
Ana I. Pereira · Andrej Košir · 
Florbela P. Fernandes · Maria F. Pacheco · 
João P. Teixeira · Rui P. Lopes (Eds.)

Second International Conference, OL2A 2022
Póvoa de Varzim, Portugal, October 24–25, 2022
Proceedings

Optimization, 
Learning Algorithms 
and Applications

Communications in Computer and Information Science 1754



Communications
in Computer and Information Science 1754

Editorial Board Members

Joaquim Filipe
Polytechnic Institute of Setúbal, Setúbal, Portugal

Ashish Ghosh
Indian Statistical Institute, Kolkata, India

Raquel Oliveira Prates
Federal University of Minas Gerais (UFMG), Belo Horizonte, Brazil

Lizhu Zhou
Tsinghua University, Beijing, China



Ana I. Pereira · Andrej Košir ·
Florbela P. Fernandes ·Maria F. Pacheco ·
João P. Teixeira · Rui P. Lopes (Eds.)

Optimization,
Learning Algorithms
and Applications
Second International Conference, OL2A 2022
Póvoa de Varzim, Portugal, October 24–25, 2022
Proceedings



Editors
Ana I. Pereira
Instituto Politécnico de Bragança
Bragança, Portugal

Florbela P. Fernandes
Instituto Politécnico de Bragança
Bragança, Portugal

João P. Teixeira
Instituto Politécnico de Bragança
Bragança, Portugal

Andrej Košir
University of Ljubljana
Ljubljana, Slovenia

Maria F. Pacheco
Instituto Politécnico de Bragança
Bragança, Portugal

Rui P. Lopes
Instituto Politécnico de Bragança
Bragança, Portugal

ISSN 1865-0929 ISSN 1865-0937 (electronic)
Communications in Computer and Information Science
ISBN 978-3-031-23235-0 ISBN 978-3-031-23236-7 (eBook)
https://doi.org/10.1007/978-3-031-23236-7

© The Editor(s) (if applicable) and The Author(s), under exclusive license
to Springer Nature Switzerland AG 2022
This work is subject to copyright. All rights are reserved by the Publisher, whether the whole or part of the
material is concerned, specifically the rights of translation, reprinting, reuse of illustrations, recitation,
broadcasting, reproduction on microfilms or in any other physical way, and transmission or information
storage and retrieval, electronic adaptation, computer software, or by similar or dissimilar methodology now
known or hereafter developed.
The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication
does not imply, even in the absence of a specific statement, that such names are exempt from the relevant
protective laws and regulations and therefore free for general use.
The publisher, the authors, and the editors are safe to assume that the advice and information in this book are
believed to be true and accurate at the date of publication. Neither the publisher nor the authors or the editors
give a warranty, expressed or implied, with respect to the material contained herein or for any errors or
omissions that may have been made. The publisher remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

This Springer imprint is published by the registered company Springer Nature Switzerland AG
The registered company address is: Gewerbestrasse 11, 6330 Cham, Switzerland



Preface

This CCIS volume 1754 contains the refereed proceedings of the Second International
Conference on Optimization, Learning Algorithms and Applications (OL2A 2022), a
hybrid event held during October 24–25, 2022.

OL2A 2022 provided a space for the research community on optimization and
learning to get together and share the latest developments, trends, and techniques, as
well as to develop new paths and collaborations. The conference had more than three
hundred participants in an online and face-to-face environment throughout two days,
discussing topics associated with optimization and learning, such as state-of-the-art
applications related to multi-objective optimization, optimization for machine learning,
robotics, health informatics, data analysis, optimization and learning under uncertainty,
and Industry 4.0.

Five special sessions were organized under the following topics: Trends in Engineer-
ing Education, Optimization in Control SystemsDesign,Measurementswith the Internet
of Things, Advances andOptimization inCyber-Physical Systems, andComputer Vision
Based on Learning Algorithms. The OL2A 2022 program included presentations of 56
accepted papers. All papers were carefully reviewed and selected from 145 submissions
in an single-blind process. All the reviews were carefully carried out by a scientific com-
mittee of 102 qualified researchers from 21 countries, with each submission receiving
at least 3 reviews.

We would like to thank everyone who helped to make OL2A 2022 a success and
hope that you enjoy reading this volume.

October 2022 Ana I. Pereira
Andrej Košir

Florbela P. Fernandes
Maria F. Pacheco
João P. Teixeira

Rui P. Lopes
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Damir Vrančić Jozef Stefan Institute, Slovenia
Daiva Petkeviciute Kaunas University of Technology, Lithuania
Dhiah Abou-Tair German Jordanian University, Jordan
Diego Brandão CEFET/RJ, Brazil
Dimitris Glotsos University of West Attica, Greece
Diamantino Silva Freitas University of Porto, Portugal
Eduardo Vinicius Kuhn Federal University of Technology – Paraná, Brazil
Elizabeth Fialho Wanner Federal Center for Technological Education of

Minas Gerais, Brazil
Elaine Mosconi Université de Sherbrooke, Canada
Esteban Clua Federal Fluminense University, Brazil
Eric Rogers University of Southampton, UK
Felipe N. Martins Hanze University of Applied Sciences,

Netherlands
Florbela P. Fernandes Polytechnic Institute of Bragança, Portugal
Florentino F. Riverola University of Vigo, Spain
Gaukhar Muratova Dulaty University, Kazakhstan
Gediminas Daukšys Kauno Technikos Kolegija, Lithuania
Glaucia Maria Bressan Federal University of Technology – Paraná, Brazil
Glotsos Dimitris University of West Attica, Greece
Humberto Rocha University of Coimbra, Portugal
J. Marcos Moreno Veja University of Laguna, Spain
João Paulo Carmo University of São Paulo, Brazil
João P. Teixeira Polytechnic Institute of Bragança, Portugal
Jorge Igual Universidad Politécnica de Valencia, Spain
José Boaventura-Cunha University of Trás-os-Montes and Alto Douro,

Portugal
José Lima Polytechnic Institute of Bragança, Portugal



Organization ix

Joseane Pontes Federal University of Technology – Ponta Grossa,
Brazil

Juan Alberto G. Esteban Universidad de Salamanca, Spain
Juan A. Méndez Pérez University of Laguna, Spain
Juani Lopéz Redondo University of Almeria, Spain
Julio Cesar Nievola Pontifícia Universidade Católica do Paraná, Brazil
João Paulo Coelho Polytechnic Institute of Bragança, Portugal
Jorge Ribeiro Polytechnic Institute of Viana do Castelo,

Portugal
José Ramos NOVA University Lisbon, Portugal
Kristina Sutiene Kaunas University of Technology, Lithuania
Lidia Sánchez University of León, Spain
Lino Costa University of Minho, Portugal
Luis A. De Santa-Eulalia Université de Sherbrooke, Canada
Luís Coelho Polytecnhic Institute of Porto, Portugal
Luca Oneto University of Genoa, Italy
Luca Spalazzi Marche Polytechnical University, Italy
Maria F. Pacheco Polytechnic Institute of Bragança, Portugal
Manuel Castejón Limas University of León, Spain
Marc Jungers Université de Lorraine, France
Marco A. S. Teixeira Universidade Tecnológica Federal do Paraná,

Brazil
Maria do R. de Pinho University of Porto, Portugal
Marco A. Wehrmeister Federal University of Technology – Paraná, Brazil
Markus Vincze TU Wien, Austria
Martin Hering-Bertram Hochschule Bremen, Germany
Mikulas Huba Slovak University of Technology in Bratislava,

Slovakia
Michał Podpora Opole University of Technology, Poland
Miguel Ángel Prada University of León, Spain
Nicolae Cleju Technical University of Iasi, Romania
Paulo Lopes dos Santos University of Porto, Portugal
Paulo Alves Polytechnic Institute of Bragança, Portugal
Paulo Leitão Polytechnic Institute of Bragança, Portugal
Paulo Moura Oliveira University of Trás-os-Montes and Alto Douro,

Portugal
Pavel Pakshin Nizhny Novgorod State Technical University,

Russia
Pedro Luiz de P. Filho Federal University – Paraná, Brazil
Pedro Miguel Rodrigues Catholic University of Portugal, Portugal
Pedro Morais Polytechnic Institute of Cávado e Ave, Portugal
Pedro Pinto Polytechnic Institute of Viana do Castelo,

Portugal



x Organization

Roberto M. de Souza Federal University of Technology – Paraná, Brazil
Rui P. Lopes Polytechnic Institute of Bragança, Portugal
Sabrina Šuman Polytechnic of Rijeka, Croatia
Sani Rutz da Silva Federal University of Technology – Paraná, Brazil
Santiago Torres Álvarez University of Laguna, Spain
Sara Paiva Polytechnic Institute of Viana do Castelo,

Portugal
Shridhar Devamane Global Academy of Technology, India
Sofia Rodrigues Polytechnic Institute of Viana do Castelo,

Portugal
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Classification of Facial Expressions Under
Partial Occlusion for VR Games
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Abstract. Facial expressions are one of the most common way to ex-
ternalize our emotions. However, the same emotion can have different
effects on the same person and has different effects on different people.
Based on this, we developed a system capable of detecting the facial
expressions of a person in real-time, occluding the eyes (simulating the
use of virtual reality glasses). To estimate the position of the eyes, in or-
der to occlude them, Multi-task Cascade Convolutional Neural Networks
(MTCNN) were used. A residual network, a VGG, and the combination
of both models, were used to perform the classification of 7 different
types of facial expressions (Angry, Disgust, Fear, Happy, Sad, Surprise,
Neutral), classifying the occluded and non-occluded dataset. The combi-
nation of both models, achieved an accuracy of 64.9% for the occlusion
dataset and 62.8% for no occlusion, using the FER-2013 dataset. The
primary goal of this work was to evaluate the influence of occlusion, and
the results show that the majority of the classification is done with the
mouth and chin. Nevertheless, the results were far from the state-of-the-
art, which is expect to be improved, mainly by adjusting the MTCNN.

Keywords: Facial expression recognition · Emotions · ResNet ·
VGG · MTCNN · Virtual reality

1 Introduction

Facial expression recognition is playing an increasingly critical role in several
areas and applications. Beyond verbalization, non-verbal cues, such as facial
emotions, play a vital role, providing clues in understanding and inferring the
hidden emotional state of individuals. In fact, facial expressions are the most
common way to externalize emotions and one of the most important means of
communication in interpersonal relationships.

Humans have evolved to easily read the other people’s facial expressions.
Often these are expressed automatically without the transmitter even realizing
c⃝ The Author(s), under exclusive license to Springer Nature Switzerland AG 2022
A. I. Pereira et al. (Eds.): OL2A 2022, CCIS 1754, pp. 804–819, 2022.
https://doi.org/10.1007/978-3-031-23236-7_55
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that he is executing them [29]. Based on these signals, we adjust our behaviour
and make choices according to our perception of the emotional state of the
other person. In other words, the interaction may be conditioned by the mutual
interpretation of the emotional state, derived from reading the other’s facial
expression (and complemented with body language, voice tone, and others).

Extending this possibility to computers, the automatic identification of
human facial expressions introduces several benefits. It has the potential to
develop better and more useful human-computer interaction, provide visually
impaired with haptic clues regarding the expression of others [24], monitor the
motivation of students in the classroom [25], among many other applications.
Although difficult, it is constantly evolving with several proposed solutions by
the scientific community [35].

The work described in this paper aims to investigate and evaluate Machine
Learning (ML) algorithms to infer human emotional state through the classifi-
cation of facial expressions. Specifically, two tasks are explored: face detection
and expression recognition. The main objective of this work is to develop a sys-
tem capable of evaluating humans facial expression in real-time and, eventually,
use this information to assess the emotional state while playing a virtual reality
game.

This work is developed within the GreenHealth project [17]. This project
addresses the use of digital technologies, namely Virtual Reality (VR), Game-
based Learning (GBL), Internet of Things (IoT), Artificial Intelligence (AI), and
Advanced Data Analytics (ADA), in the development of innovative rehabilita-
tion techniques, contributing to the promotion of well-being and health in a
holistic perspective, focusing, mainly on mental health rehabilitation in people
diagnosed on the schizophrenia spectrum. Together with patient’s body posture
analysis, physiological data (e.g. patient’s heart rate), and performance in the
game, facial expression recognition enables to automatically adapt the game
to the individual characteristics of the player. Since the player is wearing VR
goggles, the classification of expressions has to be performed with part of the
face hidden, which introduces further challenges. The purpose of this paper is
to study the impact of occlusion in the classification of facial expressions for
the dynamic adaptation of the difficulty level in cognitive rehabiliation serious
games [16].

The paper is organized as follows: Sect. 2 presents the related work, and
Sect. 3 discusses the methodology behind this study. Section 4 describes the
results, and Sect. 5 rounds up the paper with the conclusions, particularly ana-
lyzing the challenges associated to the facial expressions classification.

2 Related Work

Over the centuries there have been several attempts to organize emotions into
several categories. Cicero [20], held that they should be divided into four cate-
gories: fear (metus), pain (aegritudo), lust (libido) and pleasure (laetiti). Darwin
and Prodger [21], for example, have used twenty-two categories, including anxi-
ety, joy, love, devotion, anger, helplessness, surprise, fear, among others.
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More recently, Plutchik have introduced the wheel of emotions, with 8 pri-
mary dimensions of emotion, namely joy, trust, fear, surprise, sadness, disgust,
anger, anticipation [8].

The sole analysis of facial expressions is not enough to assess a person’s
sentiment. However, 55% of information is communicated by facial expressions,
38% by other gestures and signals (such as voice and sound) and 7% by spoken
language [19]. Based on this, facial expression recognition account as an impor-
tant factor for human sentiment recognition. With constantly improving of the
computing power, jointly with the development of big data processing technol-
ogy and algorithms, the automatic classification of facial expressions have been
growing in accuracy and interest.

Devries et al. [7], demonstrated that a system trained to reason about facial
geometry while recognizing expressions outperforms one trained solely to recog-
nize expressions. Since facial landmark prediction has many publicly implemen-
tations available, the authors decided to use Zhu and Ramanan’s facial land-
mark detector, which uses coordinates for 68 reference points per face. All of
these points are used to outline facial features like the mouth, nose, eyes, and
eyebrows. The authors simplified the problem by focusing on the most expressive
features of humans facial expression: the eyebrows and mouth (rough reference
points). Each of the positions of the left brow, right brow, and mouth were
represented by a binary mask image.

The authors have used a Convolutional Neural Network (CNN) that was
based on the winning architecture of the 2013 International Conference on
Machine Learning (ICML) Facial Expression Recognition Competition [28].
They opted for a CNN with 3 convolutional layers fully connected, each with
a ReLU activation function and max pooling. The network’s output consisted
of three binary output maps (one for each of the reference locations), and it
was thus in charge of modeling the location and shape of each of its features.
Two datasets were used in their work: ICML Dataset [10] and Toronto Face
Database (TFD) [26]. The ICML consists of 28709 48× 48 training images, each
with 7 labels and 7177 test images. Since the images were taken from a wild
environment, the faces have different orientations and are not always facing for-
ward. In this dataset, the authors evaluated 2 different techniques: CNN with
3 convolutional layers fully connected and a Multi-task CNN. The TFD is also
made up of 48× 48 images and 7 labels, however, all faces are looking directly at
the camera. It contains 4178 images, 70% of the images were used for training,
10% for validation, and 20% for testing. The authors used the same evaluation
techniques applied in ICML dataset.

Baltrusaitis et al. [3] use the OpenFace facial behavior analyses pipeline,
which includes the following algorithms: facial landmark detection, head pose
tracking, eye gaze and facial Action Units (AUs). For the facial landmark detec-
tion and tracking, the authors have used the Conditional Local Neural Fields
(CLNF), with 2 main components: Point Distribution Model (PDM) and patch
experts. The PDM was been trained in 2 datasets, the Labeled Face Parts in
the Wild (LFPW) and Helen. The CLNF patch experts was been trained in 3
datasets, including the ones used in the PDM and also the Multi-Pie dataset [11].
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In order to estimate the head pose, information about the position of the
head (translation and orientation) was extracted, as well as the detection of
facial landmarks. This information was obtained thanks to the CLNF, which
internally uses a 3D facial landmark representation and projects it to the image
using orthographic camera projection. To train their model the authors have
used the Mpiigaze [34] dataset.

Regarding the eye gaze estimation, CLNF and PDM were also used, since
they allow detecting reference points of the eye region, such as the eyelids, iris and
pupil. The PDM was trained with the Syntheseyes [30] dataset. The information
obtained by the CLNF was used to compute the eye gaze vector individually
for each eye (lightning is fired from the camera’s source through the center of
the pupil in the image plan, and its intersection is computed to determine the
pupil’s location in 3D camera coordinates).

Finally Openface predicts AU presence using a linear Support Vector Machine
(SVM) kernel and AU intensity using a linear Support Vector Regression (SVR)
kernel.

Loizou [15] proposed and evaluated a system for analyzing automated speech
signals and images for seven different human emotions: normal, happy, sad, dis-
like, fear, anger, and surprise. Voice and image recordings of more than 70000
people aged twenty to seventy-four years old were organized. The authors have
used multi-classification models to select the features that identify the seven
emotions through an SVM with a 10-fold validation, using a Gaussian Radial
Basis Function (RBF) with c = 1 and γ = 0.01. Statistically, a Correct Classi-
fication (CC) score of 93% was obtained.

Mindlink-Eumpy [14], an open-source toolbox, was designed to detect emo-
tions by integrating information from Electrocardiogram (EEG) and facial
expressions. First, a set of tools was used to automatically collect physiologi-
cal data, which was then used to analyze user facial expressions and EEG data.
Regarding the analysis of user’s facial expression, they used a multitask CNN
pre-trained with the FER2013 dataset [10].

On the surface, the idea of using a pre-trained CNN, is to transfer the
labeled data or knowledge from some domains (previously performed tasks -
Source Tasks), to help the ML algorithm to perform better in the domain of
interest. Regarding the EEG analysis, MindLink-Eumpy [14] uses two differ-
ent algorithms: SVM and Long Short-Term Memory Network (LSTM). In the
decision-level fusion, Weight enumerator and Adaboost techniques were applied
to combine the predictions of the CNN and the SVM. The authors have achieved
an accuracy of 71% for SVM and 78.56% for the LSTM.

Almeida and Rodrigues [2], developed a system capable of capturing real-
time images and alerting the user if there are any signs of stress. The system
was divided into several modules, such as:

1. Real-time image capture, via computer camera, sending the images to the
next module.

2. Determining the user’s face position by the Haar-like feature. The image is
further readjusted and normalize.
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3. After properly training the classification model, the model will be able to
classify each face and return a list of seven classification probabilities, one for
each facial expression.

4. The facial expression most likely to be embedded in this module determines
whether or not the person is under stress.

The authors have used a CNN previously trained (transfer learning), that
was applied using two different techniques: Global Average Pooling (GAP) and
Convolution Layer. The classification took into account seven emotions (as in
[15]). The authors used two multi-classification models, using them to predict
facial expressions and binary classification to classify images with stress/non-
stress. They achieved an accuracy of 92% in the best model (VGG16 [27]).

In [5], Bartlett et al. developed a real-time face recognition system that can
recognize faces in a video sequence and encode each frame with one of the seven
corresponding emotions. All the recognized faces were converted into images of
the same size, using Gabor energy filters and were later analyzed by Adaboost,
which encodes facial expressions in 7 dimensions (corresponding to 7 emotions).
The system was trained and tested with an SVM in the DFAT-504 dataset
[13], which is constituted by 100 university students between the ages of 18
and 30: 65% were female, 15% African American, and 3% Asian or Latino. To
validate their approach the authors combined a SVM with Adaboost and named
it as Adasvm, which produced an accuracy of 93.3%. By themselves, Adaboost
achieved an accuracy of 90.1% and SVM 89%, so both were used simultaneously.

Considering situations where the face is partially hidden, mainly the eyes,
Cheng et al. [6] used the following approach:

1. Images containing faces are segmented from human images of the same size;
2. The result obtained in the first step is then used to normalize and transform

the images into figures of Gabor magnitude through multi-scale and multi-
orientation of the Gabor filters. Through these filters the low-level image
characteristics of facial figures are reinforced, such as the edges, peaks, con-
tours of crests, eyes, nose and mouth, which are considered to be the main
components of the face;

3. The Gabor characteristics are extracted to form a 2D matrix, and the sam-
pling completed downwards to slightly reduce the dimension;

4. The samples are divided into mini-batches and the weights are updated to
speed up the pre-training of each Restricted Boltzmann Machine (RBM),
which is a bipartite structure with a visible layer and a hidden layer;

5. According to the dimension of the features, set the size of each layer from
three layers network (in general);

6. Generate weights and adjust them by fine-tuning;
7. The deep structure training process is divided into two stages: pre-tuning,

which treats the data labelled as unmarked for unsupervised training to pro-
vide each weight from the lower layer to the top, and fine-tuning which is a
simple process of gradient descent under supervision;

8. The test is carried out in number 6 until convergence.
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In addition to the Gabor filter, the authors also used other methods that use
this filter to compare with the proposed method: Local Gabor Binary Pattern
Histogram Sequence (LGBHPS), modified LGBPHS, with the K-Nearest Neigh-
bors (K-NN) Classification method respectively. The authors used the Japanese
Female Facial Expression (JAFFE) dataset [9], which consists of 213 images of
10 different individuals with seven different facial expressions: happiness, anger,
sadness, fear, surprise, disgust and neutral. Considering that this dataset is not
available with natural partial occlusion facial images, the authors simulated the
occlusion by overlay graphic masks in the images of this dataset.

The resulting images are divided into 2 parts: 143 images for training and 70
images for testing (images containing occlusion of the eyes, mouth, upper and
lower parts of the face). They obtained an accuracy of 85.71% with no occlusion,
82.86% with occlusion of the eyes, 77.14% with oclusion of the upper part of the
face and 82.86% with oclusion of the lower part of the face.

Houshmand and Mefraz [12] focused essentially on facial expression iden-
tification in the presence of a severe occlusion while the subject is utilizing
a head-mounted display in a Virtual Reality (VR) environment. Since display
measurements are known, the authors were able to replicate occlusion caused by
these headsets using face detection applied to grayscale images using a modifi-
cation to the conventional Histogram of Oriented Gradients (HOG) and Linear
SVM-based approach for object detection. The authors estimated 68 reference
coordinates that map the face anatomy on the iBUG 300-W dataset [23]. Because
the dataset contains images with varying sizes, the distance between the two
temporal bones of the temporal landmarks was used as the reference length,
and the polygonal occlusion patch was generated using the midpoint of the line
that passes through the center points of the eye as the VR headset’s central
coordinate.

The authors have evaluated the effectiveness of two different architectures:
VGG and ResNet. They chose three datasets that cover different scales of face
images and contain images with momentary occlusions to test these two archi-
tectures, namely FER+ [4], RAF-DB and Affectnet. The authors have defined
a rescale factor of 224 * 224 at the input of the CNNs, which meant that all
images used for training, testing, and validation were rescaled for the same mea-
surements and normalized using min-max normalization. The training procedure
was carried out by optimizing the multinomial logistic regression objective, which
employs mini-batch gradient descent based on momentum back propagation. To
regularize the train phase in the ResNet, a max-norm kernel restriction was
added. The best result obtained by the authors was 79.98% of accuracy in the
ResNet model with transfer learning in the FER+ dataset.

Cornejo et al. [22] have structured their approach in 5-steps. First, pre-
processing on all images. This includes the automatic detection of the facial
fiducial point, and then the coordinates of the eyes are extracted, the image is
rotated, and the image is aligned. Still at this stage, facial expression regions
are cut through an appropriate bounding rectangle, RGB images are converted
to grayscale, and then randomly generated rectangles are applied over various
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regions of the face, such as the left lower eye, right eye, both eyes, right lower
side, or lower side. Next, occluded facial expression is reconstructed with the
Dual Algorithm based on the principles of the Robust Principal Component
Analysis (RPCA) where the Contrast-Limit Adaptive Histogram Equalization
(CLAHE) is subsequently applied to reconstructed facial regions, to increase
image contrast levels (Fig. 1). Third, a set of facial expression characteristics
were extracted through 3 strategies: Weber Local Descriptor (WLD) - applied
over the entire facial expression image for extraction of textural features, Local
Binary Patterns (LBP) - applied over the entire image to extract histograms
of LBP and HOG - applied to the entire image, to extract the HOG features.
Fourth, reduction of dimensionality of the characteristics extracted in the previ-
ous step, and the resulting descriptor is transferred in a lower dimensional space
through PCA and LDA, applied sequentially. Finally, occluded facial expressions
are recognized through K-NN and SVM classifiers.

Fig. 1. (a) Cropped images without occlusions from MUG dataset [1] and Jaffe dataset
[9]; (b) faces with occlusive areas; (c) reconstructed faces via RPCA; (d) filling the
occluded facial regions from (c). [22]

The authors have tested the proposed method on three datasets: the Cohn-
Kanade (CK+) [18], JAFFE [9] and Facial MUG Expression [1] and obtained
results of 91.01% accuracy in CK+ dataset with K-NN, 92.86% in JAFFE
dataset with SVM and 90.1% in MUG with K-NN, in occluded images.

The work described in this paper builds on these, to study the impact of
occlusion caused by VR goggles in the identification of facial expressions.

3 Methodology

According to the previous section, the followed approach in this work is based
on an CNN ensemble, composed of a ResNet-18 and a VGG19 (Fig. 2) [32].
The weights were initialized with the imagenet weights for both ResNet-18 and
VGG19, with xavier for the final fully connected layer.

The same architecture was used in both the scenarios: without occlusion and
with occlusion. The chosen dataset was FER2013, composed of 28709 48× 48
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Fig. 2. Ensemble between ResNet-18 and VGG19, with a Fully Connected Layer as
output.

grayscale images for training and 3589 for testing, with seven categories (0 =
Angry, 1 = Disgust, 2 = Fear, 3 = Happy, 4 = Sad, 5 = Surprise, 6 = Neutral).
Since the ResNet-18 and VGG19 expect 224× 224 RGB images in the input, it
was necessary to scale the images up and replicate a single channel image to the
remaining two (Fig. 3).

Fig. 3. Sample of the FER2013 dataset.

To simulate the presence of VR goggles, it was necessary to hide the upper
part of the face, namely, the eyes. Considering that the face can assume different
tilt and yaw positions, the relative position of the eyes change, so the algorithm to
calculate the goggles position should contemplate this. For that, it was necessary
to obtain location of the face as well as facial landmarks, composed of the position
of the eyes, nose and mouth. For that, Multi-task Cascade Convolutional Neural
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Networks (MTCNN) was used [31,33]. It consists essentially of 3 parts: i) a
network of proposals (P-NET) that foresees potential face positions and their
bounding boxes. This process results in a large number of facial detections, many
of which are false; ii) a refined network (R-Net) which makes use of the result
from step i), thereby refining the result to eliminate most false detection and
limiting aggregates; and iii) a network similar to the one used in step ii), called O-
Net, further refines the forecasts and adds facials forecasts to the implementation
of MTCNN.

With the position of the eyes, the algorithm starts by calculating the middle
point between the eyes, and the distance between them (Algorithm 1). It con-
tinues by estimating the width and height of the goggles as 20% larger than the
distance between the eyes and 150% the distance between the eye line and the
nose. The tilt angle is also calculated and, with these, the rectangle is drawn in
gray on top of the sample image. When the landmarks is empty, meaning that
the facial features could not be found, the goggles are not drawn (Fig. 4).

Algorithm 1. Occlusion algorithm.
1: procedure MakeGoggles(sample, landmarks)
2: left eye x, left eye y ← landmarks[0][0], landmarks[0][5]
3: right eye x, right eye y ← landmarks[0][1], landmarks[0][6]
4: nose x, nose y ← landmarks[0][2], landmarks[0][7]
5: middle x,middle y ← right eye x+left eye x

2 , right eye y+left eye y
2

6: googles width = 2.2 ∗
√

(righteyey − lefteyey)2 + (righteyex − lefteyex)2

7: googles height = 1.5 ∗
√

(middleeyesy − nosey)2 + (middleeyesx − nosex)2

8: rectangle = (0, 0, googles width, googles height)
9: middle rectangle x,middle rectangle y = googleswidth

2 , googlesheight
2

10: angle =
righteyey−lefteyey
righteyex−lefteyex

∗ 180
π

11: rectangle = rectangle.rotate(−angle, (middlerectanglex,middlerectangley))
12: finalsize = rectangle.size

13: sample.paste(rectangle, middleeyesx−finalsize[0]
2 ,

middleeyesy−finalsize[1]
2 )

The accuracy of the classification was measured through the confusion matrix
and accuracy of each class.

4 Results

Two identical versions of the classification network were trained for 50 epocs with
the mini batch of 64 on a AMD Ryzen Threadripper 3970X 32-Core Processor
with an NVIDIA GeForce RTX 3090 with 64 GB RAM. The same training and
validation datasets were used in both situations, although on the second all the
examples were changed to introduce an occlusion over the eyes.

The training process happened in three steps: i) training of the ResNet18;
ii) training of the VGG19; iii) training of the full assembly. Both CNNs were
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Fig. 4. Sample of the FER2013 dataset with the occlusion algorithm.

initialized with the pretrained ImageNet-1K weights, although all the parame-
ters were allowed to change (Fig. 5). There is a slight better result with the no
occlusion dataset, as expected.

Fig. 5. Evolution of RMSE during training

The accuracy also improves with the epochs (Fig. 6). In the occlusion dataset
(Fig. 6a) the highest accuracy is obtained with the multiple model (consisting
on the combination of both models). However, in the no occlusion situation
(Fig. 6b) it is the lowest. Looking at the progress during the epochs, it seems
that the increase in the number of epochs would achieve better accuracy.

To illustrate the classification capacity of the three models in predicting the
seven facial expressions in the FER-2013 dataset, confusion matrices were built
comparing the situation between occlusion and no occlusion datasets (Figs. 7, 8
and 9).

The classes are not balanced so, intra-class normalization was also performed
(Table 1). The impact of occlusion of the eyes is, apparently, marginal. The
highest accuracy in both situations (occlusions and no occlusion) is in the class
‘neutral’, immediately followed by ‘happy’ in the occlusion and ‘sad’/‘surprise’
for the no occlusion. The lowest accuracy was in the classes ‘disgust’ and ‘fear’,
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Fig. 6. Evolution of the accuracy during training

Fig. 7. Confusion matrix for the ResNet18

Fig. 8. Confusion matrix for the VGG19
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Fig. 9. Confusion matrix for the combined model

respectively. According to the previous confusion matrices, the ‘disgust’ class is
often misclassified as ‘angry’ or ‘surprise’.

Table 1. Accuracy per class

(a) Occlusion

Class ResNet18 VGG19 Combined

angry 0,501 0,497 0,508

disgust 0,625 0,536 0,446

fear 0,508 0,595 0,518

happy 0,811 0,782 0,771

sad 0,61 0,626 0,715

surprise 0,461 0,501 0,525

neutral 0,814 0,824 0,829

F1-score 0,627 0,645 0,649

(b) No occlusion

ResNet18 VGG19 Combined

0,6 0,591 0,595

0,607 0,607 0,589

0,514 0,508 0,55

0,808 0,844 0,598

0,639 0,629 0,623

0,556 0,585 0,623

0,805 0,822 0,798

0,663 0,673 0,628

The overall accuracy of the combined model was 61.6% for the occlusion
and 62.5% for the no occlusion, which is far from the state of the art result.
Nevertheless, the purpose of this work was to assess the impact of occlusion and
the results confirm that most of the classification is performed with the mouth
and chin.

5 Conclusions

In this paper, a residual network (ResNet), a VGG and the combination of both
models, were used to predict facial expressions in real-time, occluding part of
the face (eyes and the upper part of the nose). The model achieved an accuracy
of 64.9% for the occlusion dataset and 62.8% no occlusion, using the FER-2013
dataset. As this dataset only contains frontal images of the face, the correct
evaluation of facial expression is not performed if the individual’s face is not
located in a position other than the frontal, and it also does not perform the
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correct classification of people wearing glasses or other accessories. Similarly, it
was also observed that the MTCNN does not correctly locate the face in real-
time, that is, any other object is often identified as a face. It was also found that
with a small movement made in real-time (such as, for example, the upward
movement of the muscles of the cheek and the sides or edges of the lips to form
a smile that indicates, to the human eye, that the person is happy), the model
is not very robust in its classification. That means that it should classify this
movement as ‘Happy’, instead of classifying it as ‘Neutral’, ‘Angry’ and ‘Sad’,
only in a small fraction of the time, it is classified correctly as ‘Happy’. For
the above-mentioned situations, it is proposed to study other datasets as well
as other classifiers that allow evaluating facial expressions, the adjustment of
the MTCNN to enable correct face detection and the addition of more MTCNN
tools to be also able to locate the eyes and lips.
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