our method, we can assess drift
severity, identify the most impacted regions of a tree model, and visualize which
variables are the drift’s root causes. This knowledge leads to a deeper understanding of drifts. Furthermore, it can be easily adapted to run exactly as most
drift detectors.
Our method also outperforms benchmark detectors in terms of false-positive
and true-positive rates. It is important to emphasize that the method is computationally more expensive than most benchmark methods, since it navigates
through the whole tree structure, analyzing nodes individually on their frequency
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and accuracy patterns. Moreover, it is also limited to the variables selected by
the tree model.
Drift identification is a valuable information, however, with limited knowledge of the event, it is not possible to clearly understand the root causes and
main impacts of a drift. A lot of applications can benefit considerably from a
thorougher analysis on drifts. Our method is a step forward into exploring other
aspects of concept drifts.
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Abstract. Crime prediction models seek to assist policymakers and law
enforcement agencies in the allocation of scarce resources intended to prevent crime occurrences. This paper proposes an extension and two interpretation methods for a novel conditional GANs architecture for crime
(robberies) prediction in Bogota, Colombia. The model’s performance
on the area under the Hit Rate – Percentage Area Covered by Hotspots
curve increases from 0.86 to 0.88 AUC when extended by conditioning
on holidays. The proposed interpretability methods can help study the
effect of crime occurring in a region on the likelihood of occurrence in
other regions through the use of SHAP values. These interpretations can
prove to be very useful for policymakers and law enforcement agencies
in designing interventions and preventing future crime from inferring
potential regions of displacement.1
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1

Introduction

Crime prediction models have become useful in public policy to allocate law
enforcement resources more efficiently. They have been increasingly used by
police departments across the globe to aid in decision-making and optimizing
resources. Their objective is to accurately provide the location of future crime
events, but most of them are hard, if not impossible, to interpret. In previous
research [19], conditional Generative Adversarial Networks (cGANs) were used
to predict crime by using the spatial distribution of past crimes as conditional inputs. The model developed significantly outperforms other state-of-the-art crime
prediction models, even when re-calibrated to correct for biases affecting vulnerable populations. However, due to its complexity and relatively abstract way
1

Results of the project “Diseño y validación de modelos de analı́tica predictiva para la
toma de decisiones en Bogotá” funded by Colciencias with resources from the Sistema
General de Regalı́as, BPIN 2016000100036. The opinions expressed are solely those
of the authors.
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to make predictions, it lacks interpretability. In an attempt to understand this
black-box model, we extract knowledge to aid public policy-makers in the analysis of crime patterns to design future interventions. Particularly, we use SHAP
(SHapley Additive exPlanations) on the conditions of the cGAN to study how
the crime occurrence in a region affects the likelihood of occurrence in others.
Model interpretability has become a subject of paramount importance for
machine learning applications. For complex machine learning solutions to be
successfully deployed in highly sensitive domains such as healthcare and crime
prediction, stakeholders need to gain trust in the models. In contrast to simple
models, deep learning techniques such as the one we study here are not readily
interpretable by humans and therefore are considered in many cases to act as
black boxes. This lack of understanding of the model’s internal behavior can
lead to discriminatory results and other undesired outcomes. Furthermore, a
proper understanding of these more complex models can serve to inform the
development of public policy and resource allocation.
This paper focuses on the interpretation of the cGAN model developed in [19].
We first extend the model to include features related to the spatio-temporal
behavior of crime phenomena. We then make use of existing interpretability
techniques, specifically the SHAP framework, to gain a better understanding of
the model’s behavior. We demonstrate two methodologies that can help interpret
the model and make it more useful and accessible to stakeholders.
The rest of this paper is organized as follows. In section 2 we discuss the related literature. In section 3 we discuss our methodology: data, conditional GANs
network architecture, training and evaluation metrics, and model interpretation.
Section 4 provides the results of the model validation and its interpretation. Section 5 concludes.

2

Related Work

The benchmark models in the crime prediction literature include [11] and [10]
among others based on self-exciting Poisson processes. Extensions of them use
past crime events and other variables that correlate spatially and temporally with
crime (public infrastructure, police stations, weekdays, holidays, etc.) [2, 9, 14].
More recently deep learning architectures have been used to make next day
crime predictions [18]. General approaches for spatio-temporal data prediction
have been proposed based on GANs architectures. These models [6,17] have used
external data (e.g. weather, weekday data) and conditioned data from previous
time steps to make predictions. In the same spirit, [19] uses the spatial distribution of past crimes as conditional inputs to make next day crime predictions.
Machine learning interpretability techniques can generally be classified as
global or local, and as model-agnostic or model-specific. Global techniques aim
to explain the overall behavior of a model, while local ones explain a specific
decision over a single instance. Model agnostic techniques, which often rely on
perturbations of the inputs and analyzing the outputs of a model, see models
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as a black box, while model-specific techniques exploit the characteristics of a
model’s architecture to provide insights into their behavior.
Some of the most popular and widely adopted interpretability techniques
are LIME (Local Interpretable Model-Agnostic Explanations) [15] and SHAP
(SHapley Additive exPlanations) [8]. These are model agnostic local techniques
that provide a measure of each feature’s impact on a given prediction and have
been widely adopted in practice to support decision-makers and extract knowledge in various domains [7, 16]. When applied to classification for image data,
they can operate either on individual pixels or on super-pixels of the image, assigning to each of them an attribution value related to the class the image was
classified as, with larger values indicating a greater attribution in the prediction.
GAN-specific techniques have generally focused on finding structure and consistent effects of the noise vectors that serve as randomized inputs to the models.
Examples of these include InfoGAN [3] which learns disentangled representations
in an unsupervised manner through a latent input code and GANSpace [5] which
create interpretable controls for image synthesis by performing Principal Component Analysis (PCA) on the latent or feature space. In [12], an overview of
other methods for interpreting deep neural networks is provided.

3
3.1

Methodology
Dataset

We use the official statistics of crime incidents (SIEDCO) [1] that reports all
crime incidents in the city of Bogotá. We restrict to the period 2016-2019 and
focus only on robberies. We also focus on a locality, Chapinero, that has many
crimes and heterogeneity in the income level and other characteristics of the
different regions within.
For each day, crime incidents were grouped, counted, and assigned to a
latitude-longitude pair corresponding to a cell in a uniform grid covering the
city. This daily data is transformed into a matrix X (t) where the entries are the
number of crimes, and the indexes are the cell index (i, j) in a day t ∈ T . That
(t)
is, xi,j represents the number of crimes in cell (i, j) in a day t ∈ T . We split
the dataset into a training set with data from 01/01/2016 to 01/07/2019 (1277
days), and a test set with data from 01/07/2019 to 30/09/2019 (92 days). The
training set had 5,057 crime reports and the test set 498 reports. Figure 1 shows
the total number of crimes in each cell in the data set for both training and
testing periods, as well as the locations of police stations within the locality.
To understand the features related to the crime phenomena, especially their
contribution to the spatio-temporal behavior behind the crime pattern, this
study explores some covariants proposed by the literature as conditional inputs.
The conditional features analyzed were holidays and the number of each day,
these kinds of data were processed using a one-hot encoding to represent their
categories as matrices.
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Fig. 1: Total number of crimes in each cell of the grid (red scale) and locations
of police stations (green). Left: Crimes in train set. Right: Crimes in test set.

3.2

Conditional Generative Adversarial Network

We use the same architecture used in [19] for the original model, and add a
conditional input for processing the covariants. The generator (G) receives three
inputs, first, the conditional time input is encoded using three convLSTM layers
128 (3x3), 128 (3x3), and 1 (3x3) filters with stride 1, the second parameter is
the noise which is processed by two dense layers of 400 units and leaky ReLU [13]
activation functions, this output is concatenated with the first result mentioned.
The last input is the covariant that is processed like a conditional feature using
a dense layer. Next, both outputs are concatenated and the result flows through
two dense layers of 400 units using leaky ReLU, and a final sigmoid activation.
The discriminator (D) receives the conditional input and the predicted X̂ (t)
or real reports in a day X (t) , both inputs are concatenated and encoded using two
ConvLSTM layers 68 (3x3), 68 (3x3) filters with stride 1, the result is integrated
to the output of a dense layer oriented to process a covariant input (conditional
variable), the flow is processed using one layer with 32 units and a leaky ReLU.
Finally, the results pass through a final 1-unit sigmoid activation function. A
dropout of 60% was applied on the ConvLSTM layer and the first dense layer.
The neural network conditions spatio-temporal inputs with a lag of n days,
X (t−n) , that is, to make a prediction for day t it uses as conditional inputs the
matrices (or images) of crime occurrences in days t − n to t − 1 (see Figure 2).
3.3

Training and Evaluation Metrics

We use the same architecture and parameters from the original model [19]. Each
model was trained using adversarial learning (minmax game [4]) where both G
and D implemented a criterion that measures binary cross-entropy between the
target and the output. The batch size used for each training was 128 days (t),
the learning rate was 0.0002, and the models ran for 400 epochs. We used n = 42
as the number of conditional days as this was found to produce the best results.
To evaluate the predictive capacity of the models we used a modification of
the Hit Rate measure, which indicates the percentage of crimes that occurred
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Fig. 2: cGAN architecture [19].

in the test set that were successfully predicted by the model. Since increasing
the number of hotspots increases the number of crimes successfully predicted,
we control for the percentage of the covered area labeled as hotspots. Therefore
in our evaluation, we consider as a target metric the area under the Hit Rate –
Percentage Area Covered by Hotspots curve.
Hit Rate =

3.4

# of crimes that occurred on marked hotspots
# Crimes

(1)

SHAP Values and Model Interpretation

To interpret and extract knowledge from the model, we perform an analysis
of the conditional inputs used by the generator with the SHAP framework [8].
SHAP values provide a measure of importance for each feature for any particular
prediction of the model. This method constitutes the unique solution for an additive feature attribution method which satisfies three desirable properties: local
accuracy (the sum of the feature attributions equals the model output), missingness (missing features get no attribution), and consistency (if a model changes
and a feature’s contribution increases its attribution will not decrease). The
method is based on the traditional formulation of Shapley values from cooperative game theory. However, calculating these values exactly is computationally
infeasible, so we use the Deep SHAP method which offers an accurate and fast
approximation for deep learning models.
Recall that, to make a next-day prediction, the generator uses as conditional
inputs the crime images from the previous 42 days. Its output is a generated
image indicating the predicted probability for a crime to occur in each cell of
the grid on that day. With the SHAP framework, we obtain a feature attribution
for each cell in each of the conditional images. That is, given the output image
for day t, Y (t) , we obtain 42 SHAP values (one for each conditional image) for
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Fig. 3: Results of using different covariants. Green: original, Blue: using day of
the week, Orange: using holidays.

each of the (i, j) cells in the grid. This results in a matrix of SHAP values S (t) ,
(t)
where sa,b n,i,j is the contribution of cell (i, j) on day t − n over the output of
cell (a, b) on day t. These attributions allow us to study how the occurrence of
crime in a cell affects the predictions made in other cells.

4
4.1

Results
cGAN

This section shows the settings and results using different covariants as conditional inputs to the cGANs. The first feature evaluated was the day in the
week. The second variable allowed us to understand if special days, specifically,
holidays impact the model’s predictive power. Figure 3 shows the performance
of the three models under consideration. Compared to the original model (0.86
AUC), we can see that the model that used the day in the week decreased its
prediction performance (0.74 AUC), while the model that was processed using
holidays improved the baseline performance (0.88 AUC).
4.2

Analysis of SHAP values

Although the performance of the model improves when holidays are included as
conditional inputs, the original model performs considerably well, in particular,
it outperforms the others when the percentage of area flagged is below 15%.
Given that in this setting the model learns only from past crime occurrences
and their spatial location, we perform our SHAP value analysis on this model
aiming to understand the spatio-temporal patterns the model captures.
As an approximation method for SHAP values, Deep SHAP relies on sampling a subset of images over which the average model prediction is calculated.
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Fig. 4: Left: Example of generated image for a day. Right: SHAP values for the
8th conditional day on the output for cell (14,7) - green dot.

To make the calculations computationally feasible, we randomly select 200 days
from the training set and use the generated images corresponding to these days
as a set of background samples for Deep SHAP.
Figure 4 shows an example of a generated image and the SHAP values attributed to each of the cells in the grid for the 8th conditional over the output of
cell (14,7). Positive SHAP values (in red) indicate that the feature contributed
towards predicting crime in the cell (14,7), while negative values (in blue) show
the opposite effect. In this example, we see that three of the five cells where
the crime occurred in the conditional (including the two closest to cell (14,7))
have a significant positive attribution, while the other two cells where the crime
occurred, and the vast majority of cells where the crime did not occur, have negative attributions that are slightly smaller in magnitude. However, when added
up they sum up to the final prediction for that day on cell (14,7) which is small
compared to cells such as (4,2), (5,2), and (13,5).
Figure 5 shows an example of a time series of SHAP values. Each line represents the evolution of the SHAP values for a given cell. We plot the lines for
the cell over which the effect is measured (dark blue) and the closest neighbors
(gray). The color of the dots represents the number of crimes occurring in that
cell in the given day. It can be seen that in these plots, the non-occurrence of
crime in a cell is usually assigned a negative SHAP value with a small magnitude. However, when crime occurs, the SHAP value becomes positive and with
a much larger magnitude. We also notice that there is no clear time-effect on
the magnitude of the values, as they are comparable across the entire domain.
Finally, even though the values of these cells in the past have a large effect on
their prediction, neighboring cells can also have effects as large or even larger
than the same cell.
Because the observations above are consistent across different cells and periods, we aggregate them to produce a single set of maps for each cell in the grid.
For a given time series, we take the sum of the effects for each cell, then divide
by the maximum absolute value, obtaining the average effect of each cell for a
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Fig. 5: Time series for the SHAP values of conditional inputs on two different
cells on the same day. Top: cell (6,2). Bottom: cell (7,2).

given period. We then average this effect over all the periods. The result is a
map for each cell in the grid, indicating the average effect that each of the other
cells has on it. The inverse map can be obtained through an analogous exercise,
where the result is a map for each cell indicating the average effect that the cell
has on the other cells in the grid.
Figure 6 shows the resulting maps for two cells in the grid. The first one
(4,2) is a cell with a high concentration of crime, while the second one has a low
concentration of crime. The first one is affected mostly by cells in its vicinity,
which also are cells with high crime concentration. In turn, this cell also has a
negative effect on most of its vicinity, but its effect reaches further and extends
to the cell in the opposite corner of the locality. In contrast, for the second cell,
only three cells have a negative average effect, while the average effect of cells in
the area of high crime concentration is close to zero. Its effect over other cells is
also widespread, however, it is overwhelmingly a positive effect.

5

Conclusions and Future Work

Crime prediction models seek to assist policymakers and law enforcement agencies in the allocation of scarce resources intended to prevent crime occurrences.
In this paper, we extended and interpreted a novel cGAN model that achieves
a very high performance of 0.86 AUC using 42 conditional days in the locality
of Chapinero (Bogotá). The performance of the model improved to 0.88 AUC
when using holidays as a conditional input.
Our interpretability analysis made use of the SHAP value framework to understand how the occurrence of crime in a cell affects the predictions made in
other cells. By aggregating the attributions for each cell, we described two useful
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Fig. 6: Average effect of cells on the marked cell (left) and average effect of the
marked cell on the other cells (right) for cells (4,2) (top) and (8,8) (bottom)

methodologies that shed light on the model’s inner workings. The first is a time
series analysis that can help examine the effect of each conditional input over a
specific prediction. Such an analysis can be very useful for a deployed system to
perform an in-depth analysis of the day-to-day crime predictions of a model, by
understanding the cells with the most impact in the recent past over the new
predictions. It could also help uncover new trends of crime patterns or could
help preemptively detect if the model is focusing on irrelevant areas of the city
to make its predictions.
The second methodology further aggregates the attributions, resulting in two
types of maps for each cell. One of them allows the study of the effect of the
occurrence of crime across all cells over a particular region. The second one
allows the study of the effect of a particular region over the rest of the cells.
Such maps can serve as valuable input for stake-holders to plan interventions
through public policy on certain regions given their influence over other regions.
They can also help identify potential areas where crime might be displaced in
the face of such interventions.
Further work can be done to improve the performance and interpretation
of the GAN model. Our results show how including temporal covariates such
as holidays can improve the performance of the model. Further inclusion of
other temporal and spatial covariates that characterize the city could be used
to improve the model’s performance. Furthermore, this could help in finding
relationships between the cells that most affect each other and understand what
type of interventions could prove most effective. Finally, SHAP values and other
interpretability techniques could be used on these covariates as conditional inputs
to understand which of them play a key role in the model’s predictions.
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Abstract. Decisions in financial applications that directly impact citizens are often based on black-box intelligent methods. Given the growing
interest in making these decisions more transparent, and the emergent
legislation on interpretability and privacy, new solutions to give some
insight on such black-boxes, presenting explanations on the decision patterns are being sought. In this paper we propose a method that transfers
knowledge from black-box models to more interpretable models to understand the decision patterns in financial applications. Results on credit
risk and stock market data show that it is possible to use white-box methods that work on black-box results to show the potential interpretation
of the decision patterns.
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1

Introduction

The rapid digitalization of our world has led us to great advances in services
and activities we are involved in. Artificial Intelligence (AI) is now a big part
of our lives even though not all of us are aware of it. From simple things like
selecting the content we see online to partaking in critical decision making in
our lives, AI has a strong presence across most activity sectors. The increasing
awareness that these systems do in fact exist and the notion that there is not
always a human supervising them has surfaced the need for explanations. From
deciding if you get a loan to what is about to be shown on your Facebook feed
AI is here, and it’s not leaving. One of the sectors particularly impacted is the
financial sector. As of the beginning of 2020 it was estimated that in the next
two years there will be a mass adoption of AI in the financial sector with an
impressive 77% expecting that AI will become essential to their business within
the next two years [10], as can be gleaned from Figure 1. Intelligent systems are
being applied in the financial sector in areas like:
– Customer service, e.g. operational cost savings from using chatbots in
banking will reach $7.3 billion globally by 2023 1 .
1
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Fig. 1. Perceived strategic importance of AI services in the finance sector for 2022 [10].

– Banking operations, e.g., credit scoring, the use of AI technology enables
more accurate scoring and allows for improved access to credit by reducing
the risks and the number of false positives and false negatives.
– Security purposes, e.g., AI is providing great assistance in the detection
of fraud [5] and other suspicious activities that are linked to financial crime
generally.
The financial industry is highly regulated and in the case of loan issuers, laws
around the world, e.g. the European Union General Data Protection Regulation
(EU GDPR), start to determine that in a not far away future, financial institutions must effectively show that the decisions they take are fair. The systems
implemented in the financial sector are usually black-box models, highly capable of achieving their goal with high performance. The problem with black-box
models is, although they are usually very capable, their decision processes are
not clear and also prone to bias. Thus, one significant challenge of using AIbased systems that, for instance predict credit scores, is that there is no underlying interpretability infrastructure that can provide reason code to borrowers,
e.g., when a credit is denied. In this work we propose a method that transfers
knowledge from deep models to decision-tree models to understand the decision
patterns in financial applications. Results obtained in two distinct financial applications: credit risk and stock market show that it is possible to use white-box
methods that work on black-box results to show the potential interpretation of
the decision patterns. The rest of the paper is organized as follows. Section 2
introduces relevant background on interpretable AI in finance and describes previous works in this research area. Section 3 details the proposed approach and
Section 4 presents the experimental setup. Section 5 discusses the results and
finally Section 6 highlights the conclusions and proposes lines of future research.
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3

Background - Interpretable AI in Finance

Machine learning critical decision-making is a relatively recent topic. As humans
get assisted or even replaced by intelligent models, existing legislation becomes
obsolete and data regulation is often ineffective. Hence, new regulation like the
European Union General Data Protection Regulation (EU GDPR), appeared
which includes article 22 (see Figure 2) on automated decision making establishing the need for interpretability in the sector. Although still in debate, it has
been said that the GDPR has introduced the right to explanation based on the
paragraph 1 of article 22 ”“shall implement suitable measures to safeguard. . . at
least the right to obtain human intervention on the part of the controller, to
express his or her point of view and to contest the decision” otherwise a person
has “the right not to be subject to a decision based solely on automated processing”. As safeguard for the companies implementing these models, as well as
for the subjects that are targeted, interpretability starts to become essential in
the transition to fully digital automated services.

Fig. 2. Article 22 of the EU GDPR.

2.1

Interpretability approaches

A lot of work has been done in the field of interpretability in the recent years.
When it comes to the classification of techniques we can typically classify them
in three categories:
– Scope - if the aim is to achieve global explanations in order to get an understanding of the decision making process of a model as whole we are talking
about global interpretability techniques. On the other hand, if we are trying
to understand how a model came up with a certain outcome for a specific
observation we are talking about local explanations and therefore global
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interpretability. Works in this area include Baehrens et al.[1] method for explaining local decisions taken by arbitrary nonlinear classification algorithm,
using the local gradients that characterize how a data point has to variate in
order to change its predicted label. Another very famous work is Ribeiro’s et
al. [9] LIME for Local Interpretable Model-Agnostic Explanation. A model
that can approximate a black-box model locally in the neighborhood of any
prediction of interest.
– Relation to the model, methods dependent on the model they are being
applied to, intrinsic methods are of these class like Caruana’s et al. [3] the
drawback of this practice is that it is limited in to a certain class of models,
this is why there’s a preference for model-agnostic methods like knowledge
distillation.
– Complexity, the most basic way of having an interpretable model would
be making it inherently and intrinsically interpretable, a common challenge,
which often hinders the usability of such methods. This is the trade-off between interpretability and accuracy, more interpretable models tend to be
less accurate and vice-versa [11].
Some of these works have also given birth to toolboxes for interpretability like
ELI5which aims to give local explanations and has a strong connection to
LIME[9] which has also been turned into a toolbox or Shap which makes use
of shapley values from game theory to see how features are impacting a model
outcome by giving them respective weights across their whole range of values.
2.2

Interpretability models

Surrogate Models
Surrogate models can be classified in two types, global surrogate models and
local surrogate models. A global surrogate model is a model that is trained to
mimic a black-box model giving us a global overview of what the black-box
model is trying to achieve. This model is usually interpretable and can be used
to draw conclusions about the way the mimicked model is trying to make its
predictions. Local surrogate models on the other hand are interpretable models
that are used to explain individual predictions of black-box machine learning
models. LIME [9] makes use of this type of surrogate models. Local surrogate
models forget all the data and focus on a specific observation and how small
perturbations on its features affect the outcome on the black-box model.
Knowledge extraction methods
As explained before one way of interpreting black-models would be making then
interpretable in the first place, but that’s not feasible as most models already
in-place, usually deep nets, are black-box. That would mean we would have to
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replace those models with completely new interpretable ones, structured to solve
very specific problems that might not be as accurate as the previous ones. This
would make these models not only expensive to run but also limited to the
problems they are solving. Knowledge extraction techniques try to extract explanations about the internal representation of complex models like deep neural
nets. One of these methods is model distillation.
Model Distillation
Distillation is the process of transferring dark knowledge [7] from a deep neural net (usually denominated “the teacher”) to less complex models (“the students”), these can be smaller deep nets or an interpretable model like a decision
tree. Dark knowledge, also referred as hidden knowledge or latent knowledge
in some literature, can be understood as information that is not seen with the
“naked eye”. In machine learning it refers to all the information contained in
the hidden layers of a neural network model: the weights and ways each neuron
connects to each other, inputs and inputs of each one or the way they jointly
activate for a certain observation.
In the case of model distillation one is particularly interested in the last layer of
a model, this can be seen as the layer where a decision has matured and is ready
to be output.
Let’s say we have a model m for classification of 3 classes which has a softmax layer ls as the last layer, and, for a given observation o we know that
the model outputs m(o) = “class1” . If we are interested in dark knowledge
we need to look deeper into the model. We’ll find that the result was given by
argmax(output(ls )) and output(ls ) = [0.6, 0.3, 0.1].
We can understand why the model output was “class 1”: it presented the highest
probability, we can also understand that our model learned that for the specific
observation it would be 3 times more likely to be classified in “class 2” than in
“class 3”. This type of information a.k.a as dark knowledge is the rationale
on which model distillation operates. It can be particularly useful when classes
are strongly related to each other and it has been proven that model distillation
can produce smaller models that can be as accurate as more complex ones [2]
through the usage of dark knowledge.
Model compression [2] is also referred many times in the literature as one of
the first examples of model distillation originally proposed to reduce the computational cost of a model at run-time by reducing its complexity which was
later explored for interpretability. Tan et al. [12] proposed that model distillation can be used to distill complex models into transparent models like generalized additive models and splines. Che et al. [4] introduced in their paper a
knowledge-distillation approach called Interpretable Mimic Learning, to learn
interpretable phenotype features for making robust prediction while mimicking
the performance of deep learning models. A recent work by Xu et al. [14] presented DarkSight, a visualization method for interpreting the predictions of
a black-box classifier on a data set in a way inspired by the notion of dark
knowledge.
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The premise in all of the methods mentioned above is to use the capabilities
of deep neural nets and translate the processes they learned during training to
another model. We are interested not only on the ability to make the same class
of models more efficient [2], but also in the ability of possibly changing their
class[4] to a more interpretable one.

3

Proposed approach

Although knowledge distillation is not a new topic, we believe that there’s more
to do with it when it comes to interpretability, the interaction between classes
can be a good resource to explain how a model came up with a certain decision.
Some work in distilling knowledge to interpretable models has been done by Che
et al. [4], but the models used were GAM’s and splines, which don’t have a great
visualization, decision-trees are very easy to visualize and better at capturing
feature interaction. Methods to interpret trees can be more intuitively easy to

Fig. 3. Knowledge distillation process for the proposed approach

come up with and explore. We believe that the tree structure is ideal for capturing interaction between features in data, visualization of decision-trees is also
human-friendly making them better for explanation and interpretation. Figure
3 depicts the knowledge distillation process for the proposed approach. We propose distilling knowledge from a deep neural net to a decision-tree by matching
logits (scores before the last softmax layer), we do this by using these logits as
targets to train a decision-tree for regression. This decision-tree should in theory mimic the way the deep neural net makes its decisions. It should capture
not only the good parts but the bad parts. This tree can then be evaluated for
interpretability. For each defined problem: 1)credit risk management, 2) stock
movement prediction we define a supervised training dataset Dtrain = {X, y}.
For each dataset we train a deep neural net model, which we will call “Teacher”.
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We then extract the logits(values of the last layer before the softmax), ysof t ,
and use them as soft targets to train a decision-tree based model, which we call
“Student” using XGBoost toolkit. The results of these models are to be compared in order to check how closely the mimic model is following the deep net
model, we do this by checking their performance scores on the assumption that
for the same observations, a similar evaluation metric on both models indicates
similar decision-making. If this holds true we can interpret a decision-tree assuming its decision process is similar to the neural net. Finally, we train a third
model on ground-truth labels which we will call “Student (GT)”. This model
serves as benchmark to validate the usage of a deep neural net on a problem in
the first place. If the “Student (GT)” model proves to be more precise, than
a neural net we have a problem that its not complex enough to justify the usage
of deep neural nets, and so the usage of the distillation on said model.

4

Experimental setup

4.1

Dataset description

The German credit dataset was taken from UCI ML Repository [6] and is comprised of 1000 instances and classifies people described by a set of attributes as
good or bad credit risks.The data have been contributed as part of a dataset
collection created by the Statlog EU project2 with Prof. Dr. Hans-Joachim Hofmann listed as the data donor.
There are 20 explanatory variables with seven being numerical and 13 being
categorical, with 30% observations accounting for the positive class (having bad
credit). Both stock price historical data was acquired using the Yahoo!finance
API, raw data consists of a time series with the columns open Price, closing
Price, adjusted closing price, volume, highest and lowest price of the day.
4.2

Evaluation metrics

Table 1. Contingency table for binary classification
Class Positive
Class Negative
a
b
(True Positives) (False Positives)
Assigned Negative
c
d
(False Negatives) (True Negatives)
Assigned Positive

Tests were done using basic metrics for model evaluation that tell us how well
a model is performing, which are then to be compared between the “teacher” and
2

https://cordis.europa.eu/project/rcn/8791/factsheet/en

8

T. Faria et al.

“student” models. In order to evaluate the decision task, a contingency matrix
can be defined to represent the possible outcomes of the classification, as shown
in Table 1. In cases where the weight of false positives and false negatives have
different cost or in unbalanced datasets its better to use metrics that difference
into account, as such for our problem we look to F1-score as being a more important metric than accuracy. If the F1-score of the student models is somewhat
similar or better than the teacher model we can presume that its reliable to use
this models as surrogate. In specific cases where the weight of the false negatives
is greater, such is the case of credit risk classification, we give more importance
to the recall score, while trying to maintain a good F1-score.
4.3

Models

Two neural network architectures were used for the teacher model. A feedforward neural network for the credit risk classification dataset with 2 layers
of 256 and 128 hidden units respectively and a long short-term memory architecture for the stock movement prediction problem with 2 layers of 256 hidden
units. The selected interpretable model a gradient boosted regression tree from
XBGBoost’s python library with the default parameters.

5

Experimental results and analysis

The models were evaluated based on their respective accuracy, precision, recall
and F1-score, paying special attention to the F1-score and recall in the case
of credit risk classification. For the German credit dataset, we have indication
that the student is capturing the teacher’s decisions very close by checking the
that the scores are similar across all four metrics. We pay special attention to
the recall metric, that is in fact exactly the same in the student and teacher
models (see Table 2). This is particularly good in this context since the weight
of having false negatives is far greater than the weight of false positives.
Table 2. German Credit Dataset credit default prediction results
Model
Teacher
Student
Student (GT)

Accuracy
76.80%
77.20%
77.20%

Precision
60.61%
61.54%
63.64%

Recall
55.56%
55.56%
48.61%

F1-Score
57.97%
58.40%
55.12%

It is more important to not misclassify people with bad credit as having good
credit than the inverse. We believe that the higher complexity of a neural net
helps in better classifying a minority class. In the german credit dataset we
have a minority class that represents only 30% of the total observations. Not
only that but if we look at the F1-score across all tree models, we get the
best performance on the student model, which tells us that training a model
with the support of a neural net’s dark knowledge might be beneficial to get
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better performance on less complex models. In the context of stock prediction
we find a similar behaviour. Stock price history datasets are in constant change,
being updated everyday. At time of acquisition the class balance was at around
between both sets ranged from 45% to 50% for the minority class, meaning these
were relatively balanced. As the problem is more complex than the credit risk
classification and has a much larger scale, the teacher outperformed both the
student and student (GT) models. Since in stock prediction its as important to
know when a stock price is going up as as well as when its going down we look to
the F1-score for comparison (see Tables 3, 4). We still see a slight improvement
on the student when compared with the student GT, which enforces the belief
that in general, less complex models can benefit from distillation. We also see
a tendency for high recall scores that should represent a better classification of
minorities which requires further investigation.
Table 3. Alphabet Inc.(GOOGL) stock movement prediction Results
Model
Teacher
Student
Student (GT)

6

Accuracy
64.31%
54.69%
56.15%

Precision
65.35%
56.07%
57.69%

Recall
76.10%
85.09%
78.95%

F1-Score
70.31%
67.60%
66.67%

Conclusions and future work

The results obtained show that the method can be used to improve solutions
in particular contexts, as the credit risk case. An exploration that can be interesting is working on the inner layers of neural net which have more complex
interactions. If the method proves to be able to output a model that can closely
mimic a cumbersome one in a consistent way, the same pipeline can be used
for classification problems in other domains such as recidivism in the criminal
justice sector or medical diagnosis in the health sector[13][8] for example.
The focus of the future work will be to optimize and tune the transfer process
to better adapt it to decision-trees as well as define new metrics for fidelity. In
order to better define the decision process we pretend to check how the decisions
represented by the tree are different from the model by looking at specific cases
and checking how differences in features change the outcome in both models.
Table 4. Tesla Inc.(TSLA) stock movement prediction Results
Model
Teacher
Student
Student (GT)

Accuracy
68.95%
55.05%
54.29%

Precision
71.03%
56.18%
56.18%

Recall
71.27%
74%
65.96%

F1-Score
71.15%
63.92%
60.78%
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Remote sensing systems can be applied in numerous disciplines and research. From Medicine
obtaining images with ultrasound to Engineering capturing data from the Earth's surface. The
advantage of using SAR systems is the ability to obtain data in any light and weather conditions.
However, due to coherent processing, these systems generate images with a multiplicative noise
called speckle. It provides a granular characteristic in the resulting images which makes it
difficult to analyze the data. Therefore, it is a constant activity in the literature to create filters to
attenuate the speckle.
One of the most widely used approaches to denoise images aims to find similarities in parts of a
given image through the principle of non-locality, i. e., it uses several windows to search areas
that contain pixels with close values. This research uses this principle to expand the concept to
other types of noise, since it was originally proposed for Additive White Gaussian Noise
(AWGN).
This work considers the worst scenario with the most aggressive speckle noise: single-look SAR
images. The purpose of this article is to apply the concept of stochastic distances with an
elaborated probability density function for the image ratio, i. e., the ratio of a noisy image by a
previous filtered image, by replacing the original Euclidean distance of the NLM filter. Thus, it
is believed that it is possible to obtain previously filtered details. To be able to perform this
activity, this manuscript presents stochastic distances derived for the square root of the Pareto
random variable distribution, which can be used in amplitude SAR images (square root of
intensity SAR images) and Burr type-III for the intensity data.
We also determined two-sided confidence intervals at the 2.5%, 5% and 10% for the above
mentioned distributions. The patch will be filtered only if the ratio is outside these rejection
limits.
The first results obtained with the above proposal indicate that it is possible to mitigate the
speckle in SAR images using the image ratio as a basis and, by comparing it with other filters
already proposed in the literature, our algorithm presents competitive results. The next step is to
adjust and refine the parameters of the NLM filter, such as the smoothing parameter, so that the
filter becomes more competitive.
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Abstract. Data acquisition process in computed tomography (CT) can
promote the generation of artifacts in image slice, making the patient diagnosis more difficult. Thus, metal artifact reduction (MAR) techniques
must be applied to recover the damaged information from bone and tissue regions. In this paper, we propose a novel pipeline to reduce these
artifacts in image domain. Specifically, this procedure computes the local tone mapping (TM) operator for each metallic artifact damaged slice.
Thereby, it is possible to detect and classify these artifacts using morphological operations and its geometry features for restoration through
Inpainting algorithm to fill them with image patterns visually plausible.
The proposed pipeline is demonstrated in buco-maxillo facial CT images. Results show that restored slices enhance teeth structures allowing
a better visualization of the reconstructed surface.
Keywords: Computed Tomography · Metallic artifacts · Tone Mapping.

1

Introduction

Computed Tomography (CT) has become one of the most important tool used in
different health fields for diseases diagnosis since its development in the 1970s [3].
In dentistry, CT is widely used in surgical planning, allowing simulations in 3D
reconstructed model before the procedure is performed on patients.
Filtered Back Projection (FBP) method performs image reconstruction from
CT raw data (sinogram). Although it uses filtering techniques to remove noise,
there are artifacts caused by the presence of metallic objects in scanned structures, such as implants and dental braces that are not eliminated after reconstruction step.
To remove these structures, several metal artifact reduction (MAR) algorithms have been developed over the years [6, 9, 11, 14]. Most of these solutions
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detect metallic objects in image domain and remove them from sinogram. However, depending on how damaged the image is, the detection of these structures
becomes a challenging task.

-

Computed Tomography
exam (DICOM slices)

Tone Mapping
operator

Inpainted DICOM slice

Image Thresholding
(Hounsfield Units)

BLOB analyses

Morphological Operations

3D Reconstructions

Original

Our approach

Fig. 1: Overview of our approach. At first, Tone Mapping is applied to original
image. Next, segmentation step will be processed on both slices (original and
tone mapped) to calculate subtraction operation and highlight metallic artifacts
that will be evaluated in the next steps. Resulting artifacts will be restored
through Inpainting and reconstructed on 3D domain.

In this work, we developed an image-based MAR technique to reduce artifacts
on CT scans. The key idea is to transform pixels intensity through Tone Mapping (TM) to improve artifacts detection. Then, refinement steps are applied to
classify and remove remaining bone structures, resulting in an image containing
only metal artifacts structures that will be removed in the final step through
Inpainting algorithm. The proposed pipeline was applied into buco-maxillo CT
images and we achieved visually satisfactory results on severely damaged slices
as will be described in the following sections.
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3

MAR based on Color mapping and Inpainting
techniques

Figure 1 presents an overview of our approach. From manual selection of metallic
artifacts damaged slices (Figure 1 - right), we first apply a threshold segmentation step based on Hounsfield Units (HU) [5]. In parallel, we apply TM operation
(Section 2.1) on the same original slice. As highlighted in Figure 1, this technique
reduces the rays generated by artifacts preserving only non-artifacts structures
after segmentation step. Next, we calculate the subtraction between these two
segmented image (Figure 1 - left), preserving artifacts structures in the final
image.
However, this result may still contain some non-metallic structures. Thus,
two refinement steps are applied to reduce them. Morphological operations (Section 2.2) are used to detect artifacts regions while removing noise from bone and
soft tissue structures. Then, each structure from resulting image will be evaluated based on its geometry (Section 2.3) to create an image mask (Figure 1
- bottom) for Inpainting algorithm (Section 2.4) to restore damaged regions.
The final step of our proposal consists on surface reconstruction (Section 2.5) to
evaluate MAR effects on 3D domain.
To provide a better understanding of the following sections, we will adopt
a generic notation for image representation, in which a gray level image with
pixel resolution X × Y is represented through a real matrix I ∈ RX×Y , where
I = I (x, y) means the intensity in the pixel on (x, y) position.
2.1

Tone Mapping

Metallic artifacts promotes x-ray beam reflection in a similar way of overexposed
photographs. Tone Mapping algorithm aims to map image tones in order to
reduce high (or low) intensities. This solution was first proposed by Reinhard et
al. [13] and can be described using a scaled luminance formulation:
I (x, y)

L (x, y) = a
exp



1
Y ·X

P

x,y

log (δ + I (x, y))

,

(1)

where a is a parameter that represents the key of a scene. In our application,
a local correction that applies dodging-and-burning [13] is used. This is implemented through convolutions:
Vi (x, y, s) = L (x, y) ∗ Gi (x, y, αi s) ,

i = {1, 2}

(2)

with Gaussian kernel profiles Gi (x, y, αi s) and αi s as the smoothing scale. Finally, a normalized difference of Gaussians (DoG) is computed as follows:
V (x, y, s) =

V1 (x, y, s) − V2 (x, y, s)
,
(2φ a) /s2 + V1 (x, y, s)

(3)
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where φ is the sharpening parameter and the value of scale s will be changed
according to convolution result.
Although Tone Mapping reduces considerably the presence of metallic artifacts on original image it also removes some important bone structures, compromising the final 3D reconstruction. Image segmentation is then applied to both
images (original and tone mapped) using the bone range [226, 3070] in Hounsfield
scale [15]. From these two segmented images, we can isolate only region of interest (artifacts) through subtraction operation (Figure 1 - left), creating a prior
mask for final recovering step.
2.2

Metallic artifacts classification

Although results from previous step preserved artifacts structures, some tissue
and bone parts are still present in the final image. To reduce them, morphological
operations [4] will be applied (Figure 1 - bottom), guaranteeing this first stage of
refinement. On image domain, mathematical morphology is frequently used to
identify and to extract relevant components in image processing applications [4].
According to Naranjo et al. [11], metallic artifacts have a geometry similar
to an ellipsoid, being easily enhanced through morphological operations. In this
work, we applied opening operation, formulated as:
A ◦ B = (A

B) ⊕ B,

(4)

where A is the original image, B is known as structuring element and the morphological operators and ⊕ represent erosion and dilation [4], respectively.
Firstly, erosion operation will remove dental arch and spine bones structures
contours. However, this step also removes contours from artifacts structures that
will be restored by the dilation operator. At the end of this step, a clustering
process is applied to define a set of pixels to represent image structures, the
blobs. These blobs will be evaluated based on its geometric features to ensure
the number of non-artifacts structures will be further reduced.
2.3

Artifacts geometry evaluation

For this work, we calculate image moments from two shape characteristics [10]:
area and eccentricity. The discretization of raw image moment of order (p + q)
can be expressed as:
mpq =

Xb−1
b−1
X YX
x=0

xp y q I(x, y),

(5)

y=0

where p and q are the indexes, defining the order of the moments and Xb and
Y b represents the blob region.
According to [12], low-order moments provide information about geometry
properties. For instance, zero order moment (m00 ) will represent blob area. From
empirical tests, we set the blob area m00 ≥ 5, to ensure that minor artifacts were
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(b)

Fig. 2: Comparative image showing the application of Inpainting algorithm. (a)
Original image with artifacts represented by white rays, (b) Inpainted image
covered parts of artifacts.

also eliminated. The second property evaluated is the eccentricity, that measures
blob roundness. For an ellipsoid structure it can be expressed as:
s
ε=

1−

µ020 + µ002 −

p

(µ020 − µ002 )2 + 4(µ011 )2

µ020 + µ002 +

p

(µ020 − µ002 )2 + 4(µ011 )2

,

(6)

where µ020 , µ002 and µ011 are computed using Equation 5. For further explanation,
see the reference [7].
Ellipsoid eccentricity value should be in range [0.0, 1.0], where the values
closest to 1.0 should represent more elongated geometry. In our proposal, we
used two values to evaluate the results: ε ≥ 0.7 and ε ≥ 0.5.
The main goal of these last two refinement steps is to remove the largest
number of non-artifacts structures, creating a final binary mask containing only
regions that we intent to restore with Inpainting. In this way, we can ensure that
bone and soft-tissue pixels will not be modified by restoration step.
2.4

Inpainting

Inpainting algorithm is commonly used to restore damaged parts of original
image based on pixel intensity collected from the neighboring regions. In this
work, we applied the well-known Navier-Stokes solution proposed by Bertalmio
et al. [1], available on OpenCV library [2]. This approach receives as input parameters the mask generated above and the damaged image, promoting the
propagation of pixel intensities closest to the mask boundary.
Since we are working with CT, original image values are described in Hounsfield
Units (i.e. signed 16-bits), thus to apply Inpainting algorithm we first convert
these values into unsigned 16-bits pixels intensity:
pixel =

HU − intercept
,
slope

(7)

6
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(a)

(b)

I

II

III

IV

Fig. 3: Comparative scheme of the three selected cases to evaluate Tone Mapping
algorithm on DICOM slices. Each column represents a case, where row (a)
corresponds to the original image and the row (b) the tone mapped one.

where HU represents the Hounsfield Units of pixel, intercept and slope corresponds to the linear transformation values. The last two values are available on
CT metadata.
Figure 2 presents a comparison between original image artifacts and its reduction after Inpainting step. In the Figure 2b it is possible to notice that we
were able to restore most of the damaged part, although some pixels closest
to dental arch were not fully recovered. This problem occurs due to the size of
Structuring Element (SE) described in Section 2.2. However, the selection of a
larger SE could cause the removal of bone structures present in the slice. Further
discussion will be provided in Section 3.
2.5

3D reconstruction

Once the slice-by-slice restoration step is completed, we must evaluate results in
the 3D domain. So, we applied Marching Cubes (MC) [8] algorithm for surface
reconstruction. Considering that our pipeline was only applied to damaged slices,
we first need to convert their pixels values from unsigned 16-bit pixel intensity
to HU scale to ensure that all slices have values in the same domain. Next, we
apply MC, using isovalues in HU range to generate the surface and compare
original reconstruction with the processed one.

Table 1: Set of parameters in each selected case for Tone Mapping application
Case
Case
Case
Case

I
II
III
IV

α
2.0
0.55
4.0
0.55

φ
6.0
7.0
6.0
8.0

s
1.2
1.2
1.2
1.2

a
0.12
0.12
0.12
0.12
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Results

In this section, we will discuss the results achieved using the methodology proposed in Section 2. The developed algorithm was tested into 11 different cases
provided by the Dentomaxilofacial Radiology Division of Federal University of
Bahia under the approved ethical committee number 1.208.317. In this paper
we selected four of them to discuss the results, focusing on cases with artifacts
generated by dental braces and restorations.
All the images are in Digital Imaging and Communications in Medicine (DICOM) format, with 512 × 512 size and compressed into signed 16-bits. Images
in Case I were acquired using the Siemens Spirit device while in Cases II, III
and IV, were acquired by GE Optima CT660.
3.1

Tone Mapping enhancement

Figure 3 presents a summary of TM results from selected cases. For each case, it
is possible to notice that the artifacts rays were reduced drastically. This method
is controlled by a set of parameters: a, α, φ and s described in Section 2.1. Based
on empirical tests, we were able to determine the parametrization of Table 1.
In some cases, bone structures were also removed after TM application.
Therefore, we used this technique associated with segmented original image,
to ensure that these structures will remain intact in the final image.
3.2

Structuring Element analysis

Another important step in our pipeline is the application of morphological operators. Results from this step are directly associated with Structuring Element
type and size. As described in Naranjo et al. [11], SE must be orthogonally
oriented in relation to the artifacts. Furthermore, for CT images, artifacts rays
appears closest to bone structures, making it difficult to define an optimal size
for the structuring element. Empirically, we were able to define a square SE with
size 5 × 5 and horizontal 90◦ degree orientation.
3.3

Reconstruction

Figure 4 shows the results of our 3D reconstruction step after artifacts were
reduced. As shown in Figure 4 (c-d), to evaluate our approach, we calculated
the distance between original mesh points and the final processed mesh points
(after Inpainting application).
In Case I, we were able to present visually satisfactory results, considering
that most part of external artifacts were removed. This is due to the fact that
these artifacts presented a little variation in their geometry, promoting a better
classification on blob evaluation step, described in Section 2.3.
In contrast, for Case II, it is possible to notice remaining artifacts in 3D
reconstruction although results shows a significant metallic reduction on internal
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10.95

I

5
II

0
III

−5

IV

−10.75
(a)

(b)

(c)

(d)

Fig. 4: 3D reconstruction comparison. Original reconstruction in column (a)
and our approach result in column (b). Columns (c) and (d) presents different
views with color mapping scale representing the distance between original mesh
points and processed one.

jaws structures (palate region). Despite presenting a shape more similar to an
ellipse, these structures vary in size and consequently its eccentricity values are
changed. In addition, as shown in Figure 3 (II-b), some artifacts are so close to
dental arch region, that after applying Tone Mapping they will not be segmented,
considering that their values (in HU scale) will be the same as for bone structures.
Cases III and IV present an interesting characteristic to evaluate this work. In
these scenarios, metallic artifacts appear due to the presence of dental braces. As
shown in Figure 3 (III-a) and (IV-a), these artifacts have a different geometry
from the cases presented above. Thus, the eccentricity value used to classify
the remaining blobs had to be reduced ε ≥ 0.5 in order to remove most of the
artifacts.
Despite the number of parameterizations, our algorithm guarantees the removal of severe artifacts and the preservation of important bone structures for
evaluation by the dentist surgeon.
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Discussion

Results presented in Section 3 achieved a satisfactory level in metallic artifact
reduction on 2D domain as described on color mapping difference (Figure 4 (cd)). It is important to highlight that the chosen cases have regions that were
severely damaged by these artifacts. As discussed in Section 3.3, selected cases
present different geometries. One of the main factors observed was the variation
in the shape of the artifacts and we can attribute this fact to the presence of
different types of metallic materials.
In Case I, artifacts are generated by dental braces and restorations in both
lower and upper teeth. The material of these restorations is composed with amalgam and therefore produces an artifact with a shape more similar to an ellipse,
propagating through all cuts in a more consistently way. On the contrary, in
Case II, although there is no dental braces, the number of amalgam restorations
is higher when compared to Case I, creating more artifacts with sizes and shapes
that vary along the slices. Thus, after the TM step, some artifacts closest to the
dental arch are not eliminated and, consequently, morphological operators are
unable to remove them without compromising bone structures.
It is possible to notice that in cases where the artifacts are very small (Cases
III and IV) caused only by the presence of dental braces, the algorithm did not
present such significant results. As already discussed in Section 2, the chosen
morphological operator ensure that bone structures are not removed. In addition,
area and eccentricity metrics also need to ensure that important regions are not
identified as artifacts for removal. For these reasons, despite the values adjusts
(Section 3.3), we were unable to eliminate all of these smaller artifacts from the
dental braces.

5

Conclusion

In this paper, a novel method for reducing metallic artifacts was proposed based
on Color Mapping and Morphological Operations on CT images domain. The
main contribution of our approach is the possibility to apply the technique to
restore more severe metal artifact degraded images with better results than
similar works in the literature. The proposed methodology does not require large
datasets for training, like deep learning counterparts.
Although it is not the main objective of this work, it is important to mention
that our pipeline has a relatively low computational cost and can be improved to
be used in clinical environments equipment. For future work, we intend to evaluate these performance metrics by optimizing this method using GPU parallel
processing techniques.
We also plan to develop a novel approach with an automatic selection step
for TM parameters based on image analysis and its artifacts. Another point to
be evaluated is the application of morphological operations in the 3D domain
after Inpainting step.
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Abstract. Phase congruency is an advanced technique for edge detection in images. However, in the original technique, edge detection errors
can occur when at least one side of the image is not a power of two. In
this paper, this problem, not reported before, and its origin are exposed
and two ways of correction are proposed to reduce this problem. The proposed solutions allow to overcome the presented problem by obtaining
more accurate and uniform contours than the original technique.
Keywords: Monogenic Phase congruency · tile-mirror · edge detection
· Banco de filtros · Image segmentation.

1

Introduction

Automatic edge detection in images is an area of great interest to industry and
the scientific community. A problem usually experienced is that edge detectors
are sensitive to the magnitude of changes in brightness. However, this disadvantage disappears when employing the technique known as phase congruency
(PC), which allows edge detection in an image regardless of its illumination
level [5]. This technique is based on phase alignment of frequency components.
This principle states that the edges of an image occur when the phases of the
Fourier components coincide. By using phase, the direct dependence on brightness intensity in edge detection is avoided.
Generally speaking, phase congruency implementations can be classified into
two different groups according to the way the frequency components of the image
to be analyzed are calculated. The first one consists in using wavelet filters, so
that for each component different directional Log-Gabor filters are applied [6].
The second consists in using monogenic filters, so that only one filter is required
for each component, substantially reducing the computational cost [9]. Using directional filters increases the computational cost, but has applications in corner
detection [7], which has evolved to point of interest detection [1, 13, 12]. Regarding phase congruency using monogenic filters (MPC), progress has also been
made to improve detection of contiguous edges [3], estimate noise with greater
versatility [2], and extend it to color images [11].
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A difficulty with MPC, not previously mentioned, is that edge detection,
when these are very close, is affected by the image dimensions. Thus, for example,
if the PC of an image of 256 × 256 pixels is obtained, the result is accurate, but if
its width and height are reduced by only one pixel, to 255 × 255 pixels, the edge
detection is highly affected, losing many of the edges, as seen in the example in
Fig. 1. To overcome this problem, this paper presents the causes of the error and
its solution by increasing the image size or properly adjusting the filter bank.

(a)

(b)

(c)

Fig. 1: Problem presented in edge detection in MPC. (a) Original image of
256x256 pixels. (b) MPC obtained from the original image. (c) MPC obtained
from the original image cropped to 255x255 pixels.

2

Monogenic Phase Congruency

Fig. 2 shows the approximation of a square and a triangular signal using four
Fourier components. As can be seen, the phases of all the components coincide
at the edges of the signals, i.e. in the image of the square signal when there is a
sudden change in the signal, and in the triangle at the maximum or minimum.
Thus, a phase congruency is present at all edges of an image [6].
PC is defined by Equation (1), where φ(x) is the phase that maximizes it,
defined in terms of the Fourier components An of a signal at position x [10].
P C(x) =

max
φ(x)∈[0,2π]

PN

n=1


An cos φn (x) − φ(x)
,
PN
n=1 An

(1)

By using monogenic filters it is possible to implement phase congruency [9,
11]. Thus, Kovesi proposed a PC implementation using these filters through the
Equation:
bE(~x) − T c
P C(~x) = W (~x).b1 − α |δ(~x)|c.
(2)
E(~x) + ε

New Improvement in Obtaining Monogenic Phase Congruency

Phase Congruency

3

Phase Congruency

Phase Congruency

(a)

(b)

Fig. 2: Approximate signals with four Fourier components. (a) Square signal. (b)
Triangular signal.

Where the noise threshold T allows, for lower energy values E, the PC to become
zero, avoiding producing false edges due to noise. This noise compensation is used
by involving the positive part function, denoted as b·c, in Equation (3).
(
f (x) if f (x) > 0
bf (x)c = max(f (x), 0) =
(3)
0
if f (x) ≤ 0
W (x) is the phase weighting function [6]. To calculate it, a sigmoid function
is used according to Equation (4), where s is the quantification of the frequency
distribution given in Equation (5).
1
,
1 + eγ(c−s(x))
!
PN
A
(x)
1
n
n=1
,
s(x) =
N ε + Amax (x)
W (x) =

3

(4)
(5)

Incorrect edge detection in MPC

Edge detection, when borders are very close, is affected by the dimensions of
the image. In Fig. 4 the result and the vertical profile of the MPC on a square
image of side 256, the edges are detected correctly. On the contrary, when the
same image, but with 255x255 dimensions, the result is drastically deteriorated,
as seen in Fig. 5, where, as can be seen in the profile plotted on the right, the
value of the detected phase congruency is reduced almost twenty times, from
about 0.1 to 0.005. This problem arises from the way the FFT interprets the
periodicity of the incoming signal and the distribution and shape of the filter
bank.
Thus, on the one hand, because the FFT is a discrete approximation of the
Fourier transform, it does not produce results identical to the continuous one.
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Imaginary
axis
H(x)
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An cos(φn (x) − φ(x))
Noise
circle
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(a)

(b)

Fig. 3: Geometric scheme of Phase Congruency. (a) Relationship between phase
congruency, local energy, and the sum of the Fourier amplitudes, adapted
P from
[6]. (b) Representation of the PC by a triangle inequality where the n An (x)
is always greater than or equal to E(x).
Therefore, if the period of the fundamental signal is considered equal to the total
of acquired samples, the FFT result will be given directly in frequency units. In
this sense, if pure frequency components are desired, the quotient between the
number of samples and the period of the signal measured in samples must be
an integer. Therefore, for 256 samples there are more integer divisors than for
255, thus offering a wider range of signals that can be approximated with pure
components, as illustrated in the example of the Fig. 6, which shows the FFT
result obtained from a sinusoidal signal of frequency 64, sampled at 256 Hz,
taking 256 and 255 samples. As can be seen, when the number of samples is
255, the discrete approximation of a non-integer frequency, between 63 and 64
and real and imaginary components, is obtained as transformed, while if the
number of samples is 256, a signal with a single frequency component, equal to
64, is obtained as transformed. On the other hand, due to the fact that the joint
response of the filter bank is not completely uniform and the phase congruency
quantification is non linear, incorrect responses are generated, as shown in Fig 1c.
Thus, since to obtain the PC of an image it is required to convert it to
frequency space by using the FFT, and subsequently obtain the An components
through a bank of filters whose joint response is not linear, as shown in Fig. 7,
when performing the inverse process to obtain the resulting image is affected by
its dimension, as illustrated in Fig. 6. In other words, if the processing in the
frequency space were a linear process, this problem would not occur.

4

Materials

For this work, a synthetic image was created, which allows to clearly observe the
studied problem, and six images of different specialties were used to illustrate
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0.1

5

0.2

(b)

Fig. 4: MPC of a synthetic square image of side 256. (a) Original image. (b)
MPC and vertical profile.

the obtained results. The MPC method, in which the proposed corrections are
included, was developed in java as a plugin of the open source software imageJ
and is available for free use in [4]. The study of the Fourier transform and MPC
profiles was performed in Octave, using the code developed by Kovesi[8].

5

Problem solution

A solution usually employed in 1d signal processing to solve the problem explained above, when the signal does not fit the desired size q, it is resized and
padded with zeros to become equal to q. This solution is adequate when the
signal at the cutoff point is zero or close to it, since it does not generate noticeable discontinuities in the signal that can generate high frequency spurious
components. In the case of MPC, this solution is not adequate due to its high
sensitivity to discontinuities, detecting edges independently of their amplitude,
accentuating the nonlinear response of the filters, as shown in Fig. 8, which
shows the profile obtained by traversing the image in the middle from top to
bottom. As can be seen, the response at the edges located at the upper and left
ends of the image are much greater, due to the fact that they are located next to
the padded zone, which is also observed in the profile, which shows that the PC
value of the upper edge is more than twice as large as that of the others. To avoid
affecting the MPC values and resize the image to the desired dimensions, the
signal continuity must be preserved. For this purpose, the signal is mirrored on
each side of the image until the desired size is reached. Thus, it is now possible
to correctly detect edges within the image preserving the PC value for all edges.
In the case of the synthetic image in Fig. 5, the same MPC will be obtained,
since the mirror image results equal to the original one.
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Fig. 5: MPC of a synthetic square image of side 255. (a) Original image. (b)
MPC and vertical profile.
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Fig. 6: FFT of a 64 Hz cosine signal sampled at a frequency of 256 Hz. (a)
Original signal. (b) FFT of (a). (c) FFT of (a) taking only the first 255 samples,
i.e., excluding the last one.
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Fig. 7: Bank filter spectra of phase congruency with default parameters. (a)
Scales spectra. (b) Sum of scales spectra.

Fig. 8 shows the result of the phase congruency of the image in Fig. 1a
cropped to 255 x255 pixels, after resizing it to 256 x 256 pixels, by padding it
with zeros and mirror extension.
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(b)

Fig. 8: MPC of a synthetic square image of side 255 and fitted with zeros. (a)
Synthetic image adjusted with tile mirror. (b) MPC of (a) and a vertical profile.

Since the nonlinearity of the joint response of the filter bank is, as mentioned
above, one of the causes of the problem encountered, another possible solution,
although more complex, consists of experimentally adjusting the response of
the filter bank until the MPC identifies the edges, which can be achieved by
modifying the separation between them, looking for a better response. As shown
in Fig. 9, in this example the response of the filter bank is increased in the low
frequencies, allowing to reduce the effect introduced by the high ones, obtaining
an improvement in edge detection as shown in Fig. 10.
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Fig. 9: Bank filter spectra of MPC with factor between filter at 1.5. (a) Scales
spectra. (b) Sum of scales spectra.
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Fig. 10: MPC of a synthetic square image of side 255 with factor between filter
at 1.5. (a) Original image. (b) MPC and vertical profile.

6

Experimental Results and Analysis

The example shown in Fig. 1, illustrates a critical case presented in the MPC,
when the sides of the image do not have a value equal to a power of two. In
practice, this deficiency is reflected in the incorrect detection of edges at the
extremes of the image, as shown in Fig. 11b. As can be seen, when comparing
the image obtained by mirror reflection of the edges, in Fig. 11d, with the one
obtained by padding with zero, the first image allows obtaining a better edge
detection at the extremes of the image, while in the second one a false edge is
produced, as could be expected due to the abrupt change in the gray levels in
that place. Other results are illustrated in the images in Fig. 12, where details can
be seen in the red and green boxes, where it can be observed how the proposed
correction allows to obtain a better edge detection at the extremes of the images.
This correction is of great importance in image stitching in microscopy.

(a)

(b)

(c)

(d)

Fig. 11: MPC of diatom image. (a) Image resized using zero padding. (b) MPC
of (a). (c) Image resized using tile-mirror. (d) MPC of (c).
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Fig. 12: Results. (a) Sample image. (b) MPC. (c) MPC with tile-mirror. (d)
Difference between (b) and (c).
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Conclusions

MPC is a more efficient technique than the one based on the use of directional
filters. However, it presents deficiencies such as incorrect edge detection when
any of its dimensions is not a power of two.This deficiency, not mentioned in
previous works, is due to the fact that the filter bank and its mode of use for the
congruency calculation is not a linear process, which generates poor results in
some cases. Two solutions are proposed. The first one consists in enlarging the
image by tile-mirror and the second one in readjusting the behavior of the filter
bank, being the first one the simplest option and producing optimal results in
the whole image, being of interest in cases where image stitching is required and
to obtain a homogeneous result of the phase congruency.
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Abstract. The image data stream classification presents a number challenges,
such as the evolution of previously known classes and the emergence of new
classes. A large part of current studies for image data stream classification uses
classifiers that are able to evolve. However, these do not take into consideration
that the image descriptors also need to evolve, in order that these improve the
representation of features on new images available in the stream. Nonetheless,
studies that explore the evolution of image feature descriptors do not analyze a
number of the scenarios that may occur in these applications. This work presents
an experimental study on the construction of image feature descriptors for the
image data stream classification, while considering different aspects, as in the
fact that only part of the image instances can be made available or only part
of the image classes are known at the moment of constructing the descriptors.
Experiments were performed on 4 image datasets, considering the state-of-art
descriptors, BoVW and CNN, as well as with an algorithm that considers the
evolution of the image feature descriptor. The obtained results show that the
performance of a classifier may degrade its performance when submitted to scenarios that were not explored in previous studies.
Keywords: Feature Evolution · Image Classification · Image Data Stream

1

Introduction

Currently, with the high availability of image acquisition devices across different applications, the need has arisen for the development of strategies that deal with image data
stream. Data stream consist of massive quantities of data, generated over a short period
of time, in a continuous and potentially infinite way [8]. Among the examples of applications for image data stream, one finds the real-time object classification, face recognition
and movement detection. Although the aforementioned research works, there are still
questions regarding tasks dealing with the image data stream.
Among machine learning tasks, related to the generation and data mining in image
data stream, image classification stands out. This task is faced with a series of challenges:
i) the constant arrival of new images, which imposes memory requirements; ii) constant
learning with the emergence of new classes (open-set); iii) detection and reaction to
change in data distribution (concept drift); iv) updating of the feature descriptor to
represent the appearance of new features (feature evolution) [8]. These challenges have
?
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been covered in only few studies in the literature [5, 11]. One such challenge, as in
feature evolution, was most recently explored in [3, 10]. The general idea of these studies
is to create a classifier and update it incrementally to the degree that the labeled data
windows become available. Therefore, the phenomena of concept drift and open-set are
explored with by updating the model with recent data from the stream. However, a
majority of these studies deals with a fixed feature descriptor, that is, it does not evolve
as images with distinct features appear along the stream.
The evolution of feature descriptors is an important question in image data stream
environments. In these environments, when considering descriptors based on BoVW
(Bag-of-Visual Words) and CNN (Convolutional Neural Network ) [4], the construction
of visual vocabulary on BoVW and the process of adjusting the weight of a CNN is
performed based on a data sample. This sample may not be adequate for representing
all the images of the stream, especially as new classes can emerge with features different
to those already seen. This question was initially covered in studies described in [3, 10].
However, although promising results were obtained, a comprehensive analysis was not
performed on the parameters for the construction of the descriptor, such as the quantity
of images per class and the number of image classes, which can affect the performance
of the classifier. In addition, the BoVW feature descriptor, considered as one of the
state-of-art in images, was not considered.
The study presented herein has as its objective to perform an experimental study
for evaluating how the construction of the image feature descriptor can affect the performance of an image data stream classifier. Another objective of this present study
is to evaluate algorithms that have already been developed for feature evolution, while
highlighting the main questions that still have not been dealt with by these studies. The
main contributions of the study described in this paper are:
– An experimental study with two state-of-art image descriptors, CNN and BoVW,
with the objective to verify those questions that still have not been explored in
previous studies on image data stream classifiers;
– Experiments with an algorithm that considers feature evolution for the image data
stream classification;
– Experiments using 4 image datasets that possess different quantities of images and
classes, and which are commonly used in scientific literature studies in the area of
image classification.
The remainder of the paper is organized as described in the following. Section 2
presents some of the fundamental concepts. Correlated studies are discussed in Section
3. The experimental method is presented in Section 4. The discussion on the obtained
experimental results is presented in Section 5. Finally, the conclusions and future works
are described in Section 6.

2

Background

The image classification task receives as input an image set, where each one is represented
by a feature set (or attributes). The process of transforming images on a numerical vector
representation is known as feature extraction. Examples of feature descriptors commonly
used in image classification are BoVW and CNN [4]. In general, these studies use these
descriptors in a fixed manner, without updates, which consider the availability of all the
images in the construction phase of the feature descriptor.

Evaluating the construction of feature descriptors

3

In the scenario of the image data stream, the classifiers possess some restrictions:
restricted processing time, limited memory and a single scan of the images [13]. In addition, the classifiers need to evolve in an incremental way, as the known image concepts
can change (concept drift) and new classes can emerge (open-set). Traditionally, studies
on the image data stream classification consider the incremental classification algorithm
denominated as NCM (Nearest Class Mean) [5]. This strategy uses a centroid to represent each image class. For the incremental update of the classifier, one should recalculate
the centroid of the classes when newly labelled images are available for training the classifier. In addition, when new classes emerge, one defines a new centroid on the decision
model to represent the new class based on the labelled images from this class. When
dealing with the classification of a new test image, one considers the centroid label with
the shortest distance for that respective image.

3

Related Works

A number of recent studies have investigated the image data stream classification [3, 5,
10, 11]. The study described in [5] considers the NCM algorithm for classifying personal
image stream, while the study [11] described an approach that combines NCM and
Random Forest algorithms for classifying large image datasets. The focus of these studies
is related to improving incremental classifiers, in order to deal with concept drift and
open-set. However, these algorithms ignore an important question related to the feature
evolution [8].
The feature evolution question has been covered in a more increasing manner in
recent studies on incremental classification of images [3, 10]. The study described in [10]
used CNN for the description of images, through the proposal of an approach that allows
for the updating of the image descriptors from new images that emerge in the image data
stream. This study concluded that the NCM is not adequate for classification in feature
evolution contexts, due to the difficulty in updating the features of the centroid that
represent each image class. A variation of the NCM algorithm, called iCaRL (Incremental
Classifier and Representation Learning), was proposed with the aim of dealing with this
question [10]. This variation considers multiple centroids for each image class. These
centroids refer to a parametrized quantity of images to be selected from within the
respective classes. In this way, through the storing of images the possibility is open for
verifying whether their features change in regards to new images, which emerge in the
image data stream.
The study presented in [3] proposes a single CNN architecture for representing images and classification, i.e., the same CNN was used for the representation and updating
of feature descriptors as it was for the image classification. Despite the important contributions of the studies realized in [3, 10], these studies had as their focus the descriptors
based on CNN and do not investigate other descriptors, such as BoVW. Another question that was not evaluated in these studies is the influence exerted by the number of
images and the classes used to construct the image features. In [10], an evaluation was
made only of the reduction in the number of classes in the representation of the images,
but variations were not performed on the number of images of each class. As such, an
extensive analysis of the parameters, considered in the construction of image descriptors,
can contribute to a greater understanding into the influence of each parameter in the
quality of the representation of images for classifying image data stream.
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Experimental Method

#» of d
Formally, the extraction process of features from an image i generates a vector w
#»
dimensions for representing the image i, where each dimension of w corresponds to a
feature of the image i obtained by the adopted feature extraction method. This process
is performed by a feature descriptor method, which can be understood as a function ε,
constructed from an image set Y = {i1 , i2 , ..., im }.
The image set Y , hereby called the initial set, is a finite set, which possesses a
quantity c of image classes. However, considering the context of image data stream, new
image classes can emerge in addition to the initial c classes. Formally, an image data
stream X, is a very large, potentially infinite, sequence of images i1 , i2 , ..., in , which
arrives at the timestamps t1 , t2 , ... ,tn . As such, after the construction steps of the
feature descriptor, each image ii ∈ X is described by ε, thus resulting in feature vector
#» . Noteworthy here is that over the data stream X new image classes can emerge,
w
i
where X possesses a quantity of image classes c0 > c. Moreover, the d of image features
may not be sufficiently representative for representing the new images.
With the emergence of new classes and new instances with different features at each
timestamp of X, there may arise the need for the evolution of the feature descriptor
ε in order to consider the new features in the images. Therefore, the objective of the
experimental method herein is to perform numerous variations concerning the quantity
of image classes and in the number of images of the initial set (Y ) for assessing the
influence of these parameters in the representation of the image data stream X. From
these variations, one also notes the influence from the image description on the quality
of the result for image classification. The steps in the proposed experimental method
are illustrated in Figure 1.

Fig. 1. Experimental Method - Steps.

Figure 1 demonstrates that the image data stream (X) is organized into batches.
The number of batches, the quantity of image classes and the number of images that
belong to each batch are parameterized options. This organization of X uses the same
strategy as that described in [10]. This strategy considers the availability of all labels
from images of X. The first batch represents the initial set (Y ), which is used as input
for Step (1) from the experimental method. In this stage, the feature descriptor (ε) is
constructed. In Step (2), the extraction of the features of the images is performed for Y
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from ε. The training of the classification algorithm is performed after the extraction of
#» obtained in Step (2), which
features in Step (3), using as input the feature vectors (w)
resulted in the decision model in Step (4).
After the processing of the first batch, the remaining batches are considered. In Step
(5), the feature extraction of the images from each batch is performed, considering ε.
#» of the images from each batch are splitted into training
Following this, the vectors w
and test portions in Step (6). After this step, the incremental training of the decision
model is performed in Step (7). Finally, the decision model is tested in Step (8). Noted
here is that Steps (5) to (8) should be performed for each batch.

5

Experimental Evaluation

In order to perform the experiments described herein, we selected four real datasets,
which are commonly used in studies of image classification. These datasets possess different quantities of images and classes. The dataset Scenes15 [7] has 4,485 images with
15 classes. The dataset UIUC Sports [6] possesses 8 classes and 1,574 images. The dataset
Flowers17 [1] possesses 1,360 images and 17 classes. The largest image dataset considered is the Pascal VOC 2007 [2], with 9,963 images and 20 classes.
The descriptors BoVW and CNN were considered for feature extraction. The CNN
considered for the performing of experiments was VGG16. The feature vector, with
25,088 dimensions, produced by the last layer of pooling, known as flatten, was selected
to represent the images. For the implementation, VGG16 was considered pre-trained in
the image dataset ImageNet. For the adjusting of weights from the network, 10 epochs
were considered, along with a learning rate equal to 0.1. In order to describe images
considering BoVW, the SIFT descriptor was used for identifying key points of the images.
Different quantities of visual words were considered for each image dataset, based on
studies in the scientific literature of the area. For the datasets Flowers17 and UIUC
Sports, 512 visual words were considered [1, 6]. In the dataset Scenes15, 800 visual words
were considered [7]. Finally, we used 8,192 visual words in Pascal VOC 2007 [2].
The algorithms considered for classification were the NCM [5] and iCaRL [10]. The
iCaRL algorithm possesses a feature description step, where this method allows for the
evolution of the feature descriptor with new images. The implementation considered
and the configurations used for the iCaRL were the same as those published in [10]. The
efficiency of the feature descriptors for the classification was evaluated considering two
metrics - accuracy and F-Measure [9].
5.1

Experimental Results

Through the proposed experimental method, described in Section 4, the experiments
were performed, while considering 3 different scenarios related to a Baseline. The scenarios of the proposed experiments have as their objective to analyze different parametrizations, thus promoting combinations that still have not yet been explored in previous studies, for the construction of the feature descriptors BoVW and CNN. These parametrizations are related to the composition of the image datasets used for the construction
of the descriptors. In addition, the iCaRL algorithm, which feature descriptor is CNN
based, was considered in order to allow for the analysis of the results from one method
that considers the evolution of the image feature descriptor.
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Baseline In the Baseline, the image descriptors, BoVW and CNN, consider all the
images from the dataset, in order to compose the initial set (Y ) for the construction
of the visual vocabulary and for training the CNN, respectively. The objective is to
obtain a Baseline for the proposed analyses, while considering a scenario in which all
the classes of images are known and all the images are accessible. Likewise, in the iCaRL
algorithm, all the images were used in the feature descriptor construction. Therefore,
the approach of feature evolution of the iCaRL algorithm was not considered in this
scenario. In regards to the classification step of the iCaRL and NCM, the images for
each batch were randomly selected, at 70% of the images for training and 30% for the
classifier tests. Each batch possesses images from 2 image classes. The results from the
experiments with the Baseline are described on Table 1.
Table 1. Accuracy (A) and F-Measure (M) of iCaRL and NCM (BoVW and CNN) algorithms.
All images are used for the construction of the feature descriptors.
NCM
BoVW
CNN
Image Dataset
(A) (M) (A) (M)
Flowers17
36.51 37.67 83.08 84.03
Scenes15
49.92 48.99 84.76 84.73
Sports
37.81 37.71 90.75 90.52
Pascal VOC 2007 27.36 28.3 67.19 65.45

iCaRL
(A)
82.49
83.22
90.47
66.74

(M)
82.61
83.15
90.04
65.12

Through an analysis of the results encountered on Table 1, one notes that the images
dataset Pascal is that which presented itself as the most challenging, for BoVW as well as
for CNN. This image dataset is that which possesses the highest quantity of images and
classes. The results for the iCaRL algorithm were close to the results of the NCM with
the descriptor VGG16. In both cases, the descriptors are based on CNN. Subsequently,
under these circumstances, the similarity of the results between NCM and iCaRL is
compatible with the results published in [10]. Under the intent of analyzing the influence
of different quantities of images used in the construction of the descriptors, the three
scenarios of experiments were used, as described in the following.
Scenario 1 – Does reducing the number of images during the construction of
the descriptor have an impact on the representation capacity over the whole
image data stream? In this scenario of experiments, the objective was to assess the
impact from reducing the number of images of Y , when generating the visual vocabulary
of the BoVW and CNN training. The number of image classes was preserved, i.e., all the
classes were considered. The number of images of each class was reduced to 70%, 50%
and 30% in relation to the Baseline. The images were randomly selected, where each
image set included the lower sets. According to that described in Section 4, the images
used for the training of the classifier correspond to the same quantity considered by the
descriptors. In terms of the iCaRL, the selected images were used in the first batch. The
results from this scenario are described on Table 2(A).
In general, one notes a small degradation in the classification results with BoVW,
when we compare the scenarios that consider 70% and 30% of the images. The maximum
degradation noted was of 0.69% for the F-Measure from the image dataset Scenes15. For
the CNN, degradations were noted that arrived at 2.48% on the F-Measure of the image
dataset Pascal VOC 2007. For the algorithm iCaRL, the highest degradation noted was
of 0.26% for the F-Measure of the image dataset Pascal VOC 2007. Note that the use
of a method that considers the evolution of features can mitigate the degradation of the
results.
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When comparing the results of Table 2(A) to the Baseline, present on Table 1,
one notes higher degradation of the F-Measure. For example, by analyzing the results
obtained for the image dataset Scenes15, there is a noted degradation of up to 3.37%
on the CNN descriptor. For the BoVW, the highest degradation noted was of 1.43%
in the image dataset Flowers17. This same set also presented the highest degradation
in the iCaRL algorithm, with a value of 0.36%. These results show that the reduction
in the number of images when constructing descriptors undermined the representation
capacity of the whole data image stream.
Table 2. Accuracy (A) and F-Measure (M) of iCaRL and NCM (BoVW and CNN) algorithms.
Different numbers of images (2 (A)) and classes (2 (B)) are used for the construction of the
feature descriptors.
NCM
BoVW
CNN
Images (A) (M) (A) (M)
70% 35.78 36.73 80.63 82.02
50% 35.78 36.59 80.14 81.51
Flowers17 30% 35.29 36.24 79.9 81.46
70% 50.22 48.96 82.98 82.53
50% 49.55 48.32 82.17 82.72
30% 49.48 48.27 81.65 81.36
Scenes15
70% 37.81 37.56 90.75 89.89
UIUC
50%
37.6 37.52 90.33 90.04
Sports
30% 37.39 37.42 90.33 89.67
Pascal
70% 27.33 27.83 66.72 64.62
VOC
50% 27.09 28.02 64.5 63.42
2007
30% 27.23 27.58 64.57 62.14
(2(A))
Image
Dataset

iCaRL

NCM
BoVW
CNN
(A) (M) Classes (A) (M) (A) (M)
82.42 82.45
70% 35.53 35.91 80.63 81.29
82.35 82.31
50%
34.8
36 80.14 81.28
82.2 82.25
30% 34.55 35.69 79.65 80.95
83.16 83.11
70% 49.48 48.22 81.13 81.01
83.12 82.99
50% 49.33 48.24 80.99 81.18
83.09 82.81
30%
49.4 48.15 80.99 80.76
90.33 90.21
70% 37.39 37.32 90.12 89.68
90.27 90.15
50% 37.39 37.26 89.91 89.55
90.27 90.11
30% 37.18 37.06 89.7 89.41
66.73 65.78
70% 27.23 27.57 63.83 61.75
66.69 65.56
50% 27.13 27.54 62.94 61.5
66.66 65.52
30% 26.93 27.57 62.82 61.17
(2(B))

iCaRL
(A)
82.27
82.13
81.98
83.12
83.07
83.03
90.21
90.15
90.02
66.67
66.55
66.51

(M)
82.31
82.18
82.01
83.09
82.88
82.75
90.07
89.97
89.56
65.51
65.38
65.25

Scenario 2 – Does reducing the number of classes during the construction
of descriptors have an impact on the representation capacity over the whole
image data stream? The objective behind this scenario was to evaluate the effect
from the reduction in images when generating the visual vocabulary for BoVW and for
the training of the CNN. Regarding the Baseline, the number of classes was reduced
to 70%, 50% and 30%. The considered classes were selected randomly. All the images
from the selected classes were considered. Through such, in the classification step of the
NCM, the same training and test sets from the Baseline were considered. A random
selection was made of 70% of the images for training and 30% for the test, including the
images of classes not used for the construction of the descriptors. In the same form as
in the previous scenario, for the iCaRL, the selected images were used in the first batch
and the remaining images were considered for the incremental training of the classifier,
as well as for the evolution of the feature descriptor. The results from the experiments
with this scenario are described on Table 2(B).
From the analysis on Tables 2(B), one notes that there exists a degradation at each
reduction in the number of classes. As seen in the previous scenario, there exists a small
degradation in the results of the F-Measure with the BoVW descriptor, where there
was found at most 0.26% of degradation on the dataset UIUC Sports, between the cases
of 70% and 30% of image classes. For the CNN, one notes a maximum degradation of
0.58% on the dataset Pascal VOC 2007. On the iCaRL, the highest degradation was
noted on the dataset UIUC Sports, with the value of 0.51%.
By comparing the results presented on Table 2(B) and the results of the Baseline,
described on Table 1, one notes higher degradation of the F-Measure. For the BoVW
descriptor, the highest degradation seen was of 1.98% on the dataset Flowers17. However,
for the descriptor CNN, the highest degradation was of 4.27% on the dataset Pascal VOC
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2007. On the iCaRL, the highest degradation was noted using the dataset UIUC Sports,
with a value of 0.41%. In general, it was also noted that the reduction in the number of
classes influences the quality of the representation of the image data stream, than that
of merely reducing the number of images, covered in Scenario 1 of experiments.
Scenario 3 – Does reducing the number of images and the quantity of image
classes during the construction of descriptors have an impact on the representation capacity over the whole image data stream? In the last scenario
of experiments, the objective was to assess the junction of the previous scenarios, i.e.,
the simultaneous reduction in the number of image classes and quantity of images. The
number of classes used for generating the visual vocabulary of BoVW and for training
the CNN was reduced to 70%, 50% and 30%. The number of images selected also suffered
a reduction. The same percentages were considered (70%, 50% and 30%). The classes
taken into consideration were selected with the same criteria as Scenario 2. In order to
select the images, the same strategy of Scenario 1 was considered. In the classification
step of the NCM algorithm, the same sets as those used in the descriptor construction
were considered. However, it was necessary to perform incremental training with the
image classes not recognized by the first set of images. For the incremental training,
the same percentages of images were selected from the considered respective sets; the
remaining images were used in the classifier test. For the iCaRL algorithm, the selected
images were presented in the first batch and the remaining images in the following
batches for the incremental training of the classifier, as well as for the evolution of the
feature descriptor. The results of the experiments are described on Table 3.
Table 3. Accuracy (A) and F-Measure (M) of iCaRL and NCM (BoVW and CNN) algorithms.
Different numbers of classes and images are used for the construction of the feature descriptors.
Image
Dataset Classes Images
70%
50%
30%
70%
70%
Flowers17
50%
30%
50%
70%
50%
30%
30%
70%
50%
30%
70%
70%
Scenes15
50%
30%
50%
70%
50%
30%
30%

NCM
BoVW
CNN
(A)
(M)
(A)
(M)
35.29 35.46 79.41 80.89
34.55 35.57 79.65 80.61
34.8 35.49 79.16 80.66
35.29 35.46 79.65 80.51
34.55 35.35 78.18 79.86
34.31 35.37 78.67 79.55
34.06 35.28 78.67 76.13
34.31 34.94 73.52 76.13
34.06 34.92 72.54 73.6
49.11 47.76 80.47 80.07
48.66 47.68 79.95 80.14
48.74 47.38 79.51 79.79
48.74 47.37 79.06 79.07
48.59 47.25 77.95 77.97
48.44 47.19 76.77 76.67
48.37 47.1 74.18 74.38
48.15 46.93 70.26 69.56
47.92 46.6 65.9 64.18

iCaRL
(A)
81.98
81.91
81.69
81.76
81.25
81.25
80.88
80.8
80.73
82.94
82.92
82.78
82.83
82.76
82.72
82.63
82.58
82.54

(M)
82.01
81.94
81.63
81.68
81.47
81.43
81.15
81.07
80.98
82.6
80.56
82.19
82.33
82.17
82.08
82.06
81.99
81.94

Image
Dataset

UIUC
Sports

Pascal
VOC
2007

NCM
BoVW
CNN
(A)
(M)
(A)
(M)
37.39 37.18 89.7 89.33
37.18 36.98 89.28 88.79
37.18 36.91 89.07 88.47
36.97 36.77 88.86 88.25
36.97 36.73 88.02 87.64
36.97 36.7 87.81 87.42
36.97 36.69 86.76 85.96
36.97 36.61 86.13 85.27
36.55 36.28 85.92 85.25
27.23 27.57 62.79 61.15
27.13 27.54 63.12 60.77
27.13 27.5 62.35 60.61
26.99 27.5 62.52 60.43
26.62 27.5 60.37 59.08
26.56 27.2 60.24 58.96
26.19 27.08 60.64 58.83
26.29 26.9 60.57 57.78
25.92 26.83 59.1 57.14

iCaRL
(A)
90.08
90.02
89.89
89.96
89.83
89.77
89.64
89.45
89.39
66.49
66.47
66.43
66.45
66.34
66.24
65.74
65.64
65.6

(M)
89.97
89.88
89.78
89.81
89.61
89.58
89.51
89.33
89.31
65.18
65.15
65.1
65.13
65.08
65.03
64.99
64.97
64.91

As seen from Table 3, one notes that there exists a gradual degradation of the results
at each reduction of class as well as of images. By considering only the reduction in the
quantity of images, one already notes degradations in the results. However, the lowest
results noted were obtained for the cases of 30% of classes and 30% of images. Through
a comparison of the F-Measure for the extreme cases on Table 3, i.e., 70% classes with
70% images and 30% classes with 30% images, the highest degradations noted were of
1.16% for the BoVW and 15.89% for the CNN. These degradations were seen in the
image dataset Scenes15. For the algorithm iCaRL, the lowest degradations were seen,
with a maximum value noted of 1.03% in the dataset Flowers17.
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In regards to the Baseline, described on Table 1, here the highest degradations were
seen for the F-Measure across all the scenarios of experiments. The degradation of 2.75%
was seen for the BoVW descriptor in the dataset Flowers17. For the descriptor CNN, the
highest degradation was of 20.55% in the dataset Scenes15. In the iCaRL, the highest
degradation noted was of 1.63% in the dataset Flowers17.
From the undertaken analysis, the conclusion was reached that the simultaneous reduction in the number of image classes and in the quantity of images caused an even
greater degradation in the results when compared to scenarios from previous experiments. This degradation was especially noted for the CNN descriptor. Across all image
datasets, the worst results were noted with the lowest quantity of classes as well as
images. In order to complement the analysis of the results, the statistical test was performed, as described in Section 5.2.
5.2

Statistical Analysis

The statistical analysis performed herein, compared the values for accuracy and FMeasure obtained in the different scenarios of the performed experiments. To this end,
the Wilcoxon signed-rank test [12] was applied. This is a nonparametric statistical test
used to compare two samples of results and to verify whether there exists a significant
difference between the samples. The two hypotheses formulated on the Wilcoxon signedrank test are H0 − the results obtained from two scenarios of experiments are not
statistically different at a confidence level of 95%, H1 − the results obtained from two
scenarios of experiments are statistically different at a confidence level of 95%.
The analyzes were performed in relation to the Baseline. For the CNN descriptor,
in all scenarios it was possible to observe a statistical difference between the results.
However, for the other descriptors only in Scenario 3 it was possible to observe this fact,
thus H0 was rejected in all cases only in the comparison between Scenario 3 and the
Baseline. Therefore, from the statistical analysis, one concludes that the simultaneous
reduction of the number of images and in the quantity of classes present the highest
degradations in the results. Under such conditions, even for iCaRL, which is capable
of updating the feature descriptor, presented statistically different degradations in the
results. However, one notes that these degradations are eased in relation to methods
that do not consider the updating of the image feature descriptor.

6

Conclusion

The description of images in environments of image data stream is an important research
question, which still leaves some points open to discussion. The majority of existing correlated studies consider the evolution of classifiers and do not focus on feature evolution,
while those studies that consider the evolution of descriptors are limited in terms of the
experimental scenarios considered.
The study presented in this paper performed an experimental analysis, based on
questions still unexplored in the image data stream classification, related to the construction of feature descriptors of BoVW and CNN images. Through the analysis of the
experimental results obtained, it was found that the lower the number of images and
classes of images used in the construction of the descriptors, the greater the deterioration
of the results. Furthermore, from the statistical analysis the simultaneous reduction for
the number of image classes and for the quantity of images is understood as being the
most critical scenario for the experiments under consideration, which is able to affect
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even those methods that consider the evolution of the feature descriptor. Therefore, the
result from the study presented herein has the potential of supporting the description
of images and classification in the context of image data stream.
As future work, we intend to explore approaches for updating feature descriptors and
assess other image classification algorithms, other CNN architectures, along with other
image datasets. In addition, the evaluation method used in the study described herein,
as in correlated studies, considers the immediate availability of labels of new image
classes for the incremental training of the classifier. This assumption is incompatible with
several application scenarios. Therefore, an important objective to be explored consists
of the exploration of an experimental method that allows for incremental updating of the
classifier and of the feature descriptor of the images, while considering the restrictions
that exist in real applications.
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Abstract. In recent years, there has been an increase in leak zone
identification strategies in water distribution networks. This paper
presents an analysis of the effect network partitioning techniques have
on the performance of leak zone location methodologies. An SVM
classifier is used to identify the leak zone location. The effect of the
following clustering methods for network partitioning is analyzed:
k-medoids, agglomerative clustering, DBSCAN, and Girvan-Newman
algorithm. Both topological and hydraulic variables are considered
when performing the clustering with three different sensor
configurations. The results obtained demonstrate that the effect of each
clustering method on the leak location performance is similar for both
types of variables.
Keywords: clustering · leakage zone identification · water distribution
networks

1

Introduction

Efficient diagnosis of leakages in water distribution networks (WDNs) has been
a topic of interest over the last years [8, 15]. In particular, the accurate location
of leakages is of significant economical and environmental importance. Research
on leak location in WDNs follows two main lines: hardware-based and softwarebased methods, being the latter the main interest in this paper.
Software-based approaches comprehend data analysis [8], model-based [15],
and hybrid strategies [16], most of which try to identify a node in the network
as the leak location. However, these exact-node strategies present accuracy
limitations due to the uncertainty in the data, the variability in consumer
demands and the number of sensors installed, among other factors. Therefore,
several software-based strategies in recent years have approached the leak
location task as a leak zone identification problem aiming to narrow the
possible leak location down to a group of nodes [2, 4, 16, 20]. Once a leak zone
has been proposed, the exact location of the leak can be pinpointed using
hardware-based methods. This approach has generated an increase in leak
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location reliability while sacrificing leak location resolution. Leak location
reliability measures the performance of the method in terms of identifying the
correct zone where the leak is located while leak location resolution is
associated with the size of the zone where the leak is located, i.e. the more
resolution the smaller the size of the zone.
Quiñones-Grueiro [4] proposes to partition the network into zones by means
of a k-medoids algorithm with topological variables. Data for each zone is
artificially generated to form classes. The leak zone location problem is then
solved by using random forests (RFs) and support vector machines (SVM)
classifiers trained with the generated data. A similar strategy is followed by
Zhang [20], who performs network partitioning using k-means clustering with
hydraulic variables.
Iterative zone divisions have also been proposed by Shekofteh [16] and Chen
[2] using Girvan-Newman algorithm and hydraulics-based k-means,
respectively. Both propose the division of the network into two zones to then
identify one as the leak location. The identified location is then divided again
into two subzones repeating the process in an iterative manner until a
previously determined division iteration is reached.
Despite the increasing number of leak zone location approaches presented
recently, none of them has conducted an analysis of the influence of the
network partitioning methods on the leak location reliability. Therefore, the
main objective of this paper is to analyze the effect of different zone division
strategies on the overall performance of the leak zone location task. Four
clustering algorithms are studied: DBSCAN, k-medoids, Girvan-Newman
algorithm and agglomerative clustering. A secondary objective is to analyze
the effect of the type of variable used when performing the clustering. The
clustering methods are tested considering both topological and hydraulic
variables and the leak location task is solved by using an SVM classifier. The
paper is structured as follows. In Section 2, a theoretical base is given for the
methods used for clustering the nodes. Section 3 presents a summary of the
methodology followed to locate a leakage. Section 4 introduces the Modena
WDN which is used in this paper as the case study. The classification results
corresponding to each clustering strategy are presented and compared in
Section 5. Finally, conclusions are issued and recommendations for future
studies are made.

2

Materials

2.1 WDN Partitioning Strategies
The partitioning of the network has been approached through clustering
methods. The task of clustering a data set X = {x1 , x2 , . . . xn } of n objects
consists in identifying a number of disjoint subsets in X formed by objects
with similar characteristics while the similarities among subsets are minimum
[9]. These subsets or groups are called clusters. Several approaches have been
proposed for solving the clustering task [3, 10, 12], differing in the way the
clusters are shaped, the type of objects being clustered and the measures of
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object similarity, among other characteristics. In this paper four clustering
strategies are used. They were selected due to their simplicity, their
effectiveness and the fact they are widely known.
K-medoids Clustering K-medoids is a partitioning clustering method [10]
in which a set M = {m1 , m2 , ...mk } of k representative objects from a data set
X = {x1 , x2 , . . . xn } are selected in order to build k Xc ⊂ X, c = 1, 2 . . . k subsets
(clusters) of X. Each representative object mc is referred to as the medoid of
cluster Xc . Once the medoids have been determined, the clusters are built by
assigning each object from data set X to the cluster formed by the nearest
medoid [9]. In order to do so, a similarity or distance measure do (x, x0 ) must be
defined for every two objects x, x0 ∈ X. The k-medoids clustering problem is then
reduced to finding a set of medoids M such that the total distance from every
object in X to its corresponding medoid is minimum. This can be formulated as
the following optimization problem:
min
M

n
n X
X

do (xi , xj )zij

s.t.

i=1 j=1


zij =

1
0

if

(1)
xi = mc , mc ∈ M and
otherwise

xj ∈ Xc

where mc is the medoid representing cluster Xc and c = 1, 2, . . . k.
Agglomerative Clustering Agglomerative clustering is a hierarchical
clustering method that, given a data set X = {x1 , x2 , . . . xn }, yields a
hierarchical tree or dendrogram of clusters. Each junction in the dendrogram
represents the merging of two clusters and the bottom of the tree is formed by
n one-object clusters, while the top has only one cluster with all n objects [9].
In order to build a cluster dendrogram, the following iterative methodology
is defined:
1. Create a starting set C 0 = {C10 , C20 , . . . , Cn0 } of one-object clusters which
goes at the bottom of the dendrogram.
2. Merge the two nearest clusters to form a new cluster set
1
C 1 = {C11 , C21 , . . . , Cn−1
}. In order to do so, a similarity or distance
0
measure dc (C, C ) between any two C, C 0 clusters must be defined; which,
by itself, implies the need for a similarity or distance measure do (x, x0 ) for
every two objects x, x0 ∈ X.
i
} until a single3. Repeat step 2 for every cluster set C i = {C1i , C2i , . . . , Cn−i
n−1
n−1
cluster set C
= {C1 } is generated.
The agglomerative clustering problem is reduced to finding a level in the
hierarchy which renders a cluster set most suitable for the task at hand. Several
suitability criteria might be followed, such as a previously determined optimal
number of clusters or an analysis of the inconsistency coefficient, among others
[7].
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Girvan-Newman Community Algorithm Girvan-Newman clustering
algorithm is based on the determination of communities within a graph
network. A community is a group of network nodes within which connections
are dense while connections with other groups are sparse [12].
This is also a hierarchical clustering algorithm, however, in this case, it is a
divisive algorithm; meaning it starts with a single cluster C 0 containing all
network nodes and proceeds to iteratively split it until n one-node clusters
C n−1 = {C1n−1 , C2n−1 , . . . , Cnn−1 } are generated.
i
A set of clusters C i = {C1i , C2i , . . . , Ci+1
} at any level of the hierarchy (i =
i+1
0, 1, . . . n − 2) is divided to form a cluster set C i+1 = {C1i+1 , C2i+1 , . . . , Ci+2
} by
removing edges from the network with the highest edge betwenness score until
one of the clusters in C i is no longer connected [1]. Edge betwenness is a measure
of how many paths in the network go through a given edge and its calculated in
several ways. However, the particular edge betwenness calculation method does
not have much impact on the overall performance of the clustering task.
Density Based Spatial Clustering Algorithm of Applications with
Noise (DBSCAN) DBSCAN is a density based clustering algorithm which
produces a set of clusters from a data set X while identifying objects in the
data set that don’t belong to any cluster and are, therefore, considered noise. It
is particularly useful when the clusters to be formed might have arbitrary
shapes [13].
Cluster formation in DBSCAN takes place by selecting a set of core objects
and their neighborhoods. A core object xp is defined as an object in X for
which there are at least MinP other objects in X within an Eps radius
neighborhood from xp [3]. In order to construct an Eps neighborhood for each
object, a similarity or distance measure do (x, x0 ) must be defined for every two
objects x, x0 ∈ X. In other words, an object xp is considered a core object
when the following is true:
| Neps (xp ) |≥ M inP

s.t.

Neps (xp ) = {xq ∈ X | do (xp , xq ) ≤ Eps}

(2)

where Neps (xp ) is xp ’s Eps-neighborhood and | Neps (xp ) | is the neighborhood
cardinality (i.e. number of objects).
Once all core objects have been identified, clusters are formed by merging
sets of core objects which are in each other’s Eps-neighborhoods together with
their respective neighborhoods. All objects that have no core objects within their
Eps-neighborhoods are considered noise and are not assigned to any cluster. The
MinP parameter defines a minimum cluster size while the combination of both
MinP and Eps determines a minimum cluster density, (or a maximum noise
density). These parameters can be adjusted for a known cluster density, or in
search of a desired number of clusters. They can also be determined with the
help of a k-dist graph defined in [3].

3

Methodology

The leak localization task is addressed as a classification problem using SVM
classifiers. Given a sample vector of WDN operational variables, a possible leak
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zone location is represented by a class. The construction of these classes consists
in the clustering of groups of nodes forming k zones within the network. In this
section, the methodologies used for network partitioning are presented, as well
as the methodology used in the classification step.

3.1

Class formation

In order to form the classes, the four clustering methods presented in 2.1 were
implemented. The Girvan-Newman method is graph-based and, therefore,
topological in nature, since it works directly with the network’s nodes and
connections (pipes). However, the other three methods (k-medoids,
agglomerative clustering and DBSCAN) are defined for any set of objects.
With this in mind, two types of variables are considered for each of these three
methods: one based on the network’s structure (topology-based), and the other
based on patterns generated by leaks in each node (hydraulics-based).
On one hand, in the case of topology-based clustering, the set of objects X
is defined as the node tags for the WDN. The similarity measure between
objects do (x, x0 ) is defined as the topological distance between two nodes, i.e.
the total pipe distance traversed on the shortest path between both nodes.
Both the topological object set X and the distance value between all its
components can be easily determined from the structure of the WDN, making
it an easily accessible strategy. Also, considering topological distance as a
similarity measure, the formation of connected zones [1] is guaranteed, which
should make the process of subsequently narrowing down the location of the
leak more effective.
On the other hand, the use of a sensitivity matrix for zone generation is often
found in leak diagnosis applications [2, 20]. In this case, for the hydraulics-based
clustering, the set of objects X is defined as the rows of the sensitivity matrix
generated by a set of leaks simulated across the network. Since the objects in
X are now feature vectors, several similarity measures do (x, x0 ) can be defined
between objects. A downside of this approach is the need for a hydraulic model
of the network in order to generate the sensitivity matrix, as well as the fact
that the matrix is conditioned by the simulation parameters. Also, not having a
set of objects or a similarity measure directly related to the network structure,
the zones can be disconnected.

3.2

A DBSCAN Variation

As presented in section 2.1, DBSCAN generates a number of clusters and a noise
set with all the objects that don’t belong to any clusters. However, in this case, a
leak can occur in any node of the network, therefore, every object in the data set
X must be assigned to a cluster. To solve this problem, an extra step was added
to the DBSCAN clustering algorithm in which every object in the noise set is
assigned to the nearest cluster, using single linkage [9] as a similarity measure.
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4

Case Study

4.1 Modena WDN
The WDN of the city of Modena, in Italy was selected as case study to test the
performance of the strategies proposed. This network (Fig. 1), has 268 junctions,
317 pipes, and 4 reservoirs, which make it a large-scaled network. The network
is completely gravity-fed [19], therefore, it has no pumps.

Fig. 1: Modena WDN topological representation
4.2 Data Generation
The hydraulic model of the Modena WDN was used in order to generate synthetic
leakage data by means of EPANET 2.0 [14] hydraulic simulation software. The
following considerations are regarded during simulation:
– A regime of minimum night flow (from 2AM to 6AM) is considered, where
the variations caused by consumer demands is minimum, making the pattern
recognition task simpler.
– A sample time of 15 minutes is set, for a total of 4 samples per hour and 4
hours per day (due to minimum nigh flow regime). Samples are filtered by
averaging the four samples in an hour. The 4 filtered samples in a day are
considered a scenario.
– Leaks of random sizes were generated within the following interval:
[2.7; 6.2]lps in every node of the network. This represents 1.6 to 3.6% of the
networks total demand and 1 to 3 times a node’s nominal demand.
– Aiming to simulate the variations caused in node demands by the consumers’
water usage patterns and, therefore, generate more realistic data samples,
a certain level of uncertainty was considered when simulating the consumer
demands by sampling from a Gaussian distribution defined as follows: ℵ ∼
{dn , 0.05dn } where dn is the nominal demand of the node.
– Also aiming towards realistic simulation, measurement noise (with mean
0 and standard deviation of 0.025mH2 0) is added to the pressure values
simulated.
4.3 Sensor Configuration
Being this such a large network, monitoring pressure and flow in all of its
junctions and pipes would be an economically strenuous task; not to mention
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unnecessary, since several works [2, 18] have achieved satisfactory results by
selecting only a subset of locations within the network to position sensors. A
set of pressure sensors, being economically more accesible, have been
considered to be installed in this paper. The optimal sensor positions were
selected aiming to maximize leak detection performance by means of a genetic
optimization algorithm [6]. Three pressure sensor configurations were proposed:
Table 1: Pressure sensor configurations
Configuration
No. Sensors
10
85 23 54 79 120 113 187 202 225 232
15
14 23 33 70 93 111 133 156 161 183 184 201 206 251 263
20
3 33 43 62 69 70 76 99 133 149 155 157 161 162 190 201 206 208 213 220

5

Results and discussion

A comparison was first considered among clustering methods based on
topological variables and, afterwards, methods based on hydraulic variables
were compared. Finally, an overall comparison between all methods was
developed.
In order to test each method, the following methodology was developed:
1. The WDN was partitioned into k clusters, each representing a class.
2. A balanced training set was generated, with 400 leak scenarios per class.
3. An SVM classifier was trained to identify the leak location class. SVM
optimal hyperparameters were determined using grid search [4].
4. The classifier performance was evaluated by means of a completely new
generated test set with 50 scenarios per node.
5. Bayesian temporal reasoning was applied for all 4 samples in each scenario
in order to improve classification performance [17].
6. Steps 3 to 5 were repeated 10 times with different training sets to assess the
variability in performance given by the uncertainty.
The effect of each clustering method on the classification performance was
tested for all three sensor configurations. A fixed number of classes k = 25 was
selected for all experiments. A performance measure was defined in order to effect
the comparison. Leak zone location performance was defined as: LZP = 100 CL
TS ,
where T S is the total number of scenarios in the test set and CL is the number
of scenarios for which the leak zone location was properly estimated.
5.1 Topology-based clustering methods
As expected, topology-based clustering algorithms produced connected zones
(classes) in every case. Figure 2 presents a performance comparison of the four
clustering methods tested.
The obtained results can be interpreted as a two-factor full factorial
experiment design with sensor configuration and clustering method as the two
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Fig. 2: Comparing Topology-based Clustering Methods
factors with three and four levels respectively [11]. Therefore, Friedman’s
nonparametric statistical test [5] was executed in order to find significant
differences among clustering methods. No significant difference was found
between DBSCAN and k-medoids. However, Girvan-Newman algorithm and
agglomerative clustering present statistical differences. In general, lower
performance is attained for the 10 sensor configuration, while the 15 sensor
configuration shows a slightly higher performance than its 20 sensor peer.
Regarding clustering methods, Girvan-Newman algorithm achieves the worst
performance overall and agglomerative clustering renders the highest.
5.2 Hydraulics-based clustering methods
Hydraulics-based clustering algorithms however, in some cases, did not generate
connected zones (classes), which mostly depends on the number of classes and
the distance measures used. By using hydraulic variables, the clustering methods
k-medoids clustering, agglomerative clustering and DBSCAN were tested; and a
performance comparison is presented in Figure 3.

Fig. 3: Comparing Hydraulics-based Clustering Methods
This can also be interpreted as a full factorial experiment in the same way.
Friedman’s test showed similar results, with no method presenting significant
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statistical differences in performance. K-medoids showed the best performance
for the 10 and 15 sensor configurations to be surpassed by DBSCAN algorithm
in the 20 sensor configuration and mean overall performance.
5.3

Effect of the variable used

The effect of the type of variable used on the leak zone location performance
is analyzed separately for each sensor configuration. Two factors are defined
for this analysis: clustering method with three levels (k-medoids, agglomerative
clustering and DBSCAN) and type of variable with two levels (topological or
hydraulic). Friedman’s statistical test was used to analyze the effect of the type
of variable on the performance.
For the 10 sensor configuration, all three hydraulics-based methods show
significantly better classification performance, with hydraulics-based k-medoids
being the best clustering method with a mean performance of 97.56%. For the 15
sensor configuration, both topology-based and hydraulics-based methods show
similar performances, with hydraulics-based k-medoids yielding, again, the best
results with a mean performance of 99%, closely followed by topology-based
agglomerative clustering and DBSCAN with a mean performance of 98.68% and
98.64% respectively. Finally, for the 20 sensor case, there’s a clear superiority
shown by the hydraulics-based DBSCAN algorithm with a mean performance of
98.91%.

6

Conclusions

A comparison among 7 zone partitioning procedures for WDNs was developed
for three different (10, 15 and 20) sensor configurations, aiming to study the
effect of the clustering method used on the zone-based classification
performance, as well as the effect of the type of variable used when performing
the clustering. Agglomerative clustering presented the best results among
topology-based clustering methods while Girvan-Newman algorithm showed a
poor effect on classification performance for all sensor configurations. However,
no significant difference was found among hydraulics-based methods. For the
10 sensor configuration, hydraulics-based methods considerably outperform
topology-based ones, however, for the 15 sensors and 20 sensors cases, both
groups present strategies with similarly commendable results. For future
studies, a study of the effect of combining different sensor positioning strategies
with these clustering methodologies will be conducted.
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Abstract. The need to measure and mitigate bias in machine learning
data sets has gained wide recognition in the field of Artificial Intelligence (AI) during the past decade. The academic and business communities call for new general-purpose measures to quantify bias. In this
paper, we propose a new measure that relies on the fuzzy-rough set theory. The intuition of our measure is that protected features should not
change the fuzzy-rough set boundary regions significantly. The extent to
which this happens can be understood as a proxy for bias quantification.
Our measure can be categorized as an individual fairness measure since
the fuzzy-rough regions are computed using instance-based information
pieces. The main advantage of our measure is that it does not depend on
any prediction model but on a distance function. At the same time, our
measure offers an intuitive rationale for the bias concept. The results using a proof-of-concept show that our measure can capture the bias issues
better than other state-of-the-art measures.
Keywords: Fuzzy-rough sets · Fairness-aware AI · Bias.

1

Introduction

Artificial Intelligence (AI) systems are widely used in decision-making for tasks
like predictive crime mapping, loan granting or resource allocation in healthcare.
However, as historical data often involves implicit biases [10], these systems have
been found to correlate their predictions with sensitive characteristics such as
race or gender, leading to discriminatory decisions. In the literature, more than
20 definitions of fairness [9] and respective bias metrics have been proposed.
However, existing metrics express different and often contradictory notions of
fairness [11, 5, 4]. Deciding which definition is most appropriate for the task at
hand is difficult [15] as several parameters need to be considered such as causal
influences among features, mis-representation of groups and different modalities
of data [9], among other factors.
Speicher et al. [16] distinguish between group and individual fairness metrics.
The former ones explore disparities between groups within a sensitive feature to
protect them from being discriminated against [16] and work well in settings
where equal proportions across demographic groups are desirable. Some widely
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used group fairness metrics include statistical parity, disparate impact, equalized
odds, and equal opportunity [3]. Individual fairness metrics test whether similar
individuals are treated similarly [14]. They are suitable when bias needs to be
considered from the perspective of the subject that is targeted in the decision [8].
Moreover, these measures offer strong semantics [1]. The individual fairness metrics explored in this paper (as state-of-the-art measures) are Consistency [13]
and Generalized Entropy Index (GEI) [16].
Group fairness metrics have been criticized for, among others, leading to inverse discrimination [12] and being oblivious to features other than the sensitive
feature [6]. Additionally, they require discretization when dealing with numeric
sensitive features such as age. Such preprocessing steps can have an impact on
accuracy and the outputs of fairness measures [4]. Individual fairness metrics
require strong assumptions such as the availability of an agreed-upon similarity
metric, or knowledge of the underlying data generating process [7]. Furthermore,
both groups of measures are machine learning model-dependent meaning that
they depend on the base-rate ratio among groups [2], are not intuitively explainable due to the black-box manner that machine learning models operate and
tend to be sensitive to variations in the input arising from variations in trainingtest splits [4]. Moreover, state-of-art measures act as bias proxies as they do not
measure bias directly: Consistency measures consistency in classification and
GEI can be understood as a measure of redundancy in data.
In this paper, we propose a bias quantification measure, called fuzzy-rough uncertainty, that acts as an individual fairness metric as it focuses on instance-wise
inconsistencies. It quantifies the relevance of a protected feature in classification
problems as a proxy for measuring fairness. To that end, we use the advantages
of rough sets [20] for analyzing inconsistency in decision systems. This means
that our measure does not rely on any prediction model. To cope with the issue
of defining similarity thresholds when handling problems with continuous features, we use fuzzy-rough sets as defined by Inuiguchi et al. [22]. This allows us to
compute membership values that express the extent to which instances belong to
each information granule [19]. The intuition behind our measure is that, in fair
decision-making scenarios, the removal of a protected feature should not cause
big changes in the decision boundaries. The extent to which that happens can
be understood as a bias quantification. In practice, this means that we should
quantify the changes to the membership functions attached to granular regions
after removing the protected feature.
We tested our measure on the German Credit data set [18] which is widely
used in the context of AI Fairness and classifies loan applicants in terms of
creditworthiness. In our experiment, removing the protected feature sex causes
more uncertainty (26%) than removing the feature age (11%). We contrasted our
measure to state-of-the-art metrics as well. The results show that our measure
captures a different trend than that of the state-of-the-art metrics showing (1)
the risk of focusing on a particular feature-category pair instead of analyzing the
feature as a whole and (2) that our FRS-based measure can capture differences
that other individual fairness measures cannot.
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The next section introduces the mathematical formalism behind the computation of the membership values. Section 3 describes the similarity function
we deployed and the proposed bias quantification measure. Section 4 presents
the experimental setup and analyzes the measures’ outputs. Finally, Section 5
discusses possible implications to the field.

2

Fuzzy-Rough Set Theory

The section introduces the theoretical formalism behind the FRS theory [21].
This mathematical theory is used to transform tabular data into information
granules describing each decision class. This process is referred to as universe
granulation. The outputs of this fuzzy granulation process are membership values
that we input to the proposed bias quantification measures.
Fuzzy-rough sets combine two important notions in computing [26]: soft computing and granular computing. The first deals with imperfect data or knowledge
and the latter semantically transforms data to information granules which can
be compared and grouped with each other in terms of similarity [19]. Objects
can belong to a concept to varying degrees and can be similar to a certain extent
which is expressed by a fuzzy relation. Based on their similarity to one another,
objects are categorized into classes, or granules, with soft boundaries, in this
case, a positive, negative and boundary fuzzy-rough region.
In this paper, we will use the FRS formalization proposed by Inuiguchi et al.
[22]. Let us assume that we have a universe of discourse U , a fuzzy set X ∈ U
and a fuzzy binary relation R ∈ Q(U × U ) where µX (x) and µR (y, x) are their
respective membership functions. The membership function µR : U → [0, 1]
determines the degree to which X ∈ U is a member of X, whereas µR : U × U →
[0, 1] denotes the degree to which y is presumed to be a member of X from
the fact that x is a member of the fuzzy set X. Whenever opportune, R(x) is
denoted with its membership function µR(x) (y) = µR (y, x).
Firstly, let us build a partition of U according to the decision classes. The
Xk set contains all objects associated with the k-th decision class. In previous
research works, the membership degree of x ∈ U to a subset Xk was computed
using the following hard membership function,
(
1
, x ∈ Xk
µXk (x) =
(1)
0
, x 6∈ Xk
as we do not argue about the labeling accuracy. In other words, we will assume
that all problem instances are correctly labeled.
Then, we need to determine the similarity between instances x and y. Such a
function, denoted by µR (y, x), can be constructed by combining the previously
described membership degree µXk (x) with the similarity degree φ(x, y) between
two objects x, y ∈ U . Equation (2) shows how to compute this fuzzy binary
relation µR (y, x) for two given instances,
µR (y, x) = µXk (x)φ(x, y).

(2)
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In the next section, we will give more details about the similarity function,
which is expressed in terms of a distance function.
Aiming at defining the lower approximations, we use the degree of x being
a member of Xk under the knowledge R. This can be measured by the truth
value of the statement ’y ∈ R(x) implies y ∈ Xk ’ under fuzzy sets R(X) and Xk .
We use a necessity measure infy∈U I(µR (y, x), µXk (y)) with a fuzzy implication
function I : [0, 1] × [0, 1] → [0, 1] such that I(0, 0) = I(0, 1) = I(1, 1) = 0 and
I(1, 0) = 1. It also holds that I(., a) decreases and I(a, .) increases, ∀a ∈ [0, 1].
Recall that Xk is the set of objects labeled with the k-th decision class. Equation (3) displays the membership function for the lower approximation R∗ (Xk )
associated with the k-th decision class,
µR∗ (Xk ) (x) = min{µXk (x), infy∈U I(µR (y, x), µXk (y))}

(3)

where I(a, b) = min(1 − a + b, 1) is the Lukasiewicz implication operator. Of
course, other fuzzy operators can be adopted as well.
To derive the upper approximations, we measure the truth value of the statement ’∃y ∈ U such that x ∈ R(y)’ under fuzzy sets R(x) and Xk . The true value
of this statement can be obtained by a possibility measure supy∈U T (µR (x, y),
µXk (y)) with a conjunction function T : [0, 1]×[0, 1] → [0, 1] such that T (0, 0) =
T (0, 1) = T (1, 1) = 1 and T (1, 0) = 0, where both T (., a) and T (a, .) increase,
∀a ∈ [0, 1]. Equation (4) displays the membership function for the upper approximation R∗ (Xk ) associated with the k-th decision class,
µR∗ (Xk ) (x) = max{µXk (x), supy∈U T (µR (x, y), µXk (y))}

(4)

where T (a, b) = max(a + b − 1, 0) is the Lukasiewicz conjunction operator.
This model does not assume that µR (x, x) = 1, ∀x ∈ U . Instead, we compute
the minimum between µXk (x) and infy∈U I(µR (y, x), µXk (y)) when calculating
µR∗ (Xk ) (x), and the maximum between µXk (x) and supy∈U T (µR (x, y), µXk (y))
when calculating µR∗ (Xk ) (x). This allows preserving the inclusiveness of R∗ (Xk )
in the fuzzy set Xk and the inclusiveness of Xk in R∗ (Xk ).
Finally, we define fuzzy-rough regions using the upper and lower approximations. The membership functions for the fuzzy-rough positive, negative and
boundary regions can be defined as µP OS(Xk ) (x) = µR∗ (Xk ) (x), µN EG(Xk ) (x) =
1 − µR∗ (Xk ) (x) and µBN D(Xk ) (x) = µR∗ (Xk ) (x) − µR∗ (Xk ) (x), respectively. Membership values to positive regions indicate the extent to which the instances
belong to a decision class, membership values to negative regions indicate the
extent to which the instances do not belong to a decision class, and finally, membership values to boundary regions indicate the extent to which the instances
are uncertain to the decision problem at hand.

3

Similarity function and Bias Quantification Measure

This section introduces the proposed granular measure to quantify bias in tabular
data sets used for pattern classification. This measure starts from the assumption
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that the experts determine the set of protected features (i.e., those likely related
to bias). The intuition of our measure is as follows. The removal of a protected
feature should not impact the decision boundary regions heavily. For example, let
us assume that we have a problem described by several features where gender is
deemed a protected feature. If we remove that feature and the modified decision
boundary causes a significant increase in the misclassifications, then one can
conclude that such a feature is important to separate the decision classes. The
extent to which the decision boundaries become less separate can be understood
as a bias indicator. Of course, we are assuming that a protected feature is not
expected to be a pivotal feature in the classification.
Before presenting our measure, we have to describe the similarity function
used to compare the instances. Vluymans et al. [27] state that the construction
of appropriate similarity measures is dependent on the application. In this paper,
the similarity measure will be derived from a distance function. In particular, we
will use the Heterogeneous Manhattan-Overlap Metric (HMOM) [24] because
of its ability to deal with instances having mixed-type features. The HMOM
distance function can be formalized as follows:
d(x, y) =

|F |
X

ρj (x, y)

(5)

j=1

such that


if fj ∈ F is nominal ∧ x(j) = y(j)
0
ρj (x, y) = 1
if fj ∈ F is nominal ∧ x(j) 6= y(j)


|x(j) − y(j)| if fj ∈ F is numerical
where F is the set of features, while x(j) and y(j) denote the values of the j-th
feature according to instances x and y, respectively.
The distance function above is the cornerstone of the similarity function.
Equation (6) portrays the similarity function, which produces values in the (0, 1)
interval, derived from the previous distance function,

φ(x, y) = e−λ d(x,y)
(6)
where λ > 0 is a user-specified smoothing parameter that prevents passing very
large values to the exponential function. We can tune the λ parameter such that
we can have more separable granular regions, which will likely translate into
lower uncertainty. Such a tuning might be necessary to prevent the similarity
function to report only values close to zero or one. Overall, membership values
are sensitive to the distance metric within the similarity function, so selecting
the proper configuration depends on the problem at hand.
The proposed measure, termed fuzzy-rough uncertainty, aims at quantifying
change between the fuzzy rough boundary regions and is the main contribution
of this work. Measuring the distance or the change between the regions of fuzzyrough sets has been examined in the literature [28, 29], but not in the context
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of bias quantification, as far as we know. The measure quantifies how much the
absence of the fi feature modifies the fuzzy-rough boundary regions of the same
decision class. If the difference is positive, we can conclude that the boundary
regions became bigger after removing the protected feature, so there is more
uncertainty (the feature is important for the classification). If the difference
is negative, we can conclude that the boundary regions became smaller after
removing the protected feature, so there is less uncertainty (the feature was
causing uncertainty and its removal was convenient).
To quantify these differences, we use the membership values of instances in U
to the boundary regions. Such granules are computed using (i) the full set of features, and (ii) a set of features where the protected feature is removed (denoted
by ¬fi ). Recall that we are only interested in positive differences (instances for
which the uncertainty increased when compared with the membership values
to the boundary regions). Equation (7) shows how to compute the fuzzy-rough
uncertainty value for the k-th decision class after removing the i-th feature from
the feature set describing the problem at hand,
q
2
Σx∈U (∆+
Bk ¬fi (x))
p
(7)
Ωk (fi ) =
Σx∈U (µBk (x))2
such that ∆+
Bk ¬fi (x) = µBk (x) − µBk ¬fi (x) when the removal of the i-th feature
increased the uncertainty. Otherwise, we will assume that ∆+
Bk ¬fi (x) = 0, which
means that the uncertainty attached to that instance did not increase after suppressing the protected feature. Moreover, to lighten the notation, we denote the
k-th region µBN D(Xk ) (x) with µBk (x). The reader can notice that this granular measure is similar to computing the relevance of the protected feature for
preserving the decision boundaries attached to the problem.

4

Experiments, results and discussion

In our experiment, we attempt to quantify the extent to which suppressing the
protected features age and gender [17] of the German Credit data set modifies
the membership values to the fuzzy-rough boundary regions of each decision
class. The target feature is binary denoting credit-worthy and non-creditworthy
applicants. During preprocessing, the nominal feature sex&marital status was recoded to include only gender-related information. Data preprocessing included
(1) normalization of numeric features such that their minimum and maximum
values are 0.0 and 1.0 respectively, (2) encoding target classes as integers starting
at zero, and (3) encoding nominal variables as integers ranging between zero and
the number of categories in the feature.
Next, membership values to the positive, negative and boundary fuzzy-rough
regions per decision class are calculated following the approach in Section 2. In
these simulations, we used λ = 0.5 arbitrarily. First, membership values are
calculated using all features and their trend is visualized in Fig. (1). The graphs
show that the fuzzy-rough regions are relatively distinct from one another with
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only a few instances belonging to the boundary values by more than 50%. In
other words, instances are classified with relative certainty. Then, membership
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Fig. 1: Membership values computed using the complete feature set. The x axis
represents the instances and y axis the number the membership values.

values are computed again using two different feature combinations where each
of the protected features is removed. Fig. 2 shows the change in the fuzzy-rough
boundary regions before and after protected features are suppressed.
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Fig. 2: Membership values to the boundary regions. The x axis corresponds to
the instances and y axis represents the range of the membership values.

The state-of-the-art measures are computed using aif360.sklearn package [17]
using our preprocessed data set. To compute the literature metrics, a logistic
regression is used with a prediction accuracy of 78%. Prior to calculating the
group fairness metrics, age was discretized into people younger and older than
25 years old [17]. The literature measures’ outputs along with the results of our
proposed measure are shown in Table 1.
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Table 1: Results of proposed and state-of-the-art measures. The ideal value of
Consistency and Disparate Impact is 1 and of the rest of the measures is 0.
Individual fairness metrics
Feature set Consist. GEI
FR Uncertainty
All
0.746 0.094 Excl. gender 0.743 0.094 0.226
Excl. age
0.746 0.093 0.107

Protected
group
gender/female
age/young

Group fairness metrics
Statistical Disparate Equal Opparity
Impact
portunity
-0.135
0.834
-0.056
-0.202
0.752
-0.124

Average
odds
-0.132
-0.149

Individual fairness measures are computed using the three feature combinations. Consistency of classification is roughly 0.75 in all three settings. GEI
reports relatively low values (slightly less than 0.1) in all three situations indicating a low level of redundancy. The fact that the outputs of the individual fairness
measures report very small changes when protected features are removed would
suggest that they failed to capture the relevance of these features. All group
fairness measures report slightly larger bias towards age than gender. On the
contrary, fuzzy-rough uncertainty quantifies a greater change in the boundary
regions when protected feature gender is excluded compared to age. In other
words, when gender is removed from the data set greater uncertainty is reported
in classification which serves as an indication of greater bias towards gender. Recall that bias is expressed as the relevance of protected features when classifying
instances. Overall, our measure behaves fundamentally differently from existing
metrics and, therefore, is worth introducing to avoid proliferation of existing
measures as Friedler et al. [4] suggest.

5

Concluding Remarks

In this paper, we attempt to quantify the relevance of protected features in
pattern classification problems using fuzzy-rough sets. Our measure quantifies
uncertainty in decision making as expressed by the changes in the fuzzy-rough
boundary regions before and after the removal of a protected feature. In our
experiment, although the state-of-the-art individual fairness measures are not
completely sensitive to the exclusion of protective features, our measure shows
that ignoring gender causes more uncertainty in the decision-making process
than ignoring age. Moreover, even if group fairness measures show that genderfemale seems to be less affected than age-young, our measure captures the exact
opposite trend. Overall, our study shows that (i) the fuzzy information granulation approach can express the relevance of protected features as a whole in
decision-making scenarios and that (ii) focusing on a particular feature-category
pair instead of analyzing the protected feature as a whole might give rise to
misleading results.
There are several advantages to our approach. First, no user intervention is
needed to detect the discriminated subgroup. Our measure takes into account,
first, all feature categories as a whole, and, second, all features and categories at
once. Second, no discretization is needed to handle protected numeric features,
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such as age. Third, our measure does not depend on a machine learning model
to compute its outcomes but on a solid mathematical foundation. Limitations
of our measure are that it does not account for (1) non-sensitive features that
might contain implicit bias due to social factors [15] and (2) that its performance
depends on the distance function and fuzzy operators.
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Abstract. The high volatility of the agricultural and energy commodity
prices in the international market is a concern due to their transmission
to regional prices, increasing instability in domestic markets. This paper
evaluates the performance of recurrent networks (RNN and LSTM) to
predict regional prices reactions under international shock simulations.
Experiments are run to soybean and corn regional prices in Argentine
by considering exogenous changes of the international oil price - both
agricultural commodities are inputs for biofuels’ production - and also of
their international prices. Results are in line with the econometric literature and consistent with the dynamic of regional prices in Argentina’s
markets. Thus, the RNNs could be a useful tool for timely economic
policy decisions that cushion external price shocks in domestic markets.
Keywords: Recurrent Neural Networks · Regional Commodities Prices
· Shock Simulations.

1

Introduction

The definition of new trade policy instruments for monitoring and stabilizing
agricultural commodities prices at borders must meet specific domestic socioeconomic objectives. Thus, it is essential to understand how changes in international and internal prices propagate geographically within a country. Without an
accurate measurement of these effects, any quantitative analysis would be flawed,
and the calibration of contingency measures distorted. For example, assuming
perfect price transmission would be a risky simplification and would lead to an
overestimation of the corrective power of trade policy instruments (e.g. export
duties or subsidies).
The literature on price volatility focuses mainly on the cases of large exporters
(e.g. United States) and more recently on the case of countries with a high food
dependence on agricultural imports (e.g. Sub-Saharan African countries). The
related economic and econometric literature evidences the inter-dependencies
?
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between the different agricultural products [14,8,13,12], and between agricultural
and energy markets [15,8], explaining the dynamics of price volatility between
markets. Most of these works use GARCH or MGARCH models [15,8] to assess
agricultural price volatility as a function of its history. The first one captures the
effects on short-term but also long-term price volatility between markets, and
the second analyzes the interdependence between them (e.g. spillover effects).
While econometric methods of Vector Auto-regressive (VAR) models remain
as the benchmark for price forecast, many research works are pointing to neural
networks as a more precise method. Wang et al. [17] use a Back Propagation
Neural Network (BPNN) to predict prices of agricultural commodities such as
wheat, soy, or corn, and conclude that their predictions are more accurate than
an econometric method used for comparison. Fang et al. [7] arrive at similar
conclusions using a traditional Neural Network (NN).
Most of the existing research uses NN static models to predict future prices;
however, they only use the state of the network in one period to predict values for
the next, losing all memory of the network for the next step [11]. For time series,
where each value is related to previous and next values, using static models
does not properly capture the dynamics. This is particularly true for series with
sudden movements or ”shocks” , where predictions for static models tend to
detach rapidly from real values. Conversely, a dynamic model could accurately
learn from shocks and consider their information for prediction.
Recurrent Neural Networks (RNN) are a potential accurate prediction model
for agricultural prices. RNNs are Neural Networks that link actual variables on
their prior states, giving them a ”dynamic memory” [6]. This is extremely useful
to predict within a time series, where each element fed to the model is related to
the previous and next values. Wang [20] uses an Echo State RNN to predict stock
prices from the S&P 500, while Boyko et al. [4] use Long-Short Term Memory
(LSTM), to predict upon the same database. Both papers arrive at satisfying
conclusions. Moreover, Wang and Wang [18] use an Elman RNN, similar to the
one used in our experiments, with a successful prediction to estimate future oil
price. It is worth noting that data harmonization before applying any Machine
or Deep Learning method can improve these RNN performance [19,7,17]. Furthermore, this RNN literature makes predictions based only on one single input
(i.e., time lags of the same price). Nevertheless, a dynamic network could learn
and forecast based also on other elements (e.g., international oil price) strongly
related to the variable target.
This work implements RNN and LSTM architectures to simulate the dynamics of a closed system of prices (i.e., international prices of oil, soybean, and
corn and Argentina’s regional -Bahia Blanca, Rosario and Quequen - prices the
same agricultural products). We focus on the training and evaluation of these
models to estimate inter-dependencies between the inputs, and predict the dynamics of the regional prices. In our experiments, each international commodity
is stressed under a strong shock (i.e. international price of oil), and the evolution of the regional prices on each recurrent model is evaluated as a self-driven
dynamic. Recurrent models’ results show good performance compared to econo-
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metric analysis, validating the use of the RNN and LSTM as a realistic engine
for this application.
The paper is organized as follows. The next section states the problem, depicts the recurrent models, and details the training procedure. Experiments and
analysis are detailed in section 3. Section 4 concludes the paper and propose
future works.

2
2.1

Commodities Prices Prediction Models
Problem Formulation

The prediction models will work with temporal sequences corresponding to commodities prices. We define three kinds of series:
– e(t) an exogenous price sequence dependent to i(t) .
– i(t) a price sequence that it is related with e(t) .
– r(t) a price sequence dependent to i(t) and e(t) .
were (t) indicates the value of the price at time t. In our experiments, e(t)
is the international price of oil. The sequences i(t) are international prices of
agricultural commodities associated with bio-diesel (soybean) and bio-ethanol
(corn). Because these bio-fuels (partially) replace gasoline, we can state that
e(t) and i(t) are interdependent variables. Finally, r(t) corresponds to agricultural
commodities prices in different regions of Argentina. The dynamic of these prices
involves local factors, and (what we expect to prove) external ones such as the
i(t) sequences.
The model, which simulates the behavior of the closed price system, could
capture variables’ inter-dependencies from the data at the learning process. This
dynamic can be evaluated using shocks. A shock is an abrupt change in the price
of one of the products in the system that could affect other products’ prices. For
instance, we are interested in evaluating prices’ inter-dependence when applying
an oil price shock. This kind of behavior happens in real life, due to political
changes, wars, pandemics, and more lastly, environmental concerns.
We choose the RNN model to learn the dynamics of the closed system and
predict the stationary values after the shock. Static models could not produce
this kind of results as it is needed a system that receives as inputs their precedent
outputs. The next section introduces the RNN models.
2.2

Recurrent Neural Network Architecture

Temporal series denoted as (x(1) , x(2) , ..., x(T ) ) are usually the inputs of RNN
models. In our case, x(t) is a vector containing the commodity prices at week
t including prices data from the three series (e(t) , i(t) , r(t) ). Equivalently, the
target sequences corresponding to the expected commodity prices is stated as
(y(1) , y(2) , ..., y(T ) ). The predictions produced by the recurrent model are denoted as ŷ(t) .
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Fig. 1. System architecture and evolution.

The forward pass of a simple recurrent network model [11] introduces h(t) ,
the hidden state of the network at time t and is defined by two equations:
h(t) = σ(W hx x(t) + W hh h(t−1) + bh )

(1)

ŷ(t) = σ(W yh h(t) + by )

(2)

Eq. 1 obtains h(t) as the combination of the input x(t) at time t and h(t−1) ,
which corresponds to the hidden previous state. These recurrent connections
are what give the model memory [6]. We express the estimation of target y of
equations 1 and 2 at time t as a dependent function R with internal parameters
{W hx , W hh , W yh , bh }:
ŷ(t) = R(x(t) |h = h(t−1) )
(3)
Modern RNN architectures introduce several improvements overcoming traditional training problems. Long-Short Term Memory model [9] (LSTM) is one
of the most successful networks widely employed on several applications, such
as natural language processing. LSTM deals with long-term dependencies incorporating gates to the recurrent cell.
This work implements recurrent neural networks with both RNN-Elman and
LSTM cells with a forget gate. Also, we’ll deploy a stacked RNN and LSTM
network [21]. In practice, an easy way to increase the depth of the recurrent
network is to stack the cells into L layers. This architecture has proved to improve
efficiency and performance in problems like vehicle-to-vehicle communication [5]
and French-English translation [16].
2.3

Training Procedure

The training follows a mini-sequences batch procedure. We split the training
sequence into mini-sequences of τ length (x(t) , ..., x(t+τ −1) ), referred as X(t,τ ) .
The target Y(t,β) is also a sequence that consists of the price values of interest
from τ to β: (x(t+τ ) , ..., x(t+τ +β−1) ). They are the ”future” prices that the model
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should predict in a self-driven way. More precisely, the inputs always correspond
to all the agricultural prices x(t) = (e(t) , i(t) , r(t) ), while outputs are subject to
which variable receives the exogenous shock. For example, if the shock is applied
on the international oil price, the output becomes y(t) = (i(t) , r(t) ). If another
variable is selected to be shocked, it should be excluded from the target. The
τ inputs feed the RNN model, updating the internal hidden states. This step
can be thought as a warm-up of the internal variables from a (always the same)
initial value. Then, for the next β time steps, equation 3 is modified by:
ŷ(t) = R(ŷ(t−1) |h = h(t−1) )

(4)

this outputs are then reserved as sequence target Ŷ(t,β) = (ŷ(t+τ ) , ..., ŷ(t+τ +β−1) ).
The loss function is defined as a mean squared error on the output sequence Ŷ:
L=

X1
||Ŷ − Y||
β

(5)

β

3
3.1

Experiments
Data

Fig. 2. International and Regional Commodities Prices data series from 2005 to 2019.

We have built a database of weekly prices in US dollars between January
2005 and August 2019, leading to a sample of 772 observations for each price.
Prices considered in the database are: Soybean and corn prices per ton in
three regional markets in Argentina (Bahia Blanca - BB, Rosario - Ros, Quequén,
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QQ, the latter only for soybean) from GRANAR[2]; Soybean and corn international prices per ton from FAOSTAT[1]; Oil international price per barrel from
the Western Texas Intermediate, WTI.
Before testing the RNN models, we have analysed the data in order to evaluate the presence of a stable long-term relationship between regional, international
prices of each agricultural commodity and the international price of oil. We follow the Johansen’s approach [10] for an appropriate cointegration analysis, so we
evaluate multivariate stationarity of price variables in each system (i.e., each system is composed of regional and international prices of one of the agricultural
commodities and the international oil price)[10,3]. Soybean markets (regional
and international) and international oil market are integrated, being the Vector
Error Correction (VEC) model most appropriate for the regional soybean price
estimation. Cointegration between corn prices (regional and international) and
oil is not verified, being regional corn prices estimated through a VAR model.
Impulse-Response functions have been run in both regional price systems by
shocking (own commodity and oil) international prices to know the convergence
path for regional prices. These econometric estimations provide a reference for
regional price behaviors under the recurrent network architectures.
3.2

Hyperparameters selection

Four recurrent architectures are implemented: RNN-1c, RNN-2c, LSTM-1c and
LSTM-2c. Two of them consist of a single RNN and an LSTM cell. The hidden
states h for RNN and (h, c) for LSTM, have H hidden units. The other architectures stack a second recurrent cell to the network with the same number of
hidden units H.
We run a K-fold cross validation training, with K = 5, using the following set
of values for H = [4, 8, 12, 16, 20, 24, 28, 32]. Moreover, the training is controlled
by τ (warm-up) and β (self-driven) variables. Thus, the set of values for each
variable are τ = [6, 7, 8, 9, 10] and β = [1, 2, 3, 4]. Note that β = 1 corresponds
to a classical single prediction of the t + 1 output value, while β > 1 applies the
loss function of eq. 5 to a sequence of targets.
Each K-fold is evaluated by two means squared error indices on the target
prices of the validation split: a M SE (t+1) prediction, and a M SE (t+N ) prediction. Let be x(t) the model input, M SE (t+1) is computed by the mean squared
error between ŷ (t) and x(t+1) . M SE (t+N ) is obtained by using eq. 4 for a selfdriven estimation for N steps. Then, the error is computed between prediction
ŷ (t+N −1) and x(t+N ) , and measures how well the recurrent model adjusts the
self-driven dynamic after N steps to the real values. In this work, we fix N = 4
which means a month of self-driven evolution. We employ an SGD optimizer
with an initial learning rate of 1e − 2. After 20 epochs, the learning rate is reduced by half. Table 1 shows the best results of each architecture sorted by the
M SE (t+N ) index. As can be seen, recurrent cells with a high number of hidden
units H get the lowest errors. In the case of τ , warm-up phase seems more important for RNN cells. LSTM cells incorporate additional gates, then, this is a
normal conclusion. This is expected for models like LSTM having several gates
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to remember/forget input data. Increasing τ also increases the temporal drift
of the system itself. In the case of β parameter, the best results for RNN are
obtained using values greater than one. On the other hand, LSTM prefers lower
values of β.

Fig. 3. System architecture and evolution.

Fig. 3 samples the t + 1 predictions of the four models on a portion of the
soybean times series prices from Rosario port. We can appreciate different behaviors for each model. RNN-1c model predicts the series values with a low error
but a rapid dynamic. RNN-2c, on the other hand, seems to have a sinusoidal
dynamic near the series values, but sometimes the error is high, which is consistent with the high value of their M SE (t+1) index on table 1. LSTM-1c and
LSTM-2c predict accurately the average of the series values but have a very low
dynamic. This soothing effect is more remarkable on the LSTM-2c predictions.

Architecture
RNN-1c
RNN-2c
LSTM-1c
LSTM-2c

H
32
32
32
32

τ
10
10
8
6

β
2
4
2
1

M SE (t+1)
0.159±0.093
0.426±0.182
0.124±0.083
0.196±0.182

M SE (t+N )
0.195±0.156
0.207±0.156
0.247±0.135
0.288±0.214

Table 1. Hyperparameters with the best results of the K-Fold Cross Validation.
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Fig. 4. Shock prediction results.

3.3

International shock simulation

The experiments seek to validate the self-driven evolution of the recurrent networks when a permanent exogenous change (an increase of 100 US$) is introduced in each of international prices (own commodity and oil).
The tests are conducted as follows. For example, to test soybean exogenous
change shock, we train the four models with all the commodities prices as inputs
and a target that does not predict international soybean. Thus, we split the
data sequences into temporal frames of T = 35 weeks. The first τ = 20 weeks
are employed as warm-up, and at t = 20, the value of the international soybean
price is increased by 100 US$, keeping this value until the end of the test. At
this point, the system uses both the new value of the international soybean price
and the self-prediction of other prices as input.
For example, in Fig. 4, we depict in black line the international variable we
employ to perform the shock and in colors (red, blue, green) the evolution of
the regional prices. In solid lines, the picture draws the regional prices without
the shock, and the dashed lines depict the self-driven dynamic of the system.
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The chosen time-frames in Fig. 4 are in line with the regional prices behaviors
in the Impulse-Response function based on econometric models considered as
reference. It is worth mentioning that we need to train a different model each
time we change the international price to perform the shock.
According to the results in Fig. 4, when considering an exogenous increase of
the international oil price, soybean prices in regional markets of Argentina are
immediately impacted, but the reaction depends on the model considered, e.g.
the RNN-2c displays greater volatility. Nevertheless, the decreasing convergence
paths of all models (consistent with econometric estimations) lead to the same
new stationary state.
While the regional soybean prices in Argentina recover stability near to the
path without shock, the regional corn prices show greater volatility facing the
same exogenous shock. Except for the LSTM-2c, regional corn prices display a
great difficulty to recover the path without shock, and Bahia Blanca and Rosario
corn markets show different behaviors between them and across models. Their
different paths of convergence increase the price-gap between regions (supported
by the econometric estimations).
Finally, when assuming an exogenous increase in the international price of
their agricultural commodity, regional markets prices display greater positive
reactions (particularly for corn) and convergence towards higher values compared
to their values without shock. Regional soybean prices converge to a higher
price in the new stationary state, except under the LSTM-2c, which brings the
price back to the path without shock. Reactions of regional corn prices to their
international price increase are greater than in the case of soybean and tend to
converge close to the new level of the international price of corn.
The difference between the reactions of soybean and corn regional prices to
their own international prices is due to Argentina’s soybean and corn markets
particularities. These results are in line with the role of Argentina as a big
soybean producer in the international market, so it is considered as a price
maker. Conversely, in the international corn market Argentina is a relatively
small player being a price-taker, so a change in the international price of corn is
strongly transmitted to regional prices.

4

Conclusions

In this paper, we have trained four recurrent networks to forecast the reaction
of regional commodity prices when an exogenous variable (i.e., an international
price) is shocked. Results have been validated since they are in line with estimations from econometric auto-regressive models. The self-driven dynamic of
recurrent networks has been demonstrated to be consistent with the behavior of
Argentina’s soybean and corn markets. To reduce regional price volatility, RNNs
become a new tool to predict domestic prices’ reactions to international changes
and provide relevant insights for policy-makers decisions.
Further works should consider more complex recurrent networks, including
other variables related to these agricultural and energy prices (e.g., bio-ethanol
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and bio-diesel prices) and also other regional variables that condition regional
price path-through (e.g., transport costs).
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Abstract. This paper analyses the properties of generalized conics which
are generated from N focal points with various weights. The weighting
enables to obtain up to N corners associated with the focal points. The
corresponding level sets capture the convexities and concavities of the
shape. From shape analysis perspective, the generalized conics enrich
the variety of shapes that can be described or represented.
Keywords: generalized conics · corner · shape representation

1

Introduction

A generalized conic is a locus of points satisfying the equidistance property of the
conic section (parabola, hyperbola or ellipse) that is extended to accept infinitely
many focal points. Originally this subject raised an interest in the mathematical
community. In particular, a multifocal ellipse (also called n-ellipse or polyellipse)
plays a crucial role in solving Fermat-Torricelli [9, 10] and Weber [11] problems.
The aim of the present paper is to explore the representational power of the
generalized conics for shape analysis.
Our previous research studied an ellipse and hyperbola, their properties and
applicability to space tessellation [4], skeletonization [2, 4, 6] and smoothing [6].
The developed framework for efficient computation of the confocal elliptic and
hyperbolic distance fields was extended to accept infinitely many weighted focal
points [3]. Also the geometric nature of the focal points was reconsidered to
accept not only the points, but also the shapes. This fact enables to apply various
weighting schemes for objects, their parts and groups, and promote a hierarchical
representation. The application scenarios were further enriched by the facility
location problem and route planning. This paper questions a potential for shape
representation when using the generalized conics. In particular, the interest lies
in analysing the conditions causing the corners in the level sets.
The remaining of the paper is organized as follows. Sec. 2 provides an overview
of the main definitions and properties of the generalized conics. Sec. 3 describes
?
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a method for efficient computation of the corresponding distance fields with the
use of Distance Transform (DT) [1, 3]. Sec. 4 and 6 analyse the configurations of
weighted focal points that produce convex and concave corners. The discussion
continues in Sec. 5 and 7 by introducing an approach to vary the angle at the
corresponding corners. The possibilities for shape representation are discussed
in Sec. 8. Finally, Sec. 9 concludes the paper.

2

Generalized conics

The properties of conic sections, such as parabola, hyperbola and ellipse, can
be extended to accept infinitely many focal points. The resulting level sets are
called the generalized conics. Each level set depends on the number of focal
points, their corresponding weights and the distance metric.
Consider the Euclidean distance, denoted as δ, between the two 2D points
P = (xP , yP ) and Q = (xQ , yQ ):
δ(P, Q) =

q

(xP − xQ )2 + (yP − yQ )2

(1)

Definition 1. A multifocal ellipse (also referred to as n-ellipse, or polyellipse),
denoted as M E(w1 F1 , w2 F2 , ..., wN FN ), is a locus of points P ∈ R2 with a
constant sum of the weighted distances to its N focal points:
ME =

N
X

wi δ(P, Fi ) = const

(2)

i=1

Remark 1. The weights of the focal points in M E(w1 F1 , w2 F2 , ..., wN FN ) are
necessarily positive.
Definition 2. Let F and G be two sets of focal points with M and N elements
respectively. A multifocal hyperbola, M H(w1 F1 , · · · , wM FM |ν1 G1 , · · · , νN GN ),
is a locus of points P ∈ R2 such that the following absolute difference of the
distances remains constant:
MH = |

M
X
i=1

wi δ(P, Fi ) −

N
X

νj δ(P, Gj )| = const

(3)

j=1

Property 1. The level sets M E(w1 F1 , w2 F2 , ..., wN FN ) are convex and compact [7].
Property 2. The equation (2) reaches the minimum in exactly one point, when
the focal points are non-collinear [7].
Property 3. If the focal points are collinear, the equation (2) has the minimum
in all points of the line segment connecting a pair of focal points [7].
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3

Generalized conics from the Distance Transform

To enable an efficient discrete computation of the distance fields representing the
generalized conics, it is proposed to use a classical image processing approach
called the Distance Transform (DT) [1]. Now coordinates are integers, while
Def. 1 and 2 use continuous coordinates. Some of the properties may suffer from
sampling, e.g. if the continuous minimum is between two sampling points.
Definition 3. Let Ibinary be a 2D binary image and F ⊂ Ibinary - a non-empty
set of feature elements: Ibinary (F ) = 0 and Ibinary (M ) = 1, ∀F ∈ F, ∀M 6∈ F.
Distance Transform (DT) is an operator that converts a binary into a gray-scale
image, D : Ibinary 7→ R. It assigns to each pixel its distance to the nearest feature
element with regard to the selected metric d: D(M ) = min{d(M, F ) | F ∈ F },
D(F ) = 0. DT generated from F is denoted by DF .
According to (2), the multifocal ellipses represent a sum of DTs of the focal
points taken as feature elements F = {F1 , F2 , ..., FN } with their weights:
CM EFF =

N
X

wi DFi

(4)

i=1

In (4) CM EFF denotes the Confocal Multifocal Elliptic Field, defined on an
image of the same size as Ibinary .
The Confocal Multifocal Hyperbolic Field, denoted as CM HFF |G , can be
represented by the difference between a pair of CM EF fields generated from
the sets F and G (refer to (2) and (3)):
CM HFF |G = CM EFF − CM EFG

(5)

As opposed to M H, pixels in CM HFF |G can be mapped to a negative distance value. It means that these pixels are closer to CM EFF in terms of a
minimal total distance. The positive sign defines the pixels that are closer to
CM EFG . The zero values - the pixels equidistant from CM EFF and CM EFG .

4

Multifocal ellipse with corners

This section discusses the configurations and properties of N focal points that
generate corners passing through them. By corner we define a point of a curve,
where the left-hand tangent differs from the right-hand tangent. In the case of
multifocal ellipses the corners are formed by level sets passing through the focal
points. To simplify the upcoming discussion, let us introduce a normalization
of N weights w1 , w2 , . . . , wN , where each of them is divided by the maximum
value max(w1 , w2 , . . . , wN ). As a result, the largest weight becomes 1, whereas
the other vary in the open interval between 0 and 1.
Property 4. For the given set of N focal points the weighted multifocal ellipse
may contain 1 ≤ M ≤ N corners.

4

A. Gabdulkhakova and W. G. Kropatsch

(a) one corner

(b) two corners

(c) three corners

(d) four corners

Fig. 1: Level sets containing one or several corners. The numbers indicate the
weights of the focal points.

First, consider N focal points forming a convex hull and their level sets.
By taking the different values of weights, a corner is a part of either a level
set passing through a single focal point, or is a part of a closed sequence of
arcs connecting multiple focal points. An example of a convex hull containing
four points is shown in Fig. 1. Here the global minimum of the distance field
is marked as a red point. Changing the weights generates level sets containing
one (Fig. 1a), two (Fig. 1b), three (Fig. 1c) and four (Fig. 1d) corners. In the
latter, the corner with the larger angle has a focal point with a smaller weight.
Second, let a set of N focal points have at least one inside the convex
hull. As stated in Prop. 1, the level sets are convex. So a level set contains
maximally as many corners as there are focal points in the convex hull. Let
M E(ωA, νB, µC) be a multifocal ellipse (Fig. 2a), where ω, ν, µ are weights.
Let us add the points D and E with the weights ν and ζ respectively inside the
convex hull (Fig. 2b and 2c). According to Prop. 1, there can be no level set
connecting A, B, C, D and E. Instead, the added points can either be at the
global minimum (Fig. 2b), or at the corner of another level set (Fig. 2c).
Property 5. There is a unique combination of the normalized weights that creates
a level set passing through all the given focal points.

(a)

(b)

(c)

Fig. 2: Multifocal ellipses for (a) convex, (b)-(c) non-convex sets of focal points.
The numbers indicate the weights of the focal points.
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As follows from the axiom about a unique line passing through two points [5],
there is a unique polygon that connects N focal points and, thus, a unique set
of the respective angles. Similar reasoning can be applied for the angles at the
corners. Prop. 5 stems from the fact, that the angle formed at the corner of
the level set depends only on the weight of the corresponding focal point. For
example, if N focal points form an equiangular polygon, the level set passing
through them requires all weights to be 1. In the general case, the larger weight
corresponds to a point with a smaller angle.

5

Changing the angle of the egg-shape corner

In the previous sections we discussed multifocal ellipses with regard to the level
sets containing corners. One of the findings established a relation between the
angles at the corners and the weights of the focal points. Here this correspondence
is formalized for the level sets conforming an oval, or an egg-shape, generated
from a pair of focal points with non-equal weights. According to Def. 1, the
confocal ellipses with two weighted focal points F1 and F2 can be defined as:
M E(w1 F1 , w2 F2 ) = {P ∈ R2 |w1 δ(P, F1 ) + w2 δ(P, F2 ) = const}

(6)

Applying the normalization strategy to (6) results in having a single weight
min(w1 ,w2 )
≤ 1. In special cases, the distance field is composed of
0 ≤ µ = max(w
1 ,w2 )
concentric circles (µ = 0) and confocal ellipses (µ = 1). Otherwise, the level
sets represent an egg-shape with various sharpness. As an example, observe the
distance field of multifocal ellipses for µ = 0.47 (Fig. 3a). The particular interest
lies in a level set passing through the focal point, thus, having a sharp corner.
Let us now define the angle that corresponds to it.

(a) level sets for a pair of
weighted focal points

(b) half of the level set that contains a
corner passing through the focal point

Fig. 3: Egg-shape with a sharp corner, α = 62◦ , µ = 0.47.

Theorem 1. Consider a weighted ellipse, M E(F1 , µF2 ) with a sharp corner at
the focal point F2 . The cosine of the angle α between the major axis and the
tangent passing through F2 equals its weight µ. (see Appendix A for the proof )
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The implication of Th. 1 to shape representation is the enrichment of the
geometric primitives that can be used to describe an object or its part. In contrast
to ellipses, the generated egg-shapes can fit the corner of the polygonal shape
by having one extra parameter for the weight. The angle φ at the corner formed
by the two tangents at F2 is φ = 2α. Then the level set satisfies:
φ
δ(F2 , P ) = δ(F1 , F2 )
(7)
2
Given a shape satisfying (7), it is possible to reconstruct its parameters (Fig. 3b).
The focal point F2 is at the corner forming an angle α with the symmetry axis.
The point M belongs to the level set of F2 and is on the same line with F1 and
F2 . Assuming P = M and φ2 = α in (7) results in:
δ(F1 , P ) + cos

δ(M, F2 ) · (1 + cosα)
(8)
2
Consequently, F1 can be found by moving from F2 towards M by δ(F1 , F2 ).
δ(F1 , F2 ) =

6

Multifocal hyperbola with corners

The generalized conics in the form of multifocal ellipses produce only convex
level sets. The concavities can be obtained by using the multifocal hyperbolas.
The resultant level sets do not necessarily satisfy the properties of convexity and
the location of global minimum (refer to Prop. 1-3).
Property 6. There exist no closed level set that passes through all the focal points
of the multifocal hyperbola.
Prop. 6 stems from the fact that a multifocal hyperbola tessellates the space
based on proximity to one of the sets of focal points. As a result two sets of focal
points are separated by the curve mapped to the zero distance values.
Property 7. The level set that passes through the focal point of the multifocal
hyperbola can be represented by the focal point itself and a closed curve.
The weights with the opposite signs cause one group of focal points to be the
minima, while the other group - the maxima. When representing the distance
field in 3D (Fig. 4a), the distance value at the focal point can be also present on
the slope of the different focal point(s). Let M H(ηD| ωA, νB, µC) be a multifocal
hyperbola (Fig. 4). Assume that the weights satisfy the following constraints:
η ∈ [−1 . . . 0); µ, ω, ν ∈ (0 . . . 1]. The level set containing B is the focal point
itself, since it is a global minimum. Point A is a local minimum, hence, its
distance value is also present on the slope of B. Similarly, the level set of C
contains the focal point itself and a closed curve surrounding A and B. Finally,
point D is a local maximum, and the corresponding level set is the point itself
and a closed curve surrounding all the focal points.
In general, focal points with the negative weight enable to create concavities
in the level sets. As an example, consider a negatively weighted focal point added
at the global minimum of the multifocal ellipse with identical weights (Fig. 5).
Varying the negative weight value changes the degree of concavity.

Generalized conics with the sharp corners

(a) 3D representation of
the CM HF distance field
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(b) Level sets containing
the focal points (top view)

Fig. 4: Level sets of the multifocal hyperbola M H(ηD| ωA, νB, µC)

(a)

(b)

(c)

Fig. 5: Level sets of the multifocal hyperbola. The numbers indicate the weights
of the corresponding focal points.
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Changing the angle of the hyperbolic corner

Similarly to the egg-shape, it is possible to define the relation between the angle
at the corner of the hyperbolic branch and the weight of the corresponding focal
point. With respect to Def. 2, the weighted hyperbola generated from two focal
points F1 and F2 can be formalized as:
M H(w1 F1 |w2 F2 ) = |w1 δ(P, F1 ) − w2 δ(P, F2 )| = const

(9)

After applying normalization (9), there remains only one weighting parameter
min(w1 ,w2 )
0 ≤ µ = max(w
≤ 1. The level sets of the distance field vary from concentric
1 ,w2 )
circles (µ = 0) to hyperbolic branches (µ = 1).
Theorem 2. Consider a weighted multifocal hyperbola, M H(F1 |µF2 ), with a
sharp corner at the focal point F2 . The cosine of the angle β between the line
segment F1 F2 and the tangent passing through F2 equals its weight µ taken with
the opposite sign. (see Appendix B for the proof )
The angle ψ of the concave corner formed by the two tangents at F2 is
ψ = 2(π − β). Then the level set satisfies
δ(F1 , P ) − cos

ψ
δ(F2 , P ) = δ(F1 , F2 )
2

(10)
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(a) level sets for a pair of
weighted focal points

(b) half of the level set containing a corner passing through the focal point

Fig. 6: Hyperbolic branch with a sharp corner, β = 118◦ , µ = 0.47.

The described hyperbolic corners can be potentially used to represent concavities
of the shape. By similar reasoning to Sec. 5, consider the hyperbolic shape that
satisfies (10) (Fig. 6b). The focal point F2 is located at the corner that forms
the angle β with the symmetry axis. Substitute P = M and ψ2 = β in (10):
δ(F1 , F2 ) =

δ(M, F2 ) · (1 − cosβ)
2

(11)

Consequently, F1 can be found by moving from F2 towards M by δ(F1 , F2 ).

8

Shape representation with generalized conics

This paper introduced an approach to represent and reconstruct a shape that
is generated from a pair of focal points with weights (Sec. 5 and 7). It enables
to efficiently capture the egg-shapes and hyperbolic shapes with corners using
three parameters: two end points from the symmetry axis, and the angle at the
corner. Such representation is invariant to translation, rotation and scaling. An
extension to N focal points is not covered in this paper. Since the number of
equations increases with the number of focal points, one possibility to represent
a complex shape might be connected with machine learning. The structure of
the shape will then be captured in a vector of weights of the focal points.

(a)

(b)

(c)

(d)

Fig. 7: Examples of shapes generated from three focal points. The numbers reflect
the weights of the corresponding focal points.

Generalized conics with the sharp corners
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Conclusion

This paper introduced the analysis of the generalized conics from the perspective
of shape representation. Changing the weights of the focal points in multifocal
ellipses enables to generate shapes with convex corners. In turn, the multifocal
hyperbolas make it possible to capture concave corners. The proposed findings
broaden the view on shape representation and have a potential to efficiently
generate a complex contour with a small number of focal points (Fig. 7).
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Appendix A
Proof of the Theorem 1
The weighted multifocal ellipse is generated from a pair of focal points
F1 and F2 such that the weight, 0 < µ < 1, corresponds to F2 (Fig. 3b). Let
us denote δ(F1 , F2 ) = 2f , δ(F1 , P ) = n, δ(F2 , P ) = m, and F\
1 F2 P = α. By
definition the level set contains a group of points that are mapped to the same
distance value. So the distance value at F2 is identical to the one at P . According
to the normalized version of (6), it equals:
δ(F1 , F2 ) + µδ(F2 , F2 ) = δ(F1 , F2 ) = 2f

(12)
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As can be noted from (12), the distance value corresponding to the level set with
a corner equals the length of the line segment F1 F2 . Let us substitute it in the
analogical equation for P :
δ(F1 , P ) + µδ(F2 , P ) = 2f

(13)

n + µm = 2f

(14)

=⇒ n = 2f − µm

(15)

In order to derive an alternative estimate of m, consider a triangle 4F1 P F2 .
According to the law of cosines [8]:
m2 + 4f 2 − 4mf cos α = n2

(16)

Substituting the value of n from (15) in (16) leads to:
m2 + 4f 2 − 4mf cos α = 4f 2 − 4µmf + m2 µ2

(17)

4f (µ − cos α)
µ2 − 1

(18)

=⇒ m =

The important assumption about the point P in continuous space states that
it is infinitely close to F2 . This implies that the length of m converges to zero.
Then (18) can be further simplified:
m=

4f (µ − cos α)
=0
µ2 − 1
=⇒ µ = cos α

(19)
(20)

According to (20) the angle formed at the corner of the level set depends on the
weight of the focal point and not on the distance between the focal points. 

Appendix B
Proof of the Theorem 2
The weighted multifocal hyperbola is defined using a pair of focal points F1
and F2 (Fig. 6b). The level set passing through F2 contains a sharp corner. Let us
denote δ(F1 , F2 ) = 2f , δ(F1 , P ) = n, δ(F2 , P ) = m, and F\
1 F2 P = β. Assuming
the normalized version of (9) the distance value at F2 equals:
|δ(F1 , F2 ) − µδ(F2 , F2 )| = δ(F1 , F2 ) = 2f

(21)

Similarly to the proof for the egg-shape, consider a triangle 4F1 P F2 and
derive the following relations:
n = 2f + µm
m=

−4f (µ + cos β)
µ2 − 1

(22)
(23)

In the continuous space m is infinitely small. In the discrete space it can be
assigned to zero, resulting in: µ = − cos β. So the angle at the corner of the
hyperbolic branch depends only on the weight of the respective focal point. 
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Abstract. The coronavirus has affected millions around the world and
has inevitably brought about a necessity to wear face masks in official and
public places to take the first step in keeping one’s self safe. To monitor
personnel and public areas and prevent the spread of the disease we
present a scalable and deployable face mask detection system in a real
time setting using a novel hide and seek algorithm. Our model, based on
openCV library and dlib environment utilizes the facial landmarks where
in the algorithm detects face masks through the presence and absence of
facial markers. We call this process as seeking and hiding. We overcome
present issues of high computational cost of deep learning models and
low inference speeds of general detection paradigms. We also validate our
algorithm on several aspects which affect the accuracy of other models
such as image and face orientation, type of face masks and more. As
our model requires no data for model training, we eliminate the highly
sensitive issue of acquiring facial data and bias. Our model achieves 98.79
% precision and 94.81 % recall.
Keywords: detection · face masks · facial-landmarks.

1

Introduction

The pandemic caused due to covid-19 [1] brought about the absolute necessity
to wear face masks to prevent a person from catching and spreading the virus
as it was the sole reason to affect 2.7 million people world-wide and crush an
entire country’s economy stand-point. Along with that there has always been
the presence of severe acute respiratory syndrome (SARS) and the Middle East
respiratory syndrome (MERS) disease. This has led to the creation of a new
task of detection of these face masks on people’s faces. This was of utmost
importance as people gathering in public or official spaces had to be monitored
for the presence of masks on every single individual. Companies and business
had to install systems to function within the safety regulations and avoid any
potential outbreaks.
?

Equal contribution
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Fig. 1. Proposed working pipeline

This inevitably generated a entire new level of difficulty in detection tasks [2]
as the masks not only come in different shapes, sizes and colors but also have to
be detected in mass amounts as they are to be worn by everyone. Few other issues
in tandem to the problem was data collection of people specific to a region as
facial data landmarks are highly sensitive in nature and the problem associated
with scalability and deployment perspective due to high computational costs
of previous models. The demand of face mask detectors is quite high as it is
virtually required everywhere. This prevents deep-learning models [3] [4] from
being efficiently and cost-effectively deployed in rural areas. Current research
utilises NVIDIA GeForce RTX 2080 Ti which proves to be quite expensive in
mass deployment. It is also recorded that training models on high-end GPUs
generates the carbon equivalent of a flight across the United States [21]. Mass
deployment of such models will be quite dangerous in the long run. For the above
reasons face mask detection has become a crucial computer vision task to help
the global society, but research related to face mask detection is limited as it is
recently aroused problem.
To tackle the existing problems we came with a non-deep learning solution so
we can accustom to all the variability present in the problem and the other challenges present along with it. Inability to access facial data due to security reasons
becomes detrimental to the model therefore we present a data-less solution. Our
contributions are as follows – We present a face mask detector algorithm called Hide and Seek which demands no previous data or manual pre-processing steps prior to its usage.
– Our solution runs on cpu driven backend which is ideal for deployment and
scalability due to its high performance and fast processing speeds in tandem
to low computational power demand. It also shows our approach to lower
carbon-footprint computing.
– Our system also has virtually no time lag between different iterations of
detection and different types of masks and, is unhampered by various other
external factors such as type of face masks, person in frame, face orientation
and more. This makes the model highly generizable.
– We attach a small explanation in the end as to validate the exact points we
have used in our algorithm.
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Related Work

We focus our prior research on two broad aspects:
2.1

General Object Detection

Conventional object detection paradigm utilises multiple steps to approach a
problem [5]. Along with the famous Viola-Jones detector [6] there have been
other attempts in real time detection such as [7]. While integral image method
and Haar feature descriptors are the focus of [6] to process the algorithm it is
still quite computationally intensive. To counter this [8] proposed an effective
feature extractor called HOG which accounts for the directions and magnitudes
of oriented gradients over image cells. [19] has used the OpenCV software to
detect faces and emotions involved in them which aligns with our objective of
facial-point analysis.
Instead of using manually curated features, deep learning based detector
demonstrated outstanding performance recently, due to its robustness and high
feature extraction capability [22]. Majorly, there are two broad divisions of detectors – One-stage object detectors [22]
– Two-stage object detectors [24]
Two-stage detector generates region proposals in the first stage and then finetune these proposals in the second stage. While the two-stage detector can provide high detection performance it generally falls prey to its lower speeds [23].
2.2

Convolutional Neural Networks

State of the art vision problems are generally approached and solved through
the utilization of Convolutional Neural Networks [9] [27]. This is due to the
spatial feature extracation and understanding ability of the architecture. CNN’s
use convolution kernels to convolve with the original images or feature maps and
extract higher-level features with the same. The following variations of the base
model are utilised for the task of object detection.
The work proposed in [10] utilizes selective search to propose some important regions which may contain the desired object. These values are then fed
into a CNN model to to extract features, and a support vector machine (SVM)
is used to recognize classes of objects. This is known as RCNN. To overcome
the computationally expensive second-stage [11] proposes Faster-RCNN model
which by introduces the a region of interest (ROI) pooling layer so that all the
input proposal regions are interpreted at once. There has also been the research
attempt to limit the speeds of detectors through selective search in the form of
region proposal networks [12].
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Proposed Approach

Our proposed approach is based on a novel Hide and Seek algorithm which is
the developed on general purpose cross-platform software library Dlib [25] and
the facial landmark localization through the OpenCV library [26]. A few of such
landmarks [28] are the:
1. Eyes

2. Eyebrows

3. Jawline

4. Mouth

5. Nose

The landmarks help in localizing the face and letting the algorithm be aware
of the face present even in various environments. The awareness of the algorithm
does not require any form of previous training and is adaptable to any type of
face or face mask. The model first begins the process by detecting whether
the face present in the frame by looking or ”seeking” the facial landmarks. If
the landmarks are present or ”seeked”, then that indicates the fact that there
is no mask present. This parallelly increments the countnomask value. If the
landmarks are ”hidden”, then the program interprets that there is a mask and
parallelly increments the countmask value.
Metric
Mask

True Positive False Positive True Negative False Negative
Detected
Detected but
Not detected
not detected
and present
not present and Not present
but present
No-Mask
Detected
Mask detected Mask present
Mask detected
and not present but present and not detected but not present
Table 1. Explanation of confusion matrix values accounted for

Input: Facial images with and without face mask
Result: Face Mask Detection
Set var countmask and var countnomask −→ 0
FOR every iteration of face data:
Generate −→ selective facial data-points to ”seek” the face in the
frame.
IF (Points are ”hidden”):
// Face mask is detected
countmask = countmask + 1
ELSE:
// Face mask is absent
countnomask = countnomask + 1
[end IF and FOR loop]
Algorithm 1: Hide and Seek Algorithm
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Fig. 2. Example of unmasked ”seeked marked” faces (right) and masked ”hidden
marked” face masks (left) by the algorithm
Method

Face
Precision Recall
baseline [20]
89.6 % 85.3 %
RetinaFaceMask+ResNet [3]
91.9 % 96.3 %
RetinaFaceMask+MobileNet [3] 83.0 % 95.6 %
Hide and Seek
98.79 % 94.81 %

Mask
Precision Recall
91.9 % 88.6 %
93.4 % 94.5 %
82.3 % 89.1 %
98.23 % 95.18 %

Table 2. Comparison of proposed model (Hide and Seek) with previous approaches

4

Experimentation

Here we discuss about the dataset collection and the extra set of metrics which
have been utilised to further provide evidence towards the benefits of a non-deep
learning approach.
4.1

Dataset

We sampled images from several online sources such as Face Mask Dataset [13],
Wider Face [14] and MAsked FAces dataset (MAFA) [15]. We also manually
scraped random celebrity images both from google images and various opensourced github repositories as well to extend the overall dataset. Our focus was on
single face detection which is generally applied in a security setting for offices and
public gathering spots. The samples include a variety of situations for confusing
the algorithm such as:
–
–
–
–
–
–

Faces with masks,
Faces without masks
Confusing images without masks
Different colors of mask
Patterned masks
Slight shift in orientation of faces with and without masks
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Different datasets were utilised to show that our model is generizable to any
form of data. The problem scope is world wide and testing the data on a certain
region or area will not help the standing cause.
4.2

Evaluation Metrics

We measure our algorithm in major 2 division of metrics.
Quantitative Metrics - Here we quantify the model through metrics such as
accuracy, precision and recall. They are defined as accuracy =

No. of correct predictions
No. of incorrect Predictions

(1)

TP
TP + FP

(2)

precision =

TP
(3)
TP + FN
where, TP, FP and FN denotes the true positive, false positive and false
negative, respectively. We also evaluate model through measured training time
to account for the scalability and deployability of the model.
recall =

Qualitative Metrics - We measure our model on external parameters such
as data requirement, presence of bias and computational power requirement.
These are accounted for as data is quite hard to attain in such sensitive matters
and bias is a longstanding problem in deep-learning models. The computational
aspect is considered as their is an expanding research avenue towards ”greener”
artificial intelligence [16].

5

Result Analysis

5.1

Visual intuition development

There is no learning involved in our model unlike AI models. Hence our approach
requires 0 data points to train on. This makes it highly beneficial when the model
is transferred over different regions because any form of human data, especially
facial data is extremely sensitive in nature and can be quite difficult to obtain.
We strongly avoided the training phases solely to avoid the problem of collecting
data and generating a model which can avoid any variability or bias.
5.2

Bias Elimination

[18] explains how bias is a growing problem for AI related achievements as they
are very heavily dependent on data. Through our pure algorithmic approach we
eliminate any of the following biases as depicted in fig 3 1. Gender

2. Region

3. Skin Color

Face mask Detection using Hide and Seek Algorithm

7

Fig. 3. Depiction of invariancy of Bias (Region, Skin Color, Gender)

Real Value

Prediction Outcome
2981
19
p0 TN
n0 FN
229

FP
TP
1558

P0
N0

Table 3. Confusion Matrix for the Hide and Seek Algorithm

5.3

Confusion Matrix and it’s Analysis

From table 2 and Confusion Matrix [table 3] we see that our algorithm has
a extensive increase in precision by nearly 7% in the case of face images and
slightly over-performs in the case of mask images. While it has a lesser recall for
face images it again has a higher recall for masks which is the important aspect
of detection. We also attain a calculated 94.81% accuracy value. All the values
were accounted on the basis of the countmask and countnomask values specified
in Algorithm 1 and seen in table 1. We were not able to directly compare this
with other methods as such values for other methods have not been published.
5.4

Computational Power Comparison

Lower Carbon Footprint - Carbon footprint emission of machine learning
models is of utmost concern due to the vast amount models which are upcoming
and the energy they require to run through to obtain the results [17]. Here we
use a CPU instead of GPU which greatly eliminates the carbon footprint and
energy consumption of the model.
Lesser Training Time - Lesser training time is used wisely as a metric in
many fields of computer vision. As the model is not monitored or susceptible to
variability in data native training time becomes null. This makes our model very
feasible to scalability and achieve easy deployment procedures in many scenarios.
Face mask detection is a necessity everywhere and not all vendors and users can
afford GPU Cloud services.
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Fig. 4. Data-points are intact irrespective of image and facial orientations.

5.5

Invariant to orientation of face

Our model accounts for various orientations of faces both through facial orientation and image orientations as seen in fig 4. We took personal photos outside
our mentioned dataset and made sure our methods generalises well. We see that
irrespective of the tilt or orientation of the face or the image, our model still gives
the right result. Our algorithm can also take in various size of image dimension.
It is not bound by any specific dimension.

6
6.1

Discussion
Facial Point Choice

As mentioned in the algorithm and seen in various places, we have carefully
considered as to which points to consider for our algorithm. This helped us gain
faster inference speeds for algorithm 1 as greater number of points will lead to
longer calculation time. If we used all the points then the algorithm would’ve
demanded the mask to cover everyone’s chin. That is always not the case. For
number of points also lead to more coverage and more variance to tilt. We also
excluded any points directly linking the mouth because the downward tilt at
times failed to be considered. Any lesser number of points can not be considered
because they again fail towards the downward tilt.

7

Conclusion and Future Works

We present an efficient, scalable and low powered face mask detection algorithm
based on facial landmarks using the openCV environment and dlib library called
Hide and Seek. We compare our method qualitatively and quantitatively to the
previous state of the art approaches through precision and recall values and see
that we majorly perform better. We also compared our method with individual
images (the author as seen in fig 4) so as to comply with real time testing and
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discussed why we choose certain facial-landmarks and not all for a concrete
model efficiency. Our model was made in mind to suit the countries where there
is a higher population density and account for more variability in the unknown
setting. We hope to extend our work to work with videos as well so as to develop
a complete screening procedure for any office setting and present a deployable
ready solution for the same with the help of cost-effective hardware.
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Departamento Acadêmico de Computação (DACOM),
Av. Alberto Carazzai, 1640 - CEP 86300-000 - Cornélio Procópio - PR - Brazil
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Abstract. Face recognition is one of the most important tasks in computer vision research. Despite the advances achieved, novel approaches
are needed to extract meaningful information and produce interpretable
results. This work presents a new approach to feature extraction, called
LBP-CN, based on Local Binary Pattern (LBP) and Complex Network
(CN) measurements for face recognition. Initially, the face region is subdivided into smaller regions and the network nodes are defined from the
pixels of these sub-regions. The LBP operator is applied to the pixels
of the subregions and the edges are defined by the distances between
all pixels. Therefore, measurements of complex networks are extracted
from the network and thresholds are applied to remove edges with higher
values. Five face data sets and four competing methods were adopted to
evaluate the proposed approach. The results show the adequacy and robustness of the proposed approach to facial recognition, getting better
accuracy and smaller standard deviation than the competing methods
in a relatively simple way, using only two parameters. In addition, the
LBP-CN results for the HPI and FEI data sets also showed the adequacy
of the proposed approach to angle variations.
Keywords: LBP operator · Complex Networks · Face recognition · Texture description · Feature extraction.

1

Introduction

Since the first techniques of face recognition and detection emerged, many problems have already been solved. High-impact algorithms such as Eigenfaces [36]
and Viola-Jones [37] have been proposed, but they do not work very well in detection at different scales, rotations or lighting variations. Over the years, these
methods have undergone updates and inspired the development of new techniques, with more accurate and reliable results and a diverse set of applications.
Currently, there are almost invariable feature extraction methods at rotation
and scale, which are robust to lighting variation such as the Scale Invariant
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Feature Transform (SIFT) [22], the Speeded Up Robust Features (SURF) [7] and
Local Binary Pattern (LBP) [27].
Regarding face recognition, many efforts have been made over the years, from
classical algorithms such as Eigenfaces [36], FisherFaces [8] and LBPHFaces [2] to
approaches based on deep convolutional networks such as DeepFace [34], FaceNet
[31] and ArcFace [11]. However, most methods suffer from variations in facial
angles and rarely consider local facial features, which are notably important for
facial recognition [25, 3].
In particular, the LBP technique is very effective in describing texture features [2]. In addition, LBP allows very fast feature extraction because of its
simplicity, leading to properties such as high-speed computing and rotation invariance, being successfully applied in image recovery, texture description and
face recognition [1, 24, 18, 4, 32, 33].
On the other hand, Complex Networks (CN) have a great attention and many
applications have been developed since the works of Watts and Strogatz [38]
and Barabasi and Albert [6]. In particular, some methods that adopt complex
networks have been proposed in the literature, showing their suitability for image
analysis [5, 24, 19, 30, 20].
In this context, a new feature extraction method, called LBP-CN, based on
LBP and CN measurements, is proposed for face recognition. The method starts
by dividing the image of the face into sub-regions from which the LBP features
are obtained, each sub-region is then mapped to a CN. Then, some CN measurements [10] are extracted iteratively. Therefore, the extracted measurements
make up a feature vector that is applied to the sub-region classification. Five
face datasets and four of the most important methods of face recognition were
adopted to evaluate LBP-CN.

2

Complex Networks

A network is a model that represents the relationships between pairs of objects
(nodes). The most classic example is the social networks, which connect people
for specific relationships such as kinship, friendship or work relationship. The
network topological structures represent their behavior and can model many
real-world problems [38, 6, 26, 21, 17, 20, 9].
A simple network is usually represented by a graph with a set of nodes,
which are connected by edges representing the connection between such nodes.
However, a problem represented by a graph can cause a model composed of
hundreds of nodes, where the connections between them can make it difficult to
analyze and visualize the network [26]. Complex network theory is the branch of
graph theory that analyzes the topological behavior of the network to understand
the relationships between nodes and edges. A network can be represented by its
measurements, so that its topological structure can be used in the analysis of
its properties, including representation, characterization, classification, modeling
and dynamics, i.e. the change of topological structure over some parameter (time,
threshold, perturbation, etc.) [10].
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This work adopts some complex network measurements commonly used to
explore them in the proposed approach, such as average degree, betweenness,
eigenvector, assortativity, clustering coefficient and average shortest path length,
which were successfully applied to characterize networks.

3

Methodology

The proposed approach is defined initially by adopting a pre-processing step
in order to define the face region of the image. The Viola-Jones method [37]
was adopted. Thus, selected face region is divided into smaller sub-regions by
adopting square windows of size m, which is an input parameter.
Then, a third step is applied on each subregion for feature extraction and
composition of a feature vector. Figure 1 presents the overview of the proposed
approach.

(a) Face region division into subregions.

(b) Feature extraction.

Fig. 1. Overview of the feature extraction approach for face recognition.

More specifically, each square subregion of face image is considered to creating
a complex network by using its pixels as nodes of the network. For this, the Local
Binary Pattern (LBP) [27] was adopted and applied to the pixels of each subregion. Thus, to select only the most promising operators, all non-uniform LBP
operators were discarded [28].
Using the LBP representation, the distances between all pixels are calculated, thus forming a weighted similarity matrix. Then, the matrix is scaled so
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that its values adjust to the [0, 1] range, which makes it more suitable for the
next step: removing the edges. A threshold is applied to the rescaled similarity
matrix to create a dynamic from weaker to stronger edges. Initially, all nodes
in the network are connected. Then, some complex network measurements are
obtained. These measurements are stored and a threshold t is applied to remove
edges with values greater than t. Considering the edge removal process, a change
in network topology is expected. Therefore, the network topology measurements
are obtained for each t value, i.e. different scales. The initial value of t is set to
1 − n1 , where n is the total number of iterations performed by the method. The
value n is an input parameter, which defines the number of iterations, adjusting
the sensitivity in the extraction of the network measurements (features). Then,
the value of t is decreased at the rate of n1 with each iteration of the algorithm. In
this way, topological measurements are obtained at different network resolutions
(scales), creating a dynamic for these measurements, i.e. how they are affected
by the edge removal process. As a result, a single feature vector is created for
each sub-region, considering all the topological measurements extracted and the
respective threshold t applied in the network.
Regarding the parameter m, each face is represented by sub-regions and their
respective feature vectors. Therefore, it is necessary to classify each feature vector individually, a feature vector for each face. For this reason, facial recognition
methods may have their performance diminished by the occurrence of occlusion,
rotation, irregular illumination, among others [25, 3]. In the proposed approach,
each sub-region has its own feature vector, and it is classified individually. In
order to avoid a new parameter, i.e. how many sub-regions are needed to correspond to a face and deal with partial occlusion, the frequency of the classes
achieved in the classification of the sub-regions was adopted. Thus, the class with
the highest frequency considering all classified subregions is selected for the face
classification. Figure 2 shows an overview of the feature extraction process.

Fig. 2. Feature extraction process performed individually for each sub-region.
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In doing so, the proposed feature extraction approach, called LBP-CN, combines some important properties, such as the robustness against different facial
expressions, illumination and aging of subjects from LBP [2], the rotation invariance of Complex Networks [12] and its classification based on the frequency
that allows dealing with partial occlusion.
3.1

Materials

In order to validate the proposed method, Caltech Face Dataset (CFD) [39],
Color FERET Database [29], Head Pose Image Database (HPI) [13], Labeled
Faces in the Wild (LFW) [16] and FEI Face Database [35] were adopted.
The samples from Caltech’s face data set were taken from the front position
of the individual, with differences in lighting and especially in the background’s
composition of each image. The background is composed of several objects to
ensure the robustness of the method. The Caltech data set comprises 450 faces
of 27 different individuals. However, some individuals contributed with only one
sample. The FERET data set contains 11,338 images, collected from 994 people
from various angles and different situations. It has become very popular because
it is used to compare performance and accuracy of different face recognition
methods.
The HPI data set comprises two series of 93 images with variations in skin
tone, hair and accessories (glasses). The face position was determined by two
different angles, ranging from -90 to +90 degrees.
The LFW data set contains over 13,000 images of faces labeled with the
person’s name in the image. In addition, 1680 samples have two or more distinct
images in the data set.
Finally, the FEI data set contains 2,800 images, with 14 images for each of
the 200 individuals between 19 and 40 years old. All images are colored with a
homogeneous background, in the frontal position with a rotation of 180 degrees.

4

Results and Discussion

To evaluate the proposed approach, the data sets adopted (Sec. 3.1) were used
in the same way, considering two experiments. Regarding the properties of each
data set, such as FERET, there are subsets of samples for the training and
testing steps. However, the experiments in this work were not based on these
subsets. This is because CFD, HPI, LFW and FEI datasets have no test subsets.
In addition, CFD, FERET and LFW data sets are composed of front faces, so
the Viola-Jones method [37] was adopted as a pre-processing step. Regarding the
HPI and FEI data sets, the images are composed of different face orientations.
Thus, the original images were adopted for these two data sets.
Initially, an experiment was performed to evaluate the input parameters m
(number of face divisions) and n (number of algorithm interactions for removing
edges from the network) defined in Sec. 3. The best results were achieved with
m = 8 and n = 30, which were adopted for all experiments.
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The first round of experiments was performed using the classical classification algorithms from the WEKA machine learning software [15], adopting
its default parameters, i.e. no tuning of the classification algorithms has been
performed. The classification results were validated using the 10-fold crossvalidation method. Table 1 summarizes the results considering some classical
classification methods, indicating the suitability of the proposed feature extraction (LBP-CN) for facial recognition.

Table 1. Average accuracy of LPB-CN considering different classification algorithms.
Classifier

Dataset
CFD
FERET
KNN
HPI
LFW
FEI
CFD
FERET
Naive Bayes
HPI
LFW
FEI
CFD
FERET
SVM
HPI
LFW
FEI
CFD
FERET
Random Forest HPI
LFW
FEI
CFD
FERET
Neural network HPI
LFW
FEI

Average Accuracy
99.10%
99.91%
98.99%
99.20%
98.01%
97.38%
98.61%
97.91%
97.78%
96.91%
92.56%
90.66%
92.80%
93.80%
91.47%
100.0%
100.0%
99.97%
98.78%
99.89%
99.33%
98.88%
96.34%
98.21%
97.97%

It can be noted that all classifiers have consistent results and higher accuracy
rates, even considering that SVM results depend on the adopted kernel and KNN
depends too much on the k parameter, i.e. the number of adopted neighbors.
Thus, indicating the robustness of LBP-CN considering different classification
algorithms. Thus, the Random Forest classifier was adopted as the classifier for
the second round of experiments.
The second round of experiments was performed to compare LPB-CN with
competing methods, all data sets were considered in the same way as previous
experiments and also adopted 10-fold cross validation. Classic algorithms such
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as Eigenfaces [36], FisherFaces [8] and LBPHFaces [2] available in the OpenCV
(Open Source Computer Vision Library) were adopted. In addition, FaceNet [31]
based on deep convolutional network was also adopted. Table 2 shows the results
achieved by the methods and data sets adopted.

Table 2. Average accuracy of LPB-CN compared to competing methods.
Method
LBP-CN
EigenFaces
FisherFaces
LBPHFaces
FaceNet

CFD
100.0%
90.15%
91.63%
92.62%
100.0%

FERET
100.0%
92.49%
93.98%
97.28%
100.0%

HPI
99.97%
81.34%
88.57%
94.49%
98.81%

LFW
98.78%
83.21%
86.39%
95.82%
99.94%

FEI
99.89%
78.78%
76.87%
93.75%
98.69%

For the CFD dataset, the results indicate that the LBP-CN obtained better
accuracy when compared to other methods. This behavior can be explained by
the composition of the samples of this data set, as the faces are always accompanied by other background elements. Even considering that a pre-processing step
by the Viola-Jones method was adopted for all methods, some background content always appears on the face. These background elements may have produced
some noise during the execution of the Eigenfaces, FisherFaces and LBPHFaces
methods, which would explain the average accuracy rates obtained by these
methods. Since LBP-CN considers the higher frequency in classification of the
face sub-regions, the interference caused by noise was lower.
Regarding the results achieved for the Color FERET data set, all methods
have a higher average accuracy than the CFD data set. In particular, LBPHFaces
shows a significant improvement. This is because the FERET data set has a clean
background, indicating consistent results.
Experiments with the HPI data set have revealed that the Eigenfaces and
FisherFaces algorithms are more sensitive to angle variations, since it is the
main characteristic of these data sets. On the other hand, the LBP-CN had
better accuracy rates than all methods, indicating the adequacy of the proposed
approach to angle variations.
The LFW data set presents a wide variety of people with objects in the background. The results reinforce the suitability of the LBP-CN, which surpasses
the classical methods and presents similar performance to FaceNet, which is
based on deep convolutional network. However, the LBP-CN produces explainable and interpretable results, so that experts in the field can be convinced how
the method produced the results relatively simply, using only two parameters.
Methods based on deep neural networks can produce insightful interpretations,
focus on specific architectures, and can be difficult to generalize [23, 14]. The
FEI dataset also contains angle-varying faces. The LBP-CN again outperforms
all competing methods, which reinforces its suitability for face recognition and
its robustness in the presence of angle variations.
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Fig. 3. Box plots of the accuracy distribution on each data set. PP (LBP-CN), EF
(EigenFaces), FF (FisherFaces), LF (LBPHFaces) and FN (FaceNet) obtained from
10-fold cross validation.

To verify the robustness, Figure 3 shows the box plots of the accuracy considering the results of the 10-fold cross validation. Regarding the CFD dataset,
the classical methods have relatively higher distribution, showing that they were
more affected by the cross-validation method. As explained previously, noise
causes this variation, because of the elements present in the image’s background.
The Color FERET data set experiment has already shown variation in the accuracy rate of all classical methods. The results of HPI and FEI show the sensitivity
of Eigenfaces and FisherFaces to angular variations and the robustness of the
LBP-CN, which presents higher accuracy and lower distribution of its results.

5

Conclusions

The LBP is a suitable texture description method widely used in computer vision, including facial recognition. LBP features have important properties such
as their robustness in relation to facial expression, aging, lighting and alignment
[2]. Complex network measurements were shown as a method invariant to rotation [12]. This paper proposes LBP-CN, a novel approach to feature extraction
based on LBP and complex network measurements. In addition, the classification of each face is based on the frequency of the sub-region classification that
allows dealing with partial occlusion.
Two experiments were performed to evaluate the proposed approach. The
Caltech Face Dataset (CFD), the Color FERET Database, the Head Pose Image Database (HPI), the Labeled Faces in the Wild (LFW) and the FEI Face
Database were adopted. The accuracy obtained by LBP-CN were also compared
with important facial recognition methods such as EigenFaces, Fisher Faces,
LBPHFaces and FaceNet. In particular, LBP-CN results for the HPI and FEI
data sets also indicated the adequacy of the proposed approach to angle variations. In general, LBP-CN achieved higher accuracy rates and lower variations
in its results when compared to competitive methods.
Furthermore, LBP-CN produces explainable and interpretable results, so that
experts in the field can be convinced of how the method produced the results
relatively simply, using only two parameters.
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2. Ahonen, T., Hadid, A., Pietikäainen, M.: Face recognition with local binary patterns. In: ECCV 2004, LNCS, vol. 3021, pp. 469–481. Springer (2004)
3. Al-Waisy, A.S., Qahwaji, R., Ipson, S., Al-Fahdawi, S.: A multimodal deep learning
framework using local feature representations for face recognition. Machine Vision
and Applications 29(1), 35–54 (Jan 2018)
4. Alahmadi, A., Hussain, M., Aboalsamh, H.A., Zuair, M.: PCAPooL: unsupervised
feature learning for face recognition using PCA, LBP, and pyramid pooling. Pattern Analysis and Applications (May 2019)
5. Backes, A.R., Casanova, D., Bruno, O.M.: Texture analysis and classification: A
complex network-based approach. Inf. Sciences 219(0), 168–180 (2013)
6. Barabási, A.L., Albert, R.: Emergence of scaling in random networks. Science
286(5439), 509–512 (1999)
7. Bay, H., Tuytelaars, T., Van Gool, L.: SURF: Speeded up robust features. In:
LNCS. vol. 3951, pp. 404–417. Springer (2006)
8. Belhumeur, P., Hespanha, J., Kriegman, D.: Eigenfaces vs. fisherfaces: recognition
using class specific linear projection. IEEE TPAMI 19(7), 711–720 (July 1997)
9. Breve, M.M., Lopes, F.M.: A simplified complex network-based approach to mRNA
and ncRNA transcript classification. In: LNCS. pp. 192–203. Springer (2020)
10. Costa, L.d.F., Rodrigues, F.A., Travieso, G., Villas-Boas, P.R.: Characterization of
complex networks: a survey of measurements. Adv. in Phys. 56(1), 167–242 (2007)
11. Deng, J., Guo, J., Xue, N., Zafeiriou, S.: Arcface: Additive angular margin loss for
deep face recognition. In: The IEEE Conference on Computer Vision and Pattern
Recognition (CVPR) (June 2019)
12. Goncalves, W.N., de Andrade Silva, J., Bruno, O.M.: A Rotation Invariant Face
Recognition Method Based on Complex Network, LNCS, vol. 6419, pp. 426–433.
Springer Berlin Heidelberg (2010)
13. Gourier, N., Hall, D., Crowley, J.L.: Estimating face orientation from robust detection of salient facial structures. In: FG Net Workshop on Visual Observation of
Deictic Gestures. pp. 1–9. FGnet Cambridge, UK (2004)
14. Grisci, B.I., Krause, M.J., Dorn, M.: Relevance aggregation for neural networks
interpretability and knowledge discovery on tabular data. Information Sciences
559, 111–129 (2021)
15. Hall, M., Frank, E., Holmes, G., Pfahringer, B., Reutemann, P., Witten, I.H.: The
weka data mining software: An update. SIGKDD Exp. Newsl. 11(1), 10–18 (2009)
16. Huang, G.B., Ramesh, M., Berg, T., Learned-Miller, E.: Labeled faces in the wild:
A database for studying face recognition in unconstrained environments. Tech.
Rep. 07-49, University of Massachusetts, Amherst (2007)
17. Ito, E.A., Vicente, F.F., Katahira, I., Lopes, F.M., Pereira, L.P.: BASiNET - BiologicAl Sequences NETwork: a case study on coding and non-coding RNAs identification. Nucleic Acids Research 46(16), e96–e96 (06 2018)

10

Piotto and Lopes

18. Kumar, A., Kaur, A., Kumar, M.: Face detection techniques: a review. Artificial
Intelligence Review 52(2), 927–948 (Aug 2019)
19. de Lima, G.V.L., Castilho, T.R., Bugatti, P.H., Saito, P., Lopes, F.M.: A Complex
Network-Based Approach to the Analysis and Classification of Images, LNCS,
vol. 9423, pp. 322–330. Springer Int. Publ. (2015)
20. de Lima, G.V., Saito, P.T., Lopes, F.M., Bugatti, P.H.: Classification of texture
based on bag-of-visual-words through complex networks. EXPERT SYST APPL
133, 215 – 224 (2019)
21. Lopes, F.M., Jr., D.C.M., Barrera, J., Jr., R.M.C.: A feature selection technique for
inference of graphs from their known topological properties: Revealing scale-free
gene regulatory networks. Inf. Sciences 272(0), 1–15 (2014)
22. Lowe, D.: Object recognition from local scale-invariant features. In: Computer
Vision, 1999. Proc. of the 7 IEEE Int. Conf. on. vol. 2, pp. 1150–1157 (1999)
23. Lu, Y., Fan, Y., Lv, J., Noble, W.S.: Deeppink: reproducible feature selection in
deep neural networks. In: Adv in Neural Inf. Proc. Systems. pp. 8676–8686 (2018)
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Abstract. Expert human supervision of the large labeled training sets
needed by convolutional neural networks is expensive. To obtain sufficient
labeled samples to train a model, one can propagate labels from a small
set of supervised samples to a large unsupervised set. Yet, such methods
need many supervised samples for validation. We present a method that
iteratively trains a deep neural network (VGG-16) from labeled samples
created by projecting the features of VGG-16’s last max-pooling layer in
2D with t-SNE and propagating labels with the Optimum-Path Forest
semi-supervised classifier. As the labeled set improves along iterations, it
improves the network’s features. We show how this significantly improves
classification results on test data (using only 1% to 5% of supervised
samples) of three private challenging datasets and two public ones.
Keywords: Data annotation · Label propagation · Iterative feature
learning.

1

Introduction

Convolutional neural networks (CNNs) usually need large training sets (labeled
images) [14, 19]. While regularization, fine-tuning, transfer learning, and data
augmentation [24] can help this, manually annotating enough images (human
supervision) by expert uses, as in Biology and Medicine, remains expensive.
To build a large enough training set, Lee [12] propagated labels from a small
set of supervised images to a large set of unsupervised ones, as an alternative
to entropy regularization. In detail, Lee trained a neural network with 100 to
3000 supervised images, assigned the class with maximum predicted probability
to the unsupervised ones, and then fine-tuned a neural network with the trueplus-artificially labeled (pseudo labeled) samples, showing advantages over other
semi-supervised learning methods. Still, this required validation sets of over 1000
supervised images for the optimization of hyperparameters; used a network with
a single hidden layer; and was shown on a single dataset (MNIST).
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Label propagation from supervised to unsupervised samples was recently
used to build larger training sets [8, 9, 26, 13]. Amorim et al.[2] used the semisupervised Optimum Path Forest (OPFSemi) classifier [1] for this, outperforming
several existing semi-supervised techniques when training CNNs. Yet, they did
not explore CNNs pre-trained with large supervised datasets for transfer learning,
and still needed many supervised samples (10% of the dataset) for validation.
Graph-based semi-supervised learning has recently received increasing attention [1, 3, 6, 28]. By modeling training samples as nodes of a graph whose arcs
connect adjacent samples in the feature space, one can propagate labels from
supervised samples to their most strongly connected unsupervised neighbors.
Benato et al. [4, 5] showed the advantages of OPFSemi for label propagation in a
2D embedded space created by t-SNE [15] from the latent space of an autoencoder
trained with unsupervised images – which differs from [2] where propagation is
done in the feature space. Their supervised classifiers achieved higher performance
on unseen test sets when trained with large sets of truly-and-artificially labeled
samples, with OPFSemi surpassing LapSVM [22] for label propagation. Yet, they
have not used this strategy to train deep neural networks.
We fill the above gaps by proposing a loop (Fig. 1) that trains a deep neural
network (VGG-16, [21]) with truly-and-artificially labeled samples along iterations.
At each iteration, we create a 2D embedded space by the t-SNE projection (like [4],
different from [2]) of VGG-16’s features at the last max-pooling layer (before
the MLP) and propagate labels by OPFSemi, so that the labeled set jointly
improves with the CNN’s feature space over iterations. Our method can improve
classification on unseen test data of challenging datasets.

2

Proposed Pipeline

After the user supervises a small set of training images, we execute a three-step
loop (deep feature learning, feature space projection, and label propagation; Fig. 1).
2.1

Deep Feature Learning

To minimize user effort for annotation, we use the ability of pre-trained CNNs to
transfer knowledge [27] between scenarios – e.g., from natural to medical images –
using few supervised samples and few epochs. We use VGG-16, pre-trained on
ImageNet [19], and fine tuned with the supervised images. In the next iterations
of our loop, we train VGG-16 with all true-and-artificially labeled images.
2.2

Feature Space Projection

We project the features of the last max-pooling layer of VGG-16 by t-SNE [15]
in a 2D embedded space. One may conceptually divide a deep neural network
into (a) layers for feature extraction, (b) fully connected layers for feature space
reduction, and (c) the decision layer (a MLP classifier). We explored features that
result from (a), where the feature space is still high and sparse; a comparison
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Fig. 1. Pipeline of our method. The user supervises a small fraction x of images (1).
These are used to train a deep neural network (2), which extracts features from the
unsupervised images (3). Features are projected in a 2D embedded space (4). A semisupervised classifier propagates labels to the unsupervised images (5). The model is
retrained by all images and their assigned labels (6), creating a new and improved
feature space along iterations. Finally, the trained model is used for classification (7).

with the output of the last hidden layer is left for future work. Rauber et al. [18]
showed that high classification accuracy relates to a good separation of classes in
a 2D projection. Hence, if a 2D projection presents good class separation, then a
good class separation can also be found in the data space.
Benato et al. [4] showed that label propagation (using two semi-supervised
classifiers) in a 2D projection space leads to better classification results than
using the latent feature space of an autoencoder. We also opt to investigate label
propagation in a 2D projected space (created by t-SNE [15], as in [18] and [4]) to
create larger training sets for deep learning.
2.3

Label Propagation

We used OPFSemi in both the 2D t-SNE projection [4] and the original feature
space [2]. OPFSemi sees each sample as a node of a complete graph, setting
the cost of a path between two nodes to the maximum arc weight (Euclidean
distance between samples) along it. The supervised nodes seed the computing of
a minimum-cost path forest – each seed propagates its label to the most closely
connected unsupervised nodes of its tree.

3
3.1

Experiments and Results
Experimental Set-up

We randomly divide each dataset into supervised training samples S, unsupervised
training samples U , and testing samples T . To measure the impact of annotated
samples on classification, we let S ∪ U have 70% of samples, while T has 30%.
To minimize user effort for supervision, we set |S| to 1% up to 5% of the entire
dataset, thus much smaller than |U | For statistics, we generate three partitions of
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each experiment randomly and in a stratified manner. We validate our method,
called DeepFA looping, by three experiments:
1. Baseline: train VGG-16 on S, test on T , ignore U (Fig. 1 steps 1,2,6,7).
2. DeepFA: train VGG-16 on S; extract S ∪U features from VGG-16 and project
them in 2D with t-SNE; OPFSemi label estimation in U ; train VGG-16 on
S ∪ U and test on T (all of Fig. 1 for n = 1).
3. DeepFA looping: train VGG-16 on S; extract S ∪ U features from VGG-16;
project them in 2D with t-SNE; OPFSemi label propagation on U ; train
VGG-16 on S ∪ U ; repeat from the projection step n = 5 times; test on T
(all of Fig. 1 for n > 1).
To compare effectiveness, we compute accuracy from VGG-16’s final probability. As we have unbalanced datasets, we also compute Cohen’s κ coefficient,
κ ∈ [−1, 1], where κ ≤ 0 means no possibility and κ = 1 means full possibility of
agreement occurring by chance, respectively. For the experiments where OPFSemi
propagates labeled samples, we also compute the label propagation accuracy in
U , i.e., the number of correct labels assigned in U over the size of U .
3.2

Datasets

We first use two public datasets: MNIST [11] contains handwritten digits from 0
to 9 as 28 × 28 grayscale images. We use a random subset of 5K samples from
MNIST’s total of 60K. CIFAR-10 [10] contains color images (32 × 32 pixels) in
10 classes: airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and truck.
We use a random subset of 5K images from CIFAR-10’s total of 60K.
We also used three private datasets from a real-world problem (Fig. 2). These
datasets contain color microscopy images (200 × 200 pixels) of the most common
species of human intestinal parasites in Brazil, responsible for public health
problems in most tropical countries [25]. These datasets are challenging, since
they are unbalanced and contain an impurity class for the large majority of
the samples, having samples very similar to parasites, which makes classification hard (Fig. 2). We explored two (out of three) datasets with and without
the impurity class, yielding thus five total datasets: (i) Helminth larvae, (ii)
Helminth eggs without impurities, (iii) Helminth eggs with impurities, (iv) Protozoan cysts without impurities, and (v) Protozoan cysts with impurities. The
Helminth larvae dataset presents larvae and impurities (2 classes, 3514 images); the Helminth eggs dataset has several categories: H.nana, H.diminuta,
Ancilostomideo, E.vermicularis, A.lumbricoides, T.trichiura, S.mansoni, Taenia,
and impurities (9 classes, 5112 images); and the Protozoan cysts dataset has
the categories E.coli, E.histolytica, E.nana, Giardia, I.butschlii, B.hominis, and
impurities (7 classes, 9568 images). For more details, we refer to [17]. Table 1
presents the experimental set-up described in Sec. 3.1 for these 7 datasets.
3.3

Implementation details

We implemented VGG-16 in Python using Keras [7]. We load the pre-trained
weights from ImageNet [19] and fine-tuned this model using the supervised S
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Fig. 2. Datasets: (a) MNIST (b) CIFAR-10 and (c) H.eggs, with parasites (green box)
and similar impurities (red box).

first, and subsequently labeled sets (S ∪ U ) for each chosen dataset. To guarantee
convergence, we used 100 epochs with stochastic gradient descent with a linearly
decaying learning-rate from 10−4 to zero over 100 epochs and momentum of 0.9.
3.4

Experimental Results

We use our results to address three joint questions:
Q1: How do more supervised samples improve the process? Per dataset, Tab. 2
first shows accuracy (mean, standard deviation) and κ for VGG-16 trained on
S with 1%..5% supervised samples and tested on T (baseline). Accuracy and κ
increase with the supervised sample count. For H.larvae and H.eggs, this trend
cannot be seen for the given training-data fractions (3% to 4%). Still, VGG-16
performs better when the supervised training sample count increases.
Q2: What is OPFSemi’s effect? Table 2 next shows mean and standard deviation
for accuracy, κ, and propagation accuracy for VGG-16 trained with S ∪ U , with
U labeled by OPFSemi in the 2D projection (DeepFA). As for baseline, accuracy
and κ increase with the fraction of supervised training samples. The propagation
accuracy of OPFSemi is related to the number of supervised samples used to train
VGG-16. The labeling performance of OPFSemi in the 2D projected space can
be verified by the propagation accuracy. For the parasites dataset, this accuracy
is over 80% even when VGG-16 was trained with just 1% of the data.
Q3: What is Looping OPFSemi’s effect? Finally, Tab. 2 shows mean and standard
deviation of 5 iterations of DeepFA looping for accuracy, Cohen’s κ, and propagation accuracy for VGG-16 trained with S ∪ U , with U labeled by OPFSemi in
the 2D projection. As for baseline and DeepFA, we see an increase of accuracy
and κ with the fractions (1% to 5%) of supervised training samples. We see
Table 1. Number of samples in each set S, U , and T considering |S| for five sample
percentages x = 1, 2, . . . , 5% of supervised images in each dataset.
Dataset
x
|S|
|U |
|T |
Total
Dataset
x
|S|
|U |
|T |
Total

1%
35
2424
1055
3514
1%
51
3527
1534
5112

H.larvae
2% 3% 4%
70 105 140
2389 2354 2319
1055 1055 1055
3514 3514 3514
H.eggs imp
2% 3% 4%
102 153 204
3476 3425 3374
1534 1534 1534
5112 5112 5112

H.eggs
5% 1% 2% 3% 4%
175
17
35
53
70
2284 1220 1202 1184 1167
1055 531 531 531 531
3514 1768 1768 1768 1768
P.cysts imp
5% 1% 2% 3% 4%
255
95 191 287 382
3323 6602 6506 6410 6315
1534 2871 2871 2871 2871
5112 9568 9568 9568 9568

5%
88
1149
531
1768
5%
478
6219
2871
9568

P.cysts
1% 2% 3% 4% 5%
38
77 115 154 192
2658 2619 2581 2542 2504
1156 1156 1156 1156 1156
3852 3852 3852 3852 3852
MNIST / CIFAR-10
1% 2% 3% 4% 5%
50 100 150 200 250
3450 3400 3350 3300 3250
1500 1500 1500 1500 1500
5000 5000 5000 5000 5000
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CIFAR10

MNIST

P.cysts imp

H.eggs imp

P.cysts

H.eggs

H.larvae

Table 2. Results of the baseline, DeepFA, and DeepFA looping experiments, all datasets,
five supervised sample percentages x, color-coded using a white-to-green colormap.
Methods Metrics
accuracy
baseline
kappa
accuracy
DeepFA kappa
propagation
accuracy
DeepFA
kappa
looping
propagation
accuracy
baseline
kappa
accuracy
DeepFA kappa
propagation
accuracy
DeepFA
kappa
looping
propagation
accuracy
baseline
kappa
accuracy
DeepFA kappa
propagation
accuracy
DeepFA
kappa
looping
propagation
accuracy
baseline
kappa
accuracy
DeepFA kappa
propagation
accuracy
DeepFA
kappa
looping
propagation
accuracy
baseline
kappa
accuracy
DeepFA kappa
propagation
accuracy
DeepFA
kappa
looping
propagation
accuracy
baseline
kappa
accuracy
DeepFA kappa
propagation
accuracy
DeepFA
kappa
looping
propagation
accuracy
baseline
kappa
accuracy
DeepFA kappa
propagation
accuracy
DeepFA
kappa
looping
propagation

x = 1%
0.930806 ± 0.0266
0.613432 ± 0.2334
0.962085 ± 0.0148
0.819799 ± 0.0767
0.961366 ± 0.0132
0.956398 ± 0.0202
0.783412 ± 0.1150
0.954860 ± 0.0153
0.812932 ± 0.0599
0.775954 ± 0.0737
0.949780 ± 0.0104
0.940671 ± 0.0122
0.957154 ± 0.0127
0.970496 ± 0.0039
0.965144 ± 0.0046
0.981676 ± 0.0031
0.757209 ± 0.0158
0.651933 ± 0.0232
0.847751 ± 0.0106
0.794713 ± 0.0124
0.832715 ± 0.0153
0.889562 ± 0.0030
0.853264 ± 0.0021
0.881800 ± 0.0130
0.862234 ± 0.0157
0.740861 ± 0.0287
0.928509 ± 0.0032
0.873674 ± 0.0068
0.913639 ± 0.0068
0.935680 ± 0.0014
0.885645 ± 0.0033
0.926681 ± 0.0022
0.850691 ± 0.0189
0.751667 ± 0.0280
0.852084 ± 0.0066
0.755127 ± 0.0132
0.845055 ± 0.0065
0.854522 ± 0.0013
0.763711 ± 0.0026
0.845652 ± 0.0072
0.661111 ± 0.0523
0.623148 ± 0.0582
0.766222 ± 0.0252
0.740028 ± 0.0280
0.750571 ± 0.0320
0.815778 ± 0.0212
0.795079 ± 0.0236
0.806000 ± 0.0230
0.266000 ± 0.0264
0.183681 ± 0.0301
0.228445 ± 0.0435
0.142149 ± 0.0492
0.219048 ± 0.0428
0.324000 ± 0.0418
0.248837 ± 0.0463
0.314286 ± 0.0277

x = 2%
0.958925 ± 0.0038
0.824394 ± 0.0280
0.968721 ± 0.0053
0.864692 ± 0.0251
0.969364 ± 0.0070
0.974407 ± 0.0049
0.886325 ± 0.0299
0.976278 ± 0.0013
0.925926 ± 0.0189
0.912299 ± 0.0224
0.967985 ± 0.0082
0.962146 ± 0.0097
0.974400 ± 0.0055
0.969868 ± 0.0086
0.964405 ± 0.0102
0.979251 ± 0.0042
0.881776 ± 0.0113
0.837102 ± 0.0163
0.912341 ± 0.0154
0.882537 ± 0.0213
0.897997 ± 0.0231
0.925894 ± 0.0234
0.900792 ± 0.0318
0.925321 ± 0.0121
0.900696 ± 0.0087
0.815160 ± 0.0138
0.941113 ± 0.0010
0.895627 ± 0.0014
0.931433 ± 0.0058
0.949370 ± 0.0063
0.910179 ± 0.0111
0.939352 ± 0.0066
0.865320 ± 0.0018
0.776938 ± 0.0031
0.848717 ± 0.0090
0.756045 ± 0.0138
0.840924 ± 0.0056
0.860908 ± 0.0292
0.774361 ± 0.0434
0.853915 ± 0.0256
0.782222 ± 0.0269
0.757848 ± 0.0298
0.852667 ± 0.0397
0.836263 ± 0.0440
0.833524 ± 0.0362
0.862222 ± 0.0396
0.846885 ± 0.0439
0.856667 ± 0.0353
0.321555 ± 0.0151
0.245770 ± 0.0166
0.310000 ± 0.0790
0.232875 ± 0.0880
0.288952 ± 0.0790
0.375333 ± 0.0436
0.305496 ± 0.0483
0.369334 ± 0.0235

x = 3%
0.961138 ± 0.0066
0.818082 ± 0.0492
0.967773 ± 0.0047
0.854607 ± 0.0308
0.963806 ± 0.0108
0.974092 ± 0.0071
0.888211 ± 0.0298
0.970991 ± 0.0049
0.934714 ± 0.0313
0.923002 ± 0.0367
0.962963 ± 0.0120
0.956316 ± 0.0234
0.971436 ± 0.0084
0.964846 ± 0.0237
0.958557 ± 0.0278
0.979520 ± 0.0140
0.913783 ± 0.0079
0.882551 ± 0.0108
0.914072 ± 0.0269
0.885475 ± 0.0348
0.893793 ± 0.0303
0.938870 ± 0.0126
0.918280 ± 0.0163
0.928783 ± 0.0110
0.910256 ± 0.0167
0.833168 ± 0.0301
0.935246 ± 0.0053
0.885487 ± 0.0104
0.920626 ± 0.0146
0.944372 ± 0.0037
0.901216 ± 0.0078
0.937675 ± 0.0077
0.900383 ± 0.0072
0.832300 ± 0.0106
0.884709 ± 0.0152
0.811239 ± 0.0231
0.880294 ± 0.0193
0.900035 ± 0.0140
0.836986 ± 0.0217
0.897367 ± 0.0071
0.870445 ± 0.0050
0.855944 ± 0.0056
0.901556 ± 0.0170
0.890529 ± 0.0119
0.893524 ± 0.0064
0.908444 ± 0.0103
0.898190 ± 0.0114
0.905905 ± 0.0054
0.372889 ± 0.0341
0.303050 ± 0.0377
0.365555 ± 0.0205
0.295078 ± 0.0230
0.356095 ± 0.0340
0.402444 ± 0.0125
0.335927 ± 0.0138
0.411238 ± 0.0253

x = 4%
0.960821 ± 0.0070
0.808397 ± 0.0416
0.974092 ± 0.0112
0.878935 ± 0.0624
0.975193 ± 0.0135
0.978831 ± 0.0074
0.904963 ± 0.0353
0.981158 ± 0.0056
0.929065 ± 0.0132
0.916335 ± 0.0154
0.974263 ± 0.0203
0.969631 ± 0.0239
0.978442 ± 0.0102
0.974262 ± 0.0193
0.969634 ± 0.0227
0.983563 ± 0.0115
0.914648 ± 0.0077
0.884303 ± 0.0108
0.937428 ± 0.0018
0.916035 ± 0.0028
0.931627 ± 0.0042
0.964533 ± 0.0120
0.952664 ± 0.0159
0.959570 ± 0.0047
0.931986 ± 0.0057
0.876969 ± 0.0090
0.948501 ± 0.0111
0.908733 ± 0.0190
0.939631 ± 0.0129
0.956758 ± 0.0076
0.922875 ± 0.0130
0.951369 ± 0.0045
0.903634 ± 0.0129
0.840126 ± 0.0216
0.892140 ± 0.0144
0.823333 ± 0.0223
0.879200 ± 0.0181
0.892488 ± 0.0282
0.825604 ± 0.0450
0.882684 ± 0.0242
0.876444 ± 0.0132
0.862635 ± 0.0147
0.899778 ± 0.0096
0.888552 ± 0.0107
0.895333 ± 0.0114
0.918000 ± 0.0077
0.908816 ± 0.0086
0.923238 ± 0.0068
0.417111 ± 0.0413
0.352095 ± 0.0461
0.407778 ± 0.0136
0.341907 ± 0.0148
0.389619 ± 0.0190
0.448445 ± 0.0177
0.387059 ± 0.0199
0.446667 ± 0.0152

x = 5%
0.971564 ± 0.0068
0.868460 ± 0.0361
0.977567 ± 0.0043
0.900290 ± 0.0197
0.979531 ± 0.0048
0.978515 ± 0.0031
0.905292 ± 0.0138
0.980887 ± 0.0015
0.966101 ± 0.0032
0.959807 ± 0.0039
0.978656 ± 0.0141
0.974742 ± 0.0167
0.987065 ± 0.0037
0.983679 ± 0.0078
0.980694 ± 0.0093
0.991107 ± 0.0035
0.934545 ± 0.0133
0.912294 ± 0.0177
0.950404 ± 0.0178
0.933649 ± 0.0235
0.937685 ± 0.0161
0.959919 ± 0.0088
0.946442 ± 0.0117
0.956726 ± 0.0044
0.937419 ± 0.0086
0.886231 ± 0.0159
0.956758 ± 0.0046
0.923366 ± 0.0079
0.945314 ± 0.0018
0.957844 ± 0.0046
0.925353 ± 0.0080
0.950252 ± 0.0024
0.916173 ± 0.0045
0.860640 ± 0.0076
0.916405 ± 0.0074
0.862764 ± 0.0100
0.901996 ± 0.0094
0.920933 ± 0.0032
0.869900 ± 0.0051
0.915335 ± 0.0106
0.909778 ± 0.0143
0.899686 ± 0.0159
0.932889 ± 0.0136
0.925403 ± 0.0151
0.923619 ± 0.0148
0.936444 ± 0.0224
0.929355 ± 0.0249
0.939905 ± 0.0156
0.455333 ± 0.0263
0.394558 ± 0.0291
0.424889 ± 0.0093
0.360883 ± 0.0102
0.421143 ± 0.0126
0.461555 ± 0.0211
0.401490 ± 0.0236
0.466857 ± 0.0301

the same for propagation accuracy, which reflects the effect of 5 iterations of
OPFSemi for labeling samples in the 2D projected space. For all datasets, except
CIFAR-10, propagation accuracy is over 80% even when the VGG-16 feature
space was trained with only 1% of data.

4

Discussion

Added-value of DeepFA looping: Figure 3 plots the average κ for our baseline, DeepFA, and DeepFA looping experiments, for all 7 studied datasets. DeepFA
looping consistently obtains the best results, except for the P.cysts with impurity
dataset. DeepFA shows an improvement over the baseline experiment, while the
first one was improved by a looping addition in the method. The gain of DeepFA
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looping is even higher when using a low number of supervised samples – relevant
when one cannot, or does not want to put effort, to supervise new ones. This
gain is lower for CIFAR-10 and almost zero for P.cysts with impurities, as these
datasets are more challenging, as their lowest κ scores show.
Effectiveness of OPFSemi labeling: The positive results for VGG-16 rely on
OPFSemi propagating labels accurately. Figure 3 shows this by the average propagation accuracy of OPFSemi for DeepFA and DeepFA looping, which is high for
all datasets, being worst-case 50% for CIFAR-10. For CIFAR-10, the propagation
accuracy gain of DeepFA looping is higher than for the other datasets. We see also
the impurity class impact for H.eggs and P.cysts in propagation accuracy (roughly
5%). Propagation accuracy is high as long as the sample count increases. The
DeepFA looping curve is on top of DeepFA curve for all datasets, so the effectiveness of OPFSemi label propagation consistently improves by the looping addition.
Feature space improvement: Figure 3 showed that OPFSemi improved VGG16’s effectiveness and also accurately propagated labels to unsupervised samples.
The OPFSemi labeled samples also improve the VGG-16 feature space. Figure 4
shows this space projected with t-SNE for the studied datasets. Projections are
colored by (i) labels (supervised samples colored by the true-label; unsupervised
samples black), and (ii) OPFSemi’s confidence in classifying a sample (red=low
confidence, green=high confidence) [16, 20, 23]. For all datasets, we see a clear
reduction of red zones from baseline to DeepFA and a good cluster formation
in the projection for same-color (i.e., same-class) supervised samples (Fig. 4a).
From DeepFA to DeepFA looping, there is no further reduction of red zones. Yet,
different-color groups get more clustered and better separated. This is clearer for
CIFAR-10, which does not show good cluster separation for DeepFA (Fig. 4b).

Propagation accuracy,
all datasets

Cohen’s κ coefficient,
all datasets

Supervised samples (%)

1
0.95
0.9
0.85
0.8
0.75
0.7
1
0.95
0.9
0.85
0.8
0.75
0.7
0.65
0.6
1
0.95
0.9
0.85
0.8
0.75
0.7
1
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0.9
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0.8
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0.7
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2

3

4

5
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P.cysts

H.eggs (imp)

P. cysts (imp)

H.eggs
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1

2

3

4

5

1

0.45
0.4
0.35
0.3
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0.2
0.15
H. larvae 0.1
10 2

2

3

4

5

CIFAR-10

MNIST
0.5
0.45
0.4
0.35
0.3
0.25
H. larvae
0.2

CIFAR-10

Legend
Baseline experiment
DeepFA experiment
H.eggs (imp)

P. cysts (imp)

MNIST

DeepFA looping experiment

Fig. 3. Cohen’s κ (top) and propagation accuracy (bottom), all datasets, for 1% to 5%
supervised samples, DeepFA (red) vs DeepFA looping last iteration (blue).
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Fig. 4. 2D feature-space projections of training samples (S ∪ U ) – baseline, DeepFA, and
DeepFA looping, 1% supervised samples. Top row per experiment: Supervised samples
colored by true labels, unsupervised ones are black. Bottom row per experiment: Samples
colored by OPFSemi’s confidence (red=low, green=high). Insets (a,b) show details.

We conclude that OPFSemi’s label propagation and the looping strategy improve
VGG-16’s feature space when this space is fed by those samples.
Figure 5 shows the projected space colored by class labels (unsupervised
samples in black) and the OPFSemi’s confidence values for 5 iterations of DeepFA
looping on the P. cysts dataset with impurities, 1% supervised samples. Class
separation and confidence values increase with the iterations. The red-class samples are well separated from samples of the other classes in the first iteration;
some brown supervised samples get attached to them in iteration 2, creating a
low-confidence region. From iteration 3 on, the problem is solved.
Limitations: Our validation used only seven datasets, one deep-learning approach (VGG-16), one semi-supervised classifier (OPFSemi), and one projection
method (t-SNE). Exploring more (combinations of) such techniques would be
valuable. Also, using more than 5 iterations could help understand how OPFSemi
labels low-confidence regions and how it affects VGG-16’s feature space.

5

Conclusion

We proposed an approach for increasing the quality of image classification and
of extracted feature spaces when lacking large supervised datasets. From a few
supervised samples, we create a feature space by a pre-trained VGG-16 model
and use the OPFSemi technique to label unsupervised samples on a 2D t-SNE

Semi-supervised DL based on label propagation in 2D
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Fig. 5. 2D projections of training samples (S ∪ U ) for DeepFA looping, 1% supervised
samples, P. cysts impurities dataset. Top row: Color shows class labels; unsupervised samples in black. Bottom row: Color shows OPFSemi’s confidence (red=low,
green=high). Class separation and confidence increase with iterations.
.

projection of that feature space. We iteratively improve labels (and the feature
space) using labeled samples as input for the VGG-16 training.
OPFSemi shows low label-propagation errors and leads VGG-16 to good
classification results for several tested datasets, thereby improving the VGG-16
training and hence the feature space. The small gain yielded by looping tells
that OPFSemi can stagnate, its label-propagation errors lowering classification
quality. To help OPFSemi during label propagation, we plan next a bootstrapping
strategy to avoid propagation in low certainty regions. We also aim to include
user knowledge to support OPFSemi’s label propagation and to understand the
VGG-16 training process and feature space generation. This co-training approach
involving a bootstrapping strategy and two classifiers (OPFSemi and VGG-16)
can lead to higher quality, and more explainable, deep-learning methods.
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Abstract. Both the amount of data available and the rate at which it is
acquired increases rapidly. The underlying data is often complex, making it difficult (or somehow unnatural) to represent it by vectorial data
structures. Hence, graphs are a promising alternative for formalizing the
data. Actually a large amount of graph-based methods for pattern recognition have been proposed. The vast amount of these methods rely on
graph matching procedures. In a recent paper a novel encoding of graph
matching information has been proposed. The idea of this encoding is to
formalize the stable cores of specific classes by means of graphs (called
matching-graphs). In the present paper we aim to further improve the relevance of these matching-graphs by using an iterative creation algorithm.
In an empirical evaluation we show that these novel matching-graphs offer a more stable and significant representation of their respective class
than the previous version.
Keywords: Graph Matching · Matching-Graphs · Graph Edit Distance.

1

Introduction and Related Work

Pattern recognition emerged to a major field of research which aims at solving
diverse problems like signature verification [1], situation recognition [2], or breast
cancer detection [3], to name just a few prominent examples. Roughly speaking
there are two main approaches for pattern recognition. Statistical approaches,
which use data structures like vectors for data representation and structural approaches, which use strings, trees, or graphs for the same task. Graphs provide a
powerful alternative to feature vectors and thus, they are widely used in various
pattern recognition applications, ranging from protein function/structure prediction [4], over inferring the privacy risk of an image on social media [5], to the
detection of Alzheimer’s Disease [6]. The main drawback of graphs is, however,
the computational complexity of basic operations, which in turn makes graph
based algorithms often slower than their statistical counterparts.
A large amount of graph based methods for pattern recognition have been
proposed from which many rely on graph matching [7, 8]. Graph matching is
?
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typically used for quantifying graph proximity. Graph edit distance [9,10], introduced about 40 years ago, is recognized as one of the most flexible graph distance
models available. In contrast with many other distance measures (e.g. graph kernels [11]), graph edit distance generally offers more information than merely a
dissimilarity score, viz. the information which subparts of the underlying graphs
actually match with each other (known as edit path).
In a recent paper [12], the authors of the present paper propose to explicitly
exploit the matching information of graph edit distance. Formally, we encode
the matching information derived from graph edit distance into a data structure,
called matching-graph. The main contribution of the present paper is to further
improve the quality of these matching-graphs by means of an iterative process,
which selects the best matching-graphs of each iteration and continues to create
new matching-graphs from these selected parent graphs. The proposed algorithm
is remotely inspired by the idea of genetic algorithms that also aim at emulating
the process of natural selection and improvement of a population [13].
Moverover, our approach is similar in spirit to approaches from graph transaction based Frequent Subgraph Mining (FSM) [14]. This field also focuses on the
identification of frequent subgraphs within a set of graphs (extract all subgraphs
that occur more often than a specified threshold). We observe two main categories in FSM, viz. Apriori-based approaches and Pattern-growth approaches [14].
The apriori-based methods proceed to grow subgraphs by using a Breadth First
Search (BFS) strategy. Before they continue to graphs of size k+1 it first searches
for all frequent graphs of size k. Pattern-growth approaches, on the other hand,
work by using a Depth First Search (DFS) strategy, where one graph is extended
until all frequent supergrahs of this graphs are found.
Though the goal of our approach is comparable to that of FSM, our procedure
is quite unique. We identify common subgraphs of pairs of graphs by using a
graph matching procedure rather than using an algorithm stemming from one
of the two main categories discussed above (Apriori or Pattern Growth). We do
also not focus on finding comprehensive lists of frequent and large subgraphs
but rather we aim at improving our initial set of matching-graphs by iteratively
matching these matching-graphs with each other in order to extract more stable
and robust graph representatives for each class.
In the present paper we conduct both a quantitative and qualitative experimental evaluation. First, we measure the frequencies of the found matchinggraphs in their correct class and second, we visualize and inspect the most frequent subgraphs which in turn enables novel insights into the question which
graph substructures actually make up a class of patterns.
The remainder of this paper is organized as follows. Sect. 2 makes the paper
self-contained by providing basic definitions and terms used throughout this
paper. Next, in Sect. 3 the general procedure for creating a matching-graph is
explained together with a description of the novel algorithm that we propose.
Eventually, in Sect. 4, we empirically confirm that our algorithm produces indeed
a set of highly relevant graph structures. Finally, in Sect. 5, we conclude the paper
and discuss some ideas for future work.
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3

Graphs and Graph Edit Distance - Basic Definitions

Let LV and LE be finite or infinite label sets for nodes and edges, respectively.
A graph g is a four-tuple g = (V, E, µ, ν), where
–
–
–
–

V is the finite set of nodes,
E ⊆ V × V is the set of edges,
µ : V → LV is the node labeling function, and
ν : E → LE is the edge labeling function.

In the present paper we employ graph edit distance as basic dissimilarity
model for graphs. One of the main advantages of graph edit distance is its high
degree of flexibility, which makes it applicable to virtually any kind of graphs.
Given two graphs g1 and g2 , the basic idea of graph edit distance is to transform g1 into g2 using some edit operations. A standard set of edit operations is
given by insertions, deletions, and substitutions of both nodes and edges. We
denote the substitution of two nodes u ∈ V1 and v ∈ V2 by (u → v), the deletion
of node u ∈ V1 by (u → ε), and the insertion of node v ∈ V2 by (ε → v), where
ε refers to the empty node. For edge edit operations we use a similar notation.
A set {e1 , . . . , et } of t edit operations ei that transform a source graph g1
completely into a target graph g2 is called an edit path λ(g1 , g2 ) between g1
and g2 . Let Υ (g1 , g2 ) denote the set of all edit paths transforming g1 into g2
while c denotes the cost function measuring the strength c(ei ) of edit operation
ei . The graph edit distance can now be defined as follows.
Let g1 = (V1 , E1 , µ1 , ν1 ) be the source and g2 = (V2 , E2 , µ2 , ν2 ) the target
graph. The graph edit distance between g1 and g2 is defined by
X
dλmin (g1 , g2 ) = min
c(ei ) ,
(1)
λ∈Υ (g1 ,g2 )

ei ∈λ

Optimal algorithms for computing the edit distance of two graphs are typically based on combinatorial search procedures. A major drawback of those
procedures is their computational complexity, which is exponential in the number of nodes. To render graph edit distance computation less computationally
demanding, we employ the often used approximation algorithm BP [15].

3
3.1

Matching-Graphs
Creating Matching-Graphs

Our novel approach is based on matching-graphs originally proposed in [12]. The
general idea of the matching-graphs is to extract information on the matching of
pairs of graphs in a new data structure that formalizes and encodes the matching
parts of the two graphs.
Formally, we assume k sets of training graphs Gω1 , . . . , Gωk stemming from
k different classes ω1 , . . . , ωk . For all pairs of graphs gi , gj stemming from the
same class ωl , the graph edit distance is computed. Hence, a (suboptimal) edit
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path λ(gi , gj ) is obtained for each pair of graphs gi , gj ∈ Gωl × Gωl . For each
edit path λ(gi , gj ), two matching-graphs mgi ×gj and mgj ×gi are eventually built
(for the source and the target graph gi and gj , respectively). To this end, all
nodes of gi and gj that are actually substituted in edit path λ(gi , gj ) are added
to mgi ×gj and mgj ×gi , respectively. Vice versa, all nodes that are deleted in gi
or inserted in gj are neither considered in the two matching-graphs.
Note that this procedure can result in matching-graphs with isolated nodes,
which are eventually removed. If a node is not included in the matching-graph
(since it was either deleted or inserted in the underlying edit path), the incident
edges of this node are not included in the resulting matching-graph. Edges that
connect two substituted nodes, however, are included in the matching-graphs.
That is, if two nodes u1 , u2 ∈ Vi of a source graph gi are substituted with nodes
v1 , v2 ∈ Vj in a target graph gj and there is an edge (u1 , u2 ) ∈ Ei available,
(u1 , u2 ) is actually included in the matching-graph mgi ×gj (whether or not edge
(v1 , v2 ) is available in Ej ).
As shown in [12], the complete process leads to graph structures that can
be interpreted as denoised core structures of their respective class. The present
paper is built upon these matching-graphs by pursuing the goal of gradually
improving the matching-graphs of the first iteration.

3.2

Iterative Building of Matching-Graphs

Using the described procedure for creating matching-graphs out of two input
graphs, we now propose an algorithm that iteratively creates sets of matchinggraphs out of existing sets of matching-graphs. The proposed procedure is formalized in Algorithm 1.

Algorithm 1: Algorithm for iterative matching-graph creation.
input : sets of graphs from k different classes G = {Gω1 , . . . , Gωk }, number of
matching-graphs c
output: sets of matching-graphs for each of the k different classes M = {Mω1 , . . . , Mωk }
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Initialize M as the empty set: M = {}
foreach set of graphs G ∈ G do
Initialize M as the empty set: M = {}
foreach pair of graphs gi , gj ∈ G × G with j > i do
M = M ∪ {mgj ×gi , mgi ×gj }
end
reduce M to the c matching-graphs with highest quality q
do
foreach pair of graphs mi , mj ∈ M × M with j > i do
M = M ∪ {mmj ×mi , mmi ×mj }
end
reduce M to the c matching-graphs with highest quality q
while M has changed in the last iteration
M=M∪M
end

Iterative Creation of Matching-Graphs

5

The input of the algorithm is a set G that contains several sets of graphs
{Gω1 , . . . , Gωk } each representing members of a certain class ωk . Additionally,
the number of matching-graphs per class is fixed to a user-defined value c. The
output is a set M which consists of k different sets Mω1 , . . . , Mωk each containing
c matching-graphs that represent one of the given classes.
First M is initialized to the empty set. The algorithm then actually starts
on line 2 by iterating over each set of graphs G ∈ G. For each of these sets the
corresponding result M is initialized as the empty set.
As seen on line 4 to 6, before beginning the main iterative process, we first
loop through all possible combinations of graphs gi , gj ∈ G × G, where j > i.
As mentioned in Sect. 3.1, from one edit path λ(gi , gj ) two matching-graphs are
inferred, viz. mgi ×gj and mgj ×gi , where gi and gj is the source and target graph,
respectively (line 5). Hence, this process yields n(n − 1) matching-graphs, where
n is the number of graphs in the current set G3 .
On line 7 we proceed to select the c graphs from M with the highest quality q
by calculating the relative frequency of occurrence in their own class with respect
to the occurrence in other classes. Formally, for a matching-graph m ∈ M derived
from graphs stemming from class ωl , we verify for all graphs g ∈ Gωl whether or
not m is a subgraph of g and store the number of positive matches in f1 . Likewise,
we count all graphs g 0 ∈ Gωi , where ωi 6= ωl , that contain m as subgraph and
store this number in f2 .
Clearly, the higher f1 and simultaneously the lower f2 for a given matchinggraph m, the better the quality of m. With f2 = max(1, f2 ) (in order to avoid
divisions by zero), we formalize the quality q of a matching-graph m by means
of
f1
.
(2)
q(m) =
f2
Given this initial set M of matching-graphs, the whole process is eventually
repeated (lines 9 to 12). Yet, instead of creating the matching-graphs from the
training set G, we produce matching-graphs from pairs of existing matchinggraphs. This process is repeated as long as the c graphs in M have altered in
the last iteration (line 13). Once the algorithm terminates, we obtain k sets of c
matching-graphs for each class which are stored in M.

4

Experimental Evaluation

4.1

Experimental Setup

The main question – from the experimental point of view – is whether or not
our novel procedure is able to create more representative matching-graphs than
3

Note that edit path λ(gi , gj ) is not necessarily the same as λ(gj , gi ) and thus, it could
actually happen that the resulting matching-graphs stemming from these edit paths
also differ. Yet, due to computational reasons we omit the computations of the edit
paths and matching-graphs in both directions and assume two matching-graphs per
graph pair.
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the initial procedure (proposed in [12]). In order to answer this question, we
count the occurrences of the matching-graphs found in a given test set (via
subgraph isomorphism verification from graph-tool4 that is based on the VF2
algorithm [16]). That is, we create the matching-graphs using the aforementioned
algorithm, on the training sets and then count the actual occurences of the
created graphs as subgraphs in the corresponding test sets.
The proposed approach is evaluated on two different data sets from the IAM
graph repository both providing graphs from two classes [17]5 :
– AIDS (active vs. inactive)
– Mutagenicity (mutagen vs. nonmutagen)
The single parameter of our algorithm – namely, the number of matchinggraphs being generated – is set to c = 15 in our experiments for the sake of
convenience.
4.2

Test Results and Discussion

First, we aim at researching whether or not the quality of the matching-graphs
actually improves from iteration to iteration. To this end, we plot the qualities
(according to Eq. 2) of the top c matching-graphs from the first to the last
iteration (see Fig. 1). It is clearly observable that the quality of the matchinggraphs increases by each iteration. For instance, for the AIDS data set and class
active the initial matching-graphs offer quality values between 20 and 38, while
the qualities of the final matching-graphs are between 39 and 45, which means
that the final matching-graphs occur about 39 to 45 times more often in their
own class than in the other class.
One could assume that this increase is mainly due to the fact that the
matching-graphs become smaller from iteration to iteration (and are therefore
found more often in the correct class). In fact, we observe only a marginal reduction of the average graph size (if any). This can be seen in Table 1 where
we show the number of iterations per data set and class as well as the average
number of nodes of the matching-graphs in the first and last iteration.
Table 1. Development of the average number of nodes from the top matching-graphs
between the first and last iteration.

4
5

Avg. # nodes

first iteration

last iteration

MUTA

Avg. # nodes

nonmutagen

2

17.9

18.1

mutagen

2

14.4

14.3

AIDS

# iterations

inactive

4

6.6

5.5

active

3

14.5

12.1

https://graph-tool.skewed.de/static/doc/topology.htmlgraph tool.topology.subgraph isomorphism
www.iam.unibe.ch/fki/databases/iam-graph-database
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Next, we analyze the absolute frequencies of the resulting matching-graphs
in the correct and false classes (see Fig. 2). It can be clearly observed that
the resulting matching-graphs occur siginficantly more often in their correct
classes than in the wrong class for the AIDS active, Mutagenicity mutagen and
nonmutagen classes.

Iteration 1
Iteration 2
Iteration 3

40
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11
Relative frequency of matching graph

Relative frequency of matching graph

45

20

Iteration 1
Iteration 2
Iteration 3
Iteration 4
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9
8
7
6
5
4

1

2

3

4

5

6 7 8 9 10 11 12 13 14 15
Top 15 matching graphs
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(a) AIDS active

Iteration 1
Iteration 2

45
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20
1

2

3

4

5

5

6 7 8 9 10 11 12 13 14 15
Top 15 matching graphs

(b) AIDS inactive

Relative frequency of matching graph

Relative frequency of matching graph

50

4

6 7 8 9 10 11 12 13 14 15
Top 15 matching graphs

(c) Mutagenicity mutagen

Iteration 1
Iteration 2

32.5
30.0
27.5
25.0
22.5
20.0
17.5
1

2

3

4

5

6 7 8 9 10 11 12 13 14 15
Top 15 matching graphs

(d) Mutagenicity nonmutagen

Fig. 1. Evolution of the relative frequencies of which a matching-graph occurs in the
correct and incorrect class during the iterations.

In particular for AIDS active (Fig. 2 (a)) we can report exciting results, where
most of the matching-graphs occur in about 80% of the test graphs of the correct
class, and only about 1% in the other class. However, for the AIDS inactive (Fig.
2 (b)), the resulting matching-graphs do not seem to be representative.
Finally, we conduct a qualitative evaluation. In Fig. 3 we visualize the three
matching-graphs with the best quality (according to Eq. 2) of each class for
both data sets. Interestingly, as seen in Fig. 3 (a), the matching-graphs for the
AIDS active class consist of carbon atoms only (in very specific combinations,
that seems to be exclusive for this class). The matching-graphs of the inactive
class on the other hand consist of chains of various atoms, that seem to be
less common overall and not very specific to the inactive class (as seen in the
quantitative analysis in Fig. 2).
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(a) AIDS active

(b) AIDS inactive
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(c) Mutagenicity mutagen
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Fig. 2. Percentage of frequency of the final c matching-graphs in the test set. Bars
in light gray show the frequency in the correct class while the darker bars show the
frequency in the incorrect class.
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Fig. 3. The three matching-graphs with the best quality for the AIDS data set (a) and
the Mutagenicity data set (b).
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In Fig. 3 (b) we show the top matching-graphs for the Mutagenicity data
set. One of the major differences is, that for the mutagen class the matchinggraphs found often contain carbon rings or partial carbon rings, whereas in the
nonmutagen class we find much more hydrogen atoms. Also very interesting to
see is that the second sample of the Mutagen class in Fig. 3 (b) contains a N O2
compound, which is well known to be mutagenic [18]. Overall the N O2 compound
occurs in 5 out of the 15 matching-graphs. This is especially interesting as the
matching-graphs are automatically created on the basis of the edit path between
training and matching-graphs without any further knowledge.

5

Conclusions and Future Work

We propose to build matching-graphs on the basis of the edit path between
two graphs. The resulting matching-graphs basically include the nodes that are
substituted via graph edit distance. In the present paper we advance the creation
of matching-graphs by means of an iterative algorithm. That is, starting with
an initial set of matching-graphs, novel sets of matching-graphs are iteratively
created by means of further matchings of matching-graphs.
In an experimental evaluation on two graph data sets, we empirically confirm
that our novel approach is able to produce matching-graphs that accurately
represent significant and frequent substructures of a given class. Moreover, by
means of a qualitative evaluation we confirm that our novel procedure offers high
potential for detecting novel and relevant substructures in sets of graphs. To the
best of our knowledge this is the first time that a graph matching algorithm is
employed for this specific task.
There are several promising paths to be pursued in future work. First we feel
that the classification accuracy of the framework presented in [12] can further
be increased by using the novel improved matching-graphs. Moreover, one could
evaluate the procedure on more data sets (especially on graphs with continuous
labels). Furthermore, it might be interesting to compare our novel method with
well known graph mining algorithms. Last but not least, one could integrate the
improved matching-graphs in a classification scheme (e.g. in a distance based
classifier or in a subgraph-kernel).
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Abstract. In mining, the detection of overload conditions in SAG mills
is of great relevance to guarantee their operational continuity due to
their economic and environmental impact. Various authors have tried to
use Machine Learning techniques to identify the relationship between the
variables and the underlying overload phenomenon. Using a combination
of techniques integrated into a framework, we seek to establish a model
that learns and detects overloads, taking care of aspects such as selecting
variables, the generation of an encode that maximizes the learning using a
Gram’s matrices approach, and that consider the imbalance of the classes
to training a Convolutional Neural Network. Our proposed framework
allowed us to establish a mechanism that statistically exceeds the metrics
presented by other authors and opens an interesting space of exploration
for the continuous improvement of predictive models.
Keywords: SAG Overload forecasting · Multivariate Times series forecasting · Conditional Mutual Information (CMI) · Gramian Angular Difference Field (GADF) · Encoding time series as images · Convolutional
Neural Networks · Snowball.

1

Introduction

In mining, a Semi-Autogenous Grinding mill (SAG) is the equipment used at
mineral processing plants in the size reduction process, making the ore suitable
for the next stage of flotation. Its use lies in significant processing and reduction
capability offered by this kind of mill, where maximize the operational continuity
and production is essential.
Estimations reveal that for every 1% in mineral production increase, revenue
increases between US$80MM and US$160MM per year for each SAG [9]. Furthermore, a 1% production increase, with the same electricity consumption, the
?
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emission avoid of between 200 and 400 tons of CO2 per year in each SAG [3,8,9].
To achieve this growth, it is necessary to increase the mill’s production under
overload-free conditions, for example, through optimization and control techniques that are generally performed by expert operators and knowledge database.
An overload is an instability condition of the mill that occurs under certain
conditions, such as excessive ore volume, insufficient charge’s movement, or an
incorrect percentage of solids, providing an inefficient production. Identifying in
advance an overload becomes especially relevant. For this reason, the identification of overburden is a central problem to optimize the grinding process.
In our research, we had found authors like McClure et al. [7] who explored
the overload detection comparing methods as Kernel Principal Component Analysis (KPCA), Support Vector Machine (SVM), and Locally Linear Embedding
(LLE); their results are significant to understand the relationship of overload and
the variables associated with the mill. On the other hand, authors as Bardinas
et al. [2] proposed a method using distance matrices encode to extract features
from time series to detect mills’ operating states, given us lights about a way
that we will affront the feature transformations in our case. In both perspectives, besides the difficulty of obtaining a model to classify the overload state,
the authors described the challenge to obtain a method to model the underlying
process to the mill.
Using these investigations and inspired by the way in how specialists determine the overloads; observing the relationship in pairs of variables, our research
will propose the use of Gram matrices to represent the angular difference of pairs
of characteristics, all of them joined in images with several channels that will be
applied to train a convolutional neural network to predict overloads.
However, the prediction of overloads is not only tricky because of the stochastic nature of the process. Exists at least two additional issues to resolve: the
proper selection of the features and the classes’ imbalance (less 2%). Given this,
we proposed us create a framework that hopes to solve the overload forecast
as an entire problem, using Conditional Mutual Information for feature selection, the generation of a convolutional model based on Gram’s matrices for time
series, and the treatment of the imbalanced classes using a modified snowball
implementation.
In the next chapters, we will explain the overload problem in more detail
and how we hope to resolve it. In section 2, we will expand the definition of
overload, and as this case has been attended by different researchers. In section
3, we will detail our proposal and the way we approach the problem using a mix
of technologies as a framework. In section 4, we will present our experiments and
results, and in section 5, we will describe the conclusions and next steps in our
investigation.

2

Prediction of overloads

The main goal of a SAG mill is to maximize ore treatment. However, the objective of how many mass that the mill can process is limited. Some conditions,
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such as excessive ore volume, composition, particle size distribution, hardness,
underestimated spin speed, incorrect percent solids, among others, can lead to
overload.
Exists three types of overloads can occur in a SAG mill (Fig. 1). The first,
called volumetric overload, occurs when there is an overfeed, and factors such as
mineral composition, particle size, and the mineral’s hardness are not correct.
This type of overload usually prevents the effect cataract (fall of the mineral from
the top of the mill to the inner ground), losing the mill efficiency. The second
type of overload is when a pool in the lower part of the mill produces a decrease
in solids, reducing the mineral’s impact, limiting the size reduction mineral,
accumulating, and producing an overload. Finally, the third type of overload
occurs when the lifters (the plates that line the mill) are covered with pulp,
losing their profile, preventing the mineral from rising, inhibiting the cascade
necessary to produce the load’s internal impact.

Freewheeling

Normal
Operation

Volumetric
Overload

Slurry
Pooling

Fig. 1. Types of overloads in a SAG.

On the other hand, the filling, distribution, and composition of the load can
influence an overload, which can be determined, for example, by confirming the
decrease in the moment of inertia of the mill, because under this condition the
torque required to turn decreases the power consumed, however, this behavior is
observable only at the beginning of an overload state [1], without offering enough
anticipation.
The complexity of the relationship between the various factors underlying
an overload makes it difficult to obtain a physical model to determine whether
an overload will occur within the next few minutes. A data-driven approach,
however, allows us to establish models that learn these complex relationships.
Thus, in this research, we will tackle predicting overload using a multivariate
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time series classification approach, where our model will seek to learn temporal
relationships between the features selected and overload in the future.
T
Mathematically we define the vector y = [y1 , . . . , yT 0 ] with t ∈ [1..T 0 ] to
the set of binary values representing the mill overload condition at different
times t, where we will describe yt = 1 as an overload and yt = 0 the absence
of it at instant t. We will assume, on the other hand, the T 0 × N matrix X =
T
[x1 | . . . |xT 0 ] describes the set of time vectors xt composed by the N features,
(1)
(N )
(j)
i.e. xt = [xt , . . . , xt ]T . Thus, xt denotes the value of jth feature at time t.
Our objective will be to predict the overload condition in yt+k , hence in a future
of k steps from each observation xt . Also, we define a T 0 -dimensional vector ts
that contains the timestamps of the entire dataset.
2.1

Related work

The problem of solving the overloads of a mill has two research approaches
identified in our analysis. One seeks to obtain a method to achieve a functional
space free of overloads, and the other seeks to establish a mechanism to anticipate
these. Among the recent investigations leading to establishing a mechanism that
guarantees a satisfactory operation, free of overloads, is the one exposed by Wang
et al. [12], who analyze the method of discrete elements (DEM), of the speed of
operation of a mill to avoid overload, describing the relationship between speed,
quantity and size of the particles to define an optimal operating space.
On the other hand, research such as those by Salazar et al. [10] seeks to
establish a mechanism for predicting and controlling the mill’s behavior through
a technique called Multiple Input-Multiple Output Model Predictive Control
(MIMO MPC) to describe the effect of the operational variables on the total
tonnage. Their work showed that it was possible to evaluate stable operating
conditions through the developed simulator on an eventual overload condition,
keeping the variables controlled without variation.
Perhaps one of the closest investigations to our development line is the one
published by McClure et al. [7], who makes a comparison regarding the benefits
and consequences of using techniques such as KPCA, SVM, and LLE to predict
overloads. In this research, a comparison was made between the three techniques,
obtaining a sensitivity and specificity greater than 90% with the LLE technique
in conjunction with LDA. However, as we will see, our research was based on a
set of characteristics and data different from those presented in said publication.
Therefore, we had to run the model described above to convert it into a baseline
to measure our performance.

3

Proposed Method

The overload forecast problem was not only a prediction issue; we faced selecting
the proper features, resolving the unbalanced classes’ obstacle, and achieving a
robust model to obtain some promising results. Next, we describe some techniques that we used to overcome these difficulties, but first, we will define a
conceptual frame.
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Considering that our issue corresponds to a multivariate time-series problem,
which represents a stochastic process, we will set our objective of constructing a
model that generates a prediction for a moment t + k for the class y, where k is
the steps at the future. Given that we do not know the distribution associated
with the underlying process, we will base our model on assuming that we use
previously observed values for overload forecasts. We will be able to model the
occurrence of the values p(yt+k |xt , . . . , xt−w−1 ) in w steps.
3.1

Feature selection

As we see in detail in the next section, we had to use a convolutional network to
train a set of matrices from Gram’s encode, grouped by features pairs. Our first
challenge was to select suitable features combined to maximize the relationship
between these pairs and our classification target.
Usually, an attempt to describe the SAG mill’s operation has been made
through its operational variables, whether they are manipulated or resulting.
We will define as non-controllable or manipulable variables those perturbations
of the phenomenon to be solved, in this case, the distribution of particles that
feed the mill. As the resulting variables, we will define the tonnage, the speed,
and the solid ratio, leaving the pressure and power as manipulated variables.
Our first challenge is to select the variables that add more helpful information
to our model. As will be seen in the next section, we need to select pairs of
features that maximize our target information. We resolved it using a novel
method based on Information Theory called Conditional Mutual Information
(CMI) by [6], where the objective is to select a small number of features that
can carry as much information as possible concerning a third (target). We can
compute the CMI of a pair of feature with respect to the target as:
I(x(i) , x(j) |y) = Ey [Dkl (P(x(i) ,x(j) |y) ||P(x(i) |y) ⊗ P(x(j) |y) )],

(1)

where I(x(i) , x(j) |y) is the expected value with respect to y, of the KullbackLeibler divergence or relative entropy Dkl from the conditional joint distribution
P(x(i) ,x(j) |y) to the product ⊗ of the conditional marginals P(x(i) |y) and P(x(j) |y) .
(1)

(2)

Then we define zr = (zr , zr ) as the two-column matrix that contains the pair
of features x(i) and x(j) with the rth largest CMI obtained using equation (1).
(2)
(1)
For example, the vector z3 = (z3 = x(i) , z3 = x(j) ), where x(i) and x(j) are
(i)
the features that obtains the 3rd highest CMI. And ztr denotes the value of ith
feature at time t of rth pair selected. Also we define Z̃ as a three-dimensional
array with dimensions w × w × R, where w is the window length, and R is the
(i)
number of selected pairs, composed of each z̃tr .
3.2

Convolutional Neural Networks and Gram Matrices

Inspired in obtain overloads through the information contained in the relationship of the features, regarding this kind of events, we bet a method based on
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the right encoding, conserving, and highlighting the variables’ temporal relation,
and how these describe an overload when grouping them in pairs.
Convolutional networks are an essential way for pattern, and image recognition problems, however, they have also proven useful in time series problems [4].
We use an approach by converting variables to matrices representing the values’ angular change (GADF), obtaining an encode useful to train our forecast
model. Also, using GADF encoding, we can revert the conversion and obtain the
original features’ values [5, 13] when as required.
Once we are selected our R better pairs of features from the time series
X using the CMI technique, then we scale and translate each selected pairs
z1 , . . . , zR to the space [−1, 1] using a minmax scaler technique showed as follow:
(i)

(i)

ztr − min (zr )

(i)

z̃tr =

(i)

(i)

max (zr ) − min (zr )

, i = 1, 2, t = 1, . . . , T 0 , r = 1, . . . , R,

(2)

(i)

(i)

where min (zr ) and max (zr ) are minimum and maximum values of the ith
feature respectively, over all time instants.
(i)
Using z̃tr , we transform it in polar coordinates encoding the value by the
cosine of the angle of it and using the timestamp tst to obtain the radius ρ, given
by
(i)

(i)

(i)

θrt = arccos (z̃tr ), −1 ≤ z̃tr ≤ 1,
tst
ρt =
, tst ∈ ts,
max (ts)

(3)

where tst is the value of tth timestamp and max (ts) is the maximum value of
all timestamps.
With the above equation is possible to preserve the temporal relationship and
obtain a single representation of the time series in polar coordinates, and since
the cosine function is bijective and monotonous when its argument θ ∈ [0, π],
the conversion process has a single reverse map. The next step is to apply the
Gramian Difference Angular Field (GAFD) over each pair, obtaining a threedimensional array G with dimensions w × w × R. Here, w is the window length,
and R is the number of selected pairs, and gr(i,j) represents the pixel of position
(i, j) of the rth Gram’s matrix of G, computed as follows:
(1)

(2)

gr(i,j) = cos (θri + θrj ), i, j = 0, . . . , w − 1,
(1)

(2)

(4)

where θri and θrj represents the pairs selected and transformed previously.
Hence, we can view G as a image with R channels, and each of this images
represents the angular variation of the selected pairs. The resulting set of images
G will be received by a deep convolutional network (Fig. 2), composed of two
convolutional layers of n1 filters of size k1 × k1 , a 2 × 2 max-pooling, followed
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by a layer of batch normalization. To these are added, others two convolutional
layers of n2 filters of size k2 × k2 , a max-pooling of 2 × 2, also followed by a
batch normalization layer. The convolutional layers are zero-padding, and with
ReLU activation function, all of the above is sent to a full connected flatten
layer, ending with a dense layer of n3 nodes with Dropout, which connects to an
output of a single neuron for binary classification with a sigmoidal activation
function. The cost function used is binary crossentropy.

Fig. 2. Network architecture.

3.3

Unbalanced classes and Snowball method

Once we defined our model, we faced a significant issue associated with the binary class’s unbalancing that describes the overloads. As expected, the overload
condition is a rare situation that is sought that does not occur. Less than 1.5%
of overload in all of the data is a usual scenario and a significant challenge to
resolve in our training process. We define our class in terms of yt , where yt = 0
is a normal operation of the mill and yt = 1 is a overload registered in the time
t. To face this scenario, we adapted a technique called snowball proposed by
Wang et al. [11]. The main idea of snowball is to separate the {0, 1} classes into
positive and negative subsets and performing training in cycles, starting with
the complete subset of yt = 1 class training and then adding elements of the
yt = 0 class, which are reinforced by new training of the yt = 1 class in case of
not achieving convergence in any of the cycles.
Formally, we will denote NP to the amount of positive elements, and Ni
to each of the disjoint subsets of negative elements of the experiment, with
i ∈ [0, q − 1]. Initially, the algorithm suggests that random partitions form the
Ni subsets and that a set of sweep constants be defined. However, we changed
this method to use the benefits of current early stopping techniques, stopping
the seek once we obtain a convergence.
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Summarize as a whole framework.

Training Stage

Encoding Stage

Preprocessing Stage

As we can see in Fig. 3, as well as in the previous sections, we based our proposal
on implementing a framework that includes several steps or stages, each one in
charge of solving one of the aspects that we define as intermediate objectives.

trained
model

Fig. 3. Framework to train a overload forecast model.

Since we proposed a convolutional neural network training based on an encode representing the interaction between two variables regarding the target,
the first step is to know which pairs of features add more information. We use
the conditional mutual information for each possible combination of variables to
measure it and choose the set of R pairs with the best results in terms of CMI.
Then, we scale them to [-1,1] space for each pair to go to the right domain for
each feature z̃. These steps we called Preprocessing Stage.
(i)
In the next phase, called Encoding Stage, the scaled features z̃tr , and the
time-stamps vector ts are transformed to polar coordinates. We use it in the
generation of the Gram three-dimensional arrays G, that as we have seen, represents the angular difference between each pair of features previously selected.
These matrices of each windows’ time are stacked in R channels, obtaining a
three-dimensional array for each time t, which we use to train in the final stage,
called Training Stage. In this final stage, we will use G for each time t and its
respective target in yt+k . Given the overload class’s unbalanced condition, we
use a training process based on groups of elements called Snowball. The goal
of Snowball is to obtain a model susceptible to identifying overloads, learning
with the few samples of this type of state using the convolutional neural network
described in Fig. 2.

4

Experiments and Results

Our goal is to obtain the overload forecast ten minutes in the future. With at
time resolution of 30 seconds, we setted yt+k with k = 20, and each window to
the past with w = 60 steps, that is 30 minutes. The dataset has 693356 strongly
unbalanced records over twelve months, with an unbalanced ratio of 1.46%. The
data are composed of 72 features, but only 48 of these are linearly independents
of each other.
As we have said, the first step has been to find the pairs of characteristics
that maximize the overload information. We have chosen top 10, corresponding
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to pairs {(df , dg), (pw, mnt), (tn, mnt), (df , di), (dg, di), (pr,
vl), (pw, vl), (pw, pr), (pr, mnt), (di, pr)}. Once we obtain the pairs
of features, we generated the respective G matrices after scaling and converting
each value to polar coordinates, resulting in 685450 matrices, which meant a loss
of 1.14% respect original data due to missing data to create each window timespaced. This condition degraded the unbalanced ratio to 1.38%. To train, we
divided our data into moving periods of four months. The first set corresponded
to m1 , . . . , m4 , the second set corresponded to m2 , . . . , m5 , successively. These
sets were sequentially flip into train, validation, and test subsets in proportions
of 90%, 5%, and 5%, respectively. Each subset was divided into non-same sizes
eight stratified sets to guarantee the proportion of overloads in each one. These
stratified sets split in training, validation, and test subsets were used in both the
base model and our proposed model.
Network hyperparameters were set after a grid search process. After several
tests, the channels of the convolutional networks were configured in n1 = 32 and
n2 = 128, in addition to the number of nodes of the dense network of n3 = 32
nodes. The kernel sizes were setted in (k1 × k1 ) = (k2 × k2 ) = (3 × 3). We used
Adam optimizer with learning rate parameter setted in lr = 0.003.
Table 1. Average and standard deviation over S test sets. Best results are bolded.
Model
Sensitivity
Specificity
F1
LLE+LDA
0.555(±0.425) 0.453(±0.321) 0.440(±0.298)
Proposed model 0.643(±0.227) 0.894(±0.106) 0.609(±0.084)

As we mentioned before, the data used for this research have different periods and features from those mentioned by the reference model. To make an
adequate base comparison, we limit ourselves to training both models with the
same dataset. Also, the LLE + LDA model had training with the same features our model had access to, i.e., the variables present in pairs selected in the
pre-processing stage using CMI.
Table 1 depicts average sensitivity, specificity, and F1-score with the respective standard deviation over our model and regard a model based on LLE+LDA
as is suggest in [7]. To verify if the difference obtained was significant between the
methods, we performed a paired student’s t-test, getting a p-value = 0.009. This
confirm that our proposal statistically outperform the LLE+LDA approach.

5

Conclusions and Future Works

We set out to investigate a way to forecast overloads in SAG mills. This challenge
meant finding a complex scenario to obtain a model that adequately learns the
underlying phenomenon. So we propose a framework that faces each phase of the
process, splitting it into three stages. In the pre-processing stage, we proposed
using CMI as a variable selection mechanism to address the creation of Gram
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matrices that will represent each pair’s angular difference. We take advantage of
the characteristics offered by CNNs to generate a model that allows us to learn
the relationships of these variables concerning overloads. Finally, we include
a block-based training mechanism using a technique called Snowball to face
the target’s strong unbalance. Experimental results show that our framework
statistically outperforms a state-of-the-art approach based on KPCA, SVM, and
LLE. This might be explained because the base model is not deep, but we select
a non-deep model considering the similarity of the application.
In the future, we will investigate further other network architectures, to initiate a process of gradual improvement of its efficiency (evolutionary processes)
and other methods such as the study of Robust Methods to reduce the impact
of variability over the results. We are also interested in addressing additional elements that allow obtaining a coding that contributes more and provides better
qualities. In particular, we are interested in the use of alpha channel to indicate
the fall in time relation of each characteristic with respect to moment t.
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Abstract. Usually, Sound event detection systems that classify different events from sound data
have two main blocks. In the first block, sound events are separated from sound background
and in next block, different events are classified. In recent years, this research area has become
increasingly popular in a wide range of applications, such as in surveillance and city patterns
learning and recognition, mainly when combined with imaging sensors. However, it still poses
challenging problems due to existent noise, complexity of the events, poor microphone(s) quality,
bad microphone location(s), or events occurring simultaneously. This research aimed to compare
accurate signal processing and classification methods to suggest a novel method for detecting
sound events from sound background in urban scenes. Using wavelet and Mel-frequency cepstral
coefficients, the analysis of the effect of classification methods and minimization of the number of
train data are some of the advantages of the proposed method. The proposed methods’ application
to a standard sounds database led to an accuracy of about 99% in event detection.
Keywords: Signal processing · Wavelet transform · Machine learning · Event detection.

1

Introduction

Information processing algorithms are a paramount step in artificial intelligence growth. However, the
current modes of human-machine communication are geared more towards living with the limitations of
computer input/output devices, mainly as to sound and image, rather than the convenience of humans.
Sound is one of the primary modes of communication among humans or between environment and humans.
On the other hand, it would be interesting if computers could listen to sound and understand meanings.
Automatic speech recognition and sound event detection are processes of deriving the word sequence
or sound reason, given the speech waveform. Speech understanding goes one step further, and describe
the meaning of the signal in terms of human communication. Intelligent agents such as mobile phones,
hearing aids or robots could also hear, but they cannot exactly interpret what is heard. Sound is often
a supplement to content such as video and contains information about the environment. The difference
is that often the sound can be collected and processed in easier ways. The information gathered from
a meaningful sound analysis can be useful for other processes such as robot routing, user alerting, or
analysis and understanding details of an event.
A sound event is a designation commonly used to describe a recognizable event in an audio segment. This
designation usually enables a person to understand the meaning of an event and how it relates to other
events. Sound events can be used to represent a scene symbolically; for example, a hearing scene on a busy
street includes cars passing, cars crash and footsteps of pedestrians. Sound scenes can be described with
different specific sound events to assign the main subject, for instance, a street Semantic and automatic
event detection and understanding are fundamental requirements in modern urban surveillance systems
towards smarter and safer cities. While such systems rely heavily on imaging data, other types of data,
such as audio data, can be used to overcome the weaknesses of the visual-based systems and enhance
the outcomes of the systems towards better decision making by the city authorities. Because of the fuzzy
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nature of sound events interpretation, artificial intelligence still has many weaknesses in comparison
to the human system. Based on challenges in sound event detection in urban scenes, in this article, a
comprehensive analysis of usual state of the art features in sound event detection is presented, and a novel
time-frequency method is suggested to automatically detect sound events from sound background in audio
segments acquired in urban scenes. This article is structured as follows: the next section gives an overview
of state-of-the-art researches in sound event detection. The third section describes the mathematical and
theoretical fundamentals of wavelet transform (WT), Mel-frequency cepstral coefficients (MFCCs), Knearest neighbor (KNN) and support vector machine (SVM), which are used in the proposed method.
Section 4 presents details of the used database and then describes the proposed method. Simulation
results and conclusions are given in Sections 5 and 6, respectively.

2

Literature review

In recent years, efforts have been made to expand the issue of sound event recognition to a comprehensive
set of events in environments. Most audible scenes are complex in terms of events, as they usually involve
several simultaneously active overlapping sound events. There are two ways to automatically detect a
sound event: 1) Finding the start and end time of an event in an audio segment, and then make a singlechannel (Monophonic) sequence including events as output [1]. This method is called single-channel
detection (Monophonic Detection). 2) Finding some events in a multi-channel (Polyphonic) sequence
of events, which is called multi-channel recognition [2, 3]. A lot of research has been done in sound
event detection. An unrelated field approach was proposed in [4], which consists of two steps: automatic
background detection and sound event detection. A method for modeling the previous probabilities
of overlapping events was proposed using a probabilistic latent semantic analysis (PLSA) to calculate
previous probabilities and learn the relationships between event sources [2].
There are two ways to detect events in multi-source environments that can detect multiple overlapping
sound events. The first uses uniform single-channel recorded sounds (mixed signals), and in the detection
stage, uses several limited Viterbi [5] transitions to record overlapping events [6]. The second uses
Unsupervised Source Selection as a processing step to minimize the impact of overlapping events, and
the detection step is performed separately for each system ,[7]. In [3], two methods based on an iterative
algorithm for Exception Maximization (EM) used to select the desired voice: one, based on the most
probable current selection; and another, based on the gradual elimination of the most probable current
from the training. The relationship between sound and label in a sound database was studied by evaluating
the semantic similarity of sample labels with similar semantic sounds in [8]. On the other hand, a method
for combining sound similarity and semantic similarity in a single similarity criterion was proposed in [9].
In some research, the audio signal is recognized as a single-channel signal with one event at a time
[10, 11]. LeCun et al. proposed a system for detecting an event in a real-life recorded file, using deep
learning [12]. In [2], a Probabilistic Latent Semantic Analysis (PLSA), a method close to Non-negative
Matrix Factorization (NMF), was proposed to detect overlapping sound events. Simultaneously with
the occurrence of events, the degree of overlap of a polyphonic part is represented. Cotton and Ellis
applied NMF to MFCCs and tested proposed method on the detection of heterogeneous sound events
[10]. In speech recognition applications, a usual assumption is the existence of a dominant source that
should be analyzed [13], but this assumption is not true in event detection. One strategy to manage multivoiced signals is to separate sound resources and analyze each source separately [7, 14]. In [14], a study on
computational analysis of auditory scenes was performed to study human-robot interaction by recognizing
auditory information. A review of the latest research in the category of sound event categorization is
presented in [15], where various types of convolutional neural network (CNN) architectures used to
categorize sound events are described.
Many researchers have focused on sound denoising to increase the sound event detection accuracy.
According to our review, considerable research has been done on urban noise modeling and not so on
noise removal. Usual noise management approaches are focused on the reduction of the noise energy
[16]. In event detection, noise is usually defined as any unwanted normal environment sound that may
decrease the accuracy of the abnormal sound detection. Two categories have been introduced for noise
removing: energetic masking (EM) and informational masking (IM). EM uses similar time-frequency
locations [17, 18] and has weakness in high-energy [17, 19]; therefore, EM alone is not a good choice [20].
IM is an indirect saliency-based method [21, 22] of auditory attention [23, 24].
A wide range of features in different domains has been used to detect sound events, namely: Spectrogram
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[25], patterns similarity in the time domain [26, 27], and spectrum as suggested in [28]. Linear predictive
coding was used in [29] for sound-based rare-event detection. Mel scale [30], Discrete Cosine Transform
[31, 32], Mel-Frequency Cepstral Coefficients [33, 34], Wavelet decompression [35], Perceptual linear
prediction (PLP) [36], Linear prediction cepstral coefficients (LPCCs) [37], and Line spectral frequencies
(LSFs) [38] are other features that have been used for sound event detection in different researches.
Each of the aforementioned features has its weaknesses and advantages and none of the mentioned research
works were able to specify a feature as the best in sound event detection. Based on our review, some
challenges in sound event detection are the presence of different events in one soundtrack, unbalanced
number of event data versus normal data in the training process, dynamic context-dependent form and
different speed of occurrence. Recent researches usually use MFCCs and Wavelet based features as better
features. Various classification methods can be used (based on differences between features) for sound
event detection and understanding. Some of the most well-recognized classification methods that have
been used in this topic are Logistic Regression, SVM, KNN, Fuzzy C-means clustering, Adaptive NeuroFuzzy Inference Systems, Naı̈ve-Bayes, and Deep learning (mainly, Convolutional Neural Networks). In
the proposed method, MFCCs and wavelet were selected as feature extractors, and a novel statistical
scheme based on normalized histogram is used for feature processing. In the second step, SVM and KNN
are used as detection methods.

3
3.1

Theoretical framework
Wavelet Transform

One of the common feature extraction methods in sound processing is WT. In practice, audio signals
are time-domain signals in their raw format. That is, whatever the signal is conveying, is a function of
time. In many cases, the most distinguished information is hidden in the frequency content of the signal.
The need for WT arises because in sound events, is necessary to have both the time and the frequency
information at the same time depending on the particular application, and the nature of the signal in
hand, since no frequency information is available in the time-domain signal, and no time information is
available in the Fourier space [2, 3].
The basic element of WT is known as the ”mother wavelet” function, Ψ (t). The Fourier transform of
Ψ (t), which is defined as Ψ (ω), must satisfy the following condition:
+∞
R
−∞

|Ψ (ω)|2
dω
ω

= CΨ < +∞.

(1)

Performing scaling and translation operations on Ψ (t) creates a family of scaled and translated versions
of the mother wavelet function:

ψa,b (t) = √1 ψ t−b
,
(2)
a
|a|
where a is the scaling and b is the translation parameters, respectively. Given a mother wavelet function
Ψ (t), the continuous wavelet transform (CWT) of function f (t) is:
−1/2

CW Tf (a, b) = |a|

R∞

f (t) ψ ∗

−∞

t−b
a



dt a, b ∈ R, a 6= 0,

(3)

where ∗ denotes the complex conjugate. For discrete wavelets, scale-time parameters a and b are discretized
m
as a = am
0 and b = nb0 a0 .
This family of mother discretized wavelet functions {Ψm,n (t)} is given as:
−m/2

Ψm,n (t) = a0

Ψ a−m
0 t − nb0



m, n ∈ Z.

(4)


f (t) ψ a−m
0 t − nb0 dt.

(5)

So, by using equation (4), equation (3) can be rewritten as:
−m/2

(DW Tf )mn = a0

R∞
−∞

The mother wavelet functions used in this work are:
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Ψ (t) =
Fn (t) =

1
√2 π − 4
3

n 
P

1−

j=−n

|j|
n+1


1
Ψ (t) = −1

0
3.2

 2

1 − t2 exp − t2 ,


eijt =

1
n+1

n

sin n+1
2 t
sin t/2

(6)
o2

,

(7)

0 ≤ t < 0.5
0.5 ≤ t < 1 .
otherwise

(8)

Mel-Frequency Cepstral Coefficients

MFCCs are based on the known variation of the human ear’s critical bandwidths. In MFCC, some filters
spaced linearly at low frequencies and logarithmically at high frequencies have been used to capture
the phonetically important characteristics of sound signals. The Mel-frequency scale is a combination of
linear frequency spacing below 1000 Hz and a logarithmic spacing above 1000 Hz. A block diagram of
the structure of a MFCC scheme is given in Fig 1. The audio signal is typically recorded at a sampling
rate above 10 kHz. These sampled signals can capture all frequencies up to 5 kHz, which cover most
energy of sounds that are heard by humans. The main purpose of the MFCCs is to mimic the behavior
of the human ears. In addition, rather than the sound waveforms themselves, MFCC’s are shown to be
less susceptible to noise.

Windowing
Sounds Frames

Continues sounds

Frame1
Event

Spectrums

Event

Databases of
Urban sounds
environment

Event

Event

Event
Event

Event

Frame2

Frame3

Frame4

…

Mel

Mel

Cepstrum

Spectrum

Spectrum

FFT

Mel-frequency Wrapping

Fig. 1: Block diagram of the MFCC scheme.

3.3

Support Vector Machine

Since SVM classifiers are suitable for binary classification, in this study, a SVM is used for building a
binary classifier between any sound event and sound background in audio segments. For the SVM classifier,
different kernels were tested. SVM classifies the input data by building an imaginary hyperplane based
on its kernel and tries to maximize the margin of that hyperplane to build a safe boundary for binary
classification, as well as helping to find non-linear data pattern to classify input. Given a training set
n
of N data points {yk , xk }N
k=1 where xk ∈ R is the k-th input pattern and yk ∈ R is the k-th output
pattern, the classifier can be constructed using the SVM method in the form:
N

P
(9)
y(x) = sign
αk yk K(x, xk ) + b ,
k=1

where αk is a non-negative Lagrange multiplier, b is a constant, and K (·, ·) is the kernel, which can be
either K (x, xk ) = xTk x - linear SVM, K (x, xk ) = (xTk x + 1)d - polynomial SVM of degree d, K (x, xk ) =
2
tanh[κ xTk x + θ ] - multilayer perceptron SVM, or K (x, xk ) = exp{− kx − xk k2 /σ 2 } - RBF SVM, where
κ, θ and σ are constants. First, a safety margin (Λ) is defined as:
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if (x ∈ class

1) ⇒

if (x ∈ class − 1) ⇒

N
P

5

αk yk K(x, xk ) + b ≥ Λ,

k=1
N
P

(10)

αk yk K(x, xk ) + b ≤ −Λ.

k=1

The SVM training step uses kernel function parameters, αk s and b, to maximize Λ and the total
accuracy. Many analytical, numerical and heuristic methods have been suggested for finding αk s, b and
the selected kernel parameters using training data.
3.4

K-Nearest Neighbor Classifier

KNN is a simple and non-parametric supervised classification algorithm that can be useful for classification
and regression problems. In KNN classification, the output can be defined as a multiclass output. An
object is classified by computing its distance to some known centers and the object is assigned to the class
most similar, near or common among its k nearest neighbors (k is a positive integer, typically small). If
k = 1, then the object is simply assigned to the closest nearest center. In KNN regression, the output is
the property value for the object, which is the mean of the values of k nearest neighbors. The number
of neighbors and similarity or distance metric are the main factors of KNN. The distance measure can
be selected as Euclidean, Hamming, Manhattan, or Minkowski distance. In this research, the centers for
each event were separately found using k-means clustering. The distance of new input were compared to
all centers and each one assigned to background or event.

4

Proposed method

The train step pseudo-code of the proposed system is given by Algorithm 1.

Algorithm 1: Training procedure

Input: Labelled recorded signal from urban scenes (Si)
Split recordings into one-second non-overlapping sections (Ssi)
Apply one-dimensional wavelet transform to Ssi and make
two output signals (cAssi , cDssi)
Reshape the outputs to N × 8 matrices
Calculate the 16-bin normalized histogram of two output
signals (According to columns) and make 16×16 feature
matrix
Assign event and non-event label to each feature matrix
Train classifier (SVM)
Output: Trained classifier

For sound event detection, many databases were collected and labelled by humans. In the evaluation
of our method, the US-SED dataset [39, 40] was used because, at first, it is easily accessed and converted
to different software formats and, second, it covers several important urban sound events.
4.1

The US-SED dataset

US-SED is a large dataset of 10,000 ten-second soundscapes and includes ten different sound classes: air
conditioner, car horn, children playing, dog bark, drilling, engine idling, gunshot, jackhammer, siren and
street music, which has been used for training and evaluating Sound Event Detection (SED) algorithms.
All soundscapes were extracted from the UrbanSound8K dataset, approximately 1000 per each of ten
urban sound sources (each clip contains one of the ten sources), as the soundbank. UrbanSound8K is presorted into 10 stratified folds, and so can be used as folds 1–6 for generating 6000 training soundscapes, 7–8
for generating 2000 validation soundscapes, and 9–10 for generating 2000 test soundscapes. Soundscapes
were generated using the following strategy: first, a background sound normalized to -50 LUFS (Loudness
Units relative to Full Scale) was added. The same background sound file for all soundscapes was used in
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combination with a 10-second clip of Brownian noise, which resembles the typical “hum” often heard in
urban environments. By using a purely synthesized background, the database maker was guaranteed that
it does not contain any spurious sound events that would not be included in the annotation. Next, the
label was chosen randomly from all 10 available sound classes, and the source file was chosen randomly
from all clips matching the selected label [39, 40].
4.2

Pre-Processing

In the pre-processing, the steps of removing noise and dividing the audio signal into non-overlapping
segments are performed. In the first step, signals with a frequency of less than 20 Hz and above 20
kHz, whose range is outside the human hearing range, are removed. Hence, all noises outside the hearing
frequency band, which may have been transmitted to the signal, are eliminated. In the second step, the
event situation is assumed constant in each non-overlapping segment. To make this assumption correct,
the audio signals are divided into segments of typically 100 ms without overlap. The classifier then
classifies the features extracted from these segments. In other words, the event in one tenth second signal
is supposed constant. Based on this assumption, each incoming sound is broken into non-overlapping
segments with one tenth second length. After splitting the sound into non-overlapping segments, each
audio segment is labeled related to including or non including a sound event. In this case, a binary vector
is made, which was established based on event segments versus background segments in the database.
The 0 (zero) is equivalent to the background segment, and one shows that a sound event has occurred.
After denoising, splitting and labeling steps, the audio signal is ready to enter the feature extraction
block.
4.3

Feature extraction

At this block, WT is applied to the input audio signal in order to decompose it and obtain the approximation
and detail coefficients. A total of 15 mother wavelet functions with different parameters were implemented
in the feature extraction block and studied in terms of the accuracy and efficiency. The used wavelet
functions are indicated in Table 1.

Table 1: Designation and number of used wavelet functions.
Wavelet designation Wavelet number
Haar
——–
Daubechies
10, 20
Symlet
2, 10, 20
Coiflet
1
Discrete Meyer
——–
Fejer-Korovkin
4, 8, 22
Reverse biorthogonal
1.1, 2.4
Biorthogonal
1.1, 2.4

Due to the sampling frequency of the input audio signal, which was of 44100 Hz, enough samples are
available for wavelet. The coefficients of two approximations coefficients cA1 and detail coefficients cD1
resulting from the WT are arranged into two 8 × N matrices and then merged in a 16 × N matrix. For
each row, the probability density function (PDF) of the amplitudes is calculated. The number of intervals
for PDF is 16 and the length of all intervals are supposed the same. Finally, the output of all rows is
added together and arranged as a vector with length equal to 256. Obviously, the length of the feature
vector is equal for all types of wavelet functions. The second approach is MFCC. In MFCC, firstly the
short-term Fourier transform (STFT) is applied to the signal using the Hanning window. The selected
Hanning window is considered periodic and its length is equal to 512. In addition, 128 overlapping samples
are considered for each segment. The output of the short-time Fourier transform is applied as input to
the MFCC feature extraction step, and according to the sampling frequency available in the database,
the feature-length of the MFCC output is a 13 × 11 matrix. Each row of this matrix is analyzed using a
PDF, according to 20 intervals, in order to have the closest adaptation to the wavelet features. The final
feature vector of MFCC has 260 elements. The feature vectors are input of detection block.
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Detection

In this study, due to the very high imbalance problem between the background sound segments and the
ones with specified sound events, a KNN or a binary SVM is trained to separate background from event
sound segments. In this case, the classifier does not need to know type of events occurred in one tenth
second segment; therefore, an audio segment is tested in such a way that it can include any event or has
only background sound. Simulations were performed to evaluate the accuracy of the different SVM kernels
and KNN on different feature types, including mother wavelet functions and MFCCs. After training, the
trained classifier should be tested. The pseudo code of the test step is given by Algorithm 2.

Algorithm 2: Test procedure

Input: Labelled recorded signal from urban scenes (Si)
Split recordings into one-second non-overlapping segments (Ssi)
Apply one-dimensional wavelet transform to Ssi and make
two output signals (cAssi , cDssi)
Reshape the outputs to N × 8 matrix
Calculate the 16-bin normalized histogram of two output
signals (according to columns) and make a 16×16 feature
matrix
Apply feature matrix to the trained classifier
Calculate the method accuracy for test data
Output: Accuracy

5

Simulation results

In order to determine whether WT can be a good option for separating events from background sound
in audio segments, the time domain and two channels of corresponding WT for four different classifiers
were considered, Fig 2.

Fig. 2: Original audio signal and corresponding wavelet output for background and event sound segments.
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As can be seen in Fig 2, when the number of events increases, the signal pattern is compressed over
time. Especially in cD, the amplitude and shape changes are obvious. These changes can be seen in time
domain, but in WT, the changes are even clearer. It should be noted that all three audio segments in Fig
2 were selected from the same environment and microphone, so the background noise and sound recording
conditions are exactly similar for the three signals. To show the difference between event and background
sound segments in MFCC, the short-time Fourier transform of the signals were extracted using Hanning
window as a main block of MFCC, Fig 3.

(a)

(b)

(c)

Fig. 3: (a) 3D STFT output for a background sound segment; (b) 3D STFT output for a segment including
one sound event, and (c) 3D STFT output for a signal including more than one sound event.

Given the three-dimensionality of the analysis, it can be seen that in a no event segment, the amplitude
range is between -50 and 5 dB, and the maximum signal strength is located in a narrow band at the end
of bands. After a sound event occurred in the environment, the energy is expanded to the intermediate
bands, and the signal pattern has completely changed relative to the signal without sound events (Fig 3).
Additionally, It is more compact and the amplitude is changed significantly when more than one sound
event occurred. It can be seen that in the field of Mel coefficients, the signal changes are quite obvious in
the background and event sounds, which can be used as a criterion for detecting the background signal
from including events signal. In the training classifier step, for eliminating the effect of a random selection
of training data, the classifier was trained 20 different times using different wavelet functions, and the
average accuracy of 20 times is reported as the final value. It should be noted that in each training, the
train and test samples were similar for all feature types. The results obtained using KNN and different
SVM kernels are given in Fig 4. Due to a large number of samples, only 10% of the existing 1 million
segments (100,000 samples) were used for training, and all the remaining data was used as test data.
Although the percentage of training data is low, it can be seen that the accuracy was still very good, and
the trained system was able to detect background vs event sounds in the audio segments.
In Fig 4, the accuracy for KNN and studied SVM kernels, including linear, RBF and Polynomial,
is given separately for train and test sets. In RBF and Polynomial cases, Mel’s coefficients, which have
been cited as best feature in various researches, showed better accuracy than other methods, although,
in linear kernel and KNN, Mel coefficients did not work well due to their non-linear properties.
Among each of the studied kernels, the best accuracy was obtained using MFCC with Polynomial
Kernel (99.9%), which indicates the very good accuracy in separating the event signal from the background
signal. Fig 4, shows that RBF and polynomial kernels had better accuracy than the linear kernel and
KNN. In the meantime, RBF shows closer values in train and test sets (difference between test and
train accuracy in all cases was lower than 1%), so for training stability, RBF is better than polynomial.
In addition, the results indicate that the system can be easily trained using a small percentage of the
available data.
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Fig. 4: Accuracy obtained by three different SVM kernels: a) linear, b) RBF, c) Polynomial, and d) KNN.
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Conclusion

In this study, a method based on efficient sound features and classifiers, which can be used in urban
scenarios to differentiate the presence of sound events from the background sound in audio segments
is proposed. The method uses Mel’s coefficients and WT in combination with normalized histogram to
separate sound events from the background sound with good accuracy. In the training step, SVM with
Polynomial kernel showed the best accuracy, which was equal to 99.9%. As to the training stability,
SVM with RBF kernel showed the closest values in train and test sets. Therefore, the proposed method
can be used as a pre processing step to separate sound events from background sound in sound event
classification systems. The simplicity and the good accuracy are among the advantages of the proposed
method.
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Abstract. The traditional task of locating suspects using forensic
sketches posted on public spaces, news, and social media can be a difficult task. Recent methods that use computer vision to improve this
process present limitations, as they either do not use end-to-end networks for sketch recognition in police databases (which generally improve performance) or/and do not offer a photo-realistic representation
of the sketch that could be used as alternative if the automatic matching process fails. This paper proposes a method that combines these two
properties, using a conditional generative adversarial network (cGAN)
and a pre-trained face recognition network that are jointly optimised as
an end-to-end model. While the model can identify a short list of potential suspects in a given database, the cGAN offers an intermediate
realistic face representation to support an alternative manual matching
process. Evaluation on sketch-photo pairs from the CUFS, CUFSF and
CelebA databases reveal the proposed method outperforms the state-ofthe-art in most tasks, and that forcing an intermediate photo-realistic
representation only results in a small performance decrease.
Keywords: Digital Forensics · Sketches · Generation.

1

Introduction

Over the years, convolutional neural networks (CNN) have been very successful
for several pattern recognition and computer vision tasks, including that of face
recognition. Recent publications in this topic often report significantly improved
accuracy in the matching process when using deep learning methodologies [11,
2, 18]. However, face recognition based on photos or video is obviously an easier
task than face recognition based forensic sketches, since a sketch might not be
the most accurate representation of an individual, as it was drawn based on
descriptions from eye witnesses [14]. On the problem of sketch-to-face matching,
several recent state-of-the-art methods have also used CNNs to match a sketch
to the corresponding identity [4, 10, 6, 1]. However, several of these do not take
full advantage of the potential of deep learning as they are not end-to-end deep
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approaches. The inclusion of blocks manually tuned or separately optimised can
cause dissonance between different processes and limit achievable performance.
One of the examples of separate processes in sketch-to-face recognition is the
prior transformation of a sketch to resemble a real face photo. Several literature approaches apply such transformations including, sophisticated adversarial
methods based on CycleGANs [6] and cGANs [10, 1]. Having a photo-realistic
representation of the suspect’s face is a great advantage for manual identification,
when the automatic matching process fails to deliver useful results. Nevertheless, the separate optimisation of these processes will, as emphasized, induce
performance limitations. Hence, this work tackles these two important aspects
of forensic sketch-to-photo matching, that have not yet been addressed in the
literature. The first aspect is avoiding the combination of separate processes
that are individually optimised, which often limits achievable performance. The
second aspect is enforcing the end-to-end model to offer an intermediate representation that is photo-realistic, so the authorities have access to a realistic face
rendering that will help manual identification of the suspect. To achieve this, we
propose an end-to-end model composed of a cGAN and a matching CNN that
are jointly optimised. When trained, the model receives a sketch and returns a
template that can be used for matching using simple distance metrics. Although
the approach is end-to-end, the training strategy induces the cGAN to generate intermediate latent representations that look realistic and are similar to the
corresponding real photographs. Hence, we avoid the performance limits often
linked to non-end-to-end approaches, while retaining the intermediate realistic
images that could help an alternative manual identification process.

2

Proposed Methodology

The proposed method is an end-to-end model that, although integrated and optimizable as a whole, is composed of two main parts: a sketch-to-render generator
and a matching network (see Fig. 1). The sketch-to-render generator will transform the input sketch into a face rendering that is photo-realistic and similar to
the real face that corresponds to the sketch. The matching network will receive
the realistic rendering and output a template that can be used for matching
through a simple distance measure. In the next subsections, the architecture of
both parts, the loss function, and the training process of the model are described
in higher detail.
2.1

Network Architecture

Sketch-to-render generator The sketch-to-render process is performed by
an image-to-image model that receives a sketch and transforms it into a realistic face rendering. For this model, we use the generator of a cGAN [9], that
follows the typical structure of a U-Net, with an encoder, that reduces data
resolution at each level, followed by a decoder, that processes data up to the
original resolution (see Fig. 2.1). Skip connections enable the transmission of
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Fig. 1. Overview schema of the proposed method.

information between corresponding levels from the encoder to the decoder. The
U-Net encoder mimicked the architecture of VGG-16 [17] and it is composed of
13 convolutional layers and 4 max-pooling layers distributed over 5 resolution
levels. Convolutional layers have 64 − 512 filters, with size of 3 × 3 and stride
of 1 × 1. Max-pooling layers use window size and stride of 2 × 2. The decoder
mirrors the structure of the encoder with convolutional and deconvolution layers. Convolutional layers have 64 − 512 filters with size and stride similar to
their respective encoder counterparts. Deconvolution layers have 64 − 512 filters
with size and stride of 2 × 2. The discriminator used during training is a CNN
adapted from the cGAN of pix2pix [5] (see Fig. 2.1), which receives as input the
photo-realistic representation outputted by the generator and the corresponding
sketch, and outputs a prediction on whether it is real or generated. This discriminator is composed of 3 convolutional layers, 1 fully-connected layer, and batch
normalization. The convolutional layers have 64 − 256 filters with size of 4 × 4
and stride of 2 × 2.
Matching network After the sketch is transformed into a photo-realistic rendering of the face, the matching part of the model transforms this rendering
into a template that can easily be used for matching. In this work, the matching
network follows the structure of the VGG-16 [17] and uses pretrained VGG-Face
weights [11]. Given a sketch, the output of the matching network (and of the
method as a whole) is a template that can be used for matching. This template
(or face descriptor) is a numerical uni-dimensional vector of 2622 features that
describe the face represented on the input sketch. The sketch is thus matched
with face photos from a database by computing the cosine distance between the
respective templates.
2.2

Loss

The loss function used for training is a composition of several loss components
relative to each part of the proposed model. The first component of the loss corresponds to the sketch-to-render, and comes from the typical training methodology
of a cGAN. This part can be described as following:
LcGAN (G, D) = Ex,y [log D(x, y)] + Ex [log(1 − D(x, G(x)))],

(1)
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Fig. 2. Network architecture of the generator (on the left) and discriminator (on the
right).

where x is a sketch and y is the corresponding ground-truth photo. The generator
(G) tries to minimize this loss and the discriminator (D) competes to maximize
it. This competition, if adequately balanced, will lead the generator to output
increasingly realistic face images. Nevertheless, the generator should not only
transform the sketch into a photo-realistic image, but also should closely mimic
the respective ground-truth face photograph. In order to achieve this, a second
loss term is defined as:
LL1 (G) = Ex,y [||y − G(x)||1 ],

(2)

which minimizes the L1 norm of the difference between the real image (y) and the
generated image (G(x)). Moreover, we need to ensure the identity information
in the sketch is preserved and refined throughout the network, and matches that
of the respective ground-truth image.
Hence, a third component is added to the loss function, corresponding to the
matching part, such as:
Lmatch (G) = Ex,y [||V (y) − V (G(x))||2 ].

(3)

Notice that the weights of the VGG-Face network (V ) are frozen, since we are
using the pretrained weights. The only weights that are adjusted in the matching
loss are the weights of the generator. Combining the loss components mentioned
above, the final loss function becomes as:
L(G, D) = min max LcGAN (G, D) + λ1 LL1 (G) + λ2 Lmatch (G).
G

D

(4)
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Experimental Settings

3.1

Data

The proposed model has been trained using pairs of sketches and corresponding
face images from the CUHK Face Sketch database (CUFS) [19], the CUHK Face
Sketch FERET dataset (CUFSF) [19, 21] and the CelebA Dataset [8]. The CUFS
dataset contains 606 sketch-photo pairs. The sketches correspond to face images
acquired from students of the Chinese University of Hong Kong (CUHK) and
from the AR and XM2GTS databases. Due to the current unavailability of the
latter two databases, this work only used the 188 sketch-photo pairs relative to
CUHK students. The original data split was used, which contained 88 pairs for
model training and 100 pairs for testing. The CUFSF contains 1189 sketches
that correspond to photos in the FERET database [13, 12]. Of those, 1089 pairs
were used for training and 100 pairs were used for testing. The CelebA dataset
is a large scale dataset, which contains 202599 face images of 10177 identities.
We randomly select 2000 images for testing and the remaining for training.
The selected images for testing contain 400 different identities and 5 images per
identity. This dataset does not contain sketches, therefore we generated our own
sketches using an edge detection algorithm [10].
3.2

Pre-processing

To uniformize the CUFS and CUFSF databases, the DeOldify API3 was used to
colorize the photos of CUFSF from the FERET database. The use of this API
allows the proposed model to generate color images. After visually inspecting
the colorized images, we noticed that the colorization process did not negatively
affect their quality.
In style transfer problems using conditional GANs, image spatial consistency
is paramount. When the locations of image landmarks are consistent between
the input and the expected output, the network is able to offer realistic results. However, in the case of sketch-to-photo transformation, the shape, size,
and location of facial landmarks in the sketch and the ground truth can vary
considerably. These situations reflect on the generator loss values and generally
cause distortions that damage the realism of the rendering. To solve this problem, the sketches and photos are transformed so that the faces are aligned and
the position of the eyes are consistent in each sketch-photo pair. This enabled
higher photo-realism in the generated renderings. Additionally, the accuracy of
the matching process is also improved [16].
3.3

Training

The model was trained on two experimental settings. The first one followed
the aforementioned loss function to promote both an intermediate realistic face
3

DeOldify API. Available on: https://github.com/jantic/DeOldify.
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rendering and high matching accuracy. Here, the model was trained during 780,
1500 and 2 epochs, for CUFSF, CUFS and CelebA respectively, with batch size
8, using the Adam optimizer with a learning rate of 2 × 10−4 and parameter
beta 1 = 0.5. The loss parameters λ1 and λ2 were experimentally set to 100 and
1, respectively. This allowed for a good balance of all the losses and increased
the quality of the generated images. The pix2pix paper [5] also recommended
a value of 100 for the λ1 parameter. The second setting studied the effect on
performance if the realistic face rendering generation was disposable. To achieve
this, the loss terms LcGAN and LL1 , that promotes the realistic intermediate
representation, were removed. In this setting, the model was trained during 1320,
2800 and 2 epochs, for CUFSF, CUFS and CelebA respectively, with batch size
12, using the Adam optimizer with a learning rate of 1 × 10−3 and parameter
beta 1 = 0.9. To improve the robustness of the model and to avoid overfitting,
data augmentation was applied to each pair of images. These were randomly
cropped and horizontally mirrored before each epoch.

4

Results and Discussion

To evaluate the matching performance of the proposed model, its rank-N accuracy was computed on the test sets of CUFS, CUFSF and CelebA. Rank-N
accuracy measures the fraction of test instances where the true correspondence
is successfully found among the N strongest predictions offered by the model. In
this case, we consider N ∈ {1, 5, 10}. After training the model with the CUFSF
dataset (1089 train pairs), 54% rank-1 accuracy (100 test pairs) was attained.
Over all considered ranks, the matching accuracy of the proposed method is superior or aligned to the alternative methods, as presented in Table 1. However,
when dismissing photo-realistic rendering generation, the matching accuracy increases significantly, showing a trade-off between intermediate representation
realism and matching performance that could be tuned to fit the objectives of
specific application scenarios.

Table 1. Matching accuracy on the CUFSF and CUFS datasets, using different methods to enhance the sketch (r.r.g.: realistic rendering generation).
CUFSF
CUFS
Rank-1 Rank-5 Rank-10 Rank-1 Rank-5 Rank-10
Sketch
49
77
88
47
80
90
pix2pix
53
83
92
52
79
86
IPMFSPS [7]
74
94
97
80
95
97
HFFS2PS [1]
36
69
Proposed (with r.r.g)
54
87
96
44
77
86
Proposed (without r.r.g) 74
98
99
59
85
91
Method
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On the CUFS dataset, using 88 sketch-photo pairs for training and 100 pairs
for testing, the proposed method attained 44% rank-1 matching accuracy (see
Table 1). These performance results are below, but nevertheless aligned with
the alternative methods evaluated on the same settings. When removing the
rendering realism constraints in the loss, the accuracy at all ranks increases
considerably, achieving much better performance.
Considering the significantly smaller size of the CUFS training set vs. the
size of the training set of the CUFSF dataset, these results may denote that
the proposed method is more sensitive to scarce data than the alternatives,
failing to offer more general solutions. Furthermore, knowing the images in the
CUFS dataset are much less diverse than those of CUFSF (regarding subject
ethnicity, skin color, hair color, background), one can argue that the proposed
method offers the greatest advantages over the alternatives in more challenging
scenarios.
On the CelebA dataset, using 200599 sketch-photo pairs for training and
2000 test pairs, a rank-1 accuracy of 67% was attained (see Table 2). In order to
calculate the accuracy we select one sketch-photo pair per identity and add it to
the query set. We add the rest of the sketch-photo pairs to the gallery. Then we
generate a realistic representation of every sketch in the query set, and order the
identities in the gallery by their average distance to the generated image. We use
the ordered list of identities to calculate the rank-N accuracy. Since the process
of selecting the query sketch-photo pairs is random we repeat this process 10
times and take the average.
4.1

Realistic Generation Performance

After the evaluation of matching performance, the realism of the intermediate
representations generated by the proposed method were evaluated. Examples of
these photo-realistic images and the corresponding sketches and ground-truth
photos from the CUFSF, CUFS and CelebA datasets can be seen in Fig. 3.
Measuring realism is a difficult task, since the concept is highly subjective.
However, we can assume that, if a generated image is sufficiently similar to the
corresponding ground-truth, it is realistic. Hence, we use similarity/dissimilarity
Table 2. Matching accuracy on the CelebA dataset, using different methods to enhance
the sketch (r.r.g.: realistic rendering generation).
Accuracy (%)
Rank-1 Rank-5 Rank-10
Sketch
18
33
43
QGS2PIS [10]
66
80
92
FAGDS2PS [6]
66
Proposed (with r.r.g.)
63
81
86
Proposed (without r.r.g) 67
83
88
Method
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metrics that are common in related literature works for an objective evaluation,
along with a visual subjective inspection of the test results. These metrics were
the Fréchet Inception Distance (FID) [3], the Inception Score (IS) [15], and the
Structural Similarity Index (SSIM) [20].

Fig. 3. Images generated by our method using the CUFSF dataset (on the left); Images
generated by our method using the CUFS dataset (on the middle); Images generated by
our method using the CelebA dataset (sketches were generated using an edge detection
algorithm) (on the right).

As expected, the results through the similarity/dissimilarity metrics are better when the proposed method includes realistic rendering generation (see Table 3), as the method has learnt to generate images that are similar to the respective ground-truth photos. With CUFSF data, the results with the proposed
method are slightly inferior but comparable to the alternatives, once again showing that the proposed method finds advantages in more challenging data.
Visually, we can confirm that the results of the proposed method are, indeed,
very similar to the alternative method (see Fig. 3). Considering the improvement
in performance, maintaining the degree of photo-realism is a positive aspect of
Table 3. Comparison between different methods to enhance the sketch, using the
CUFSF and CUFS datasets (r.r.g.: realistic rendering generation).
CUFSF
FID ↓ IS ↑ SSIM ↑
Ground Truth
0.0 1.71 1.0
pix2pix
70.54 1.69 0.59
HFFS2PS [1]
Proposed (with r.r.g) 83.51 1.47 0.60
Proposed (without r.r.g) 330.41 1.48 0.32
Method

FID ↓
0.0
41.46
58.50
74.74
321.96

CUFS
IS ↑ SSIM ↑
1.39 1.0
1.26 0.62
1.43 0.70
1.54 0.61
1.35 0.45
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Fig. 4. Intermediate representation of the sketches using the CUFSF dataset (on the
left); Intermediate representation of the sketches using the CUFS dataset (on the right).

the proposed method. Furthermore, the proposed method delivers, in most cases,
images that retain most information needed to identify the person represented in
the sketch. Nevertheless, the method presents a worrying lack of diversity in specific facial features (such as hair, skin, or eye color) that should be addressed. In
fact, when trained without photo-realistic generation, the method avoids these
details by using unrealistic color schemes (see Fig. 4). To improve this shortcoming, an approach similar to the one proposed in [4], which consists in giving facial
attribute information along with the sketch, could be an important addition to
the proposed model.

5

Conclusion

This paper proposes an end-to-end deep method for sketch-to-photo matching
that promotes the generation of a photo-realistic intermediate representation of
the face depicted on the input sketch. As an end-to-end model, jointly trainable,
it aims to eliminate performance limitations associated with separately optimized
processes. Upon evaluation, the matching process showed performance improvements over the state-of-the-art and the generation of face renderings offered
realistic results. When disregarding realistic rendering generation, the performance results improved. Despite the promising results, further efforts should be
devoted to improve the face rendering generation component. Namely, the limited diversity of face characteristics like hair, eyes, and skin color on generated
images should be addressed, in order to improve both the realism of the results
and the matching performance.
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Abstract. Deepfake in multimedia content is being increasingly used in
a plethora of cybercrimes, namely those related to digital kidnap, and
ransomware. Criminal investigation has been challenged in detecting manipulated multimedia material, by applying machine learning techniques
to distinguish between fake and genuine photos and videos. This paper
aims to present a Support Vector Machines (SVM) based method to
detect tampered photos. The method was implemented in Python and
integrated as a new module in the widely used digital forensics application Autopsy. The method processes a set of features resulting from the
application of a Discrete Fourier Transform (DFT) in each photo. The
experiments were made in a new and large dataset of classified photos
containing both legitimate and manipulated photos, and composed of
objects and faces. The results obtained were promising and reveal the
appropriateness of using this method embedded in Autopsy, to help in
criminal investigation activities and digital forensics.
Keywords: Digital Forensics · Deepfake · Photo Tampering · Support
Vector Machines · Discrete Fourier Transform

1

Introduction

Cybercrime assumes different shapes. By having a computer connected to the
Internet, cybercriminals are able to carry on a widespread of illegitimate and malicious activities against companies and individuals. In the last five years, there
has been an increase of 67% in the incidence of security breaches worldwide [7],
being malicious activities like phishing, ransomware, and crypto-jacking, some
of the most popular threats to cybersecurity [14].
Intrinsically related, and in some way more silent, defacing and deepfake
take advantage of multimedia contents manipulation techniques to modify digital photos and videos. In this type of crime, attackers are interested in defacing
individuals’ digital identity, by spreading malicious multimedia content and exposing individuals in an odd context. Broadly speaking, the motivations for
deepfake are digital kidnap, usually involving under-aged and vulnerable victims [4].
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Digital forensics analysis integrates techniques and procedures for the collection, preservation, and analysis of evidence in electronic equipment. It is an
imperative tool for criminal investigation teams, namely in the analysis and identification of artifacts and digital evidence. Criminal investigation has recently
encountered several challenges in detecting manipulated multimedia content,
being even more affordable as cybercriminals massively use digital equipment
connected to the Internet. Once seized, these equipment have to be analyzed to
identify digital evidence and artifacts of suspicious activity.
Machine Learning (ML) has boosted the automated detection and classification of artifacts in a digital forensics investigation. Existing techniques to detect
manipulated photos [1] are not yet properly integrated into forensic applications
and therefore a module to automate this type of detection is relevant. The enhancements observed in the reported ML methods were not yet been translated
into substantial improvements for cybercrime investigation, as those are not yet
massively incorporated in state-of-the-art digital forensics tools.
Autopsy (https://www.autopsy.com/) is an open-source digital forensics
application, widely used by criminal investigation police, dedicated to analyse
and identify digital evidence and artifacts of suspicious and anomalous activities.
It incorporates a wide set of native modules to process digital images (e.g. disks)
and also allows the community to develop others more specific.
This paper describes the deployment and development of a module for Autopsy, that incorporates an SVM based method [6] to detect manipulated photos.
The method was developed as a Python based module for Autopsy and is able
to detect distinct anomalies in photos, like splicing and copy-move. The features were calculated by the Discrete Fourier Transform (DFT) and extracted
for further processing by a SVM-based method. The module was tested with a
classified dataset of about 40,000 photos, composed of both faces and objects,
where it is possible to find examples of splicing and copy-move manipulations.
The results proved the precision of the SVM-based method that achieved an
averaged precision and recall of 99,4% , when detecting manipulated photos.
The remaining of the paper is organized as follows. Section 2 describes the
fundamentals behind the topics covered in this paper, namely digital forensics,
detection techniques, and deepfake. Section 3 depicts the overall architecture
and pipeline delineated to process the input photos. Section 4 presents the experimental setup, the datasets, and the performance metrics used. Section 5
describes the results obtained. Finally, Section 6 describes the main conclusions
and delineates the future work.

2

State of the art

This Section describes the fundamentals of digital forensics, video manipulation
techniques, and the most relevant ML techniques to deal with the detection of
fake multimedia content.
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2.1

3

Digital Forensics

Digital forensics embodies techniques and procedures to collect, preserve and
analyze digital evidence in electronic equipment, namely disks, smartphones, and
other devices with storage capacity. The underpinning main goal is to produce a
sustained reconstruction of events, that may help digital forensics investigators
to build a list of evidence that may dictate about suspect’s innocence or guilt.
Cybersecurity professionals understand the value of digital forensics information and the importance of maintaining it protected. For this reason, it is
essential to establish strict guidelines and procedures, namely detailed instructions about authorized rights to retrieve digital evidence, how to properly prepare systems for evidence retrieval, where to store any recovered evidence, and
how to document these activities to guarantee data authenticity and integrity.
Among the digital forensics tools to extract, collect, and analyze digital artifacts,
Autopsy, EnCase, FTK, XRY are the most relevant and widely used ones.
2.2

Multimedia manipulation techniques

Photos manipulation is appealing, mostly in the context of spreading fake news,
defacing, deepfake, and digital kidnap. There are three main types of photo
manipulation, that are described below.
Copy-move (Figure 1(a)) consists of copying or moving part of a photo to
another place in the same photo. The goal is to give the illusion of having more
elements in the photo than those that are there.

(a) Copy-move

(b) Splicing

Fig. 1: Photos manipulation types.

Splicing (Figure 1(b)) consists of superimposing different regions of two photos, being deepfake the most relevant consequence. It is an artificial and automated manipulation of media, usually by means of artificial intelligence techniques, in which a person’s face in an existing photo or video is swiped by
someone else’s face [2].
While deepfake of photos and videos is not new and can be seen in numerous
digital contents, it has leveraged powerful ML and artificial intelligence techniques to improve contents manipulation. The most common ML methods used
to improve deepfake are based on deep learning and involve training generative
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neural network architectures, such as auto encoders or Generative adversarial
networks (GANs) [3]. Deepfake has garnered widespread attention, as it has been
used in digital campaigns of spreading fake news. This manipulation technique
is also responsible for digital kidnap, revenge porn, and financial fraud [16].
Finally, Resampling consists of changing the scale or even the position of an
element in a photo.
2.3

Techniques used to detect photos manipulation

Bearing in mind that the use of deepfake and copy-move in digital crimes is a
growing problem and has a great impact on today’s society, there are already
documented algorithms to tackle with this type of manipulation.
The difference between Gaussian (DoG) and Oriented Rotated Brief (ORB)
are techniques used to detect copy-move in manipulated photos. The method
suggested by Niyishaka et al. [8] comprises three steps: corners detection with
Sobel algorithm; features extraction with DoG and ORB; and finally, features
correspondence.
Unmasking deepfake with DFT and ML is a method described in [6]. It is
based on a classical frequency domain analysis with DFT, followed by a classification based on ML techniques. The frequency characteristics of a photo can
be analyzed in a space defined by a Fourier transform, namely a spectral decomposition of the input data indicating how the signal’s energy is distributed
over a range of frequencies. In this method it is used a DFT, which is a mathematical technique to decompose a discrete signal into sinusoidal components
of various frequencies ranging from 0 (constant frequency, corresponding to the
image mean value) up to the maximum of the admissible frequency, given by
the spatial resolution. The frequency-domain representation of a signal carries
information about the signal’s amplitude and phase at each frequency, and can
be computed as (1):
Xk,l =

N
−1 M
−1
X
X
n=0

xn,m · e(−

i2π
N kn )

· e(−

−i2π
M lm )

(1)

0

After applying a Fourier Transform to a photo, the returned values are represented in a new domain but within the same dimensionality. Therefore, given
that we work with photos, the output still contains 2D information. We then apply azimuthal average to compute a robust 1D representation of the DFT power
spectrum. At this point, each frequency component is the radial average from the
2D spectrum. Support Vector Machines (SVM) is then used to create a model
based on a training dataset with manipulated and genuine photos. The model
will then applied to a test dataset, to identify an optimal separating hyperplane
that maximizes the margin between both classes.
Image splicing detection with artificial blurred boundary is a method described in [13]. It is based on image edge analysis and blur detection and has
two steps: image edges analysis along with feature extraction and detection algorithm. For the first step, it is performed a Non-Subsampled Contourlet Transform

Forensic analysis of tampered digital photos

5

(NSCT) in order to get more details of the high-frequency components with the
size of all the directions the same as that of the original image. The last step is
to classify all features with SVM, similarly to the method described above. By
using NSCT the authors claim to achieve a 95.12% true positive rate on detecting image splicing. The architecture developed in this paper, which is described
in Section 3, applies the DFT method, having in mind the promising results
previously obtained [6].

3

Architecture

This Section describes the architecture that was deployed to process input photos
and to classify them as being genuine or manipulated. It also describes the
Autopsy module developed to classify photos in a digital forensics context.
3.1

General architecture

Fig. 2: Overall architecture.

The overall architecture of the standalone application developed to classify
photos is depicted in Figure 2. It has three main building blocks: pre-processing,
processing, and results.
Pre-processing consists of extracting the features from the photos, by applying DFT method described in Section 2.3 [6] to produce the labeled input
datasets for both training and testing. The pre-processing phase reads the photos through the OpenCV library and further extracts their features [6]. Using
this method, exactly fifty features were obtained for each photo, that were then
loaded into a new file with the corresponding label (0 for fake photos and 1 for
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the genuine ones). A training file with the features previously extracted, was
created being then used to feed the SVM model.
The processing phase corresponds to the SVM processing. SVM is included
in a set of kernel-based learning methods, in which the problem is addressed
by mapping the data to a larger dimension space. This mapping may not be
linear, as the function that allows this mapping is called a kernel [18]. The RBF
(Radial basis function) kernel and a regularization parameter of 3 were chosen
based on the experiments. The implementation of SVM processing was made
through scikit-learn library for Python 3.9. The tests were carried on with
a split of the whole dataset in two parts: 67% for training and 33% for testing.
Both datasets (training and testing) are balanced regarding the amount of fake
and genuine photos.
The results obtained in each processing are the following: SVM score; confusion matrix, precision, and recall; and the calculated prediction that allow us to
deduce the probability of an image being manipulated.
3.2

Autopsy module architecture

Fig. 3: Autopsy module architecture.

As stated before, Autopsy is among the most used digital forensics applications and is open to the integration of third-parties modules. Autopsy processes
the input data and shows the user the results by means of report modules.
Autopsy uses Jython in new modules development, to enable Python scripting. Jython is converted into Java byte code and runs on the JVM. However,
it is limited to Python 2.7. To overcome this limitation and the fact that some
libraries used by the SVM classification method do not work in python 2.7, two
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Python executables were created to: one to process the photos; and another to
create the SVM model and to classify the photos.
The data source ingest module, that runs against a data source added to the
Autopsy, was developed and its architecture is depicted in Figure 3. To start
this analysis, it is needed to create a new ”case” inside Autopsy and add one
data source to it. An example of a data source is a disk image. Then, the module
starts by extracting each photo within the data source added to the Autopsy
case and saves them in a temporary directory. Next, the first Python executable
extracts the features of the photos stored in the temporary directory, being all of
them labeled with 0 (we assume that all photos are fake until proven otherwise).
With the output obtained and the training file already created and distributed
with the module, the second Python executable comes to action and the SVM
classification model is created. Finally, the artifacts with the classification results
are calculated and post in the Autopsy blackboard, which are further displayed
to the user.
It is possible to note that the standalone application architecture corresponds
also to the method used in Autopsy data source ingest module (Figure 3). The
standalone application was developed before the Autopsy module, which gave
the possibility to develop and test the method while disregarding the needed
compatibility with the Python libraries and with the strict format that is required by Autopsy to develop new modules.

4

Experimental setup

This Section describes the dataset used for the experiments and the evaluation
metrics that were applied to evaluate the SVM classification.
4.1

Datasets

A dataset containing both people’s faces and objects was created to train the
classification model. The dataset described in [6], which was used in the tests,
is a compilation of photos available in CelebA-HQ dataset [9], Flickr-Faces-HQ
dataset [10], "100K Facesproject" (”https://generated.photos/") and "this
person does not exist" project (https://thispersondoesnotexist.com/).
Some complexity was added to the dataset, by including objects and other
people’s faces being possible to detect other types of manipulations aside deepfake. COVERAGE dataset [11] was included to add photos with objects and other
people’s faces, as well as a copy-move forgery database with similar but genuine
objects that contains 97 legitimate photos and 97 manipulated ones. Columbia
Uncompressed Image Splicing Detection Evaluation Dataset [12] was also
added, which consists of high-resolution images, 183 authentic (taken using just
one camera and not manipulated), and 180 spliced photos. Finally, 14 legitimate
and 14 fake ad-hoc photos were also added, containing splicing and copy-move
manipulations created by us. Putting it all together, the new dataset used in
this paper is balanced and has 40,629 photos divided into two classes: 20,335
genuine (or real) photos and 20,294 that were manipulated.
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Evaluation metrics

To have a correct evaluation of the classification method, it is necessary to discuss
the evaluation metrics. The metrics used to evaluate the results were Precision
(P), Recall (R), and F1-score, which can be calculated through the well-known
and documented confusion matrix [17].
In the confusion matrix, each row represents the instances in a predicted class,
while each column represents the instances in an actual class. The positive class
refers to the manipulated photos, while the negative class refers to the genuine
ones. TP represents the events where the model has correctly predicted the
positive class, that is a manipulated photo. TN calculates the events that were
correctly predicted as negative, that is genuine photos. FP and FN evaluate the
events that were incorrectly predicted by the model, namely those that legitimate
photos classified as manipulated and those manipulated that were classified as
genuine, respectively.
Precision and Recall correlate the metrics described above. Precision measures the percentage of examples identified as true that are really true. That is,
those photos that are manipulated, from those that were classified as manipulated. Precision is calculated by ( 2):
P =

TP
(T P + F P )

(2)

Recall is the percentage of manipulated images that we could find of the total
number of manipulated images.Recall corresponds to the following ( 3):
R=

TP
(T P + F N )

(3)

F1 is an harmonic mean between Precision and Recall. The range for the
F1-score is between [0, 1] and measures the preciseness and robustness of the
classifier. That is, the number of instances that were correctly classified and
those that were misclassified, respectively. F1 measure is calculated by ( 4):
F1 = 2 ∗

5

P ∗R
(P + R)

(4)

Results analysis

This Section describes the results obtained from the experiments and the corresponding analysis. Ten experiments were made and, for each one, the dataset
was randomly divided into 33% for testing and 67% for training. As can be seen
in Table 1, the results obtained were very satisfactory, with a high number of
correctly classified photos and a residual number of FP and FN.
It is possible to observe that we managed to achieve in these tests a precision,
recall, and F1-score of approximately 100%. Comparing with the results documented in [6], even enriching the dataset with photos containing objects and
other types of manipulation, it was possible to achieve the mean P, R, and F1
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Table 1: Results obtained with 10 different runs.
Run 1
Run 2
Run 3
Run 4
Run 5
Run 6
Run 7
Run 8
Run 9
Run 10
Average

TP
6629
6580
6636
6644
6621
6713
6674
6584
6600
6640
6632

TN
6646
6698
6633
6618
6648
6554
6608
6683
6680
6635
6640

FP
14
19
23
25
15
14
21
21
10
19
18

FN
43
35
40
45
48
51
29
44
42
38
41

Precision
0.99789
0.99712
0.99654
0.99625
0.99774
0.99792
0.99686
0.99682
0.99849
0.99715
0.99728

Recall
0.99355
0.99470
0.99400
0.99327
0.99280
0.99246
0.99567
0.99336
0.99368
0.99431
0.99378

F1-score
0.99571
0.99591
0.99527
0.99476
0.99526
0.99518
0.99627
0.99509
0.99608
0.99573
0.99553

above 99.3% (P=99.73%, R=99.38% and F1=99.55%). The mean values for FP
and FN are residual (FP=0.13%, FN=0.3%) and, by analysing the misclassified
photos, it is possible to infer that were related to the resolution of the photos.
A richer dataset with heterogeneous examples regarding the resolution of the
photos would benefit the overall results obtained.

6

Conclusion

This paper described the development of an SVM based method [6] to tackle
the detection of manipulated photos. An Autopsy module that incorporates the
proposed standalone SVM-based method, was also developed, giving a helping
hand to digital forensics investigators and leveraging the use of ML techniques
to fight cybercrime activities.
The overall architecture and development make use of two well-known and
documented techniques: Discrete Fourier Transform (DFT) technique to extract
features from photos; SVM-based method to create a learning model. Both techniques were incorporated in the proposed SVM-based learning standalone application, which was further integrated as an Autopsy module in a digital forensics
context. The dataset proposed in [6] was extended with different sources, mainly
to accommodate objects and other manipulation types, besides faces and splicing respectively. The final dataset has about 40,000 photos, composed of both
faces and objects, where it is possible to find examples of splicing and copy-move
manipulations. The results obtained were promising and in line with previous
ones documented in the literature. It was possible to achieve a mean F1-score of
99.55% on the detection of manipulated photos.
Future work has two major topics: to enhance the dataset present in this
paper, by adding more genuine and manipulated photos; to apply the presented
methodology and architecture to detect these types of manipulations in videos.
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Abstract. The SARS-CoV-2 is quickly spreading worldwide resulting in

millions of infection and death cases. As a consequence, it is increasingly
important to diagnose the presence of COVID-19 infection regardless of
the technique applied. To this end, this work deals with the problem
of COVID-19 classication in order to dierentiate COVID-19 versus
healthy Computed Tomography (CT) images. In particular, rst-order
statistical measures as well as numerical quantities extracted from the
autocorrelation function are investigated with the aim to provide an
ecient classication process ensuring satisfactory performance results.
Keywords: COVID-19 · Classication · Feature extraction · Lung Com-

puted Tomography (CT) images.

1 Introduction
On December 31st 2019, the Health Commission of Wuhan in China, informs
the World Health Organization (WHO) about a cluster of unknown pneumonia cases in the province, later identied as the SARS-CoV-2. The initially
unknown SARS-CoV-2 is a member of the beta-coronavirus family, currently
named as COVID-19, and it can lead to mild to severe respiratory tract infections with pneumonia, cold and fever, headache, painful throat and weakness as
traditional clinical symptoms. In the worst scenario, the infected patients could
also present dyspnoea or hypoxaemia signs but some asymptomatic cases were
also observed where any acute COVID-19 symptoms are exhibited [1]. However,
for both asymptomatic or acute situation, an early and accurate diagnosis represents a crucial step in order to reduce the COVID-19 mortality and to improve
the treatment of this insidious disease. Nowadays, several methods are employed
to provide a denitive diagnosis of COVID-19, including reverse transcriptasepolymerase chain reaction (RT-PCR) [2], serology tests, and medical imaging
techniques. In particular Computed Tomography (CT) scans and chest X-Ray
have been proved to be a great supplement to assess the infection severity [3]. Articial intelligence technologies are achieving remarkable progress with respect to
medical image analysis, with the aim to assist the clinicians classifying dierent
diseases, due to the possibility to extract quantitative features from the acquired
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images [4]. Recently, several studies have focused on these methodologies in order
to provide a secure and automatic way to diagnose also the COVID-19 infection
applying several machine learning methods [511]. Following the line of reason of
these works, this study proposes and investigates a new feature-based methodology in order to classify COVID-19 versus normal CT images. The analyses have
been conducted on the challenging CT axial scans data deeply described in [12].
Interestingly, the obtained results have shown the eectiveness of the proposed
features in distinguish among COVID-19 and normal patients.

2 Problem Description and Proposed Classication
Algorithm
The proposed solution focuses on the exploitation of intrinsic discriminative
properties of textural features extracted from lung CT images. In particular,
a joint statistical and numerical approach to texture analysis is used starting
from the gray-level distribution within the images in order to dierentiate them.
To this end, the texture information is derived from the histogram computed
from the lung CT images, through which both rst-order statistic measures and
numerical quantities associated with the autocorrelation function are evaluated.
The proposed classication algorithm is synthetically represented in Figure 1,
and it can be seen as composed by few steps that are described in the following
lines.

Fig. 1. Block scheme of the proposed CT images feature extraction algorithm.

COVID-19 Lung CT Images Recognition: A Feature-Based Approach

2.1 Lung Segmentation
In order to achieve accurate classication results, the segmentation process represents a preliminary step of paramount importance [13] when dealing within
the framework of medical images. Precisely, lung segmentation aims to basically
separate the pixels corresponding to the lung cavity from the surrounding chest
anatomy in order to avoid erroneous classication due to the overall anatomy of
the patients under observation. For such a purpose, in the proposed procedure,
a segmentation technique has been implemented.

2.2 Histogram Computation
In the attempt to dierentiate COVID-19 from healthy patients CT scans, a rstorder statistical approach is investigated by exploiting the gray-level distribution
within the CT images [14]; in particular, as a result of rst-order statistical techniques, textural information are derived from the histogram, that is computed
for each individual image to classify. A histogram example of a COVID-19 CT
scan versus a healthy patient CT scan is shown in Figure 2. It is worth to observe
that, through a preliminary visual inspection of Figure 2, a histogram study may
reveal useful to discriminate a COVID-19 image from a healthy one.

(a)

(b)

Fig. 2. Histogram computation. Subplots refer to (a) COVID-19 and (b) healthy pa-

tients.

2.3 Feature Extraction
Starting from the considerations made in subsection 2.2, a histogram-based feature extraction method is presented to classify COVID-19 and healthy patients
CT axial scans. Therefore, the initial point is the histogram normalized to have
unit area, say P (i), derived at the previous step of the proposed algorithm, from
which several quantities are extracted to construct the so-called feature vector
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indicated with F 0 in Figure 1. More precisely, F 0 comprises four rst-order statistical measures, viz. mean, standard deviation, skewness and kurtosis, lined-up
to an additional measure, the median, and three other indices, namely the peak
sidelobe level (PSL) ratio and two dierent denitions of the integrated sidelobe
level (ISL) ratio of the autocorrelation function [15] directly computed from P (i).
As to the PSL and the two dierent denitions of the ISL, they are computed
from the normalized autocorrelation of P (i), indicated as CP (k), k = 0, ..., K −1,
as follows:

|CP (k)|
,
|CP (0)|

PSL = max
k

(1)

K−1
X

|CP (k)|

ISL1 =
and

k=1

|CP (0)|

,

(2)

K−1
X

|CP (k)|2

ISL2 =

k=1

|CP (0)|

,

(3)

having indicated with |·| the modulus of its argument. The last step of the devised
algorithm consists in normalizing the resulting feature vector, F 0 , thanks to the
following linear rescaling:
F = F0 σ− µF0
(4)
F0
meaning µF0 as the mean and σF0 as the standard deviation of the feature
vector F 0 . This is done to avoid that a very strong feature value could polarize
the classier's decision.

3 Performance Assessment
This section is aimed at showing the classication capabilities of the algorithm
described in Section 2 in terms of CT scans discrimination exploiting their histograms. Therefore, a deep description of the patients dataset is rst provided;
then, the classication procedure is detailed together with the discussion of the
obtained results.

3.1 Patients Dataset
The analyses are conducted on patients with either COVID-19 condition and
healthy condition, which are included in the dataset herein exploited, namely
the Cov19-Healthy Dataset. The latter is selected from the original COVIDCTset, that has been gathered from Negin Medical Radiology Center located
at Sari (Iran) between March and April, 2020 [12]. In particular, COVID-CTset
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contains the CT axial scans of both COVID-19 and healthy people, acquired
using a CT scanner (SOMATOM Scope Power, Siemens Healthcare) and stored
in a 512 × 512 DICOM format.
For the purpose of this study, 180 CT scans (i.e., Cov19-Healthy Dataset) are
extracted from the original dataset including 80 COVID-19 infected images and
100 uninfected images, respectively. Table 1 summarizes the patients population
details in terms of their sex and age (expressed as mean with its condence
interval in terms of standard deviation (SD), namely, ±SD).
Table 1. Sex and age details of patients enrolled in the study.

COVID-19 Healthy
Male

Sex
Female
Age y (±SD)

48
48
32
52
49.8±14.8 39.8±10.6

3.2 Classication Procedure and Results
This subsection is aimed at showing the eectiveness of the devised methodology
in discriminating the COVID-19 and healthy patients described in the previous
subsection.
The classication is performed dividing the dataset into two non-overlapped
groups: the training set, composed by 70% of the available data and the test
set, composed by the remainder 30% (i.e., excluding all the data of training
phase). Moreover, since the aim of this work is to show the eectiveness of
the proposed feature-extraction based method, we use as classier the k -nearest
neighbour (k -NN) because of its low computational burden, with the parameter
k set equal to 5 [16]. Then, to prove the eectiveness of the proposed algorithm,
the classication accuracy, say Acc , is used as gure of merit, whose analytic
expression is given by

Acc =

TP + TN
,
TP + FP + TN + FN

(5)

where TP is the total number of true positives, FP is the total number of false
positives, TN is the total number of true negatives, and nally FN represents
the total number of false negatives.
Moreover, in order to provide a statistical characterization of the entire classication method, the average classication accuracy is estimated by means of
a standard Monte Carlo approach. More precisely, for each independent Monte
Carlo trial a dierent selection of the training and test sets is randomly chosen
for each class (i.e., COVID-19 CT scan and healthy CT scan). This process reiterates N number of times (note that in this study N is set equal to 100) the
training and test procedures by independent random extractions. The results in

5

6

C. Losquadro et al.

terms of average Acc are shown also in comparison with the feature extraction
algorithm based on the exploitation of the four statistical measures (i.e., mean,
standard deviation, skewness and kurtosis) exclusively, indicated as rst order
based approach (FOA).
Table 2 shows the classication results in terms of classication accuracy for
the above dened two classes. From the table it is evident that the proposed
feature extraction method of Section 2.3 is capable of ensuring a satisfactory
performance reaching the 84.63% of average correct classication. Conversely,
the FOA provides a lower correct classication percentage. In particular, these
results are also conrmed by the fact that the maximum achieved classication
accuracy of the proposed algorithm is equal to 92.60% still overcoming that
reached by the FOA.
Table

2. Classication accuracy (expressed in percentage) for COVID-19 versus

healthy patients.

average Acc maximum Acc
FOA

76.85%

83.33%

proposed method

84.63%

92.60%

To give further insights about the classication capabilities of the proposed
algorithm, the average confusion matrices and the one associated with the maximum Acc for the quoted algorithms are reported in Figure 3.
As can be clearly observed, the confusion matrices corroborate the results
obtained in terms of overall classication capabilities. As a matter of fact, the
use of all 8 features extracted through the proposed procedure allows to identify
COVID-19 patients in spite of the very low computational cost of this method.
It is nally worth to highlight that the promising results of the considered feature extraction method could be surely improved considering for instance more
sophisticated classiers such as a support vector machine (SVM) [17], neural
networks [18], and so on.

4 Conclusions
In this paper a new feature extraction procedure has been proposed aiming to
discriminate COVID-19 patients from healthy ones. The presented method has
dealt with the exploitation of existing intrinsic discriminative textural properties
from lung CT images, starting from their histograms computation. In particular, the histogram-based approach has allowed to investigate several rst-order
statistical measures and numerical quantities derived from the histogram autocorrelation which have been used as input to a k -NN classier. The performance
of the proposed extracted features has been assessed on CT axial scans of both

COVID-19 Lung CT Images Recognition: A Feature-Based Approach

(a)

(b)

(c)

(d)

Fig. 3. Confusion matrices, actual class versus predicted class (%). Subplots refer to

(a) average confusion matrix of FOA, (b) confusion matrix of the best case of FOA,
(c) average confusion matrix of the proposed method, and (d) confusion matrix of the
best case of the proposed method.

COVID-19 aected and not aected people, ensuring a satisfactory average correct classication result of 84.63% and reaching, at the end, the high performance
of 92.60% of classication accuracy.
Possible future research works might consider the use of other features to be
line-up to those proposed in this paper to improve its recognition capabilities as
well as the test of the proposed features by means of neural networks.
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Abstract. A novel, flexible (non-unique) and topologically consistent
representation called CRIT (Contour-Region incidence Tree) for a color
2D digital image I is defined here. The CRIT is a tree containing all
the inter and intra connectivity information of the constant-color regions. Considering I as an abstract cell complex (ACC), its topological
information can be packed as a smaller (in terms of cells) ACC, whose
2-cells are the different constant-color regions of I. This modus operandi
overcomes the classical connectivity paradoxes of digital images by working with lower-dimensional cells such as 0-cells, 1-cells, and 2-cells. The
CRIT structure allows to describe this smaller ACC in a non-redundant
way. The proposed technique is based on the previous construction of the
Homological Spanning Forest (HSF) structures for encoding homological
information of the ACCs canonically associated to I, in terms of rooted
trees connecting digital object elements without redundancy.

Keywords: color 2D digital image, Abstract cell complex, Homological Spanning Forest, Contour-Region Incident Tree

1

Introduction

Representing nD digital images simply using a rectangular array of pixel values,
has several drawbacks. One of the most important is the “deficiencies” that this
representation has with regards to getting consistent local and global spatial
topological (region-contour, interior-boundary,...) information. Digital Topology
has dealt with these problems of connectedness and continuity in this discrete
context, proposing two kind of solutions in terms of enriched representations: (a)
those based on neighborhood graphs ([10] and [2]); (b) those based on abstract
cell complexes (ACC) of dimension n ([3]). The first ones propose for binary
images, different neighborhood adjacency between pixels of the same color. They
potentially suffer from connectivity paradoxes and incompleteness in adequately
gathering all the information of topological interest. Nevertheless, there has been
a lot of successful contributions of this type or image representation in the design
of algorithms for modelling and analysing images ([11]). ACC-based solutions
work at inter-pixel level and with cellular structures in which connectivity is
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initially measured by the notion of incidence between cells of different dimension.
Some important progress in this sense has also been published ([4]).
In this paper, working with a color 2D digital image I as an abstract cell
complex(ACC) of dimension two, a new topological representation suitably containing all its intra and inter connectivity information of constant-color regions
is defined by using a single tree. We call this representation the Contour Region
incidence Tree (CRIT for short). CRITs promise to be simple, easy to manipulate and fast to compute in an almost fully parallel manner, due to the fact that
the method is based on the HSF (Homological Spanning Forest) framework for
topological parallel computing of 2D digital objects ([7,8,9]).

2

Related works

Among all the topological data structures representing digital images that are
available in the literature, there are numerous works dealing with the idea of representing images as neigborhood graphs whose nodes are the pixels of the image
and whose edges are connecting two adjacent pixels (with regard, for example,
4-adjacency relationship, for square physical pixels), such that its topological information is condensed in a smaller graph, where 4-connected regions represent
nodes in the graph and an edge between two nodes exists if the corresponding
regions share a 4-connected frontier.
A classical example of such compact representations is the Region Adjacency Graph. RAGs are simple graphs (no parallel edges, no self-loops), which
represent the neighboring relationships of whole regions. A region is a collection
of connected pixels, which share some properties. RAGs effectively encode the
image into a different representation, that stores the layout of the image, and
describes which regions are next to each other and which are not. Unfortunately,
some important topological information is missing in semantically correct RAGs
of digital images, such as the number of frontiers between two regions (also called
degree of contact) or, how these frontiers are connected to each other. RAGs are
simple graphs, which implies a disadvantage if we want to encode more complex
configurations of regions (i.e. region being included in another region). In this
sense, we can affirm that RAG representations are not enough for segmentation
and other image processing purposes. In [1], a consistent topological representation is the one that “shows the interactions between regions and then realize
the topology of the image”. Despite using this not very rigorous definition, we
can venture to assert that RAGs are not topologically consistent representations,
even in 2D. There are topologically different sets of inter-connections between
regions in a continuous or digital image that are locally represented by the same
graph pattern in its RAG. For example, Figure 1 shows two topologically different color images and their RAG, from which they both can not be distinguished.
More complex representations have been proposed to overcome these problems. Dual graphs ([5]), for instance, can be considered as an extension of the
RAG, were images are represented by a pair of graphs that are finite, planar,
connected, not simple in general and dual to each other. These graphs have
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Fig. 1. Left: Two topologically different color images. Right: The RAG representation
of these images (same for both)

been used to build a hierarchy of image partitions called Dual Graph Pyramids.
Although dual graphs are able to encode inclusion relationships and multiple
borders, some ambiguities still remain unsolved, were for instance two images
in which two regions are interchanged will have exactly the same dual graph
representation. Furthermore, processing these two graphs is not time efficient,
and its practical application to real images is quite limited.
Other structures such as combinatorial maps ([6]) overcome these ambiguities
by representing the image as a set of half-edges called darts, and two permutation
functions. Advancing in complexity, generalized maps have advantage over the
classical combinatorial maps that they can also represent non-orientable objects.
The problem with these more complicated structures (such as combinatorial and
generalized maps) is their complexity and difficult manipulation. Summing up,
from the viewpoint of considering a color 2D digital image I as a ACC object
whose 2-dimensional cells are the physical pixels of I, RAG-based representations mainly represent the topology of the image using the connectivity graph
involving all the incidence relations between 2-cells and 1-cells of I and combinatorial maps from the graph involving all the incidence relations between 0-cells
and 1-cells of I. In 2D, using exclusively one of these graphs and topological duality properties, it is possible to extract topological information of I in terms of
number of color-constant connected components and 1-dimensional homological
holes, but it seems difficult to solve using these models, for instance, the problem of homological hole’s classification: to determine the homological equivalence
class to which a simple closed curve inside the object belongs to. This shortcoming and other more complex problems involving homotopy information (that is,
in which the boundary information of any cell is treated as a loop structure)
prevents these models from being fully “topologically consistent”.
A CRIT representation of I is a subgraph of the connectivity graph of I,
from which it is automatic to get a more compact and topologically informative
ACC, whose 2-cells are the different constant-color regions of I. In this way, the
previous difficulties encountered for preventing an enriched RAG description to
be a topologically consistent representation are overcome, due to the fact that
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CRIT description is based on the topological model of Homological Spanning
Forest (HSF) of an ACC, which will be introduced in the following Section.

3

Building the CRIT

An abstract cell complex (or ACC, for short, [4]) can appropriately describe
all the regions and their relations of a two dimensional image I. In this paper,
pixels are considered to be cells of dimension 2. Interpixel cells of dimension
1 are the edges between pixels and the corners between pixels are defined as
cells having dimension 0 (see Figure 2). The keypoint in this ACC is that its
cells can hold all the topological information of a 2-dimensional image composed
of several constant-color regions, that is, a puzzle of objects (represented by
two-dimensional cells) and their adjacency relations (represented by one and
zero-dimensional cells).

Fig. 2. ACC for a 2-dimensional image. Squares are 2-cells (image pixels), dotted lines
are 1-cells (contours) and circles are 0-cells (crosses).

In Fig. 3 a 3x5 image with three regions is represented by its ACC. Not only
regions are labelled with their colors A, B, C, but their contours and crosses are
congruently labelled with those colors of their adjacent cells. Contours are a mix
of two colors, and crosses are defined by the colors of their four surrounding
pixels. Those 0 and 1 cells which are in the interior of a region, can be simply
labelled by one color.
Once the different 0, 1, 2-dimensional objects are represented by a set of
cells, their HSFs can be straightforwardly obtained for them. Roughly speaking,
an HSF of a digital image I is a set of trees living at interpixel level within
an abstract cell complex version of I (or ACC, for short, [4]) and appropriately
connecting all cells without redundancy. This notion is in principle independent
of the pixel’s value within the image. Using this concept, any digital 2D image
I can be seen as a cell complex formed exclusively by two trees (see [7,8]). One
of them, is formed by all the cells of dimension 0 and some of dimension 1 and
the other one, is formed by the rest of cells of dimension 1 and all the cells
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Fig. 3. Left: A 2-dimensional color image seen as an ACC. Regions are represented
by 2-cells, contours by 1-cells and crosses by 0-cells. Each cell is labeled with its representative color. Right: The same image seen as a puzzle of 0, 1 and 2 dimensional
objects.

of dimension 2 of I. More concretely, crosses are only represented by a unique
tree (just one node, that is, a 0-cell). Contours are a set of 0 and 1-cells, whose
“homology” information can be represented by one 1-cell and a set (which can
be empty) of 0-cells representing the existence of holes. And finally, regions are a
set of 0, 1 and 2-cells, whose homology information can be represented by one 2cell and a set (which can be empty) of 1-cells representing the existence of holes.
To fix ideas, the set of HSFs of Fig. 3 is depicted only by the cells representing
their homology information in Fig. 4 (center), and a possible set of HSFs on the
left of this image. The construction of HSFs is based on the concept of primal
and dual vectors. Given two incidence cells c and c0 of dimensions k and k + 1
respectively, a primal (resp. dual) (k, k + 1) vector (c, c0 )(resp.(c0 , c)) connects
the tail c (resp. c0 ) with the head c0 (resp. c). In this case, HSFs have been built
following a boundary criterion for the primal vectors: from each k-cell one of its
boundary (k − 1)-cells (of the same object) has been chosen (represented by an
arrow). Dual vectors are represented by a line, and they link each (k − 1)-cell
with all of its coboundary (k)-cells (of the same object).
In this case, the homology of region A can be condensed to one 2-cell and one
1-cell, whereas regions B and C can be described only by one 2-cell each, thus
conforming the table on the right of the Figure. The three contours have no holes,
that is, each of them is represented by one 1-cell, called AB, AC and BC. Each
one of the two crosses are given by one 0-cell (named AABC). Finally, note that
this process is fully generic for any 2-dimensional image with the 4-adjacency
criterion
To this point, a color image can be condensed into a set of representative
homology cells, each one being the root of a certain HSF tree in the case of twodimensional objects. Additionally, these cells can be labelled with the colors that
embody the relations among objects (see Fig. 4 , right). The next step is taken
here for efficiency purposes. Instead of managing relations among these cells or
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Fig. 4. Left: A possible set of HSFs for the image on Fig. 3. Cells representing homology
information are surrounded by a dashed circle. Center: The set of homology information
of the image indicating their dimension and representative color. Right: A table with
the homology information of the image.

linking them in a graph (like in the case of RAG), it is preferable to condense
all the homology information into a unique tree, called CRIT (Contour Region
incidence Tree). CRIT combines the information of the flat regions, contours and
crosses of the original color image, plus the relations between them. According
to Fig. 4, this supposes the conversion of the table of Fig. 4 (right) into a unique
tree. To do this, some linking rules must be defined so as to prevent graphs. This
can be achieved for instance by:
– For those cells of the same object, the same boundary criterion of the HSF
building can be obeyed, that is, linking each representative (k)-cell with only
one (k − 1)-cell, until a 0-cell is reached. This comprises a new set of primal
vectors.
– Inserting additional primal vectors by linking the rest of k-cells with one
(k − 1)-cell (of other object). Although, this usually supposes that 0-cells
would remain disconnected to the rest of cells, for a simple image, the CRIT
building may finish here. This is the case of Fig. 5, which contains a simple
image of 4 pixels of different colors, so that a cross of 4 regions exists in the
middle.
– Introducing additional links from the 0-cells to only one of their coboundary
1-cells, that is, a new set of dual vectors. This step must forbid forming
graphs, for instance, by defining a direction for the links and preventing
that the dual vectors go backwards along the selected direction.
In order to systematically build a CRIT in the most convenient way, a color
incidence criterion can be followed. One possible set of rules is the following:
a) Firstly, “closing” each object by linking each k-cell with one of its boundary
(k − 1)-cells (of the same object, that is, the same color). These are represented by continuous arrows in this paper. For instance, in Fig. 6, only one
primal vector exists (region A).
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Fig. 5. A simple image of 4 pixels having different colors, so that a cross of 4 regions
exist in the middle. In addition, this image can built a CRIT just by inserting additional
primal vectors from the homology representative k-cells to one (k − 1)-cell (of other
object).

b) Secondly, inserting the rest of additional primal vectors by linking the rest
of k-cells with one (k − 1)-cell (of other object) having the most similar color
to the k-cell. These are represented by a dashed arrows in Fig. 6. These are
represented by continuous arrows in this paper (see Fig. 5 or Fig. 6). No
matter that two or more (k − 1)-cells match in the similar color criterion.
For example, contour BC can be linked to the upper or the inferior cross.
Similarly region B may link with contour BC or with the AB, and so on.
For this image, five of these additional primal vectors must be inserted.
c) Finally, dual vectors are represented by double arrows in the same Figure.
Note that the criterion has been “going outwards”, that is, from the center
to the image border. Thus, each 0-cell goes to the 1-cell (hole of region A)
that surrounds the composite region B, C.

Fig. 6. Building the CRIT by linking the homology group cells of the image in Fig. 3

This criterion is followed in all the figures of this paper. Previous rules can be
straightforwardly determined for bidimensional color images. More concretely,
objects can be classified into five cases (Fig. 7, top), and therefore, only seven
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primal vectors and two dual vectors can exist (Fig. 7, bottom). Besides the link
cases that appear in Fig. 6, the rest of possible links are drawn for a different
color image in Fig. 8.

Fig. 7. Top: The five possible objects for bidimensional color images from a topological
point of view. Bottom: Possible edges among topological objects for bidimensional color
images.

To sum up, note that a CRIT representation is consistent, so that any topological representation can be extracted from it. For instance, RAGs can be
straightforwardly calculated by simply selecting the 1-dimensional objects (they
are the edges of the RAG) and the 2-dimensional ones (they compose the RAG
nodes). Each RAG edge directly associates the two nodes of its representative
color. However, an interesting circumstance is when two regions share two (or
more) contours (Fig. 9). In this case, regions K and L share two common contours, namely KL1, KL2. Usual RAG representation is shown in Fig. 9, right,
where the edge between K and L is sometimes weighted by a factor of 2 to
indicate this double contact. Nonetheless, common RAGs do not represent the
hole of M , nor the fact that K and L are contained in it.
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Fig. 8. Left: A 2-dimensional color image that contains additional links that are
not present in Fig. 6. Each homology representative cell is drawn with a dashed circle and its dimension. Right: Homology representative cells and the additional links
(P2 , P6 , P7 , D2 ). Each cell is labeled with its representative color and its dimension.
The rest of additional links are not drawn for clarity purposes.

4

Conclusions and Future Work

A CRIT model of a color 2D digital image I (seen as an ACC) is a new topologically consistent tree-representation having as nodes the different 0-cells, 1-cells
and 2-cells of I and having as edges some of the incidence relationships between 0-cells and 1-cells or 1-cells and 2-cells. The set of the rest of incidence
relationships for any node in a CRIT that are not expressed as edges of it is
suitably stored as node information. From a CRIT, it is automatic to construct
the smaller ACC that encodes the homological information of I, having as 2-cells
the different constant-color connected regions of I, as 1-cells, the different connected cracks between two regions and as 0-cells the cross points of I. Moreover,
although this model is not unique for one image and its construction depends
on some fusion criterion for the regions, it is also straightforward to change one
CRIT into another one. In a near future, we plan to advance in the following
issues:
– to design and implement an almost-full parallel algorithm for computing a
CRIT of a digital image of dimension n × m of complexity near log(n + m).
– to design fast algorithms for transforming one CRIT into another one that
meets specific incidence requirements;
– to define new geometric and topological features or characteristics associated
to a CRIT.
Acknowledgments
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Fig. 9. Left: An image with two regions K and L having two common boundaries, namely KL1, KL2. Because of external M and internal J regions, there
are also 4 crosses that can be represented by the same colors in two couples
(M KL1, M KL2, JKL1, JKL1). Right: Classical RAG representation for this image.
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Abstract. Critically ill patients often need Invasive Mechanical Ventilation (IMV) when treated at intensive care units (ICU). However, it
is a complex treatment that most medical doctors avoid when possible. This technique demands appropriate equipment such as ventilators
and specialized personal to operate it. Patients with Coronavirus Disease
(COVID-19) may need IMV, usually for an extensive period. Due to the
pandemic, IMV resources became scarce, and the decision to institute
mechanical ventilation based on medical judgement should be avoided
unless it is absolutely necessary. This study proposes the use of clinical and laboratory data from the 24 hours preceding and succeeding
the ICU admission and Machine Learning classifiers such as Random
Forest (RF) to predict the probability of a patient requiring IMV. The
proposed methodology is split into pre-processing, modelling, and feature selection. A wide range of different classifiers with a diverse set of
variables were tested. The final model is an RF model with sixteen features and a 91.88% out of sample accuracy. It can predict if a patient
needs IMV, and produce an explanation for the model using Local Interpretable Model-agnostic Explanation in seven seconds. We believe this
to be an advantageous tool for supporting clinical decisions, minimize
ventilator-associated complications and optimize resources allocation.
Keywords: Machine Learning · COVID-19 · Invasive Mechanical Ventilation · Intensive Care Unit.
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Introduction

An outbreak of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2),
causing the Coronavirus Disease (COVID-19) marked the beginning of 2020 [25].
As there is no treatment with proven efficacy, the World Health Organization (WHO) advice to delay the COVID-19 spread is self-isolation, social distance, and washing hands several times a day [25]. On March 11, 2020, WHO
declared COVID-19 as a pandemic, the first caused by a coronavirus. The WHO
has recorded more than 79 million confirmed cases of COVID-19 and more than
1.7 million deaths directly caused by this pandemic [25] on December 28, 2020.

Gam-COVID-Vac known as Sputnik V became the first vaccine to have governmental approval for distribution in Russia, in August 2020 [4]. However, this
vaccine was approved prior to the publication of the early results and the start
of phase 3 trials [4]. The United Kingdom became the first country to authorize
the use of a vaccine in Europe and the United States. The Tozinameran also
know as Comirnaty received emergency authorizations from the United Kingdom, European Union and United States in December 2020 [11, 7, 9].
A person with a SARS-CoV-2 infection can be completely asymptomatic
or present anosmia, fever, cough, or fatigue. Although these symptoms mimic
the “common cold” [17], it is more severe than other influenza viruses diseases.
COVID-19 can affect anyone, but is particularly severe for the elderly or patients with other comorbidities [8]. Since it affects primary the pulmonary and
cardiac systems, 16.3% of COVID-19 inpatients need treatment in an Intensive
Care Unit (ICU) and 11.3% require Invasive Mechanical Ventilation (IMV) [5,
2]. Between 20% and 30% of COVID-19 cases develop a moderate or severe infection resulting in need of IMV, extended periods of hospitalization and eventually death with multiple organ failure. Richardson et al. [21] and Myers et
al. [16] studied the statics factors of hospitalizations in New York City Area
and California respectively. The first have considered 5700 and the second 377
hospitalizations due to infection by SARS-CoV-2 and reported that 14.2% and
29.97% of these inpatients needed ICU treatment. During hospitalization, 12.2%
in New York City Area and 29.2% in California required IMV. Hence, health
systems and hospitals had an enormous pressure in the inpatients’ wards and
in the ICU departments, especially with the IMV equipment and specialized
personal needed.
This work focuses on predicting whether an ICU patient needs IMV. The
model uses data from the 24 hours preceding and succeeding the ICU admission.
It uses clinical data of the COVID-19 patient recorded and available in that
period, such as blood tests, or vital signs. As far as we know, there is no other
study developed using as many hospitalizations and types of data as this. These
features are used to train Machine Learning (ML) classifiers that will be able to
predict the probability of a patient needing IMV. The model explanation will
help physicians interpreter the most important features for the model. In the
future, the selected model will be incorporated into Patient.CARE ® and it will
be available for doctors and nurses use in real-time. There is no public knowledge
of other software capable of this type of classification using ML methodologies.
This study is split into six parts. In Section 2, the work previously developed
in this field is presented. In Section 3, one can find the description of the data set.
Section 4 presents the methodology used in this study from data pre-processing
to the modelling phase. The results of the application of the previous methodology and the out of sampling tests are discussed in Section 5. Finally, the main
conclusions and future work of this study are given in Section 6.
2
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State of the Art

Although the use of ML in medicine is relatively new, its potential has been
recognized for helping to make wiser, more precise, and personalized medical decisions. Big Data and ML approaches in medicine can be divided into Predictive
and Prescriptive analytics [19]. While the first focus on predicting whether the
patient is going to experience an event, the second concentrates on what can or
should be done for the patient.
Several studies use ML to help predict mortality rates, readmission, or the
outcome of sepsis. Fialho et al. [10] used physiologic variables before discharging
to predict patient readmission. In 2019, Junqueira et al. [12] used ML classification algorithms such as Random Forest Classifier (RF) and Support Vector Machine (SVM) to identify most relevant risk factors for ICU readmission.
Sacramento et al. [22] use data from B-Simple [1] to predict the likelihood of a
patient to be readmitted after surgery with an accuracy of 91%. Similar work has
been developed to predict ICU mortality. Krajnak et al. [14] and Bhattacharya
et al. [3] use ML techniques to achieve it. Both found an efficient and accurate
model, however, the first reported some problems with excessive time to create a
solution. The second focus on a solution for a typical problem when using health
data: imbalanced data [6]. A recent study in Denmark examined the use of ML
methods and time-series data to enhance the mortality prognostication of ICU
patients. Thorsen-Meyer et al. [23] use a Recurrent Neural Network (RNN) with
one-hour sampling interval for each feature to deliver real-time predictions of 90day mortality. This study investigated the possibility and benefit of interpretable
models. The RNN proved to be explainable and the most important features, for
each patient, can be visualised. Sepsis is an usual diagnosis for critically hill patients so, it is necessary a tool to help treat or prevent it. Komorowski et al. [13]
developed the Artificial Intelligence Clinician capable of analysing patient data
and select a reliable course of treatment for patients with sepsis. It showed lower
mortality when the clinical decision matched the proposed treatment by the
Artificial Intelligence Clinician. The development of predictive tools for the use
of IMV is still slim. Fabregat et al. developed a ML tool capable of predicting
the outcome of programmed extubations. They use three classification models:
Logistic Discriminant Analysis, Gradient Boosting Method and SVM. The best
one presented a 94.6% accuracy.

3

Data Set

The anonymized clinical data of all patients hospitalized in ICU’s using the critical care management software B-ICU.CARE® [1] was compiled and organized
in a database. The included data represent most of the ICU’s in continental Portugal and in the Community of Madrid in Spain. This database does not save any
personal information, however, it records and encrypts all clinical data regarding
the patient ICU staying, namely Heart Rate (HR), Respiratory Rate (RR) or if
the patient needed IMV, among others. Only adult patients that had COVID-19
were considered.
3

The database contains data from patients admitted at the ICU’s after the
24th of February 2020 in Spain and the 1st of March 2020 in Portugal and all
of them have been medical discharged from the ICU’s before the 16th of August
2020.
In Portugal, 66.93% of ICU patients were male (33.07% female), with an
Average (AVG) age of 64.29 and a standard deviation (std) of 13.01. The AVG
Lenght of Stay (LOS) in ICU was 13.08 days and 57.57% of these patients
needed IMV. In Spain, 72.37% of ICU patients were male (27.63% female), with
an AVG age of 60.59 and a std of 11.71. The AVG LOS in ICU was 17.86 days
and 76.08% of these patients needed IMV. In this sample, the AVG duration
of IMV was higher for the patients who survived, see Table 1. Spain presented
longer duration of IMV and in AVG, patients that survived were ventilated for
19.69 days.
Table 1. AVG IMV duration (in days) at the end of the ICU stay.
Total Portugal Spain
Alive 17.31
15.68 19.69
Deceased 16.13
14.25 17.31

The mortality rate in the Portuguese ICU was 17.00% while in Spain was
35.05%. We have no information about the clinical condition and follow-up after
ICU discharge for patients who survived. We included information about drug
therapy in our database, but we had to split it into two subsets, since this
information was not available for all hospitals included. The first subset has
all ICU hospitalizations but does not consider any drug-related features. The
second includes the drugs, but excludes every patient treated at hospitals for
which this information was not available. All analysis, modelling and statistics
are performed in both sets to access the difference between models that use drug
information and the ones that do not use it.

4

Methods

The methodology adopted for this study is explained in Figure 1. It has six
phases: data preparation, processing, modelling, accuracy evaluation, feature
selection, and the evaluation of the final model.

Fig. 1. Flowchart for the overall methodology.
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4.1

Data Preparation

The B-ICU.CARE ® is a customizable ICU product. In this way, the enormous
amount of clinical data recorded in different hospitals requires normalization in
a central database. Techniques were thus developed to organize the information.
Diagnosis were analysed by a medical doctor, specialist in intensive care medicine
and divided into 65 categories. For instance, the category “Acute Respiratory
Failure” includes all patients with acute respiratory failure with or without previous pulmonary diseases.
A similar process is applied to a list of drugs since each hospital uses a
different nomenclature, units and concentrations. In this case, the same physician
chooses the drugs and the drug classes that could have beeen prescribed for
COVID-19 treatment. The drug classes considered in this study are as follow:
Corticosteroid, Antimalarial, Antiviral, Anticoagulant, Vasopressor, Antibiotic,
Bronchodilator.
4.2

Data Pre-Processing

The initial variables set includes age, gender, worst Glasgow Coma Scale (GCS),
Simplified Acute Physiology Score II (SAPS II), Acute Physiology And Chronic
Health Evaluation II (APACHE II), vital signs, and results for blood and urine
analysis such as bilirubin or urea. Most variables are Boolean, however, the vital
signs, blood and urine analysis are time series that were replaced by their minimum, AVG and maximum value within the 24 hours preceding and succeeding
the ICU admission. Moreover, the diagnosis and drugs classes are also taken
into account. For these variables, the number of times a drug of each class is
prescribed was considered. For the diagnosis, the number of times a diagnosis
of each class is associated with the hospitalization was counted. The type of
diagnosis was not taken into consideration.
The percentage of missing data in each variable is first evaluated. There are
some problems with missing data in the vital signs, blood and urine analysis
due to the nature of these variables. The vital signs were obtained through the
monitor and, if missing, the values inserted by the nurse were considered. All
variables with more than 45% of missing data were not included. Furthermore,
two more stages of missing data were considered: 25% and 40%. Second, the
correlation between each variable and the IMV was computed. All variables
with a correlation between −0.1 and 0.1 were excluded.
4.3

Modelling

This investigation is based on supervised learning, Figure 2, that allows checking
which set of variables best describes the data for classification.The cycle consists
of five main steps: divide data, data normalization and imputation, balance
the data with Synthetic Minority Over-sampling Technique for Nominal and
Continuous (SMOTENC), train and validate the models using accuracy.
5

This work is developed in Python 3.8.6 [24]. The focus is on classification
models given the nature of the primary objective. In total, 149 different classification models were tested by using different parameters within each model.
To test different classification techniques, six types of classification models were
used:
– K-Neighbors Classifier

– RF
– XGBoost Classifier
– Stochastic Gradient Descent Classifier

– Decision Tree Classifier
– Support Vector Classification

X̄
The normalization step applies Equation xi = Xσi −
where xi represents the
X
normalized value of the variable X for the hospitalization i, X̄ represents the
AVG and σX is the std of the variable X in the training set. The normalization
is previous to the SMOTENC function [15] and to the imputation of a constant
value of 0 (note that imputation with 0 after normalizing corresponds to use the
average value). Categorical features such as drugs, GCS, or prone position, are
not normalized.
As indicated in Figure 2, this process is repeated 50 times, which guarantees
the use of different random training and validation sets. It reduces the possibility
of overfitting since, for each model, the AVG and std of accuracy, precision
and recall are evaluated. As mention in Section 3, there are two collections of
data in the study: data with drug information (“Drugs”) and without (“No
Drugs”). For each collection, as discussed in Section 4.2, there are three sets of
variables regarding the percentage of missing data. Note that no hospitalization
is excluded, only variables.

Fig. 2. Flowchart for Modelling phase.

The previous analysis will find the best type of classification model. Next,
the feature selection is imperative to ensure only the use of significant features.
Figure 3 describes the algorithm applied for feature selection. The Recursive
Feature Elimination (RFE) tool tests the possibility of using fewer variables [18].
It can be changed to choose only one variable or all of them (N). In this way,
the algorithm tests all possibilities in 30 different training sets. The number of
training sets is inferior to the initial since this process takes a significant amount
of time when compared to the first. It ensures the best choice for minimizing the
overfitting problem.
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Fig. 3. Flowchart for the Choosing Features phase using RFE. N represents the maximum number of features.

5

Results

Following the application on Figure 2, it is possible to determine the best initial
set of variables, and the classification model with best accuracy. In this case,
the set of features that presents the best accuracy was the initial set with all
variables with less than 40% missing data. The best classification model was a
RF. This model was used for the remaining processes. At this point, the model
was trained using 50 different variables, for the data with the drugs, and 55
variables for the other case. Since the main objective for this tool is to be easily
used within ICU context, the possibility of using fewer variables was evaluated.
Next, the algorithm presented in Figure 3 was used to evaluate the behaviour
of the three best classification models using between 1 and N features. To evaluate if the mean accuracy of other combination of variables is significantly different from the best, one can use the t-Test Paired Two Sample for Means. This
tool allows the identification of all the models whose mean accuracy does not
significantly differ from the best model. For the “No Drugs”, case the minimum
number of variables is 23, and the “Drugs” is 16. In Table 2, it is possible to
observe the final results for these validations processes. The best accuracy results for booth “No Drugs” and “Drugs” possibilities are associated with a large
number of variables, 54 and 49 respectively. The last has the best Accuracy,
Precision, and Recall so, it was the chosen for the test with unseen data.

Table 2. AVG and std values for Accuracy, Precision, and Recall for the best set of
variables and for the set with fewer variables and no significant difference.
Models Variables
No RF300
Drugs RF300
RF350
Drugs
RF300

54
23
49
16

Accuracy
AVG std
0.8648 0.0214
0.8604 0.0227
0.8852 0.0222
0.8826 0.0217
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Precision
AVG std
0.8893 0.0223
0.8922 0.0239
0.9011 0.0228
0.9022 0.0213

Recall
AVG std
0.9291 0.0222
0.9182 0.0208
0.9489 0.0176
0.9435 0.0219

Since all the train and validation data used in this work is from ICU inpatients that had ICU discharge until August 2020, the predictive was tested on
ICU inpatients hospitalized after September first, 2020 in four hospitals. This
experiment is important to evaluate the performance of the discussed classification model on an independent data sample. These patients were not considered
on the original data set since, at the time, they had not been hospitalized yet
so, it is a completely independent data set. This testing sample has 197 hospitalizations that correspond to 187 patients which were hospitalized between
September 2020 and November 2020.
In Table 3, it is possible to observe the confusion matrix for the 197 predictions. The classification model made 16 wrong predictions, nine of them are false
positive. The accuracy measures in this experiment are:
Accuracy = 91.88%
Precision = 94.49%

Recall/Sensitivity = 93.02%
Specificity = 89.71%

Table 3. Confusion Matrix for the results obtained when testing the predictive on a
new data sample. The “TRUE” represents the use of IMV by the patient.

Predicted
Class

Actual Class
TRUE FALSE
TRUE
120
9
FALSE
7
61

The algorithm is prepared to be incorporated into the B-Simple clinical software. It will output not only the probability that a patient will need IMV, but
also which features had the most weight in the final decision. This can be achieved
by using Local Interpretable Model-agnostic Explanation (LIME) [20]. LIME is
capable of explaining the importance of each feature on the final decision as
shown in Figure 4. This explanation can be vital on a clinical support decision
tool since it gives extra confidence to the medical doctor using it. Additionally,
it may alert the physician for clinical factors that, at first sight, could be ruled
out as unimportant.

6

Conclusions

The main objective for this project was to develop a classification tool capable of
forecasting whether a patient will need IMV during the ICU stay. Although this
work is focused on COVID-19 patients, it can be extended to all ICU patients.
This tool may be helpful when allocating ICU resources since it is capable of
predicting how many ICU patients will need ventilators.
The algorithms developed for this project allowed to test the performance of
numerous classification models and feature selection. The set of features and the
RF classification model reached an accuracy of 91.88% in an out of sample set.
The algorithm can handle missing data for numerical features.
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Fig. 4. Example of an explanation produced using LIME when predicting the use of
IMV for a test hospitalization.

The next step for this work is to extend the classification model to all ICU patients. This can be accomplished by two different approaches: training a general
model or training several models for each type of ICU patient. Both approaches
will result in a clinical support tool that has the potential to help medical doctors
decide to use IMV or not.
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Abstract. A corneal ulcer is one of the most frequently appearing diseases that may affect eye health. The proper measurement of corneal
ulcer lesions enables the physician to evaluate the treatment effectiveness and assist in decision-making. This article presents the solution
for ulcer segmentation as a pixel-wise classification task, and proposes a
novel coarse-to-fine method to extract corneal ulcers from ocular staining
images. This study combines two classical convolutional neural networks
(CNNs), known as U-net and DexiNed, following Morphological Geodesic
Active Contour as a post-processing operation. We trained the CNNs using 358 point-flaky corneal ulcer images and evaluated its performance
in 91 flaky corneal ulcer images. Our approach achieved 70.50% of Dice
Coefficient on average, 87.4% of Recall, and 99.0% of Specificity, and
True Dice Coefficient of 63.7%. These results corroborate our approach’s
efficacy and efficiency.
Keywords: computer-aided diagnosis · image segmentation · deep learning · eye health.
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Introduction

Many corneal diseases may affect eye health, such as Pytherigium, Infection,
Conjunctival nevus and Corneal Ulcer. The corneal ulcer is one of the most
frequently appearing of these, and it is defined as an inflammatory or even
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more severe condition. It may lead in some cases to epithelial layer disruption or
corneal stroma disruption. There are some potential causes of corneal ulcers, such
as topical steroid usage, contact lens usage, trauma and ocular disorders, leading
to perforation, scarring and vision loss [3]. Corneal ulcers can be classified into
three general types, considering their shape and distribution: point-like, pointflaky mixed and flaky. Figure 1 shows samples of these three types.

Point Like

Point-Flaky
Mixed

Flaky

Fig. 1. Image samples from the SYSUTech-SYSU dataset, with the top row depicting
point like corneal ulcers, the middle row depicting point-flaky mixed, and the bottom
row depicting flaky corneal ulcers.

Usually, the point-like type appears at an early stage, when there are most
chances of success in its treatment. This type of corneal ulcer has numerous ulcer
dot distribution patterns that can appear anywhere within the corneal tissue.
Therefore, it is not reasonably possible to segment it manually. A flaky corneal
ulcer usually indicates a much more severe corneal disease. It has a uniform
shape with clear boundaries, and may lead to scars and even vision loss. A
point-flaky mixed corneal ulcer is a combination of point-like and flaky corneal
ulcers. It indicates corneal disease with a severity degree, which lies between the
aforementioned types. Measuring corneal ulcer lesion extension plays a crucial
role in the treatment, as such a measurement may assist the specialist in the
treatment follow-up.
The present study consisted of developing a computational method for corneal
ulcer segmentation in ocular staining images. Hence, we evaluated and compared
different CNN architectures and post-processing techniques found in the stateof-the-art. During the research process, we defined the following specific objectives: evaluate the U-net, DexiNed and LinkNet CNN architectures applied to
this problem of image segmentation; estimate different pre- and post-processing
image operations; and train the method using only point-flaky mixed corneal
ulcer images, and validate it using flaky corneal ulcer images.
The remainder of this article has the following structure. Section 2 presents
related works as to corneal lesion image segmentation; Section 3 details the evaluated CNN architectures, used image dataset, applied data preparing operations,
and the adopted evaluation metrics. Section 4 presents the proposed approach.

A Coarse to Fine Corneal Ulcer Segmentation Approach

3

Section 5 presents the results, and Section 6 contains a discussion of these results. Finally, Section 7 concludes the article and indicates future directions for
research.

2

Related Works

We carried out a literature review looking for state-of-the-art articles related
to computer-aided diagnosis solutions to segment corneal lesions. The survey
aimed to identify and classify the works available in the literature based on the
techniques employed, image dataset, year of publication and application domain.
In this context, we can highlight the articles of Sun et al. [15], Deng et al. [5],
Patel et al. [12], Deng et al. [4], Lima et al. [10], and Liu et al. [11]
We noticed that only the work of Sun et al.[15] uses a CNN-based approach
to segment corneal ulcer images. In contrast, the other methods are based either on classical clustering or classification algorithms. In this context, our work
contributes to exploring the limits of applying CNNs to segment corneal lesions,
specifically corneal ulcer lesions.
Table 1 summarises the works found in the reviewed literature in terms of
the year of publication, used technique(s), number of used images, and the application domain. In all of these works, the images used for training and test
purposes were from the same dataset, and none of them used publicly available
datasets, except for the CLID dataset used in Lima et al. [10].
Table 1. Summary of the works found in the reviewed literature in terms of the year
of publication, used technique(s), number of used images and application domain.
Work

3

Technique(s)

N. of Images

Domain

Sun et al. [15] 2017

Year

Path-based CNN

48

Corneal Ulcer

Deng et al. [5] 2018

SVM with Superpixel

150

Corneal Ulcer

Patel et al. [12] 2018

Random Forest and
Active Contour

50

Corneal Ulcer

Deng et al. [4] 2018

Iterative k-means,
Morphological Operations
Region growing

48

Corneal Ulcer

Liu et al. [11] 2019

Gaussian mixture modeling and
Otsu method

150

Corneal Ulcer

Lima et al. [10] 2020

Random Forest Classifier

30

Infection, Pterygium
and Conjunctival nevus

Materials and methods

This study aimed to propose an automatic method for corneal ulcer segmentation. We performed experiments using different combinations of the U-net,
LinkNet and DexiNed CNNs architectures applied to the SUSTech-SYSU [6]
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dataset. Combined with that, we used other post-processing techniques such
as Binary Threshold, Otsu Threshold, Geodesic Active Contour, Fill holes and
Morphological Operations. We evaluated the models’ performance using four
different metrics to identify the proposed method’s best settings.
3.1

Evaluated CNN architectures

U-net [14] is a convolutional neural network proposed for biomedical image
segmentation. The general U-net architecture consists of two paths: a contracting
path capable of capturing the image’s context, and an expansive path capable
of building the segmented image. The primary strategy that differentiates the
U-net architecture from the other fully connected ones is combining the feature
maps from the contraction layers with their symmetric correlated feature maps
from the expansion layers. This characteristic allows the propagation of context
information to high-resolution feature maps.
Chaurasia et al. [2] proposed LinkNet aiming to provide a semantic segmentation approach using less computational complexity comparing to other CNN
architectures. LinkNet is based on encoders and decoders concepts, and is designed to perform a convolutional operation followed by a max-pooling operation
on its output data; after that, there are four encoders blocks, followed by four
decoders blocks. Finally, the architecture applies a sequence of full convolution,
followed by a simple convolution and another full convolution as output.
DexiNed (Dense Extreme Inception Network for Edge Detection) [13] is
a convolutional neural network for edge detection. It is built using a stack of
filters that predict an edge map based on an input image. DexiNed comprises
two sub-network architectures: Dense Extreme Inception Network (Dexi) and an
up-sampling block (UB). Whereas the Dexi architecture has an image as input,
the up-sampling block gets a feature map from the Dexi architecture block.
The resulting architecture generates thin edge maps avoiding edge losses in the
deep layers. DexiNed provides two outputs: Pred-a and Pred-f. The upsampling
block returns six edge map outputs; by calculating the average from these six
edge maps, one gets the Pred-a output, and by fusing these six edge maps, one
gets the Pred-f output. In this work, we use DN-a and DexiNed-a to refer to
the DexiNed model using the Pred-a output, and DN-f to refer to the DexiNed
model using the Pred-f output.
3.2

Image Dataset

SUSTech-SYSU [6] is a dataset for automatically segmenting and classifying
corneal ulcers from ocular fluorescein staining images. It was prepared to supply
the lack of high-quality datasets to develop segmentation and classification algorithms for corneal diseases. The dataset contains 712 ocular staining images,
and the segmentation ground truth of flaky corneal ulcers: 263, 358 and 91 images for point-like, point-flaky and flaky general types, respectively. The dataset
also provides the three-fold class labels for each image: 1) labels in terms of
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general ulcer pattern, 2) labels in terms of its specific ulcer pattern, and 3) the
corresponding ulcer severity degree.
The work of Gross et al. [8] is the only official article published using the
SUSTech-SYSU dataset. It describes a CNN based image classification approach
to identify different types of Corneal Ulcers from fluorescein staining images.
3.3

Evaluation Metrics

In this work, we use the term ‘positive’ to designate ulcer areas and ‘negative’
to define non-ulcer areas. We calculated the confusion matrix to obtain the
segmentation Recall (R), Specificity (S) and Dice Coefficient (DC).
In order to evaluate the segmentation quality, we calculated two more metrics:
Average Dice Coefficient (ADC) and TDC (True Dice Coefficient). We can define
the Average Dice Coefficient (ADC) as the mean value of all DCi divided by the
number of the images in a given dataset (n), i.e.:
Pn
ADC =

i=1

n

DCi

.

(1)

We consider that a “good” image segmentation result should have a DC value
over a threshold (t). The True Dice Coefficient (T DC) metric for a dataset d is
the number of automatic segmentation executions that achieved DCi > t divided
by the total number of images. To compute the T DC metric, a score for each
image (i) is calculated based on the Dice Coefficient as:
{ s corei = 0, if DC < 0.7, scorei = 1, otherwise.

(2)

Given a dataset with n images, the final T DC value is defined as the mean
of all per-image scores:
Pn
T DC =

scorei
.
n

i=1

(3)

According to Genctav et al [7], Dice scores greater than 0.7 indicate a remarkable similarity between the segmented and ground truth regions. So, we
considered the threshold t = 0.7, to calculate the TDC.

4

Proposed Method

This work proposes an automatic segmentation method that combines two CNNs
Architectures: U-net for image segmentation and DexiNed, which was initially
proposed for edge detection, but it is here combined with the U-net output
for image segmentation. We then apply 300 operations of the Morphological
Geodesic Active Contour (MorphGAC) algorithm [1]. Figure 2 illustrates the
proposed method’s process.
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Training Stage

Final Segmented
Image

U-net output

Point-Flaky mixed Images

U-net

DexiNed

Text

Ulcer Edge Map

Input Image

U-net output
Trained
U-net

Trained
DexiNed

DexiNed Output

Testing Stage

MorphGAC
Ulcer Label

Fig. 2. Flowchart of the proposed method.

One should note that we do not propose any corneal segmentation method
in this study. Instead, we focus exclusively on the corneal ulcer lesion segmentation, assuming that an automatic [9, 4] or even manual [15] process had previously segmented the cornea. Therefore, the first performed preprocessing step
is the corneal area segmentation using the corneal ground truth provided by the
SUSTech-SYSU.
Once the training sets were prepared, we submitted the 358 point-flaky images and their corneal ulcer labels to the U-net. The U-net model was trained
during 70 epochs using its classical architecture [14]. The number of 70 epochs
was empirically defined, varying the number of epochs in increments of 10 until
the model converges. The U-net output is a grayscale image that may contain
undesirable segmented areas. Besides, a grayscale image is not the ideal final
result for an image segmentation method. Thus, we then use the DexiNed to
refine it.
To train the DexiNed model, we generated an edge map for each of the ulcer
cornea labels. We did this by applying two iterations of erosion in the original
ulcer label using a 3x3 structuring element. Then, we subtracted the resulting
image from the erosion operation to the original ulcer label resulting in the ulcer
edge map.
We submitted the 91 corneal flaky images (Figure 3(a) to the trained U-net
model. The U-net model (Figure 3(b)) was then connected to the DexiNed input.
Finally, on the DexiNed-a output (Figure 3(c)), 300 iterations of the MorphGAC
were executed to get the final result (Figure 3(d)) using the Otsu threshold
method to find the threshold value for the MorphGAC parameter. After that,
we calculated the quality metrics using the final segmentation achieved by the
proposed method (Figure 3(d)) against the corresponding ground truth (Figure
3(e)).
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Fig. 3. Input image (a), U-net output (b), DexiNed-a output (c), Final result after submitted to MorphGAC (d), and corresponding ground truth provided by the SUSTechSYSU dataset (e).

5

Results and Discussion

To find the best possible approach, we tested the combination of the U-net,
DexiNed and LinkNet models, and each of these CNN models separately with
different post-processing methods.
In the experiments, we used the following settings. Dataset: 358 Point-flaky
images as training data and 91 Flaky images as testing data. Architectures: Unet, LinkNet, and DexiNed arranged according to the following settings: LinkNet
connected to U-net, LinkNet itself, U-net connected to LinkNet, DexiNed connected to U-net, DexiNed itself, U-net connected to DexiNed and U-net itself.
LinkNet and U-net were set with 1e-5 of learning rate and executed for 70
epochs, and DexiNed with a learning rate of 1e-4 and 1000 iterations at most.
Post-processing: For each of the architectures previously mentioned, we tested
several combinations of Otsu threshold, MorphGAC and morphological operations.
Table 2 indicates the best results found for each combination. It is essential
to point out that we did not use the point-like images for testing, because the
used dataset does not provide the point-like corneal ulcer ground truth.

Table 2. Results obtained using combinations of the DexiNed (DN), LinkNet (LN)
and U-net (UN) architectures, and MorphGAC, Otsu thresholding, Binary thresholding
and Morphological operations. (Best values found in bold.)
Experimental Settings
LN → UN
LN → Otsu → fill holes
UN → LN → Otsu
DN-a → UN
DN-a → Otsu → fill holes → DN-f
DN-a → MorphGAC → Otsu value
UN → binary threshold
UN → Otsu → morph. op.
UN → DN-a + MorphGAC

ADC(%)

R(%)

S(%)

TDC(%)

06.50±0.069
15.70±17.00
23.00±20.10
26.90±25.50
66.70±25.50
68.30±25.20
70.30±28.40
74.10±27.10
70.50±25.10

00.00±00.00
40.50±37.00
38.10±21.50
23.60±29.10
91.20±18.30
89.20±19.30
96.40±11.80
92.10±31.90
87.40±21.50

00.00±00.00
84.30±30.10
91.70±19.90
95.50±26.80
98.80±01.10
99.00±01.00
98.30±02.10
98.70±01.90
99.00±01.10

00.00
00.00
00.00
08.70
49.40
53.80
60.40
62.60
63.70
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As to the ADC metric, we obtained the best result (74.10%) with the U-net
model trained for 70 epochs, with its output submitted to the Otsu threshold, fill
holes operation and erosion, in this specific sequence and using a 3x3 structuring
element for the erosion operation.
The results of each experiment for the Recall (R) metric are indicated in
Table 2. The Recall is a critical metric as it represents the method’s capability to
identify pixels that correspond to the lesion area correctly. We achieved the best
result (96.40%) using the U-net model combined with a classical binary threshold
operation to get an utterly binary image from the U-net output directly.
The S column of Table 2 indicates the specificity metric results. This metric
represents the method’s capability to identify pixels that correspond to nonlesion areas correctly. We achieved a value of 99.00% for this metric as the best
result by using the U-net model with its output connected to the DexiNed model.
Using the DexiNed-a output, we applied MorphGAC using the Otsu threshold
function to set its threshold value.
The same settings previously mentioned also achieved the TDC metric’s best
results with a value of 63.70%. This metric indicates the percentage of the testing
data that the method could correctly segment, considering the criteria defined
in Section 3.1.
As one can notice from the third row of Table 2, the results using the
DexiNed-a output combined with the MorphGAC using the Otsu threshold parameter are promising. These results suggest that the DexiNed CNN architecture
may be a reasonable option for image segmentation problems, although it was
primarily designed for edge detection.
Figure 4 depicts the results of the proposed segmentation method (in red)
overlapped with the correspondent ground truths (in white). The figure shows
the worst (Figures 4(a)), median (Figures 4(b)) and best (Figure 4(c)) cases
obtained as to the Dice Coefficient.

(a) DC = 0.0% (b) DC = 75.47% (c) DC = 96.91%
Fig. 4. Examples of corneal ulcer images from the test dataset of 91 flaky corneal
ulcers: The results of the proposed segmentation method (in red) are overlapped with
the correspondent ground truths (in white).

Although there are several approaches for corneal lesion segmentation, there
was no benchmark image dataset in the literature. For a long time, this fact prevented a direct comparison between the existing methods over the years. Only
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in 2020, two corneal lesion image datasets were publicly released: SUSTechSYSU [6] (used in this work) and the CLID dataset [10]. Therefore, to the best
of our knowledge, this is the first method applied to corneal ulcer segmentation
using the SUSTech-SYSU dataset.
From Table 3, one can verify that the number of images used in this work
is higher than the number of images included in the datasets used by Sun et
al. [15], Deng et al. [4] and Lima et al. [10], and only lower than the number
used in the works of Deng et al. [5] and Liu et al. [11]. It is essential to point
out that our method uses different corneal ulcer lesions for training and testing
stages using 449 images. Additionally, we evaluated it with all 91 flaky images
available on the dataset, which are the only ones that have clear ground truth
for validation.
Table 3. Comparison of the results obtained by the proposed method with the ones
of the state-of-the-art.
Work
Dataset size ADC(%)
R(%)
S(%)
TDC(%)
Sun et al. [15]
48
86.00±07.30 82.00±11.20
Deng et al. [5]
150
Deng et al. [4]
48
87.90
Lima et al. [10]
30
87.82
98.05
98.20
82.00
Liu et al. [11]
150
88.05 ± 06.11
Proposed Method
449
70.50±25.10 87.40±21.50 99.00±01.10
63.70

Although the methods presented in the state-of-the-art had achieved better
results, we believe that our method is relevant because it could generalize the
features from the point-flaky images to segment the flaky corneal images. Based
on that, we can train our method to segment point-like corneal ulcers, bringing
up the possibility of using it to assist physicians in measuring point-flaky corneal
ulcers. Not to mention that some of those methods are not entirely automatic
as the one proposed by Lima et al. [10].

6

Conclusion

We proposed an automatic segmentation method for corneal lesion images that
was applied to the SUSTech-SYSU image dataset. The new method uses two
different CNNs: U-net, originally proposed for image segmentation, and DexiNed, initially designed for edge detection. We also tested various combined
post-processing techniques (Binary Threshold, Otsu threshold, Fill holes and
Geodesic Active Contour) to improve the CNN model outputs.
We found that the combination of the U-net output connected to the DexiNed model achieved better overall results when using the DexiNed-a prediction
output with MorphGAC using the Otsu threshold value as parameter.
It is essential to point out that we only used point-flaky corneal images
with not accurate ground truth to train our model. Considering that the used
dataset does not provide the point-like ulcer ground truth, we used only the
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flaky corneal ulcer images to test the proposed models. However, we achieved
encouraging results. Thus, we think that our model could generalize the training
data (358 point-flaky corneal images) to segment the test data (91 flaky corneal
ulcer images).
In the future, we intend to apply the proposed method on point-like corneal
ulcer images and perform a manual validation by ophthalmologists. We believe
that our method would be able to successfully segment point-like corneal ulcer
images.
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Abstract. We present how replacing convolutional neural networks with
a rotation-equivariant counterpart can be used to reduce the amount of
training images needed for classification of whether a cell is cancerous or
not. Our hypothesis is that data augmentation schemes by rotation can
be replaced, thereby increasing weight sharing and reducing overfitting.
The dataset at hand consists of single cell images. We have balanced a
subset of almost 9.000 images from healthy patients and patients diagnosed with cancer. Results show that classification accuracy is improved
and overfitting reduced if compared to an ordinary convolutional neural network. The results are encouraging and thereby an advancing step
towards making screening of patients widely used for the application of
oral cancer.
Keywords: machine learning · accuracy · cell image analysis · malignancy

1

Introduction

In the last years, convolutional neural networks (CNNs) have been increasingly
applied to classification of biomedical data. Our application concerns cell samples collected from patients’ oral cavity used to efficiently screen for oral cancer [4]. Performing analysis of the cell images by experienced pathologists is
time-consuming and thereby costly. In addition, the expertise may not always
be readily available to classify whether a cell is malignant or not. In order to
make the screenings widely used, it is therefore desirable to perform these screenings automatically [9]. In this study, we make an advancement towards feasible
automated classification of cell images.
It is well-known that despite being popular, the CNNs need a large amount
of varied training data to avoid overfitting. One approach to increase the data
during training and thereby enrich the data is to use data augmentation [6]. For
image analysis tasks, the input data is typically altered with different transformations such as rotations, scalings, and reflections [12]. One example is when the
amount of data is increased four-fold by rotating the images by 90 degrees. By
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using such a scheme, even though being unvaried, new data is retrieved for training of the network while still keeping the ground truth classification labels intact.
However, this comes with the cost of an extra step in the data preparation. In
addition, interpolation artifacts may be introduced in the images.
CNNs are, with some exceptions such as edge effects, equivariant to translations [11], which means that if an object is shifted in the image, the resulting
features after the convolution operation are shifted as well. In more mathematical
terms, the translation operator T commutes with the convolution operator C:
T (C(x)) = C(T (x))

(1)

However, this relation does not hold for other transformations such as rotations.
In order to achieve this handy property, several methods have been proposed and
tested. One of the most common ways to achieve rotation-equivariant CNNs is
to generalize the convolution operator [3, 17, 18]. Most of these approaches are
limited to specific discrete rotations. Other advances in the field extend to arbitrary angular resolutions using atomic steerable filters [15]. Another alternative
is to use conic convolutions and discrete Fourier transforms for rotation-invariant
classification [2]. Recently, a framework was released to aid in the development
of E(2)-equivariant steerable networks (E2CNN) [14].
One domain where CNNs are heavily used is cytopathology, where cell samples from patients are collected, imaged and diagnosed for diseases. When these
samples are collected from, for example, the oral cavity, they can serve as biomarkers for cancer development. For these images, we make the assumption that
the cells are rotationally invariant on a global scale, implying that regardless how
the sample is rotated during the microscopy imaging process, the classification
output should be identical. However, on a smaller scale, the rotations of parts
of the cells (for example, organelles and chromosomes) could be an indicative of
cancer, which is what we expect the CNNs to reveal.
Our hypothesis is that by replacing ordinary CNNs with equivariant CNNs
in our application, the data augmentation step could be skipped since the networks in effect perform the corresponding transformations at each layer of the
network. That is, instead of performing data augmentations by rotating the data
when training the CNNs, we can use rotation-equivariant networks with no data
augmentations during training and testing. This should improve the expressive
capacity of the network while reducing the number of trainable weights.
To verify our hypothesis, we compare the accuracy of a rotation-equivariant
CNN with that of a standard CNN on a large oral cancer dataset which we use as
a reference. Previous works indicate it would be interesting to investigate these
networks further on this type of dataset, due to the importance of texture-based
features in cell images [16]. In this study, we also vary the size of the training
datasets from a few hundred up to several thousands of images, to verify that
the accuracy is comparable to the results for the baseline network.
Section 2 introduces the methodology of the experiments. Section 3 details
the oral cancer dataset, while Section 4 outlines the architectures and training procedures for classifiers on this dataset. The results are then presented in
Section 5 and interpreted in Section 6.

Rotation-equivariant CNNs for classifying cell images

2

3

Methodology

In this work, we focus on how data augmentation, the amount of training data,
and equivariance properties of the architecture affect the ability of the network
to generalize. We also inspect and compare the models in terms of sensitivity
and specificity. These statistical measures are calculated in the following way:
TP
,
TP + FN
TN
Specificity =
TN + FP
Sensitivity =

(2)
(3)

where TN is the sum of true negatives, FN is the sum of false negatives, TP is
the sum of true positives, and FP is the sum of false positives.
The core idea is however to investigate overfitting. According to the classic
bias-variance trade-off, an optimally trained network strikes a good balance between underfitting and overfitting [6]. In this region, the network has captured
the characteristics of the underlying distribution and is able to generalize to
unseen data from similar distributions. To measure overfitting, we compare the
empirical risk with the testing accuracy.
The empirical risk for a classifier Remp (h) [13] is defined as:
n

Remp (h) =

1X
L(h(xi ), yi )
n i=1

(4)

where h is the hypothesis (i.e., our network), L is the loss function, and xi and
yi are n independent input and output samples, respectively.
The accuracy is defined as the percentage of examples classified with the
correct label. Since a low empirical risk is directly proportional to a high classification accuracy on the training set, we can use the training accuracy as a proxy
for the empirical risk. Based on this, we form the following metric of overfitting:
Overf itting Ratio =

T raining Accuracy
T esting Accuracy

(5)

A high number will then indicate high overfitting, while a low ratio will
indicate low overfitting.

3

Oral Dataset

Screening for malignant cancer is a highly specialized task, requiring good sample
quality, experience, and patience. The procedure for oral cancer diagnosis is
similar to the one for cervical cancer [1]. One can expect issues of very different
origin in the procedure, for example, staining artifacts, bacterial and fungal
infections, ruptured cells, or a combination thereof. Indicators of cancer include
atypical ratios of the nucleus to cytoplasm, the presence of several nuclei, or
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asymmetrical shapes of the cell. Recently, a dataset of images has been prepared
to automate this diagnostic process [9] (we use images from the liquid-based
prepared Dataset 3). A number of colored cell samples from this dataset are
exemplified in a mosaic setting in Figure 1a and one of the cells is selected for
larger illustration in Figure 1b. The corresponding gray-scale image is shown in
Figure 1c. The single cell images are 80 x 80 pixels, centered on cell nuclei. We
use the same dataset in this study, with a few modifications.
We opt to remove the color information the three bands RGB carry, in order
to simplify the image processing and analysis for our prototype system for malignant cancer classification. While the gray-scale conversion eliminates hue and
saturation, our aim is to keep the luminance intact. The conversion is formed by
a weighted sum of the red, green, and blue channels:
0.289R + 0.587G + 0.114B.

(6)

This way, the green channel is given the highest impact, which is reasonable
since a wavelength of around 530 nm (i.e., green) is well-known in the literature to produce the best contrast for this type of biological material [5, 7]. This
conversion is achieved by the Matlab standard function rgb2gray.
In phase one, we partition the dataset into training data and test data as
follows, in two phases. For phase one, the training data consist of 4.254 images
balanced evenly between healthy and malignant samples. The test data consist of
9.942 images, divided into roughly one third healthy and two thirds malignant
samples. For phase two, we investigate the effects of varying the amount of
training data. Here, the number of cells in the training set is increased from 266
to 8.508 in steps. We use the same test set as in phase one.
The data set contains samples from 12 patients, 6 healthy and 6 with confirmed cancer diagnosis. The data are split on a patient level, so that the test
set and the training set include cells from three healthy and three sick patients,
respectively. No cells from an individual patient appear in both training and test
sets, to avoid information leakage. Despite having annotations only on patient
level, we aim to classify each cell nucleus as originating either from a sick or
a healthy patient. That is, if the patient was diagnosed with cancer, then we
associate all the individual cell images from that patient with the cancer label.
However, it is not necessarily true that all the individual cells are malignant cells,
or even indicative of cancer, and therefore it is not expected to near a 100 %
classification accuracy.

4

Experiments

The experiments were performed in two phases following the methodology described in Section 2. We investigated the effects on empirical risk and accuracy
by varying data augmentation, the equivariant properties of the network, and
the amount of data. For all experiments, we modified the VGG16 architecture,
seen in Figure 2 to work with greyscale images of size 80x80 pixels.

Rotation-equivariant CNNs for classifying cell images

(b) Cutout of cell
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(c) Cell in gray-scale

(a) Mosaic of cell images

Fig. 1: Cell images from our dataset.

Fig. 2: The modified VGG16 architecture.

The training hyper-parameters are listed in Table 1 along with additional details of the network. Note that the standard number of channels was reduced to
speed up the experiments. We also adapted the network to be equivariant to 90degree rotations, by replacing the ordinary convolutions with group-equivariant
convolutions on the C4 group. We call this architecture GCNN. The architecture
with ordinary convolutions is named CNN. For the GCNN, we also introduced
an additional group-pooling layer before the fully connected layer, which was
not present in the ordinary CNN architecture. This functioned as a max-pooling
layer over the rotations, and ensured a compatible input to the fully connected
layer. This resulted in an architecture invariant to 90-degree rotations. We implemented our networks in the E2CNN framework, which is based on pytorch [14].
In the first phase, we investigated how the ordinary CNN performed compared to our new rotation-equivariant network. Here, we also investigated the
effect of the use of data augmentation. We rotated the input images by 90,
180, and 270 degrees, increasing the amount of data fourfold, before starting
the training. For each experimental setting, we performed five runs in order to
account for possible outlier results.
In phase two, we investigated how the amount of training data affected accuracy. The amount of training data was increased from 266 to 4254 in steps,
following a law of 266 ∗ 2x , where x is step. The final step diverged from this
law and used 8508 samples, which was the full amount of data available. This
ensured use of all the samples as well as intermediary multiples of the smallest
number of samples. Data augmentation by multiples of 90 degrees was also used.
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Table 1: Settings for the CNN architecture and training procedure.
Parameter
Loss function
Weight initialization
Optimizer
Learning rate
Batch normalization
No. of epochs
Validation frequency
Activation functions
Dropout
No. of channels

Setting
Cross entropy
He
Adam
0.00001
Batches of size 128
200
1/5 epochs
ReLu
0.5 between linear layers
16-16-32-32-64-64-64128-128-128-128-128-128
Convolution layers
Layers 1-12: (3,1,1)
(size, stride, padding)
Layer 13: (4,0,0)
Maxpooling layers
Layers 1-4: (2,2,0)
(size, stride, padding)
Layer 5: (2,1,0)
Linear layer parameters
(128,4096) (input, output sizes)
(4096,4096) - (4096,2)

5

Results

The results from the first phase are presented in Figures 3, 4, and 5. Figure 3
shows the training results for the experiments with the CNN. The training accuracy quickly converged to 100 %. This was true for the GCNN as well.
Figures 4 and 5 show the accuracy on the test set for the CNN and GCNN,
respectively. It can be seen that the accuracy for the CNN on the test set stabilizes at around 55–56 %. This is true regardless of whether data augmentation
is used or not. Using the GCNN increases the test accuracy to around 59–60 %.
Again, this holds regardless the use of using data augmentation. In Table 2
the sensitivity and the specificity for the last epoch for one instance of the experiments are reported. For both architectures, data augmentation by 90-degree
rotations is performed. It is again evident that the GCNN outperforms the CNN.
The results from the second phase are presented in Figure 6. For both architectures, the accuracy on the test set quickly reaches 100 %. It converges
quicker for increasing amounts of data. On the test set, for both architectures,
the accuracy increases when more data is added. The GCNN again outperforms
the CNN.

Rotation-equivariant CNNs for classifying cell images

(a)

7

(b)

Fig. 3: Classification accuracy during training for an ordinary CNN. The figures
show the experiments with a) no data augmentation b) with data augmentation.

(a)

(b)

Fig. 4: Classification testing accuracy for an ordinary CNN. The plots show the
experiments with a) no data augmentation b) with data augmentation. Dashed
lines are runs with identical settings, the solid line is the mean of these runs.

(a)

(b)

Fig. 5: Classification testing accuracy for a GCNN. The plots show the experiments with a) no data augmentation b) with data augmentation. Dashed lines
are runs with identical settings, the solid line is the mean of these runs.
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(a)

(b)

(c)

(d)

Fig. 6: Training and testing accuracy when varying the amount of training data.
Figures a) and b) show the training and testing accuracy respectively for a CNN,
while figures c) and d) show the training and testing accuracy respectively for a
GCNN.

Table 2: CNN confusion matrix
Network TN
CNN

6

FN

TP

FP Sensitivity Specificity

2980 1991 2630 2341

0.569

0.560

GCNN 3249 1722 2756 2215

0.615

0.595

Conclusions and Future Work

In this study, we investigated classifiers on a biomedical dataset. Our hypothesis
was that replacing CNNs using data augmentation by rotations with architectures equivariant to those same rotations would decrease overfitting. Specifically,
we experimented with 90-degree rotations.
By looking at Figure 4, we see that performing data augmentation by multiples of 90-degree rotations does not improve test accuracy, for an ordinary
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Table 3: Overfitting measurements
Network
Overfitting ratio
CNN with data augmentation
1.82
GCNN without data augmentation
1.69

CNN. However, designing the network to be equivariant to those same rotations
by the use of the GCNN increases the test accuracy. By inspecting the values
in Figures 4b and 5a, we estimate the mean test accuracies for the CNN with
data augmentation versus the GCNN with no data augmentation. For the last
epoch, these values are 0.55 and 0.59 respectively. From Figure 3b, the training
accuracy for the CNN is 1.0. The training accuracy for the GCNN is also 1.0.
This corresponds to an empirical risk of 0. Following Equation 5 we calculate
overfitting in Table 3. Since a lower value means less overfitting, we conclude that
using a GCNN instead of a CNN with data augmentation reduces overfitting in
this setting.
The second phase of the experiments saw the variation of the amount of
training data. From Figure 6, we conclude that the minimal number of samples for the highest possible test accuracy is around 4000. Secondly, the GCNN
yields a higher accuracy on the test set for all amounts of data, indicating less
overfitting.
In order to increase the accuracy on the test set and decrease overfitting, we
added L2 regularization. Weight decay was varied between 0.5 and 256, doubling
in size for each experiment. For a weight decay above 8, the training accuracy
decreased significantly. However, this came at the cost of decreased accuracy on
the test set.
A promising way forward is to repeat the experiments using other types
of neural network architectures, particularly those who already have shown to
yield high test accuracy on the dataset. Future work could also compare other
rotations besides the current multiples of 90 degrees, as well as other types of
transformations, such as reflections. Finally, considering other, highly realistic
datasets is of great interest for determining if equivariant networks can improve
automatic diagnostics in more general biomedical settings.
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Abstract. Multitasking learning improves a model’s ability to generalize by learning multiple tasks in parallel. However, it is difficult to know
how each task influences the others’ learning. In this work, we study indepth the behavior of the tasks of skin lesion segmentation, hair mask
segmentation, and the inpainting of those hairs, in a multitasking framework to discover how they influence each other. The experiments are
performed using an encoder-decoder convolutional neural network and
images from five public databases: PH2, dermquest, dermis, EDRA2002,
and the ISIC Data Archive. To evaluate the tasks’ performance, we use a
series of metrics on which we apply a statistical test to check the superiority of each task in a multitasking model with respect to their individual
performance. We also check, in a three-task model, whether there is a
task that dominates the learning stage. Finally, we conclude that while
the inpainting task does not benefit from this type of learning, the rest
of the tasks improve their performance when compared to that obtained
by their corresponding single-task model.
Keywords: Multitasking · Deep Neural Networks· Dermoscopy · Skin
Lesion Segmentation · Hair removal · Inpainting.

1

Introduction

In recent years, the development of Computer Aided Diagnosis (CAD) systems
based on deep learning has proven to be a powerful tool for a large number
of tasks in computer vision and image analysis. More specifically, they have
achieved higher performance over traditional approaches for most applications
within the medical field [7] being a support tool to help dermatologists and
general practitioners, to provide an early, objective, and reproducible diagnosis
of skin lesions.
Recently multitasking learning has become one of the most interesting approaches in many computer vision applications [10]. This technique intends to
solve related tasks simultaneously and to improve their generalization ability,
by sharing some of the hidden layers of the model, so that they learn a joint
representation for the multiple tasks, leveraging both their commonalities and
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differences [3]. The reduction of the computational time, an improvement in the
robustness of the model against overfitting, and a possible improvement in prediction accuracy are some of its main advantages. Among the extensive literature
that we can find for the analysis of dermoscopic images with computer vision
techniques, only a few works have explored the benefits of multitasking learning
using CNNs for this purpose. However, multitask models have shown potential
in this field [4,6,11,15].
In this work, we carry out a deeper analysis of the model presented in [13],
where we introduced a multitasking model based on CNNs to simultaneously 1)
segment the skin lesion, 2) segment the hairs that may occlude the lesion, and
perform the 3) inpainting of these hairs. Thus, we explore in a deeper way the
behavior of the different tasks combinations to discover how they influence each
other. We believe that task 2 can be an auxiliary task of 1, and that 3 could be
an auxiliary task of 2.
The rest of the document is structured as follows. First, in Section 2, we
describe the architecture of our approach and some aspects of its learning process. In Section 3, we establish the experimental set up in which we describe the
database, the implementation details of the network, as well as presenting the
results obtained. Finally, in Section 4, we discuss the previous results.

2

Network Architecture and Learning Details

In this section, we describe the architecture and learning details of our proposed
multitasking model for dermoscopic image analysis.
As can be seen in Figure 1, the architecture of our model is based on a
convolutional encoder-decoder network with a low-resolution module for a more
complete view of the context of the images. Our model is fed with a set of
dermoscopic images and three ground-truth (GT) images that correspond to
each of the tasks to be learned. First of all, the images’ size is reduced to a
fixed size of 512 × 512 × 3, to lower the computational cost. On the one hand,
the encoder part consists of two blocks composed by one 3 × 3 convolution, of
128 filters in the first block and 256 filters in the second one, followed in both
cases by a down-sampling operation. In the low-resolution module, we employ an
average pooling layer to down-sample the input image to a size of 128 × 128 × 3
and an encoder-decoder architecture where the encoder’s blocks consist of a
3 × 3 convolution, of 8, 32, and 64 filters, respectively, followed each one by a
down-sampling operation to reduce the spatial resolution, which is applied by
a two-stride 3 × 3 convolution. The decoder performs the opposite operations
by means of deconvolutions and up-sampling layers, until it reaches a feature
map of 128 × 128 × 3. Then, the hidden representations of the images’ high-level
features, obtained with a different resolution by both the low-resolution module
and the encoder part, are merged and fed to the decoder. On the other hand,
the decoder part also consists of two blocks composed by an up-sampling of
the feature map by a deconvolution of 3 × 3 with strides of two, followed by
its concatenation with the corresponding feature map from the layer of equal
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resolution of the encoder (skip connection), and a 3 × 3 convolution. Finally, we
stack three convolutional layers and one sigmoid activation layer to obtain each
of the two segmentation outputs, and a single 3 × 3 convolution to obtain the
inpainting’s task output with the number of output channels.

Fig. 1: Architecture of our proposed network. The input of our model consists
of a dermoscopic image and three ground-truth (GT) images, one for each task
that the model intends to learn. The input flows in parallel through the lowresolution module and the encoder. Their two hidden representations are merged
into one by concatenating their features, which are fed to the decoder, which also
leverages skip connections to provide useful features for the output modules. Our
model optimizes during training a weighted average of three loss functions.

2.1

Learning details

During training, the proposed model optimizes a weighted average of three loss
functions: the dice coefficient loss, the weighted binary cross-entropy loss and the
one presented in [12], which correspond to the tasks of skin lesion segmentation,
the hair mask segmentation and the inpainting, respectively. We also performed
data augmentation in the training phase to improve the model’s ability to generalize (random zoom and rotation, shifts and flips in both horizontal and vertical
directions). The performance of the model depends on the relative weighting between the loss of each task. Thus, we use a gradient normalization (GradNorm)
strategy to automatically balance training by dynamically tuning each task’s
weight on the loss so that their contributions to the gradient in a certain shared
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layer are similar. Our model is trained following an early stopping policy based
on monitoring the validation loss [5].

3

Experimental Design and Results

In this section, we perform a comparative study of the performance of different
configurations of multitasking models based on the tasks of lesion segmentation, and hair segmentation and inpainting. First, we establish the experimental
framework by describing the database, the performance measures, and the details of its implementation. Finally, we present and analyze the results obtained,
comparing them from a qualitative and quantitative point of view.
3.1

Dataset and implementation details

Ideally, given a dermoscopic image, we want our model to be able to segment the
skin lesion, extract any hairs that may exist, and finally, recover the underlying
texture of these hair regions by means of inpainting. However, as far as we
know, there is no dataset with such expert information, so we learned on a set
of collected samples from different datasets. There are many public databases
that provide the lesion segmentation as GT, as it is one of the most studied
topics in this field. On the contrary, finding images with hair, along with their
corresponding hair mask, and their “clean” version, – the same image without
hair–, was a challenging task. Of course, the same dermoscopic image cannot be
captured with and without hair. To address this problem, we selected hairless
images from five publicly available data sets, i.e. PH2 [8], dermquest3 , dermis4 ,
EDRA2002 [1] and the ISIC Data Archive5 , and simulated the presence of skin
hair on them. We have tried to avoid selecting images with other artifacts (eg.
ruler, bandages, etc.). We have used three different hair simulation methods, one
based on generative adversarial networks [2], another is the “HairSim” software
[9], and the last one consisted in extracting hair masks by an automated method,
proposed by Xie et al. [14], and superimpose them on hairless images.
To train and evaluate the models, we constructed a dataset with 1060 images.
Hair simulation has been performed on a limited number of them, so not all
samples have GTs for all three tasks. In Figure 2, we can see an example of a
test image and its three corresponding GTs. Of the 1060 images, 556 images
have the GT for the lesion segmentation task, and 557 images have the GTs
for the hair segmentation and inpainting tasks. During the experimentation we
divide the whole dataset into 80% for training and 20% for the test set.
The experiments were carried out with the Windows 10 Pro 64-bit operating
system with a 64.0 GB RAM, a single NVIDIA GeForce GTX 1070 and an
®
®
Intel Xeon CPU E5-2620 V4 @ 2.10GHz. We implemented the proposed
3
4
5
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architecture using Keras and trained it from scratch with a batch size of 2,
randomly initialized weights, and using the Adam optimizer with a learning rate
experimentally set to 10−4 .
3.2

Experiments and Analysis

We carried out a qualitative and quantitative analysis of the results obtained by
training a single task model for each of the three tasks considered, as well as for
each multitasking model formed by the pairs of tasks and the combination of all
of them.
In Figure 3 we present a visual comparison of the results obtained for each
possible combination of tasks on Figure 2a. Regarding the lesion’s segmentation,
we can see how a more accurate segmentation is obtained when the task is
learned in combination with auxiliary tasks. Mainly with the inpainting task,
see Figure 3d, if we compare the results with the pair conformed by lesion and
hair mask segmentation, in Figure 3e. As for the hair mask segmentation task,
although the results appear to be visually similar, when a multitasking model
is trained, its results appear to be more complete and a crisper better defined
segmentation of the hairs is achieved. It is worth mentioning that there is a great
relationship between this task and the inpainting one, since the hair’s areas that
are not detected are not inpainted properly. This is easily seen in those hairs
sections that are inside the lesion. Finally, concerning the inpainting task, when
we add some auxiliary tasks during training, its results improve in terms of the
reconstruction of the hair areas within the lesion, although in some cases leave
some traces in the skin regions.

(a)

(b)

(c)

(d)

Fig. 2: Example of a test image (a) and its three GTs for skin lesion segmentation
(b), inpainting (c), and hair mask segmentation (d).

A qualitative evaluation is not enough to assess the performance of the different tasks when considered independently or in a combination with the others.
Therefore, in the following, we perform a quantitative evaluation which provides
an objective and comparable evaluation of the performance of each task independently. Unlike the results presented in [13], in this case we have decided to
use the Dice Coefficient metric instead of the Balanced Accuracy for the lesion
segmentation task and the Structural Similarity Index (SSIM) instead of the
Multiscale Structural Similarity Index (MSSSIM) for the inpainting task. In the
first case, this metric seems to be more suitable for this task as it is one of the
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

Fig. 3: Results obtained on the example of Figure 2 for training a single task
model (a) lesion segmentation, (b) hair removal, (c) hair mask segmentation.
Multitask model for each of the pairs between (d) lesion segmentation and hair
removal, (e) lesion and hair mask segmentation, (f) hair removal and hair mask
segmentation; and a combination of all three tasks (g) lesion and hair mask
segmentation, and hair removal.

most used metrics for image segmentation. In the second case, it allows us to
complement the results obtained based on a simpler performance metric for the
quality of the restoration. Finally, for the hair mask segmentation task, where
there is a clear imbalance between the background class pixels compared to hair
pixels, we rely again on the Balanced Accuracy.
The results obtained on the 214 images of the test set, for the performance
measures corresponding to each task, are shown in Table 1. In addition, we
have computed the gains and losses on the performance measures of single tasks
models when incorporating auxiliary tasks, which is reflected in Table 2. As can
be seen, in 5 out of 9 cases the results improve in terms of these performance
measures. In particular, the lesion segmentation performance is boosted by the
introduction of any other task. However, its inclusion only improves the hair
mask segmentation task, while when combined with the inpainting task, the
performance of the segmentation is increased by 2.7%, and the inpainting is
reduced by 0.97%, thus contributing the latter more to the former task. We
can also observe that the hair mask segmentation task does not improve the
inpainting task with which we initially believed there was a great influence. We
see that the performance measure of the inpainting task is not benefited by the
rest of tasks. Finally, we notice that when training the three tasks together,
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Hair mask
Skin lesion
Inpainting
Segmentation
Segmentation
Evaluation
Evaluation
Evaluation
Epochs
Dice Coefficient
SSIM
Balanced Acc.

Tasks
Skin lesion seg.
Inpainting
Hair mask seg.
Skin lesion seg. and Inpainting
Skin lesion and Hair mask seg.
Inpainting and Hair mask seg.
Skin lesion and Hair mask seg. and Inpainting

0.8514
0.8791
0.8594
0.8694

0.9476
0.9379
0.9424
0.9347

0.7954
0.7978
0.7937
0.8052

100
49
10
68
43
29
42

Table 1: Performance measures’ mean obtained for each task considered either
for the single-task model or for the multitasking model, as well as the number
of epochs needed for the model to learn.
With Skin Lesion
With Hair mask With the rest
With Inpainting
Segmentation
Segmentation
of the tasks
Skin Lesion Segmentation
Dice Coefficient
Inpainting SSIM
Hair mask Segmentation
Balanced Acc.

-

2.77%

0.80%

1.80%

-0.97%

-

-0.53%

-1.29%

0.24%

-0.17%

-

0.98%

Table 2: Relative gains and losses (in percent) over single-task (row) model’s
performance measure when incorporating auxiliary tasks (columns).

both segmentation tasks increase their balanced accuracy by 1.80% and 0.98%,
respectively.
The next step in our work is to perform a bilateral statistical test between
the base models –single task– and the ones resulting from its combination with
other tasks, to determine whether and under what conditions, these last models
outperform significantly the former ones. We have used the t-test if the samples
pass the Shapiro-Wilk normality test, or the Wilcoxon signed-rank test otherwise, setting a confidence level of 95%. Table 3 summarizes the results obtained
when applying the statistic test to the performance metrics of each task. As
we can see, when we combine the three tasks, the performance metrics for the
hair mask and the lesion segmentation tasks have a statistically better indicator
when compared to their individual tasks’ performance, although the difference
is not significant. Regarding the pairwise combinations of the tasks, in the case
of the hair mask segmentation, according to the Balanced Accuracy, both multitasking models obtain statistically comparable results to the base hair mask
segmentation model. However, the multitasking model that has a better indicator is the one resulting from its combination with the task of lesion segmentation.
In the same way, based on the SSIM measure, the inpainting task in a multitasking framework is statistically lower than its solo performance. Finally, the
segmentation task benefits from incorporating either of the other two tasks, as
its multitasking models’ performance measure statistically outperforms that of
the single-task lesion segmentation model.
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Multitasking models

Skin lesion and Hair mask seg.
Inpainting and Hair mask seg.
Skin lesion and Hair mask seg.
and Inpainting
Skin lesion and Hair mask seg.
Inpainting base model (SSIM) Inpainting and Hair mask seg.
Skin lesion and Hair mask seg.
and Inpainting
Skin lesion and Hair mask seg.
Skin lesion Segmentation
Inpainting and Hair mask seg.
base model (Dice Coefficient)
Skin lesion and Hair mask seg.
and Inpainting
Hair mask Segmentation
base model (Balanced Acc.)

p-value

Statistically Model with best
significant
performance

0.38
0.51

7
7

6.59e-05

3

multitask

4.01e-17
1.82e-19

3
3

single-task
single-task

1.22e-19

3

single-task

0.91
8.68e-05

7
3

multitask
multitask

0.05

7

multitask

multitask
single-task

Table 3: Results of the statistical test on the performance of each base-task model
compared to its task’ performance in a multitasking environment.

To complete the study of how different tasks influence multitasking learning,
we analyze how the validation loss change depending on whether it is a single
task or a multitasking model. We can see in Figures 4a, 4b and 4d, that the
training of only the lesion segmentation task is slightly unstable at first and
hinders to find an optimal point from which to substantially improve the loss
function. However, when we add the inpainting task, the hair mask segmentation,
or both, the learning seems to flow in a suitable way. Regarding the number of
epochs required to train the models, we note that the individual model for the
lesion segmentation task requires a greater number of epochs compared to the
other models, while this is considerably reduced when this task is introduced
in a multitasking model. On the contrary, the task that needs less epochs to be
learned is the one for the hair mask segmentation. Finally, it should be mentioned
that although in Figure 4d the loss function of the inpainting task coincides
with the loss of the multitasking model, and therefore it seems that this is the
dominant task, in Figure 5 we can see that the loss of each task has a high
correlation with the combined one. Even for the correlation with respect to the
inpainting task, where we obtain the lowest correlation index of 0.86, we can see
that is due to the influenced by the presence of outliers, corresponding to the
first epochs. For the losses of the hair mask and lesion segmentation tasks, we
obtain a correlation index of 0.94 and 0.99, respectively.

4

Conclusions

In this work, we have studied how different tasks on dermoscopic imaging are affected by multitasking learning. Specifically, our research focuses on the tasks of
lesion segmentation, hair mask segmentation and the inpainting of these. Thus,
exploring the behavior of the different tasks combinations we aim to discover
how they influence each other. From the experimentation results, we can conclude that the lesion segmentation task is benefited from incorporating either
of the other two tasks, as the multitasking models’ performance measure sta-

A Multitasking Learning Framework for Dermoscopic Image Analysis

(a)

(b)

(c)

(d)
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Fig. 4: Validation loss functions evolution depending on whether it is a single
task model or a multitasking one.

(a)

(b)

(c)

Fig. 5: Correlation between each single-task model and the multitasking model
for the three tasks.

tistically outperform the individual segmentation task’s performance. On the
contrary, the inpainting task in a multitasking framework is statistically lower
to its solo performance. We also show that when we combine the three tasks,
the performance metrics for the hair mask and the lesion segmentation tasks are
statistically better than their corresponding base model’s performance. Finally,
regarding the contribution of each task, we have been able to see that each of
the three tasks has a great correlation, individually, with the performance of the
multitask model of the three tasks studied.
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Abstract. COVID-19 is a highly contagious disease caused by the SARSCoV-2 virus. Due to its high impact on society, several efforts have been
made to design practical ways to support COVID-19 diagnosis. In this
context, automated solutions based on chest x-rays (CXR) images and
deep learning are among the popular ones. Although these techniques
achieved exciting results in the literature, the use of regions that do not
support pneumonia diagnosis, i.e., regions outside the lung area, may
bias the recognition model. A strategy to avoid this issue is to use segmentation techniques to isolate the lung area before the classification
process. In this work, we investigate the impact of three CNN segmentation architectures on COVID-19 identification: U-Net, MultiResUnet,
and BCDU-NET. We also investigate which portions of the CXR most
influence each model’s predictions, using Explainable Artificial Intelligence. The BCDU-NET architecture achieved a Jaccard Index of 0.91
and a Dice Coefficient of 0.95. In the best scenario, lung segmentation
improved the COVID-19 identification F1-Score by about 6.6%.
Keywords: COVID-19 · Semantic Segmentation · Explainable Artificial
Intelligence.

1

Introduction

Since December 2019, a new virus (SARS-CoV-2) has spread from Wuhan to
other parts of China and worldwide. As of March 23, 2021, over 124 million
cases have been confirmed, and around 2.74 million deaths have been reported
worldwide4 . Due to the many uncertainties regarding the vaccine’s availability, particularly considering less economically developed regions, there are many
proposed methods for faster and automatic diagnoses, evaluation of disease evolution and severity.
As a result, many specialists consider chest X-rays (CXR) and computed tomography (CT) scan a vital ally to provide additional data, reinforcing evidence
4
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to reach a diagnosis, mainly when the patient has already developed signs of
pneumonia. In these cases, they are considered essential tools to help doctors
assess the disease evolution and optimize prevention and control measures. The
CT scan is considered the gold standard since it generates very detailed images.
However, CXR is still useful because they are cheap, produces fast results and,
uses less radiation [30].
Given the high prevalence of X-ray machines in most of the health centers,
one of the significant advantages of this type of exam lies in the portability of the
equipment needed to perform it, making the CXR an excellent complement to
other tests such as RT-PCR, that require an early infection stage to be efficient
in detecting COVID-19 [37]. It is especially useful since CXR is a routine exam
for patients with breathing difficulties [22].
One of the biggest bottlenecks faced when using CXR is the difficulty of radiologists interpreting X-ray images due to factors such as type of X-ray machine,
amount of X radiation applied to the patient, particular lung characteristics,
and different types of pathogens. It is tough to visually identify what caused
pneumonia, especially on lungs that have not been drastically affected. Hence,
computer-aided diagnostic systems, which can help radiologists interpret CXR
more quickly and accurately, are highly desirable, especially for detecting emerging diseases like COVID-19.
In an ideal condition, the typical steps in a CXR analysis system should
include: (1) identification of the region of interest (ROI) (for example, pulmonary
lobes); (2) ROI extraction; and (3) application of machine learning to detect and
diagnose the abnormality [21, 26, 35]. The process of finding and extracting the
ROI is commonly called segmentation. Various works aiming to detect COVID19 using CXR images did not perform the lung segmentation as the first step
[1, 5, 24].
In the literature, various works applied segmentation to identify different lung
diseases using CXR, such as lung cancer [14], tuberculosis [34], among others
[7,38]. Neglecting this step might affect the performance of the subsequent steps
and the overall system performance as a whole. Mainly because some features
used might be outside the ROI, leading to questionable performance accuracies.
Therefore, it is an important pre-processing step in an abnormality validation
process [10].
In this work, our primary aim is to compare three deep learning inspired
segmentation models: U-Net [28], MultiResUNet [19] and BCDU-NET [6]. The
motivation is to evaluate how the use of these different models impacts the
overall COVID-19 identification rates. In order to achieve that, we followed a
method with three stages: i) lung segmentation, ii) COVID-19 identification, and
iii) model inspection using Explainable Artificial Intelligence (XAI) techniques.
The main reason for using XAI is to visually inspect what regions of the input
image the machine learning model uses. In our context, we are interested in
models that primarily focus on the lung area.
The XAI motivation is to develop approaches that help to explain the individual predictions of modern solutions based on Machine Learning (ML).

Title Suppressed Due to Excessive Length
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We applied a technique called Local Interpretable Model-Agnostic Explanations
(LIME) [27]. LIME works by locating specific regions of the image that increase
the probability of the model predicting a specific class. These regions are considered important, given that the model actively uses them to make predictions.
The remaining of this paper is organized as follows: Section 2 introduces our
purposed methodology. Section 3 shows details about our experimental setup,
such as the trained models parameters, data augmentation techniques and evaluation metrics. Furthermore, Section 4 presents the results and discussions. Finally, Section 5 presents our conclusions and future works.

2

Proposed Method

This section presents the method used to evaluate the impact of lung segmentation in COVID-19 diagnosis, illustrated in Figure 1).

Fig. 1: COVID-19 identification using lung segmentation.

In phase 1, we collected CXR images used for the segmentation models. In
this case, four data sets were used: Montgomery County X-ray Set, Shenzhen
Hospital X-ray Set [11], Japanese Society of Radiological Technology (JSRT) [33]
and Cohen v7labs5 , containing 138, 566, 247 and 489 CXR images respectively,
totaling 1.440 images. We also created 205 binary lung masks manually using
CXR images from Cohen data set6 [12]. Finally, distributed as follows: ≈ 90%
for training, ≈ 5% for testing, and the remaining ≈ 5% for validation.
Phase 2, the segmentation step, aims to identify and cut the ROI from a
CXR image. In this case, the ROI is the lung region. This step aims to reduce
the impact of noise that could interfere in the classification stage. Therefore, for
the detection of lung diseases such as COVID-19, the identification system must
not use information outside of ROI, given that it can lead to erroneous or not
completely reliable results (further discussed in Section 4.3).
In order to perform CXR segmentation, we used three Convolutional Neural Network (CNN) inspired architectures: U-Net [28], MultiResUNet [19] and
BCDU-NET [6]. U-Net’s architecture is symmetrical (as seen in Figure 2), with
5
6
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an encoder that extracts the spatial characteristics of the image and a decoder
that builds the segmentation map from the coded characteristics. Both MultiResUNet and BCDU-NET follow a similar construction, and their difference with
U-Net resides in how they introduce new convolution operations mostly to avoid
learning redundant features.

Fig. 2: U-Net Architecture. [28]

Phase 3, the COVID-19 identification tasks, we composed a completely new
data set containing COVID-19 cases from two others: Covid Chestxray Dataset
(CCD) [12], and CheXPert [20]. From CDD data set, we used 512 COVID-19
infected CXR images, 225 infected by other lung diseases, and 400 healthy lung
images. From CheXPert, we used 3,375 CXR images from patients not infected
by SARS-CoV-2. Table 1 presents the final distribution of images.

Table 1: Data distribution in training, testing and validation for COVID-19.
Step
COVID-19 Non COVID-19
Training
244
1,900
Validation
12
100
Testing
256
2,000
Total
512
4,000

Finally, in phase 4, we used COVID-19 identification as an external validation
for each segmentation model. To do so, we applied each segmentation model
to our COVID-19 data set and generated three data sets of segmented CXR
images. Then, we used a ResNet-50 model to identify COVID-19 in each data
set, plus the original data set without segmentation. In addition, we also applied
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an Explainable Artificial Intelligence method called LIME to inspect each trained
model visually.

3

Experimental Setup

This section describes the overall experimental setup, including the parameters,
data augmentation, and evaluation metrics.
3.1

Parameters

For the segmentation models, we used Adam optimizer, 100 epochs with a batch
size of 16 and a learning rate of 0.5.
For the classification using ResNet-50, we applied transfer learning with predefined weights from ImageNet, and we followed a standard workflow used in
the literature with two stages: warm-up and fine-tuning [16]. For the training,
we used Adam optimizer, 100 epochs with a batch size of 24, a learning rate
of 0.5 for training, and 50 epochs for fine-tuning with a batch size of 24 and a
learning rate of 0.3.
3.2

Data Augmentation

In deep learning, the overall performance tends to increase as the training data
increases [31]. Accordingly, we applied data augmentation techniques to increase
our training set in Phase 1 and Phase 3. We applied the following transformations:
–
–
–
–
3.3

Horizontal flip;
Change of brightness and contrast;
Change of scale, translation or random rotations;
Unique elastic deformations, presented in [32].
Evaluation metrics

To evaluate lung segmentation, we used two popular metrics: Jaccard Index [36],
and Dice Coefficient [4]. For the performance evaluation of the COVID-19 binary
classifier, we considered a popular metric named F1-score [15].

4

Results and Discussion

This section presents our results and discussions. To better conduct the discussion, we present the results in three subsections: i) segmentation performance; ii)
COVID-19 identification rates using segmented CXR; and iii) visually inspection
of the trained models using LIME.
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Table 2: Segmentation results of each Segmentation Model
Model
Jaccard Index Dice coefficient
U-Net
0.90
0.94
MultiResUnet
0.45
0.63
BCDU-NET
0.91
0.95

4.1

Segmentation Performance

Table 2 presents the Jaccard Index and Dice coefficient for each evaluated segmentation model.
The U-Net and BCDU-NET models achieved satisfying performance, and
MultiResUnet stood out negatively. Through our manual inspection (see Figure
3), we found that MultiResUnet is performative in isolating only the pulmonary
region, without the region superimposed by the heart. Such a result is not unexpected given that MultiResUnet can identify the curvatures of objects very
well [19]. In contrast, the U-Net was able to identify the whole lung region,
including the zones superimposed by the heart. We believe that many masks included the zones with superimposition, which benefited U-Net and BCDU-NET,
and caused MultiResUnet to be outperformed.

(a) Original CXR. (b) Respective mask. (c) MultiResUnet.

(d) U-Net.

Fig. 3: Segmentation example.

4.2

COVID-19 Identification Scores

To evaluate the impact of lung segmentation on COVID-19 identification, we
generated a data set for each segmentation model and used ResNet-50 for classification. For completeness, we also applied ResNet-50 to the original images.
Table 3 presents the F1-Score obtained in our classification experiments.
Overall segmented CXR images provide better COVID-19 identification rates.
In BCDU-NET, the performance gain is approximately 6.6 percentage points
compared with non-segmented images. A decisive factor that deserves to be
highlighted is that the amount of COVID-19 CXR images available at the time
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Table 3: F1-Score results.
Segmentation Model COVID-19 Non COVID-19 Macro-Average
U-Net
0.59
0.97
0.78
MultiResUnet
0.62
0.97
0.80
BCDU-NET
0.63
0.98
0.81
No segmentation
0.55
0.96
0.76

the experiments were conducted was scarce. Hence, we are dealing with an imbalanced data set, which led to low performance in all scenarios analyzed regarding
detecting patients with COVID-19. Thus, in a real-world scenario, the use of
class balancing techniques may be propitious.
4.3

Models interpretability with LIME

Finally, to visually inspect the classification models, we applied an XAI technique called LIME. The experiments carried out using LIME aimed to evaluate
which regions of the CXR images the ResNet-50 used for the classification. Figure 4 presents an example of LIME applied to a full and a segmented CXR
image. In the full CXR example, although the model used some information of
the pulmonary region (i.e., predominantly red zones), a considerable number of
features were from regions outside the ROI (i.e., predominantly green zones). On
the other hand, segmented CXR images only focused on features inside the pulmonary lobes. Hence, this provides evidence that segmentation tends to produce
more reliable diagnoses in real scenarios, as only the ROI is taken into account.

(a) Non-segmented CXR.

(b) Segmented CXR.

Fig. 4: LIME examples.

5

Conclusion

In real applications, especially in the medical field, automated techniques must
be approached with extreme caution. An erroneous diagnosis may cause severe
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consequences for the health and treatment of patients. In a pandemic scenario,
the impact is more aggravating since there is a possibility of affecting several
other individuals if the outcome is not reliable.
The current COVID-19 pandemic attracted several researchers to investigate
automated ways to identify COVID-19. However, there still has been a lack
of critical papers analyzing a more trustworthy scenario at the time of this
research. In this work, we demonstrated that segmentation techniques are vital
to improving the reliability of the automatic detection of COVID-19 in CXR
images. When using segmentation, classifiers focus only on the ROI, excluding
non-relevant information, thus, providing more realistic and reliable diagnoses.
We compared different CNN segmentation architectures and, based on the
results obtained, BCDU-NET stood out in segmenting the pulmonary lobes,
achieving an Jaccard Index and Dice Coefficient of 0.91 and 0.95, respectively.
Moreover, in our case study, we have achieved a 6.6% better F1-score rates with
segmentation for COVID-19.
Although our primary objective was not to achieve state-of-the-art performances in lung segmentation or COVID-19 identification, we believe that the
research fulfilled its purpose by providing some essential discussions regarding
the automation of medical diagnoses.
For future work, we intend to increase the amount of COVID-19 CXR images. When we started to develop the experiments described here, COVID-19
CXR image sets were not abundant. However, it is important to observe that
the availability of this content is growing rapidly. This way, we also intend to
investigate the impact of the use of class balancing methods.
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Abstract. Cancer is a leading cause of death worldwide. The detection and diagnosis of most cancers are confirmed by a tissue biopsy that
is analyzed via the optic microscope. These samples are then scanned
to giga-pixel sized images for further digital processing by pathologists.
An automated method to segment the malignant regions of these images could be of great interest to detect cancer earlier and increase the
agreement between specialists. However, annotating these giga-pixel images is very expensive, time-consuming and error-prone. We evaluate
4 existing annotation efficient methods, including transfer learning and
self-supervised learning approaches. The best performing approach was
to pretrain a model to colourize a grayscale histopathological image and
then finetune that model on a dataset with manually annotated examples. This method was able to improve the Intersection over Union from
0.2702 to 0.3702.
Keywords: Histopathology · Transfer Learning · Self-Supervised Learning · Segmentation · Computer Vision · Deep Learning.
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Introduction

Cancer is the second leading cause of death in the United States [14] and a major
health concern worldwide. The diagnostic of most cancers is confirmed by tissue
biopsy where a sample of the suspicious tissue is collected and stained, typically
with hematoxylin and eosin (H&E) to better distinguish the cancerous cells, and
then analyzed via optic microscope. Additionally, these samples can be scanned
to giga-pixel sized images typically containing 100, 000 × 100, 000 pixels, referred
to as whole-slide images (WSI), for posterior digital processing.
Pathologists analyze the histological properties of WSI in search for signs
of cancer. The overall tissue architecture is analyzed as well as how nuclei are
organized, their density and other morphological features [1]. Regions of tissue
are identified as either non-malignant or malignant, where non-malignant regions
can be further characterized as normal or benign and malignant regions as in
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situ carcinoma or invasive. This fine-grained distinction is clinically relevant
as patients are treated differently depending on the diagnosis. Patients with
malignant tissue may require chemotherapy or even surgery, while patients with
benign tissue are usually only followed clinically [2].
A method capable of segmenting and classifying the malignant regions in
WSIs could be of great interest to help pathologists analyze biopsies faster,
with less missed malignant regions and improve the agreement between different pathologists. Deep Learning has achieved great success in computer vision,
including in the medical imaging domain. Driving the success of Deep Learning
are large manually annotated datasets which, in the case of medical imaging
segmentation, are difficult to obtain.
In this work we evaluate existing popular annotation efficient methods, namely
using transfer learning and self-supervised approaches, to improve the performance of an image segmentation model for the task of segmenting cancerous
tissue in prostate histopathological images. We concluded that some transfer
learning and self-supervised approaches can be useful in improving the performance of a segmentation model. However, the typical transfer learning approach
where an encoder is pre-trained on ImageNet and then used as a backbone in
a segmentation network did not improve the performance over the baseline.
The best performing approach was to pretrain a model to colourize a grayscale
histopathological image and then finetune that model on a dataset with manually
annotated examples.

2
2.1

Related Work
Segmentation

Most of the state-of-the-art image segmentation methods are based on the Fully
Convolutional Network (FCN) architecture [10]. FCN uses an image classifier
network as the backbone, to classify regions of the input image, resulting in a
coarse heatmap. This heatmap is then upsampled to the resolution of the input
image by means of deconvolution layers.
Modern existing approaches that follow the FCN architecture propose changes
to either keep spatial information from the input in order to predict a detailed
output, or to increase the context information, for instance, by increasing the receptive field of the backbone. One of the most successful approaches to maintain
the spatial information of the input is by replacing down-sampling operations of
the network by dilated convolutions [3]. Some methods extend this idea to capture more context information, by employing convolution layers with different
dilation rates and fusing that information before making the prediction [3].
Another approach to image segmentation that is particularly popular in the
medical imaging domain is based on the U-Net [12]. The U-Net consists of an
encoder-decoder architecture with skip-connections between the encoder and
decoder. These skip connections allow the recovery of fine spatial information.
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Cancer Detection in WSIs

However, the best performing method to detect cancer in WSI tiles in the Bach
dataset [2] used an ensemble of CNNs pre-trained on Imagenet [4]. Regarding
the segmentation of normal, benign, in situ carcinoma and invasive, the best
performing approaches used patch classifiers. For this, CNNs were trained for
the image classification task and then used to classify multiple patches from
the WSI and create a heatmap [8]. One of the potential reasons for patch prediction methods obtaining better results than segmentation models is because
of larger image classification datasets. The authors used the dataset for image
classification in conjunction with the segmentation dataset, while segmentation
methods were restricted to the much smaller dataset with segmentation annotations. Additionally, the most popular CNN architectures with pre-trained
weights are suited for classification, as they are trained on Imagenet. Transfer
learning can significantly boost the performance of image classification models,
especially when data is scarce [9].
2.3

Unsupervised Representation Learning

One possibility to boost the performance of Deep Learning methods in segmenting WSIs would be to make use of the potentially large pool of unlabelled data
to learn representations (features) that could be useful for the downstream task.
More recently, self-supervised learning has shown great promise in using unlabelled examples to initialize the weights of a CNN to be used in a downstream
task with limited data [7]. Self-supervised learning methods propose various pretext tasks for networks to solve in order to learn visual features. These pretext
tasks can be automatically generated from the raw dataset, such as colourizing
grayscale images [15], image inpainting [11], among others. However, most of
existing self-supervised learning methods are mainly focused on learning representations for classification tasks and not for segmentation tasks.
One exception is a recent method capable of segmenting nuclei in a selfsupervised way [13]. The authors propose to train a nuclei segmentation network
and, then, use the predicted segmentation to classify the magnification of the
input tile. However, the authors do not test if the resulting segmentation network
is useful to the detection of cancerous tissue.
There is still a lack of unsupervised methods focused on image segmentation
that produce good results. In fact, transfer learning of models pre-trained on Imagenet for the task of object detection in the COCO dataset has limited impact
on results [5]. The same behaviour can be observed for the image segmentation
task [16]. The authors propose a self-training framework, where a teacher model
is trained on the labelled dataset, then the teacher is used to generate labels
on an unlabelled dataset so that a larger student model can be trained to optimize for both the human and pseudo labels jointly. The authors show that this
approach performs better than the standard transfer learning approach. These
results indicate that existing pre-trained image classification models may not be
suitable as initialization for image segmentation tasks.
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Methodology

In this study we aimed to answer mainly 2 related questions: 1) Does Transfer
Learning help improve segmentation performance of cancerous tissue in prostate
WSIs? 2) Does Self-Supervised pre-training help improve segmentation performance of cancerous tissue in prostate WSIs?
In the following subsections, we will describe the segmentation model that
we used and what transfer learning and self-supervised learning approaches we
evaluated.
3.1

U-Net

The U-Net is the standard architecture in medical imaging applications, where
small objects are important to identify and, therefore, we chose it as the base
architecture in this study. As previously described, this network consists of an
encoder-decoder architecture with skip connections between the encoder and
the decoder. This design choice enables the network to retrieve high-frequency
details from the input image, which is especially important when dealing with
small objects, such as nuclei. The network was trained with cross-entropy loss
to distinguish between cancerous and non-cancerous tissue. We used the original
U-Net architecture [12] with Batch-Norm [6] after each convolution layer.
3.2

Transfer Learning

Transfer Learning approaches typically start with a model trained on a large
dataset and then finetune that model in a smaller dataset. In this work we try
two different approaches to transfer learning with U-Net: 1) pretrain the entire
network on similar task; and 2) pretrain only the encoder.
Pretrain entire network. This is the transfer learning approach most similar
to the ones typically followed in image classification tasks: the entire segmentation network is trained on a related task and, then, the last layer is replaced
with a new one. The entire model is finetuned on the new task, reusing all the
features learned from the first model.
The main advantage of this approach is that both the encoder and decoder are
pretrained. However, to follow this approach we require a second segmentation
dataset, which may not be easily available. Additionally, the decoder features
may only be useful if the pretraining task is closely related to the downstream
one.
Pretrain encoder. Another typically used approach is to pretrain an image
classification network and use it as the encoder in a segmentation network. To
use the U-Net encoder as an image classification network, we append a Global
Average Pooling layer to reduce the dimensionality of the features extracted by
the encoder and, finally, we apply a single Fully Connected layer to classify the
image. After training the image classifier, it is possible to transfer the layers of the
encoder into the U-Net architecture and retrain the model for the segmentation
task.
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The main motivation for this approach is that image classification labels are
more easily available than segmentation annotations. Furthermore, image labels
tend to be less noisy than segmentation annotations. It is, then, possible to
train the encoder on a larger dataset, extracting features that could potentially
be useful for the image segmentation task.

3.3

Self-Supervised Learning

For transfer learning approaches we require labelled datasets, either with image
labels or segmentation annotations. However, there are many unlabelled WSIs
that could potentially be used to learn feature representations in an unsupervised
way. In this section, we describe two different self-supervised learning approaches
that we evaluated: 1) Inpainting; and 2) Colourization.
Inpainting. For the inpainting task, we train a U-Net model to predict the pixel
intensity of random patches from the input images. A random patch is erased
from the input image Iˆ = I ×M , where I is the input image, M is a binary mask
with value 0 in the pixel locations to be erased, and Iˆ is the resulting image to
be inpainted. The goal of the inpainting task is to retrieve I from Iˆ . The model
was trained to minimize a modified Mean Squared Error (MSE) between I and
ˆ
I:

X
X
1
ˆ 2 + P1
ˆ 2.
(1 − M ) × (I − I)
M × (I − I)
L= P
(1 − M )
M

(1)

The main idea is to divide the loss into two tasks: the reconstruction of
1) erased regions and 2) non-erased regions. The second task is easier, as the
network simply needs to copy the input pixels to the output. However, these two
tasks are unbalanced, as there is fewer erased pixels than non-erased ones. By
treating the two reconstruction tasks as separate, and providing a weight to each
one inversely proportional to its area, the problem of the pixels in the erased
region being underrepresented in the reconstruction loss is solved.
In this work, we randomly erase a rectangular area from the input image.
The size of the largest side of rectangle randomly varies between 0.1 and 0.3
times the size of the input image, and the smaller side of the rectangle randomly
varies between 0.1 and 1.0 times the size of the largest side of the rectangle.
Colourization. Another successful self-supervised approach proposes to colourize a grayscale input image. The main idea is that a model capable of predicting
the RGB intensity from a grayscale image is required to learn features to distinguish the different objects in the image, such as nuclei.
However, a colourization model has a one-channel input and, after training,
we want to finetune it on the RGB segmentation dataset. We repeat the grayscale
filters learned at first layer, so that we can apply them to the input RGB images.
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Evaluation
Dataset

We used a private dataset containing 694 WSIs, 126 of those with manual segmentation annotations. These WSIs were gathered from 2 different medical centers, 384 WSIs coming from Center1, 76 of those with annotations, and the
remaining 310 coming from Center2, with 50 annotated slides. The WSIs from
Center1 were used to training and testing, whereas WSIs from Center2 were
only used for pretraining, either using Transfer Learning approaches or SelfSupervised ones.
We randomly selected 50 WSIs from Center1 as the training set and the
26 remaining WSIs to validate the model. To test the efficacy of the transfer
learning and self-supervised approaches, we used 2 additional sets: 1) Center2
segmentation, with 50 WSIs; and 2) Self-Supervised Pretraining, with 308 unlabeled WSIs from Center1 and 260 WSIs from Center2. The dataset details can
be seen in Table 1.
Tiles are extracted from the selected WSIs to train the segmentation models.
We extracted 224 × 224px tiles from the WSIs, without overlap. Additionally,
we removed tiles containing background, meaning that all the used tiles only
contain tissue. The number of resulting tiles can also be seen in Table 1.
4.2

Segmentation Results

To evaluate whether transfer learning approaches improve the performance of
segmentation models in our dataset, we started by training a baseline on the
entire train set. We also trained the U-Net encoder on the entire SS pretrain
dataset, to classify tiles into having cancerous tissue or not. Additionally, a UNet was trained on Center2 segmentation set.
The models were trained for 40000 iterations with a batch size of 10, optimized with Adam with an initial learning rate of 1 × 10−3 . The learning rate was

Table 1: Dataset distribution. The train and validation sets only contain
examples from Center1. The Center2 segmentation and SS pretrain sets are
only used to pretrain the models, either with transfer learning or self-supervised
approaches.

Set
Train
Validation
Center2 segmentation
SS pretrain

Center1
(WSIs/Tiles)

Center2
(WSIs/Tiles)

50/17408
26/9344
0/0
308/122299

0/0
0/0
50/23231
260/122962
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Fig. 1: The training and validation losses of the baseline and transfer
learning approaches. The 3 approaches display comparable values regarding
both training and validation losses.

decayed using a Cosine Annealing strategy every 1000 iterations. After training the U-Net encoder on the SS pretrain set and the U-Net on the Center2
segmentation set, we finetuned the models on the train set and compared the
performance with the baseline. We can see in Figure 1 that, in terms of training
and validation losses, the baseline takes more time to converge. However, the
differences are not significant, both in terms of training and validation losses.
The loss is not a good measure of performance in this task though due to
the imbalance between positive and negative pixels. Only 16.8% of the pixels are
cancerous, meaning that the majority of the WSIs’ tissue is non-cancerous. In
order to properly evaluate the difference in performance, we use the Intersection
over Union (IoU), which is more robust in tasks where the objects of interest represent a small area of the entire images. As shown in Table 2, we can verify that
the model pretrained on the Center2 segmentation set achieves a significantly
higher IoU than both the baseline and the U-Net with the pretrained encoder.

Table 2: Segmentation results of the different approaches on the validation set. S - Supervised; TL - Transfer Learning; SSL - Self-Supervised
Learning

Method
U-Net Baseline
U-Net pretrained on Center2
Pretrained U-Net Encoder
U-Net Colourization pretrain
U-Net Inpaint pretrain

Loss

IoU

Approach

0.3859
0.3641
0.3918
0.3692
0.4161

0.2702
0.3421
0.2379
0.3702
0.2560

S
TL
TL
SSL
SSL
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Ground-Truth

Baseline

Ground-Truth

Baseline

Pretrained Center2

Pretrained Encoder

Pretrained Center2

Pretrained Encoder

Colourization

Inpaint

Colourization

Inpaint

Fig. 2: Qualitative results of the different models. The model pretrained
on Center2 and the colourization model are more consistent than the competing
approaches, specially in images with mainly malignant tissue. The models are
more accurate in images with mainly benign tissue .

Even though the encoder was pretrained on a much larger dataset, the U-Net
with the pretrained encoder performed significantly worse. These results seem
to be aligned with the conclusions of [16] that pretrained image classification
models do not boost the performance of either object detection or segmentation
models and, in some cases, may even hurt performance. We show that pretraining the segmentation model on a closely related task, within the same domain,
may help performance.
We also evaluated 2 different Self-Supervised approaches, as described in the
previous section: inpainting and colourization. We trained the models on the
SS pretrain set, using only the pixel intensity information, discarding the image
labels. The models were trained for 100000 iterations with a batch size of 10,
optimized with Adam, with an initial learning rate of 1 × 10−3 and a Cosine
Annealing learning rate scheduler with a step every 2000 iterations.
As shown in Table 2, the colourization model obtained a better performance
than all other evaluated methods. On the contrary the U-Net pretrained on the
inpainting task performed worse than the baseline. One possible explanation for
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the poor performance of the inpainting method is that the model was still far
from converging. This hypothesis is supported by the fact that the inpainting
task converges slower than the colourization one in terms of training loss. The
optimization is harder for the inpainting model probably due to the more challenging nature of the task when compared with the colourization task. Another
explanation for the difficulty in optimizing the inpainting model is lack of capacity. However, we chose not to increase the number of parameters of the U-Net for
the inpainting task in order to keep the comparison with the other approaches
fair. Finally, the inpainting task may be extracting features that are not relevant
for the task of segmenting malignant regions in WSIs.
After a visual inspection of the results, it was possible to confirm that the
model pretrained on Center2 and the colourization model are more consistent,
especially on examples with malignant tissue (Figure 2).

5

Conclusion

In this work, we explored several approaches for annotation efficient prostate cancer grade assessment. We evaluated different transfer learning and self-supervised
approaches for the segmentation task. Our results are aligned with recent works
that state that typical transfer learning techniques, where an image classifier is
used to extract features from an image before using a decoder to segment the
input image, do not improve results. We verify that, for our dataset, it is better
to pretrain the segmentation model on a large dataset to colourize grayscale
images, before finetuning it on the manually annotated images.
We show that pre-training on large datasets with self-supervised or transfer learning approaches help the performance, even though most of the existing
methods are designed for image classification tasks. In the future, we want to
develop novel annotation efficient methods developed specifically for image segmentation models. Such methods could ease the development of robust imaging
segmentation models, that could more easily adapt to WSIs of different organs
and created with different staining techniques.
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