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Abstract

Facial expressions play a crucial role in conveying emotions, accounting for 55% of com-

munication. Although humans naturally perceive these expressions, individual differences

can make this recognition complex. Technological advancements seek to automate the

identification of facial expressions, thereby improving interactions. Nonetheless, the ob-

struction of facial features caused by elements such as hand movements or hair presents

substantial obstacles, complicating the precise recognition of expressions. This study

investigates the impact of partial occlusion on facial expression recognition, specifically

examining how occlusions from masks and Virtual Reality goggles affect model perfor-

mance on the FERPlus and FERV39K datasets. The results reveal that occlusion reduces

the accuracy of all models. Notably, the performance of EfficientNetB1 drops significantly

from 92.9% to 74% when the mouth is obscured, in happiness, in FERPlus dataset, while

ResNet18 performs poorest in recognizing fear, plummeting to 30% with eyes occlusion.

In the FERV39K dataset, occlusion scenarios have a substantial effect on the accuracy of

the neutral class. For example, in VGG19, the accuracy decreases sharply from 94.4% to

31.7% in the goggles occlusion scenario and to 30.4% in the mask occlusion scenario.

However, a three-class grouping enhances the overall performance, illustrated by the

results obtained in the three models in both datasets, indicating the effectiveness of the

approach in difficult situations. These findings emphasize the significant challenges occlu-

sion poses for emotion recognition systems, highlighting the need for continued research

in this field.

Keywords: Facial Expression Recognition, Partial Occlusion, Class Grouping
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Resumo

As expressões faciais desempenham um papel crucial na transmissão de emoções, rep-

resentando 55% da comunicação. Embora os humanos percebam essas expressões de

forma natural, as diferenças individuais podem tornar esse reconhecimento complexo.

Avanços tecnológicos procuram automatizar a identificação das expressões faciais, melho-

rando assim a interação humano-máquina ou outras aplicações. No entanto, a obstrução

de características faciais causada por elementos como movimentos das mãos ou cabelo

apresenta obstáculos substanciais, complicando o reconhecimento preciso das expressões.

Este estudo investiga o impacto da oclusão parcial no reconhecimento de expressões fa-

ciais, examinando especificamente como as oclusões causadas por máscaras e óculos de

Realidade Virtual afetam o desempenho dos modelos nos conjuntos de dados FERPlus

e FERV39K. Os resultados revelam que a oclusão reduz significativamente a precisão de

todos os modelos. Notavelmente, o desempenho do EfficientNetB1 cai significativamente

de 92,9% para 74%, quando a boca é obscurecida, em happiness, no conjunto de da-

dos FERPlus, enquanto o ResNet18 tem o pior desempenho no reconhecimento de fear,

caindo para 30% com a oclusão dos olhos. No conjunto de dados FERV39K, os cenários

de oclusão têm um impacto substancial na precisão da classe neutral. Por exemplo, no

VGG19, a accuracy diminui drasticamente de 94,4% para 31,7% no cenário de oclusão

com óculos e para 30,4% no cenário de oclusão com máscara.

No entanto, um agrupamento de três classes melhora o desempenho geral, como

ilustrado pelos resultados obtidos nos três modelos em ambos os conjuntos de dados,

indicando a eficácia da abordagem em situações difíceis. Esses resultados ressaltam os

desafios significativos que a oclusão impõe para os sistemas de reconhecimento de emoções,
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destacando a necessidade de pesquisas contínuas nesta área.

Palavras-chave: Reconhecimento de Expressão Facial, Oclusão Parcial, Agrupamento

de Classes
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Chapter 1

Introduction

Facial expression is one of the most intuitive, comprehensive, and effective ways to com-

municate inner emotions, playing a fundamental role in human daily activities. As an

important component of intercultural communication, facial expressions are a dynamic

channel of nonverbal communication that can convey both involuntary reactions and in-

tentional gestures [1]. According to Mehrabian [2], communication between individuals

is composed of 7% through writing, 38% through conversation, and a significant 55%

through facial expressions.

Humans have developed the ability to read others’ facial expressions instinctively, often

recognizing them even when the person is unaware of their actions. For instance, features

such as drawn-down eyebrows, contracted eyelids, and outward-drawn eyes are commonly

associated with sadness. However, it is important to note that the same emotion can

manifest differently in different individuals and contexts [3]. 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 inter-

action, provide visually impaired with haptic clues regarding the expression of others [4],

monitor the motivation of students in the classroom [5], among many other applications.

Even though challenging, it is constantly evolving with several proposed solutions by the

scientific community [6].

Although Facial Expression Recognition (FER) has made significant improvements,
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there are still significant practical challenges that prevent an accurate analysis. Partial

occlusion is one of these, which means covering parts of facial features [7]. It can manifest

itself in various scenarios, including instances where facial features, such as hand or head

movements, temporarily obstruct part of the face or when facial components, such as

hair or scarves, cause temporary blockages [8]. The complexity of extracting distinctive

features from occluded facial areas is compounded by the presence of occlusion, leading to

difficulties such as inaccurate feature localization, imprecise facial alignment, or errors in

facial registration [7]. Some occlusion parameters that pose challenges for facial expression

recognition include eye or mouth occlusion, where expressions involving eye movements

or changes, such as surprise or happiness, may be difficult to recognize. Similarly, partial

or self-occlusion, such as masks or sunglasses, can obscure relevant facial features, making

expression recognition challenging. Addressing these occlusion parameters is essential for

enhancing the effectiveness of facial expression recognition systems.

1.1 Objectives

The objective of this study is to investigate the impact of occlusion on facial expression

recognition, with a particular focus on the challenges introduced by partial occlusions.

Specifically, the study will examine how lower and upper occlusions — such as those

caused by masks (as commonly worn during the COVID-19 pandemic) and Virtual Real-

ity (VR) goggles affect the accuracy and reliability of facial expression recognition systems.

Furthermore, the study will investigate how variations in facial expressions, such as hap-

piness, sadness, anger, and surprise, interact with these occlusions, potentially leading to

an impact on recognition performance.
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1.2 Structure of the Document

The remainder of this dissertation is organized into five chapters, as follows: Chapter 1

provides an overview of facial expression recognition, discussing the challenges, signifi-

cance and the objectives of this research. The field of facial expression recognition (FER)

is reviewed in Chapter 2, which focuses on recent, relevant approaches and highlights

various methods and their outcomes, as well as key terminologies. The method used

to recognize facial expressions, both with and without masks and goggles, is detailed in

Chapter 3, which involves class reduction, datasets, and network architectures. The re-

sults obtained through the applied methodology are presented in Chapter 4. Chapter 5

also presents its conclusions and suggests future research directions.
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Chapter 2

Facial Expression Recognition

FER is a crucial technology in the fields of Computer Vision (CV) and Artificial Intelli-

gence (AI). It involves the detection and categorization of facial expressions from images

or videos to interpret human emotions. This section provides key terminology used in

FER and explores the latest advances and methodologies in the state of the art.

2.1 Image Classification

Computer Vision is a field that focuses on enabling computers to understand and interpret

digital images, such as photographs and videos. In CV, image classification is a crucial

and fundamental task that involves categorizing images into predefined groups based on

their content. Computer vision technology has greatly benefited from advancements in

this task, making it essential for a wide range of applications. Image classification involves

extracting key features from images to reduce dimensionality and enhance performance,

using methods such as Grey-Level Co-occurrence Matrix (GLCM), Histogram of Oriented

Gradients (HOG), Local Binary Patterns (LBP), and Scale-Invariant Feature Transform

(SIFT). Without manual intervention, feature learning automates the discovery of effective

data representations, leading to improved classification accuracy. After identifying the

most effective features, a classifier is instructed to classify new images. Extensive data

and complex models are often required to automate this process with advanced techniques,
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such as Convolutional Neural Networks (CNNs), Auto-Encoderes (AEs), and Restricted

Boltzmann Machines (RBMs) [9].

Computer vision and pattern recognition have a specialized area called FER that is fo-

cused on automating the identification and analysis of facial expressions [10]. Throughout

the years, FER is currently being applied in many different fields, such as human-computer

interaction [11], healthcare [12], education [13] and many more [14].

Within the wider realm of AI, FER showcases the capabilities of Machine Learning

(ML) and CV technologies in examining human emotions. This highlights their com-

bined ability to deepen comprehension and interpretation of intricate emotional signals

while underlining their effectiveness in solving complex problems and making intelligent

decisions.

2.2 Machine Learning

AI refers to the field of science and engineering that focuses on reproducing, improving,

and supplementing human intelligence by using artificial methods and technologies to

create intelligent machines [15]. The ability to solve problems, discuss ideas, plan, write

computer programs, drive cars, and cycle requires human intelligence. AI can be demon-

strated by machines capable of successfully performing these tasks [16]. This domain has

a wide range of applications, including speech recognition and image processing, natural

language processing, smart robots, autonomous vehicles, energy systems, and healthcare

[17]. Especially in healthcare, AI reveals several positive impacts, such as fast and accu-

rate diagnostics, where programs like IBM Watson program [18] quickly analyze medical

data to diagnose conditions and suggest treatment options. This area also contributes to

therapeutic robots that provide companionship and assistance to elderly people, reducing

anxiety and improving their quality of life. There are also AI-assisted surgeries, such as

those using the Da Vinci system [19], that offer greater precision and less invasiveness,

resulting in less trauma and faster recovery. Advances in AI radiology, including the

development of new algorithms, improve the detection and analysis of diseases through
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scans. In addition, AI enables remote diagnosis and consultation through virtual presence,

allowing specialists to assist patients without the need for travel [20].

The ML process involves programming computers to improve their performance using

example data or past experiences to optimize specific parameters. The field focuses on

developing computer programs that automatically improve with experience [21]. In order

for a system to function as AI, ML is only one component required: it allows AI to adjust

to unexpected situations, identify patterns in diverse data sources, develop new behav-

iors from these patterns, and make decisions based on the outcomes of these behaviors.

This field involves manipulating data through the use of algorithms. Moreover, the data

must be suitable for analysis using the chosen algorithm or carefully prepared [22]. The

different application domains of ML include CV prediction, semantic analysis, Natural

Language Processing (NLP), and information retrieval. This field is utilized in CV for

object recognition, detection, and processing. For prediction, subdomains such as classi-

fication, analysis, and recommendation are prevalent, with successful implementations in

text classification, document classification, image analysis, medical diagnosis, prediction

of network intrusion detection, and prediction of denial of service attacks. The purpose

of semantic analysis is to connect the syntactic structures of paragraphs, sentences, and

words to the level of writing as a whole. The focus of natural language processing is on

programming computers to process natural language data correctly. Searching for infor-

mation within a document, searching for documents, searching for metadata that describes

data, as well as searching for databases of sounds and images, all are part of information

retrieval [23]. Within the field of ML, one of the most promising and powerful techniques

is the use of Neural Networks (NNs). A Neural Network (NN) is a system composed of

interconnected processing elements, units, or nodes that mimic the functionality of animal

neurons (Figure 2.1). The process capability of the network is encapsulated in the connec-

tion strengths, or weights, between units that are formed through a process of adaptation

or learning from a set of training patterns. The structural and functional similarities

between the human brain and artificial neurons are the reason for their relationship. The

behavior of biological neurons in the brain can be mimicked by artificial neurons or nodes
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in a neural network. Synapses, which are represented by weights, make adjustments to the

strength of inputs before sending them to the equivalent cell body, where they combine

signals to trigger activation. If activation goes above a certain threshold, the artificial

neuron will output a high value, just like a biological neuron will fire an action potential

when stimulated sufficiently. In the human brain, neurons use the basic processing and

decision-making functions portrayed by Threshold Logic Unit (TLU), which is a simplified

model. The term ‘network’ refers to interconnected artificial neurons, which can range

from a simple single node to complex layered structures, similar to the interconnected

networks of neurons in the brain responsible for processing and transmitting information

[24], [25].

Figure 2.1: Biological and artificial neuron [25].

Deep Learning (DL) is a category of ML algorithms characterized by the use of multiple

layers of computational units. Each layer independently acquires a unique representation

of the input data, which is combined by subsequent layers in a hierarchical way [26]. This

field is particularly appropriate for situations where the data is both highly complex and

large in volume. The algorithms of this area do not follow linear paths like traditional

learning algorithms but rather a hierarchical structure with increasing complexity and

abstraction. The hierarchical structure applies non-linear transformations to input data

and uses its learning to produce statistical models as outputs. The outputs are subjected

to iterations until they reach an acceptable level of accuracy. Differentiating between DL

and ML is essential, as ML uses algorithms to analyze data, learn from it, and make

decisions that are similar to human reasoning. DL learns representations from data (such

as images, videos, or text) automatically without the need for manually coded rules

or human domain expertise. In practical terms, consider the task of detecting oranges
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on a production line: traditional methods might require explicit rules like ‘oranges are

round’ and ‘oranges are orange’ to guide machine learning, whereas DL autonomously

identifies these characteristics without explicit instructions. This domain is now widely

applied across various areas, such as analyzing online text conversations on platforms like

Facebook and employed by tech giants such as Google, Baidu, and Microsoft for tasks such

as image search and automated translation. It is incorporated into modern smartphones

for tasks such as voice recognition (for example, Alexa and Siri), facial recognition (Face

ID), and biometric security. The processing of medical images, including X-rays, requires

DL, and in autonomous vehicles, it is crucial for mapping, environmental perception, and

driver state detection [27].

2.3 Facial Expression Recognition

Paul Ekman and Wallace V. Friesen elucidated the universally acknowledged nature of the

following seven expressions: happy, sad, surprised, fearful, angry, disgusted, and contemp-

tuous [28]. Coined as the ‘Universal Facial Expressions of Emotion’, they also introduced

a widely utilized metric system called The Facial Action Coding System (FACS), designed

to capture facial actions relevant to these expressions. Some researchers have considered

incorporating the neutral face as an additional expression for classification [29]–[31].

Although important for human interaction, most of these are not relevant for computer

applications, so some of them are merged by similarity. The scientific literature provides

an indication of how to perform this grouping, allowing the evaluation, effectiveness, and

efficacy of the current state of the art. In addition to class grouping, our study also

focuses on the issue of partial occlusion, a common occurrence in our daily lives due to

factors such as masks worn during the COVID-19 pandemic, glasses or scarves, which can

obscure significant parts of the face, and complicate the accurate recognition of emotional

expressions.

The potential of FER is to revolutionize how machines interpret and respond to human

emotional states, which has explored its different methodologies and applications.
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Loizou [32] proposed and evaluated a system that analyzes speech and image signals

for the 7 Universal Facial Expressions of Emotion. More than 70,000 people aged 20 to

74 years were recorded to produce voice and image recordings. Multiclassification models

were used to identify the characteristics that distinguish these seven emotions, employing

a Support Vector Machine (SVM) with 10-fold validation and a Radial Basis Function

(RBF) kernel with parameters c=1 and gamma=0.01 [33]. The author achieved a Correct

Classification (CC) score of 93%.

Devries et al. [34] proved that a system that is trained to understand facial geom-

etry and recognize expressions is superior to a model that is only trained to recognize

expressions. They decided on Zhu and Ramanan’s facial landmark detector [35], which

gives coordinates for 68 facial landmarks in each face, which delineate features such as

the mouth, nose, eyes, and eyebrows. By focusing on the eyebrows and mouth, they

represented every position with a binary mask image. They used a Convolutional Neu-

ral Network (CNN) architecture inspired by the winning model of the 2013 ICML Facial

Expression Recognition Challenge [36] and had three fully connected convolutional layers

with ReLU and max pooling. The output included three binary maps (one per landmark)

modeling location and shape. The study used the ICML dataset [37] and the Toronto

Face Database (TFD) [38]. The authors achieved an accuracy of 67.21% in the ICML

dataset and 85.13% in the TFD dataset.

Li et al. [39] developed a method for capturing features using the ResNet50 deep

residual network combined with a CNN. To improve the convergence of the model, Batch

Normalization (BN) and Rectified Linear Unit (ReLu) were used in conjunction with

CNN for the extraction of features. To streamline the experimental process and ensure

result comparability, a new dataset was created in which a photographer captured facial

expressions of 20 subjects, diverse in age and career, ten times each using a digital camera,

resulting in 700 images that encompass seven types of facial emotions: happy, sad, fear,

anger, surprise, disgust, and neutral. The authors obtained a result of 95.39% of overall

accuracy.

Nan et al. [40] developed a lightweight A-MobileNet model for FER. The model was
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created using an attention module in MobileNetV1 to improve local feature extraction of

facial expressions, and dropout regularization was used to prevent overfitting. In addition,

a combination of softmax loss and center loss is utilized to optimize model parameters,

with the aim of decreasing the distance between classes and increasing the separation

between classes. Experimental analyses were performed on two datasets: FERPlus [41]

and RAF-DB [42]. The model achieved an accuracy rate of 84.49% on the RAF-DB

dataset, which was followed by an accuracy rate of 88.11% on FERPlus.

2.3.1 Reduced Class Division for FER

There are two popular methods for reducing the number of classes in a dataset: using

only some of the classes and ignoring the others, or grouping the classes into major groups

(positive, negative, and neutral) (Figure 2.2), although there are studies that consider only

two major groups (positive and negative), considering neutral as a negative expression [43].

It should be noted that this division does not strictly aim at improving the accuracy of

classification methods, but rather for specific applications where this division is preferred

[44]. However, as a general rule, classification accuracy is improved with fewer classes

[45].

Figure 2.2: Example of class grouping into 3 major groups: positive, negative and neutral
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Mozaffari et al. [29] developed a CNN to classify seven facial expressions in the FER-

2013 dataset [46]: anger, disgust, fear, happiness, sadness, surprise, and neutral; they

also divided the dataset, classifying only the top three emotions (happiness, fear, and

anger, in this case). The authors normalized the images of this dataset and used data

augmentation techniques, including rotating, shearing, and vertically and horizontally

rotating the image to balance the dataset. They used three different models in their paper:

a CNN model proposed by them and 2 pretrained VGG16 [47] and EfficientNet [48]. Their

model achieved an accuracy of 72% for the 7-class classification and an accuracy of 86%

for the 3-class classification, with the EfficientNet.

Other works also discard the other emotions and just maintain the classes that they

considered the most valuable for their application. Morshed et al. [49] created a customer

service system that evaluates the spontaneous facial expression of the client when they

observe certain products. To classify facial expression, the authors trained, using the

FER-2013 dataset [46], a CNN that recognizes three types of expressions: happy, sad,

and neutral. They also preprocessed the images, using data augmentation (scaling and

rotation of the images) and normalization (reducing the illumination and pose of the

images). They achieved an accuracy of 89%, 75%, and 84% for happy, sad, and neutral

expressions, respectively.

Regarding the division into positive, negative, and other classes, there are also works

that have already tackled this. Li et al. [50] developed a framework called the Emotional

Education Mechanism (EEM), inspired by the cognitive mode of the human being. This

mechanism consists of a Knowledgeable Teacher Network (KTN), which consists of two

ResNet50 networks, and a Self-Taught Student Network (STSN), which consists of two

ResNet18 networks. There were three datasets used: RAF-DB, AffectNet, and FERPlus.

Originally, RAF-DB and AffectNet datasets contain images from 7 different categories

(the same categories present in the FER-2013 dataset), while FERPlus has one additional

class (contempt). The authors divided the original labels into four categories: positive,

negative, surprise and neutral. They also proposed a new supervised adaptive goal, called

AdaReg loss, which helps to deal with class imbalance and increase the discriminatory
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power of expression representation. It achieved an accuracy of 88.07% on RAF-DB,

63.97% on AffectNet and 90.49% on FERPlus.

Similarly to Li et al. [50], Uzun et al. [51] proposed a method for recognizing micro-

expressions and classifying them into positive, negative, or surprising, without using the

neutral group. The method is divided into four stages: preprocessing, feature extraction,

feature selection, and classification. The initial process involved normalizing, aligning, and

cropping the images. The FarneBack optical flow method was used to extract features

from images [52]. Due to the sampling imbalance in the datasets, data augmentation

techniques were utilized (rotating the samples 90◦, 180◦, and 270◦). With the dataset

balanced, via augmentation, they trained 5 distinct CNN models: VGG16, AlexNet [53],

SqueezeNet [54], MobileNetV2 [55] and EfficientNetB0 [55]. The Particle Swarm Opti-

mization (PSO) algorithm [52] filtered the best features of the images, resulting in the

completion of the feature selection step. In the last stage, different kernels of the SVM

algorithm [56] were used in the last stage. In this mechanism, they combined 3 datasets:

SAMM, CASME-II and SMIC. The proposed framework achieved an accuracy of 87.84%.

FER using seven, five, and also three classes was done by Liu et al. [57], in which

they constructed a model to identify micro-expressions called SQU-C3D, that combines

SqueezeNet and C3D [58] methods. The proposed framework consists of three main

stages: image preprocessing, apex frame identification, and micro-expression recognition.

In the initial phase, the authors employed a Multitask Cascade Convolutional Neural

Network (MTCNN) network [59] to capture and align the frames of the micro-expressions

and locate 68 facial landmarks. In the next step, SqueezeNet was used to identify the

apex frame. The final step involved feeding the C3D network the onset, apex, and offset

frames for micro-expression recognition. The experiments were carried out using the

same datasets as in the work of Uzun et al. [51]. The proposed framework achieved an

accuracy of 80.29% with 7 classes (CASME II database), 81.33% with 5 classes (SAMM

database), and 79.12% with 3 classes (SMIC-HS database, with positive, negative, and

surprise), demonstrating that reducing the number of classes does not strictly lead to

higher accuracy.
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The division proposed in this paper follows the same division as in Canedo et al. [30].

They presented an algorithm for mood estimation, that utilizes facial expression recogni-

tion and pose estimation. For the facial expression recognition task, the authors proposed

a CNN, which was trained using the CK+ dataset [60]. This dataset is composed of images

from 7 categories, that have been subdivided into 3 new categories: negative, neutral, and

positive. The images of the dataset were preprocessed, applying some techniques, such

as rotation correction, cropping, and intensity normalization. The algorithm achieved an

accuracy of 93% for the FER task.

2.3.2 Occlusion

To understand its causes, impacts, and potential implications in various domains, it is

important to understand the intricacies of partial occlusion. This subsection focuses on

questions aimed at understanding the methodologies used in facial expression classifica-

tion, the techniques used to induce partial occlusion in facial structures, the algorithms

utilized for expression classification, and the datasets researchers use. For a more com-

prehensive analysis, Tables 2.1, 2.2, and 2.3 illustrate the occurrence of upper occlusions,

lower occlusions and other types of occlusion documented in the studies, respectively.

These tables include the title of the paper, the type of occlusion with a visual represen-

tation, the method used to simulate partial occlusion (if applicable), and the exploration

of the authors of several methods. The proposed method, which demonstrates superior

performance, is highlighted in bold, along with the respective accuracy.
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Table 2.1: Upper Occlusions
Paper Type of occlusion Simulation of partial occlusion Methods Datasets Accuracy

Cheng et.al [61]
(a) Eyes
occlusion

(b) Upper
occlusion

Not-described
• Gabor

• Local Gabor Binary Pattern Histogram Sequence
(LGBPHS)

• Multi-Scale Local Gabor Binary Pattern Histogram Se-
quence (M-LGBPHS)

• Gabor + Deep nonlinear network with 3 layers
(proposed method)

JAFFE
• Figure 2.1a:

82.86%

• Figure 2.1b:
77.14%

Li et al. [62]
(c) Eyes
occlusion

(d) Upper
occlusion

Not-described
• Gabor

• Fused Local Gabor Binary Pattern Histogram Sequence (F-
LGBPHS)

• Gabor Filter + GLCM + K-Nearest Neigh-
bors (KNN) + 10-fold cross-validation (proposed
method)

• JAFFE

• RAF-DB

Figure 2.1c

• 86.97%

• 84.55%

Figure 2.1d

• 84.12%

• 81.12%

Houshmand et al. [8]
• Detection of the face through grayscale images generated with modified

HOG and linear SVM;

• Estimation of 68 facial landmarks using the approach described in [63];

• Application of the VR patch following the dimensions of a Samsung Gear
VR headset.

• VGG-Face (from scratch) + 5-fold cross-validation

• ResNet50 (from scratch) + 5-fold cross-validation

• VGG-Face (transfer learning) + 5-fold cross-
validation (proposed method)

• ResNet50 (transfer learning) + 5-fold cross-validation

• VGG-Face + 5-fold cross-validation

• FERPlus

• AffectNet

• RAF-DB

• 79.98%

• 50.13%

• 73.37%

Poux et al. [64] Not-described
• Symmetric auto-encoder + optical flow + 10-fold cross-

validation + MSE.

• Symmetric auto-encoder + optical flow + 10-fold cross-
validation + Wing.

• Symmetric auto-encoder + optical flow + 10-fold
cross-validation + EndPoint (proposed method).

CK+ 87.10%

Petrou et al. [31]
• Detection of five facial landmarks (two for the center of each eye, one for

the center of the nose, and two for the right and left side of the mouth);

• With the landmarks of the nose and the eyes, and the distances of the
algorithm described in [65], a rectangle is drawn on top of each image;

• Upper part of the face is hidden to simulate the inclusion of VR headsets.

• Mini-Xception (pre-trained)

• Mini-Xception (pre-trained + unfreeze last layer)

• Mini-Xception (pre-trained + unfreeze all layers)
(proposed method)

• Mini-Xception (trained from scratch)

The authors developed
their own dataset by com-
bining five online datasets
(FER 2013, Jafar Hussain
Human, Unsplash, Pexels
and Pixabay).

69.00%

Liu et al. [66] Addition of black masks with different positions of the expression region (eyes,
the mouth, left side of the face and right side of the face) • Gabor Histogram

• LBP Histogram

• Gabor multi-orientation features fusion +
LGBPHS (proposed method)

JAFFE 85.53%

Huang et al. [67]
• To simulate occlusion, graphically generated eyeglasses, medical masks,

and random region masks were superimposed on un-occluded facial ex-
pression sequences;

• AAM locates the facial points in each frame, resulting in the same gen-
eration process for eye, mouth, and lower-face occlusions for the next
frames;

• The distance between frames at the top of the nose is defined for random
occlusions: after determining the position in the first frame, the patch
is placed after the computed distance is adjusted in the next frame.

• Spatio-Temporal Local Binary Pattern (STLBP)

• EdgeMap

• Facial Soft Biometrics Estimation (FSE)

• Compact Face Descriptor (CFD)

• Compact Face Descriptor with Occlusion Detection (CFD-
OD)

• Compact Face Descriptor with Occlusion Detec-
tion and Weight Learning (CFD-OD-WL) (pro-
posed method)

CK+ 93.00%

Buciu et al. [68] Superimposed black rectangles around the eyes and mouth regions to partially
occlude them. • Gabor + Co-Saliency Model (CSM)

• Gabor + Matthews Correlation Coefficient (MCC)

• JAFFE

• CK

• 84.00%

• 92.30%

Zhi et al. [69] To simulate partial occlusion on the facial images, an eye mask, nose mask,
and mouth mask were made. • Graph-Structured Nonnegative Matrix Factoriza-

tion (GSNMF) (proposed method)

• Sparse Nonnegative Matrix Factorization (SNMF)

• Laplacianfaces

CK 93.30%

Mushfieldt et al. [70] Black patches were applied to the eyes, mouth, and left and right sides of the
face, superimposed. • Gabor

• Discriminative Nonnegative Matrix Factorization (DNMF)

• Viola-Jones face detection algorithm + Gaussian
Mixture Models (GMMs) + LBP + SVM (pro-
posed method)

CK 68.00%

Rodrigues et al. [65]
• Obtaining 5 facial expression landmarks (two for the center of each eye,

one for the center of the nose, and two for the right and left side of the
mouth), using MTCNN;

• Using the landmarks of the nose and eyes and the distances of the algo-
rithm created by the authors, a rectangle is drawn on top of each image.
This methodology simulates the presence of VR goggles.

• ResNet18 + MTCNN

• VGG19 + MTCNN

• Combined (ResNet18 + VGG19) + MTCNN (pro-
posed method)

FER 2013 64.90%
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Table 2.2: Lower Occlusions
Paper Type of occlusion Simulation of partial occlusion Methods Datasets Accuracy

Cheng et.al [61]
(a) Mouth
occlusion

(b) Lower
occlusion

Not-described

• Gabor

• LGBPHS

• M-LGBPHS

• Gabor + Deep nonlinear network with 3
layers (proposed method)

JAFFE

• Figure 2.2a:
82.86%

• Figure 2.2b:
82.86%

Li et al. [62]
(c) Mouth
occlusion

(d) Lower
occlusion

Not-described

• Gabor

• F-LGBPHS

• Gabor Filter + GLCM + KNN + 10-fold
cross-validation (proposed method)

• JAFFE

• RAF-DB

Figure 2.2c

• 90.90%

• 81.73%

Figure 2.2d

• 86.66%

• 74.90%

Poux et al. [64]
(e) Lower
occlusion

(f) Mouth
occlusion

Not-described

• Symmetric auto-encoder + optical flow + 10-fold
cross-validation + Mean Squared Error (MSE).

• Symmetric auto-encoder + optical flow + 10-fold
cross-validation + Wing.

• Symmetric auto-encoder + optical flow +
10-fold cross-validation + EndPoint (pro-
posed method).

CK+

• Figure 2.2e:
70.20%

• Figure 2.2f:
80.10%

Yang et al. [71] Automatic wearing of a face mask, which automatically adds face
masks that are shaped according to the orientation. • Visual Geometric Group (VGG)

• MobileNet

• Region Attention Network (RAN)

• Attention Convolutional Neural Network (ACNN)

• Occlusion-Aware Deep Network (OADN)

• Two-stage attention model that consists of a
binary deep classifier and a face-mask-aware
FER deep classifier (proposed method).

• Multi-Label
Face in the
Wild for Fa-
cial Expression
Recognition
(M-LFW-FER)

• Multi-Label
KDDI Facial
Expression
Recognition
(M-KDDI-FER)

• 87.92%

• 90.01%

Liu et al. [66] Addition of black masks with different positions of the expression
region (eyes, the mouth, left side of the face and right side of the
face). • Gabor Histogram

• LBP Histogram

• Gabor multi-orientation features fusion +
LGBPHS (proposed method)

JAFFE 92.11%

Huang et al. [67]
(g) Mouth
occlusion

(h) Mouth
occlusion
(mask
simulation)

• To simulate occlusion, graphically generated eyeglasses, med-
ical masks, and random region masks were superimposed on
un-occluded facial expression sequences;

• AAM locates the facial points in each frame, resulting in the
same generation process for eye, mouth, and lower-face occlu-
sions for the next frames;

• The distance between frames at the top of the nose is defined
for random occlusions: after determining the position in the
first frame, the patch is placed after the computed distance
is adjusted in the next frame.

• STLBP

• EdgeMap

• FSE

• CFD

• CFD-OD

• CFD-OD-WL (proposed method)

CK+

• Figure 2.2g:
73.54%

• Figure 2.2h:
79.08%

Buciu et al. [68] Superimposed black rectangles around the eyes and mouth regions
to occlude them partially. • Gabor + CSM

• Gabor + MCC

• JAFFE

• CK

• 83.50%

• 87.20%

Zhi et al. [69] To simulate partial occlusion in the facial images, an eye mask, nose
mask, and mouth mask were made. • GSNMF (proposed method)

• SNMF

• Laplacianfaces

CK 91.40%

Mushfieldt et al. [70] Black patches were applied to the eyes, mouth, and left and right
sides of the face, superimposed. • Gabor

• DNMF

• Viola-Jones face detection algorithm +
GMMs + LBP + SVM (proposed method)

CK 45.00%

16



Table 2.3: Other Occlusions
Paper Type of occlusion Simulation of partial occlusion Methods Datasets Accuracy

Li et al. [62]
(a) Left oc-
clusion

(b) Right
occlusion

Not-described

• Gabor

• F-LGBPHS

• Gabor Filter + GLCM + KNN + 10-fold
cross-validation (proposed method)

• JAFFE

• RAF-DB

Figure 2.3a:

• 89.69%

• 87.73%

Figure 2.3b:

• 89.45%

• 81.83%

M.D and Rahiman [72]
(c) Left
eyebrow
occlusion

(d) Right
eyebrow
occlusion

(e) Left
nose occlu-
sion

(f) Right
nose occlu-
sion

(g) Left lip
occlusion

(h) Right
lip occlu-
sion

The occlusion was applied using MatLab code. Combination of LBP and Symbolic Aggregate approXi-
mation (SAX) feature extraction + Ensemble bag clas-
sifier (with supervised learning) (proposed method).

Fused database
(JAFFE and YALE) • Figure 2.3c:

88.81%

• Figure 2.3d:
93.47%

• Figure 2.3e:
93.25%

• Figure 2.3f:
88.81%

• Figure 2.3g:
90.93%

• Figure 2.3h:
93.25%

Zhi et al. [69] To simulate partial occlusion in the facial images, an eye mask, nose
mask, and mouth mask were made. • GSNMF (proposed method)

• SNMF

• Laplacianfaces

CK 94.00%

Mushfieldt et al. [70]
(i) Right
occlusion

(j) Left oc-
clusion

Black patches were applied to the eyes, mouth, and left and right
sides of the face, superimposed. • Gabor

• DNMF

• Viola-Jones face detection algorithm +
GMMs + LBP + SVM (proposed method)

CK

• Figure 2.3i:
73.00%

• Figure 2.3i:
56.00%

2.4 Summary

FER stands as a pivotal domain in deep learning, machine learning, and artificial intel-

ligence, investigated extensively due to its broad array of applications. FER is integral

to human-computer interaction, healthcare, security, and more. Nevertheless, the pres-

ence of occlusions—stemming from masks (as observed during the COVID-19 pandemic),

glasses, scarves, and other facial coverings—continues to pose challenges in numerous real-

world settings. Moreover, the significance of simplifying class divisions, such as grouping

expressions into positive, negative, and neutral categories, is paramount. This stream-

lined classification facilitates more efficient and practical applications, while still capturing

fundamental emotional variations.
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Chapter 3

Methodology

This chapter details the methodology used to investigate the impact of occlusion on

FER. The study used three CNN architectures: VGG19, ResNet18, and EfficientNetB1,

trained on the FERPlus and FERV39K. The MaskTheFace algorithm was used to simulate

surgical masks. An algorithm was also developed in order to simulate the presence of

VR goggles. Furthermore, to assess the effect of class granularity, a reduced class set was

applied to both datasets, consolidating similar expressions into three categories: negative,

positive, and neutral.

3.1 Data Collection and Preprocessing

This section examines the stages of gathering and preprocessing the data, focusing on

the FERPlus and FERV39K datasets. The section covers how the datasets were used,

including the grouping of labels for consistent categorization of facial expressions. Ad-

ditionally, it outlines the preprocessing techniques applied to simulate occlusions, such

as goggles and mask occlusions, to enhance the datasets for more robust model training

and evaluation. The section also details the process of categorizing the labels into three

classes: positive, negative, and neutral.
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3.1.1 Dataset Description

This subsection presents a detailed overview of the FERPlus and FERV39K datasets,

both widely used in facial expression recognition research.

FERPlus dataset (Figure 3.1) is an extended version of the FER-2013 dataset [46],

where the images were re-labeled into 8 classes of emotions: neutral, happiness, surprise,

sadness, anger, disgust, fear, and contempt. It contains 35,887 grayscale 48*48 images:

28,709 for training and 3,589 for validation and testing processes. The dataset was cre-

ated with the goal of correcting the FER-2013 dataset, specifically by fixing incorrectly

classified images and removing images that did not have any faces. Each image was an-

notated in a CSV file with 12 columns: “Usage” (Training, PublicTest, and PrivateTest),

“Image name”, the 8 emotion labels, “unknown”, and “NF” (not a face). This dataset

was labeled by 10 crowd-sourced taggers, meaning that each person independently voted

for the emotion they perceived in the image. Taggers chose one of eight emotions for

every input image. By labeling every image multiple times, the process enabled emotions

to be distributed rather than relying on a single annotation. By capturing the variability

in human perception, this approach enabled a more robust labeling process [73].

Figure 3.1: Sample of the FERPlus dataset.

The FERV39K large-scale multiscene collection (Figure 3.2) marks a significant step

forward in dynamic facial expression recognition, as it is specifically designed to enhance

FER tasks. There are 38,935 video clips that are labeled with seven classic expressions -

angry, disgust, fear, happy, neutral, sad and surprise, covering 22 intricate scenes (action,

argue, business, conflict, contest, crime, crisis, daily life, elegant art, experiment, history,
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interview, live show, medicine, official event, scholar report, school, social, speech, talk

show, terror and war) in four different scenarios: everyday life, weak-interactive shows,

strong-interactive activities, and anomaly problems [74].

Figure 3.2: Sample of the FERV39K dataset.

3.1.2 Data Preprocessing

In this part, the datasets were reorganized to fit the aims of the study. Preprocessing

included simulating VR goggles through an occlusion algorithm and employing the Mask-

TheFace algorithm to mask occlusions. Furthermore, the method of categorizing the

datasets into three separate labels is detailed, maintaining uniformity in the analysis.

In order to reclassify the samples in FERPlus dataset, the columns “unknown” and

“NF” were removed because they are not necessary to perform any classification in this

investigation. Then, it was necessary to calculate the highest probability value per line

(that is, the 8 emotions are numbered from 0 to 10, with 0 being the lowest probability

and, consequently, 10 being the highest probability, preferring a total of 10 values per

line). In many cases, the highest probability value was repeated on the same line. The

manual check of all images to determine which of the emotions would be most likely, would

become a very painful and time-consuming process, so the choice, in this case, was made

randomly. After this process, a new CSV file was created, with 2 columns (“Image name”

and “label”), with the new labels (0=neutral, 1=happy, 2=surprise, 3=sad, 4=anger,

5=disgust, 6=fear, and 7=contempt).

FERV39K consists of 38,935 video clips organized by daily scenes. For this study,
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the videos were consolidated into a single folder, as the aim was not to compare FER

across different daily scenes. All frames from the video clips were then extracted, totaling

1,129,744 images, which were combined and divided into training (80%), testing (10%),

and validation (10%) sets. Similarly to FERPlus, the dataset was re-labeled with the

following categories: 0 for neutral, 1 for happy, 2 for surprise, 3 for sad, 4 for anger, 5 for

disgust, and 6 for fear.

Due to the absence of images with occlusion in the datasets, it was necessary to pre-

process the images to introduce and simulate occlusions for more comprehensive analysis.

In order to simulate the presence of VR goggles (Figure 3.3), an occlusion algorithm was

developed1, as described in the previous work developed [65]. The algorithm is divided

into 2 fundamental steps: obtaining the location of the face and the facial landmarks

using an MTCNN [59] and then calculate the position of the goggles [65] (1).

Figure 3.3: Sample of the FERPlus dataset with occlusion.

More specifically, firstly, the MTCNN network was used, which outputs the positions

of 5 facial landmarks (eyes, mouth - left and right corners, and nose), which consists of

three stages:

1. Proposal Network (P-Net) - convolutional network without dense layers that aims

to obtain candidate facial windows and the corresponding bounding box regression

vectors (coordinates of the vertex of the square where the detected face encloses).

After this process, highly overlapped candidates are merged using a Non-Maximum

Suppression (NMS);
1https://github.com/SofiaRodrigues41737/Occlusion_Algorithm
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2. Refine Network (R-Net) - receives the results of P-Net, and rejects the false candi-

dates, performing calibration with bounding box regression and conducting NMS.

This network has 3 outputs: face classification, bounding box regression, and facial

landmark location;

3. Output Network (O-Net) - similar to R-Net, receives the output of R-Net and iden-

tifies face regions with more supervision. The O-Net output displays the positions

of 5 facial landmarks (eyes, mouth, and nose).

Using the facial landmarks obtained, the middle point between the eyes and the dis-

tance between them was calculated. Secondly, it estimates the width and height of VR

glasses as 20% greater than the distance between the eyes and 150% the distance between

the eye contour and the nose. By calculating the tilt angle, the rectangle on top of the

sample image is drawn in gray. In Figure 3.3 it is possible to verify that the algorithm is

very robust, simulating occlusion in almost all samples, from images with people who are

wearing glasses to images of people with different face poses (lateral or frontal face). In

addition, it is possible to verify that FERPlus has some images with low quality, where it

is not possible to perceive the facial landmarks, therefore, the algorithm did not simulate

the occlusion in these samples. When this occurs, the affected images are excluded from

the dataset, ensuring that only images with actual occlusion are retained.

To simulate mask occlusion, a masking algorithm was additionally applied as detailed

in [75]. The algorithm is composed of MaskTheFace (Figure 3.4), a computer vision-based

script designed to apply masks to faces in images. Using the dlib-based face landmarks

detector, the algorithm identifies the tilt of the face and six critical facial features essential

for accurate mask application. Depending on the detected face tilt, an appropriate mask

template is selected from a pre-defined library of masks. The template is then precisely

transformed according to the six key facial features to ensure a perfect fit on the face.

The accuracy of MaskTheFace lies in its ability to identify all faces in an image and apply

masks to them that have been selected by the user. To ensure realistic and accurate

mask placement, the algorithm takes into account various factors like face angle, mask
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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∗
√

(right_eye_y − left_eye_y)2 + (right_eye_x− left_eye_x)2

7: googles_height = 1.5 ∗
√

(middle_eyes_y − nose_y)2 + (middle_eyes_x− nose_x)2

8: rectangle = (0, 0, googles_width, googles_height)
9: middle_rectangle_x, middle_rectangle_y = googles_width

2 , googles_height
2

10: angle = right_eye_y−left_eye_y
right_eye_x−left_eye_x ∗

180
π

11: rectangle = rectangle.rotate(−angle, (middle_rectangle_x, middle_rectangle_y))
12: final_size = rectangle.size
13: sample.paste(rectangle, middle_eyes_x−final_size[0]

2 , middle_eyes_y−final_size[1]
2 )

14: end procedure

fit, and lighting conditions. By processing a single image or an entire directory of images,

it can be used as an invaluable tool for converting existing face datasets into masked-

face datasets. The algorithm offers several mask types, including ‘N95’, ‘surgical_blue’,

‘surgical_green’, ‘cloth’, ‘empty’, and ‘inpaint’. It is also possible to choose their preferred

mask type and enhance it with various patterns and colors. Since the study intends to

examine the impact of partial occlusion in FER, only the conventional surgical mask was

used (Figure 3.5).

Figure 3.4: Schematic representation of MaskTheFace algorithm [75].

When performing FER, similar expressions can be grouped, as in some applications,

the indication of a positive, negative, or neutral expression is sufficient [30]. This type
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Figure 3.5: Sample of the FERPlus dataset with mask occlusion

of simplification can help reduce the complexity of the classification problem and may

improve the generalization of the model. However, it should be noted that some level of

detail is lost in the data, which can be advantageous (simpler classification) or harmful

(loss of specific emotional information). When grouping all data into fewer classes, it is

also critical to ensure that the data are balanced in some way.

At this stage, the images were reclassified from 8 classes (FERPlus) and 7 classes

(FERV39K) into 3 categories. To categorize the new labels, emotions such as fear, dis-

gust, sadness, anger, and contempt were grouped as class 0 (negative expressions) for

the FERPlus dataset. In the FERV39K dataset, fear, disgust, sadness, and anger were

grouped as class 0 (negative expressions). Happy and surprise were classified as class 1

(positive expressions), while neutral was assigned to class 2 (Figure 3.6).

3.2 CNN Architectures

CNNs have transformed image recognition and become a key component of modern CV.

Models are empowered by CNNs to extract and learn complex hierarchical features from

visual data, including low-level edges and high-level semantic concepts. Tasks such as

image classification, object detection, and facial recognition have been revolutionized by

this capability, leading to unprecedented accuracy and efficiency. CNNs learn features

directly from data during training, which is different from traditional machine learning

methods which rely on manual feature engineering. This adaptability makes this archi-

tectures particularly well-suited for handling the diverse variability present in real-world
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(a) FERPlus (b) FERPlus with eyes occlusion

(c) FERV39K (d) FERV39K with eyes occlusion

Figure 3.6: Class grouping - Positive, Negative and Neutral
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visual datasets [76].

3.2.1 Overview of CNNs for Image Recognition

CNNs represent a specialized subset of DL models tailored for processing grid-like data

structures, such as images. In contrast to conventional neural networks that handle input

features independently, CNNs exploit the spatial configuration of data, allowing for more

efficient capture of pixel interrelations and feature extraction. This has revolutionized CV

by eliminating the need for human experts to develop image recognition features manually.

Instead, the networks autonomously uncover these features through a hierarchical learning

process, initially identifying simple elements like edges and textures, and subsequently

recognizing more complex patterns such as shapes and objects in later layers [77].

The foundation of CNNs comprises several crucial layers that function together to

analyze and categorize images (e.g. Figure 3.7). Convolutional layers (Conv) use a range

of filters (also known as kernels) on the input image, convolving over the pixels to identify

local patterns like edges or textures and gradually more complex features like shapes.

The network trains to adjust the weights of these filters, enabling it to concentrate on

the most pertinent elements [77].Weights play a crucial role in how neural networks learn.

They determine the strength of connections between neurons across layers. In a CNN,

every filter has its own set of weights, which are used on the input data via convolu-

tion operations. This capability allows CNNs to recognize spatial hierarchies within the

data, where lower layers detect basic features, such as edges or corners and deeper layers

uncover more abstract concepts like shapes [78].Following convolution, feature maps are

generated. These are the results of applying filters to the original data. Each feature map

emphasizes various components of the input, such as edges, textures, or patterns, based

on the detected attributes by the filters. To enhance efficiency, pooling layers (Pool) are

implemented. These layers conduct downsampling, a technique that shrinks the feature

maps by summarizing areas within them (such as taking either the maximum or aver-

age of small sections). By downsampling, the network preserves crucial features while
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eliminating redundant details, thereby decreasing the data volume for processing and ac-

celerating computation. Pooling also enhances the robustness of the model against minor

input variations, like shifts or rotations, thereby improving its generalization capacity.

In the final stages, fully connected layers use the high-level features derived from ear-

lier layers to make predictions, generally classifying the input into particular categories.

These layers establish connections between each neuron in one layer and every neuron in

the subsequent layer, merging the acquired feature information to generate the resultant

output, such as determining the class of the object in the image.

In CNNs, activation functions serve as an essential component, as they introduce

non-linearity after each convolutional and fully connected layer. Key to the ability of

the network to learn and represent the intricate, non-linear links found in real-world

datasets, activation functions like Softmax are indispensable. This non-linear behavior is

fundamental for tasks like image recognition, where the connection between pixels and

higher-level features like edges, textures, or objects is inherently non-linear. Without

these functions, CNNs could not establish the complex decision boundaries necessary for

distinguishing between images.

Figure 3.7: CNN Example: LeNet-5 [79].

The capacity of CNNs for hierarchical learning allows them to represent images at

multiple abstraction levels. In the initial layers, they can identify elementary features

such as edges and gradients, while in deeper layers, they discern complex patterns and

complete objects or scenes. This capability, called translation invariance, is crucial for
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object detection and scene classification in intricate settings, as it enables the recognition

of objects regardless of their placement in the image [77].

3.2.2 Selected CNN Architectures

This subsection thoroughly explores CNN architectures, focusing on VGG19, ResNet18,

and EfficientNetB1 as three prevalent models. The unique structures and design principles

of these architectures are described and underscored, illustrating their efficacy in diverse

image recognition applications.

Visual Geometric Group 19 (VGG19) (Figure 3.8) is a variant of VGG architectures,

with 19 deeply connected layers [80]. In this work, a pre-trained model was used, trained

on the ImageNet dataset of 1.3 million images, consisting of 1000 classes (proved to be

more robust than without any prior knowledge in previous work [65]). VGG19 is composed

of fully convolutional and fully connected layers that are highly connected, resulting in

better feature extraction. The kernel size is 3*3 and the input size is 224*224*3. This

model has a structure that allows better extraction of image features, using Maxpooling

for downsampling (applied to improve the anti-distortion ability of the network to the

image) and using a Rectified Linear Unit (ReLU) as the activation function.

Figure 3.8: Architecture of VGG19 [80].

Residual Network 18 (ResNet18) (Figure 3.9) [81], was also pretrained on the ImageNet

dataset and consists of 18 layers (17 convolutional layers, a fully connected layer and an

additional softmax layer to perform the classification task). The convolutional layers

use 3*3 filters and the input size is 224*224*3. Downsampling was also used, which is

performed by convolutional layers with a stride of 2. There is an average pooling followed
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by a fully connected layer with a softmax layer. In this network, residual connections are

inserted between layers.

Figure 3.9: Architecture of ResNet18 [80].

EfficientNetB1 (Figure 3.10) is composed of a basic component, a Mobile Inverted

Bottleneck Convolution (MBConv) module. In this component, the channels of the fea-

tures are changed, using a 1*1 convolution that is followed by a depth-wise convolution.

Then, a channel attention mechanism is introduced (the Squeeze-and-Excitation Network

(SENet) mechanism) [82]. Lastly, the channels of the feature maps are reduced using a

1*1 convolution.

Figure 3.10: Architecture of EfficientNetB1 [82].

3.2.3 Model Hyperparameters

To improve the training process of the model, a variety of hyperparameters were employed.

These included the learning rate, batch size, optimizer, number of epochs, as well as

regularization strategies and techniques for computing loss.
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The learning rate is a crucial hyperparameter that determines the size of the steps

taken towards minimizing the loss function during the training process, controlling how

much to adjust the weights of the model in response to the calculated gradients [77].

In the models used in this work, the learning rate was set to 0.001. A smaller learning

rate could lead to more stable convergence but could require more epochs to achieve an

optimal solution. Conversely, a larger learning rate could accelerate training but risked

overshooting the optimal weights, potentially resulting in divergence.

Batch size describes the quantity of training samples handled before updating the

internal parameters of the models, essentially determining how many examples are pro-

cessed in a single iteration of model training [77]. Here, a batch size of 64 achieved a

compromise between memory efficiency and training speed. Smaller batch sizes tended to

regularize and improve generalization, whereas larger batch sizes decreased the duration

of each epoch.

The optimizer is an algorithm designed to minimize the loss function by adjusting

the parameters of the models based on the computed gradients. In this instance, the

Stochastic Gradient Descent (SGD) optimizer was utilized (Eq. 3.1). This optimizer was

chosen for its simplicity and effectiveness [83]. The momentum parameter was set to

0.9, which helped accelerate the optimization process in significant directions, smooth-

ing the parameter updates and reducing oscillations.Momentum stabilizes weight updates

by considering previous gradients rather than relying solely on the current gradient. A

momentum value of 0.9 indicates that the optimizer incorporates past weight updates to

enhance the consistency of the adjustments. Additionally, weight decay, set at 5−4, acted

as a regularization method to combat overfitting; it penalized larger weights during the

optimization process, promoting simpler weight configurations to improve the generaliza-

tion capabilities of the models.

θ = θ − η · ∇θJ(θ; x(i), y(i)) (3.1)

, where θ symbolizes the vector of model parameters that are updated during training,
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while η represents the learning rate, a hyperparameter that determines the magnitude of

steps taken in each iteration of the optimization process. The expression ∇θJ(θ; x(i), y(i))

stands for the gradient of the cost function J with respect to the parameters θ, calculated

using the i-th pair of training data (x(i), y(i)). Furthermore, (x(i), y(i)) describes the i-th

training instance, where x(i) denotes an input (like an image), and y(i) represents the

associated label (such as the class of the image).

An epoch refers to one complete cycle through the training dataset. VGG19 and

ResNet18 were trained for 100 epochs, whereas EfficientNetB1 utilized 200 epochs. This

allows the model to iteratively learn from the dataset. However, monitoring the perfor-

mance of the models on a validation set is crucial to avoid overfitting. Excessively training

without adequate regularization might lead to a model that performs well on the training

set but fails to generalize to unfamiliar data.

The main regularization approach used in this model is weight decay, which is in-

tegrated into the settings of the optimizer. This technique mitigates the overfitting of

the models by applying a penalty on large weights, thus promoting generalization and

enhancing performance on new data.

To tackle the imbalance observed in the FERPlus and FERV39K datasets, a weighted

loss function was applied. This involved incorporating a weight parameter into the

CrossEntropyLoss function, as described in Eq. 3.2. The purpose of the loss function

is to determine how accurately the predictions of the models align with the actual tar-

gets. Tailored for multiclass classification, it compares the predicted probabilities with

the true class labels. The inclusion of a weight parameter allows the model to assign

different importance levels to each class, which is particularly beneficial for imbalanced

datasets [84]. By calculating these weights based on the training datasets, the models can

focus more on underrepresented classes, thus enhancing their learning process.

loss(x, y) = −weight[y] ∗ log(exp(x[y]))
sum(exp(x)) (3.2)

, where x represents the model output, y denotes the target class, exp signifies the
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exponential function, and sum(exp(x)) indicates the sum of exponentials in all classes.

3.3 Training Process

This section provides a detailed overview of the experimental framework, encompassing

the hardware and software employed, the training protocol adopted—emphasizing the

supervised learning strategy along with the validation and testing strategies utilized,

including the performance evaluation metrics, and the use of transfer learning within the

chosen CNN architectures.

3.3.1 Experimental Setup

The training of the networks was executed on a machine equipped with a 64GB RAM

AMD Ryzen Threadripper 3970X 32-Core Processor alongside an NVIDIA GeForce RTX

3090 Graphics Processing Unit (GPU). The software environment included the X2Go

Client, a remote desktop solution that allows users to access and control a remote machine

via a graphical interface over a network connection. This client was employed to connect

via Virtual Private Network (VPN) to Escola Superior de Tecnologia e Gestão (ESTIG),

operating on Ubuntu with the MATE desktop environment.

3.3.2 Training Protocol

The models were trained using a supervised learning approach, a type of ML that entails

training a model with labeled data. In this setup, each instance includes an input-output

pair, specifically images as inputs and their corresponding class labels as outputs. The aim

of supervised learning is to discover a function that precisely maps inputs to outputs by

minimizing the error between predicted outputs and actual labels. This process equips the

models to make correct predictions on unseen data [85]. In this setting, backpropagation

played a crucial role as a fundamental algorithm in neural network training, enabling the

model to learn from the labeled pairs to enhance prediction accuracy.
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The training process comprised several stages enabling the model to effectively learn

from the dataset. Initially, the input data was introduced to the neural network, prompt-

ing predictions based on the current weight assignments of the models. After this forward

pass, the loss function quantified the deviation between the predicted outputs and the

actual labels, evaluating the prediction accuracy of the models. Once the loss was as-

sessed, a backward pass ensued, where backpropagation computed the gradients of the

loss relative to each weight. This procedure entailed propagating the error in reverse

through the network to assess how each weight impacted the overall loss. Using these

gradients, the optimizer adjusted the weights to reduce loss, thus refining the parame-

ters of the models to enhance accuracy. This weight adjustment cycle was repeated over

multiple epochs, incrementally adjusting the model until it reached a satisfactory level of

performance (Figure 3.11).

Figure 3.11: Backpropagation process [86]

Avoiding overfitting is crucial during the training process to ensure that the models

generalize well to unseen data, rather than simply memorizing the training examples [87].

In this study, two key methods were employed, in order to prevent overffiting:

• Weight Decay: To address overfitting, this regularization method was employed by

34



imposing a penalty on larger weights during training. By incorporating a penalty

in the loss function associated with the weight magnitude, weight decay promotes

less complex models, thereby reducing the tendency of the network to overfit the

training data. This strategy was effective in mitigating overfitting, eliminating the

need for early stopping;

• Saving the Best Model: During the training phase, the model exhibiting the best

performance on the validation set was preserved. This tactic prevented any poten-

tial deterioration in performance due to extended training, enabling the models to

undergo complete training without the threat of overfitting. The best model could

be reloaded when needed, thus ensuring optimal generalization;

To effectively adjust the numerous parameters of the intricate architectures applied,

EfficientNetB1, VGG19, and ResNet18, a prolonged training period is required. The best-

performing model was retained while weight decay was utilized to prevent overfitting while

allowing these models to fully converge. Weight decay acts as a regularization technique

to prevent large weights, enhancing generalization. While preserving the best-performing

model, it ensured optimal validation performance. By using these strategies, training was

extended while maintaining robustness, leading to optimal performance in complex neural

network architectures.

3.3.3 Validation and Testing

To assess models performance, two metrics were consistently used during both validation

and testing stages. Cross-Entropy Loss served as the main metric for quantifying the

difference between predicted class probabilities and actual labels, offering crucial insights

for model optimization. Additionally, accuracy was calculated to gauge the percentage of

correctly predicted labels, acting as a broad measure of the effectiveness of the models.
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3.3.4 Transfer Learning

In many DL tasks, especially when working with limited datasets, training a model from

scratch can be inefficient. To address this, transfer learning was employed, allowing mod-

els to leverage previously learned knowledge. Transfer learning is an ML strategy in which

a model created for a specific task is utilized as the foundation for a model on another,

related task. By employing transfer learning, a model can take advantage of knowledge

acquired from addressing a prior issue, instead of building a model from the ground up.

This approach decreases the data, time, and computational resources required for train-

ing. Within DL, transfer learning generally entails employing pre-trained models—those

trained on extensive and versatile datasets such as ImageNet — and modifying them for

a new task. This involves immobilizing some of the early layers, which capture common

characteristics like edges and textures (frozen layers), and only training or adjusting the

final layers that are tailored to the specific task [88] (Figure 3.12).

In the VGG19 model, the convolutional layers were kept unchanged while adjustments

were made and training conducted on the newly appended fully connected layers. The last

layer of the classifier was substituted to correspond with the class count of the datasets.

Similarly, in ResNet18, the preceding residual blocks were left unaltered, with only the

terminal fully connected layer being replaced and fine-tuned. For EfficientNetB1, most

of the initial layers responsible for extracting general features remained unchanged, while

the final classification layer was replaced and optimized for the specific dataset.

3.4 Evaluation Metrics

To evaluate the performance of the trained models, several evaluation metrics were ap-

plied. These metrics offer a look at various dimensions of model accuracy and the ef-

fectiveness of classification. This section details the main metrics used for evaluation:

accuracy, confusion matrix, precision, recall, F1 score, and per-class accuracy, providing

a broad understanding of the performance of the models across different classes.

Accuracy is a crucial metric for assessing the performance of the models by determining

36



Figure 3.12: Scheme of transfer learning process [89]
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the ratio of correct predictions to the total number of predictions. It indicates the capacity

of the models to accurately identify both positive and negative instances, offering a general

overview of its efficacy (Eq. 3.3).

Accuracy = TP + TN

TP + TN + FP + FN
(3.3)

Where:

• TP (True Positives): Cases where the model correctly predicted the positive class.

• FP (False Positives): Cases where the model incorrectly predicted the positive class.

• FN (False Negatives): Cases where the model incorrectly predicted the negative

class.

• TN (True Negatives): Cases where the model correctly predicted the negative class.

The confusion matrix offers an in-depth understanding of a classification performance

of the models by displaying the distribution of predictions among various classes:

TP FP

FN TN


Precision assesses the correctness of positive predictions by calculating the ratio of true

positives to the total of positive predictions made. It shows how effectively the model

minimizes false positives, thus indicating its dependability in forecasting the positive class

(Eq. 3.4).

Precision = TP

TP + FP
(3.4)

Recall, sometimes referred to as Sensitivity or True Positive Rate, measures the capac-

ity of the models to detect all pertinent positive samples within a dataset. This metric is

determined by dividing the number of true positive predictions by the total actual positive
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cases, thus offering an understanding of how well the model identifies positive instances

while reducing false negatives (Eq. 3.5).

Recall = TP

TP + FN
(3.5)

The F1 score represents the harmonic mean of precision and recall, offering a singular

measure that balances the compromise between these metrics. This score is notably

valuable in situations where class distributions are imbalanced, as it underscores both the

accuracy of positive predictions (precision) and the capacity of the models to identify all

pertinent positive cases (recall). It is computed using Eq. 3.6 or Eq. 3.7.

F1 = 2 · Precision ·Recall

Precision + Recall
(3.6)

Alternatively:

F1 = 2TP

2TP + FP + FN
(3.7)

Per-class accuracy evaluates the effectiveness of the models for each category sepa-

rately, providing an in-depth assessment of its classification ability per class. It is de-

termined by computing the accuracy for each class using the confusion matrix, which

concisely compares the predictions of the models with the actual labels. For a particular

class i, the per-class accuracy is given by Eq. 3.8.

Per-class Accuracyi = TPi

TPi + FNi

(3.8)

Where:

• TPi is the true positives for class i,

• FNi is the false negatives for class i.
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3.5 Comparative Analysis of Architectures

This section provides a comparative analysis of three CNNs used in this work: VGG19,

ResNet18, and EfficientNetB1. The focus of this analysis is on their performance in

image recognition tasks, computational efficiency, as well as the challenges and limitations

associated with each model.

3.5.1 Performance Comparison

Comparing models and architectures in ML, especially for CNNs, involves a structured

evaluation approach. Initially, models are trained and tested on benchmark datasets

like ImageNet to ensure an equitable comparison of performance metrics across various

architectures. Essential performance indicators, such as accuracy, precision, recall, F1

score, and loss, are computed to evaluate the efficacy of each model, offering quantitative

data that simplifies comparative analysis.

Cross-validation techniques, for instance, cross-validation itself, are used to verify that

performance metrics are reliable and not excessively reliant on a specific train-test division.

This approach facilitates a more accurate assessment of each ability of the models to

generalize. Moreover, the duration required to train each model is documented, along with

the computing resources expended (such as GPU memory and Central Processing Unit

(CPU) usage), offering vital insights into the efficiency and feasibility of implementing

each architecture in actual applications.

The speed at which inference occurs, quantifying the time for each model to gener-

ate predictions, is particularly critical for applications that demand real-time processing.

Additionally, each resistance of the models to overfitting is assessed by analyzing the

training and validation loss curves to gauge the ability of the model to generalize to new

data. Typically, a model is favored if it sustains low validation loss while attaining high

accuracy.

The total count of parameters in each architecture is also crucial consideration, affect-

ing both the duration of training and the demand for memory; models with a reduced
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number of parameters might operate more efficiently, especially in environments with

limited resources. Additionally, qualitative analyses like confusion matrix visualizations

offer valuable insights into the performance of the models beyond mere numerical metrics,

aiding in the comprehension of specific strengths and weaknesses of each architecture.

3.5.2 Computational Efficiency

The application of CNN architectures is heavily shaped by their computational efficiency.

The computational demands and performance aspects of models like VGG19, ResNet18,

and EfficientNetB1 differ significantly. VGG19, which encompasses about 144 million

parameters [80], required significant resources, leading to high memory consumption and

slower processing speeds. This deep architecture demanded ample computational power

for both training and inference. Conversely, ResNet18, with approximately 11 million

parameters [81], presented a more efficient option. The introduction of residual connec-

tions in ResNet18 addressed the vanishing gradient issue (which occurs when gradients

become exceedingly small as they are backpropagated through deep networks, leading

to ineffective weight updates for earlier layers) and improved both inference speed and

memory usage over VGG19. As a result, ResNet18 is ideal for scenarios where speed

and resource efficiency are paramount, making it suitable for real-time image classifica-

tion tasks. EfficientNetB1 introduced an strategy to balance computational efficiency with

high performance. With around 7.8 million parameters [82], it reduced the computational

load required for training and inference. Its compound scaling method optimizes model

depth, width, and input resolution, ensuring swift inference and low memory utilization.

3.5.3 Challenges and Limitations

In the context of the challenges faced during model training, class imbalance emerged as

a significant issue. Both the FERPlus and FERV39K datasets presented uneven distribu-

tions of examples across various emotion classes, which lead to biased model performance.

When certain classes are underrepresented, the model struggle to learn to recognize those
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emotions accurately, resulting in lower overall performance for those classes. The ma-

chine utilized for training, equipped with an AMD Ryzen Threadripper 3970X 32-Core

Processor and an NVIDIA GeForce RTX 3090 GPU, was shared among multiple users.

The common use of this environment frequently led to competition for resources, which

posed challenges in obtaining the requisite computational capacity for model training.

This occasionally rendered the GPU inaccessible, disrupting the training process. Con-

sequently, the models needed to be trained repeatedly, complicating the overall schedule

and potentially affecting the outcomes.

3.6 Summary

The processes of assembling the FERPlus and FERV39K datasets included reorganizing

the data by eliminating extraneous columns and adopting a novel labeling system, pri-

oritized by the highest probability values. A masking algorithm was used to replicate

the effect of VR goggles on facial images, facilitating occlusion analysis. To improve the

training process, various hyperparameters were used, such as the learning rate, batch size,

optimizer, number of epochs, and regularization strategies like weight decay and saving the

best model to mitigate overfitting. The training of models was conducted using a super-

vised learning method, leveraging backpropagation for efficient learning through forward

and backward steps, loss calculation, and weight updates. To evaluate the performance of

the models, metrics like accuracy, confusion matrix and per-class accuracy were applied,

offering insights into classification performance. The computational demands of cho-

sen CNN architectures—VGG19, ResNet18, and EfficientNetB1—differed notably, with

VGG19 demanding considerable resources due to its extensive parameter size, whereas

ResNet18 and EfficientNetB1 provided more efficient alternatives. ResNet18 managed the

vanishing gradient problem, enhancing training reliability, and EfficientNetB1 balanced

computational efficiency with performance via optimized scaling. Training challenges in-

cluded dataset class imbalance leading to skewed performance and limited access to shared

hardware resources, affecting GPU availability and requiring multiple training sessions,
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potentially influencing the overall results.
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Chapter 4

Results and Discussion

The results of the study on the impact of occlusion in mask and goggles scenarios, along

with the implications of class reduction, will be discussed in this chapter.

4.1 Review of the Results

Regarding overall accuracy, using FERPlus dataset, in the no occlusion scenario, ResNet18

demonstrated the highest accuracy of 86.1%, followed by VGG19 with 83.0%, and Effi-

cientNetB1 with 82.3% (Table 4.1a).

When simulating the use of VR goggles, the EfficientNetB1 performed best, achieving

an accuracy of 79.7%, followed by VGG19 with 79.5%, and ResNet18 with 77.3% (Table

4.1b). With mask occlusion, EfficientNetB1 emerged as the top classifier with an accuracy

of 71.2%, followed by VGG19 with 70.4% and ResNet18 with 69.5% (Table 4.1c).

In a more detailed analysis, in the no-occlusion scenario, ResNet18 exhibited the

lowest recognition rates for contempt at 28.0% and fear at 36.6%, while achieving the

highest recognition rates for happiness at 92.3% and neutral at 86.1%. In VGG19, the two

main recognized emotions were neutral (86.1%) and happiness (92.3%), whereas the worst

performances matched those of ResNet18, with contempt at 24.0% and fear at 40.0%.

Similarly, in EfficientNetB1, the leading emotions were neutral (86.5%) and happiness

(92.9%), while the least recognized emotions mirrored those of the other networks, with
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contempt at 24.0% and fear at 38.3%.

When upper occlusion was introduced, the recognition rates for emotions with the

lowest accuracy in ResNet18 remained consistent with the previous scenario, staying at

28.0% for contempt and 30.0% for fear. Similarly, in VGG19 and EfficientNetB1, this

pattern persisted, with contempt at 20.0% and 24.0% respectively, and fear at 38.3% and

35.0% correspondingly. In contrast, emotions with the highest recognition rates remained

consistent with the previous scenario, with ResNet-18 achieving rates of 89.9% and 82.3%

in that order. Likewise, in VGG19, EfficientNetB1 the top two emotions remained un-

changed from ResNet18, with happiness reaching rates of 91.1%, 92.3%,respectively, while

neutral attained rates of 83.6% and 84.7% correspondingly.

Turning to the scenario involving mask occlusion, in ResNet18, the lowest emotions

recognition rates persisted at 20.0% for contempt and 30.0% for fear. VGG19 and Effi-

cientNetB1 are consistent with their earlier scenarios, where the lowest accuracy achieved

is 20.0% being contempt, and 40.0% and 33.3% being fear, respectively. However, the

highest recognition rates showed a change in ResNet18; while happiness maintained its

position as one of the top two emotions with 75.2%, surprise emerged as the new leading

emotion at 78.7%. This shift is also evident in VGG19, with rates of 80.1% for happi-

ness, and 81.2% for surprise. In EfficientNetB1, the highest scores are for neutral and

happiness, at 76.0% and 81.5% respectively.

The results from the FERPlus dataset indicate that emotions such as contempt and

fear are particularly challenging to recognize across all scenarios, as evidenced by con-

sistently low recognition rates that persist even under occlusion conditions. These low

rates suggest that contempt and fear often involve subtle facial cues that are easily ob-

scured, making accurate identification difficult. Conversely, emotions like happiness and

neutral consistently demonstrate higher recognition rates, underscoring their more pro-

nounced facial expressions. This stability indicates that the facial expressions associated

with these emotions are more discernible, even when features are partially occluded. The

emergence of surprise as a leading emotion under mask occlusion highlights the adapt-

ability of emotion recognition models when faced with occluded features. This suggests
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that the models may begin to rely more on specific facial characteristics or contexts that

remain visible during occlusion, such as raised eyebrows and wide-open eyes.Neutral and

happiness maintain relatively high recognition rates across scenarios, emphasizing the

clear and distinct facial expressions that facilitate recognition under adverse conditions.

In terms of overall accuracy using the FERV39K dataset, ResNet18 achieved the high-

est accuracy in the no occlusion scenario with 94.0%, followed by VGG19 at 93.3%, and

EfficientNetB1 at 88.3% (Table 4.2a).

ResNet18 performed better than the others when simulating occlusion of VR goggles

with an accuracy of 80.9%, followed by VGG19 with 80.8% and EfficientNetB1 with

77.3%, as shown in the Table 4.2b. Under mask occlusion conditions, VGG19 led with

80.8%, followed by ResNet18 at 80.6% and EfficientNetB1 at 77.8% (Table 4.2c).

It is evident that, in the initial results without occlusion, the performance of the model

in the FERV39K dataset follows the same trend observed in the FERPlus dataset, where

ResNet18 achieves the highest accuracy, followed by VGG19 and then EfficientNet. In

occlusion scenarios, the distinctions in dataset structure and model robustness become

more evident, which is why this ranking does not hold in comparison with the results

obtained by the models in FERPlus dataset. Although EfficientNetB1 reveals effective,

it did not handle sequential data of FER39K as effectively as models like ResNet18 or

VGG19. In contrast, FERPlus, composed of static images, shows to align better with the

capabilities of EfficientNet, resulting in improved performance.

In a more in-depth analysis, the no-occlusion scenario revealed that ResNet18 had

the lowest recognition rates for surprise and sadness, both at 93.7%, and for happiness

at 90.6%. Conversely, it achieved the highest recognition rates for disgust at 98.1% and

fear at 97.6%. For VGG19, the top recognized emotions were disgusted (98.2%) and

fear (97.6%), while the poorest performances occurred in sadness (90.3%) and happi-

ness (92.1%). EfficientNetB1 also identified disgust (98.5%) and fear (95.3%) as leading

emotions, mirroring ResNet18 results. However, it had the lowest recognition rates for

happiness (78.3%) and sadness (85.6%), similar to VGG19 performance.

When upper occlusion was introduced, ResNet18 exhibited the lowest recognition rates
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Table 4.1: Accuracy per class in FERPlus dataset

(a) No occlusion

Class ResNet18 VGG19 EfficientNetB1
Neutral 0,861 0,861 0,865
Happiness 0,923 0,923 0,929
Surprise 0,856 0,865 0,865
Sadness 0,616 0,662 0,636
Anger 0,705 0,768 0,685
Disgust 0,476 0,428 0,428
Fear 0,366 0,400 0,383
Contempt 0,280 0,240 0,240
Accuracy 0,861 0,830 0,823

(b) Goggles occlusion

Class ResNet18 VGG19 EfficientNetB1
Neutral 0,823 0,836 0,847
Happiness 0,899 0,911 0,923
Surprise 0,818 0,821 0,825
Sadness 0,498 0,586 0,509
Anger 0,632 0,666 0,700
Disgust 0,476 0,523 0,428
Fear 0,300 0,383 0,350
Contempt 0,280 0,200 0,240
Accuracy 0,773 0,795 0,797

(c) Mask occlusion

Class ResNet18 VGG19 EfficientNetB1
Neutral 0,725 0,713 0,760
Happiness 0,752 0,801 0,740
Surprise 0,787 0,812 0,815
Sadness 0,536 0,521 0,555
Anger 0,632 0,570 0,652
Disgust 0,380 0,380 0,476
Fear 0,300 0,400 0,333
Contempt 0,200 0,200 0,200
Accuracy 0,695 0,704 0,712
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for neutral at 28.8% and for anger at 95.2%. The highest accuracies were observed in

happiness at 97.5% and fear at 97.2%. For VGG19, neutral remained the least recognized

emotion at 31.7%, alongside anger at 93.8%. The highest accuracies were achieved in

fear at 97.2%, consistent with the previous scenario, and happiness at 96.9%. In the case

of EfficientNetB1, neutral also had the lowest accuracy at 27.4%, followed by anger at

88.3%. The highest accuracies were noted in sadness at 95.4% and happiness at 94.5%

(the opposite of the no-occlusion scenario).

In the scenario involving mask occlusion, ResNet18 continued to show the lowest

recognition rates for neutral at 28.9% and for surprise at 94.3%. The highest accuracies

were achieved in happiness at 96.8% and fear at 96.1%, mirroring the results from the VR

goggles occlusion scenario. For VGG19, neutral remained the least recognized emotion

at 30.4%, followed by surprise at 94.1%. The highest accuracies were noted in happiness

at 96.5%, consistent with the VR occlusion scenario, and anger at 95.8%. In the case of

EfficientNetB1, the trend persisted with neutral as the worst emotion at 32.9% accuracy,

followed by surprise at 88.5%. The highest accuracies were recorded in fear at 94.5%,

consistent with the first scenario, and happiness at 92.3%.

Significant inconsistencies in recognition rates across various occlusion scenarios are re-

vealed by the FERV39K dataset, which features sequential images that capture dynamic

emotions. Neutral emotions always had the lowest recognition rates in bot occlusion

scenarios. The introduction of occlusions, whether through upper occlusion or mask oc-

clusion, likely contributed to the disruption of facial features that convey subtle cues.

The lowest recognition rates for emotions such as surprise and sadness across different

scenarios indicate that they are particularly prone to occlusions. When facial features are

obscured, it can be harder to detect sadness when it involves less pronounced facial move-

ment. The recognition rates for emotions like happiness and fear fluctuated depending

on the specific occlusion scenarios. The recognition rate for happiness in the no-occlusion

scenario was lower for EfficientNetB1, possibly showing that the model relies on more

visible facial cues for accurate identification. Introducing occlusions led to an increase in

both sadness and happiness recognition rates for EfficientNetB1. The model may have

49



identified features that are less affected by occlusions, which is why the improvement in

sadness recognition rates from the no-occlusion scenario to the occlusion scenario suggests

better performance.

These inconsistencies could be exacerbated by the representation of emotions in the

FERV39K dataset. Emotions like happiness and fear tend to involve more distinctive

facial expressions, making them more recognizable under certain conditions. In contrast,

neutral expressions and emotions such as sadness may lack distinctiveness, leading to

variability in recognition accuracy across scenarios.
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Table 4.2: Accuracy per class in FERV39K dataset

(a) No occlusion

Class ResNet18 VGG19 EfficientNetB1
Neutral 0,948 0,944 0,905
Happiness 0,906 0,921 0,783
Surprise 0,937 0,934 0,917
Sadness 0,937 0,903 0,856
Anger 0,947 0,935 0,914
Disgust 0,981 0,982 0,985
Fear 0,976 0,976 0,953
Accuracy 0,940 0,933 0,883

(b) Goggles occlusion

Class ResNet18 VGG19 EfficientNetB1
Neutral 0,288 0,317 0,274
Happiness 0,975 0,969 0,945
Surprise 0,963 0,959 0,902
Sadness 0,971 0,951 0,954
Anger 0,952 0,938 0,883
Disgust 0,959 0,958 0,900
Fear 0,972 0,972 0,935
Accuracy 0,809 0,808 0,773

(c) Mask occlusion

Class ResNet18 VGG19 EfficientNetB1
Neutral 0,289 0,304 0,329
Happiness 0,968 0,965 0,923
Surprise 0,943 0,941 0,885
Sadness 0,959 0,953 0,917
Anger 0,952 0,958 0,893
Disgust 0,954 0,956 0,902
Fear 0,961 0,957 0,945
Accuracy 0,806 0,808 0,778
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(a) (b)

(c) (d)

(e) (f)

Figure 4.1: Confusion Matrices obtained using FERPlus and FERV39K datasets in no
occlusion scenario. (a) ResNet18; (b) VGG19; (c) EfficientNetB1; (d) ResNet18 for
FERV39K; (e) VGG19 for FERV39K; (f) EfficientNetB1 for FERV39K.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.2: Confusion Matrices obtained using FERPlus and FERV39K datasets in upper
occlusion scenario. (a) ResNet18; (b) VGG19; (c) EfficientNetB1; (d) ResNet18 for
FERV39K; (e) VGG19 for FERV39K; (f) EfficientNetB1 for FERV39K.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.3: Confusion Matrices obtained using FERPlus and FERV39K datasets in mask
occlusion scenario. (a) ResNet18; (b) VGG19; (c) EfficientNetB1; (d) ResNet18 for
FERV39K; (e) VGG19 for FERV39K; (f) EfficientNetB1 for FERV39K.
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The subsequent overview details the performance results for each class grouping across

the multiple models used in this research.

Regarding overall accuracy on the FERPlus dataset without any occlusion, VGG19

attained the top accuracy of 84.5%, with EfficientNetB1 achieving 83.8%, and ResNet18

scoring 82.8% (see Table 4.3). In every model, the highest accuracy was achieved by the

positive class, scoring 92.7% in VGG19, 89.9% in ResNet18, and 88.7% in EfficientNetB1.

In contrast, the negative expressions showed lower accuracy, at 76.1% with EfficientNetB1,

72.5% with VGG19, and 71.6% with ResNet18.

In goggles occlusion scenario, the top model maintains the same, VGG19, with 81.0%

of accuracy, followed by EfficientNetB1 with 80.6% and ResNet18 with 79.9%. Positive

class remains the class with the highest accuracy, 88.9% in VGG19, 88.0% in Efficient-

NetB1 and 87.0% in ResNet18. Negative class maintains the lower accuracy, with 75.3%

in VGG19, 71.3% in ResNet18 and 68.0% in EfficientNetB1.

Table 4.3: Accuracy per class using class grouping in FERPlus dataset

(a) No occlusion

Class VGG19 ResNet18 EfficientNetB1
Negative 0,725 0,716 0,761
Positive 0,927 0,899 0,887
Neutral 0,847 0,835 0,842

Accuracy 0,845 0,828 0,838
(b) Goggles occlusion

Class VGG19 ResNet18 EfficientNetB1
Negative 0,753 0,713 0,680
Positive 0,889 0,870 0,880
Neutral 0,765 0,788 0,820

Accuracy 0,810 0,799 0,806

Regarding the class grouping, using FERV39K, in the no occlusion scenario, VGG19

achieved the highest accuracy with 82.5%, followed by ResNet18 with 82.4% and Effi-

cientNetB11 with 80.7% (Table 4.4a).
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Upon conducting a more comprehensive analysis, it was found that negative expression

exhibited the highest performance levels in both ResNet18 (98.3%) and VGG19 (97.3%).

Conversely, within EfficientNetB1, the positive expression showed the best results, achiev-

ing 96.1%. Clearly, the neutral expression consistently delivered the lowest performance

across all models, with outcomes of 29.3% in VGG19, 31.4% in ResNet18, and 43.7% in

EfficientNetB1.

Upon introducing upper occlusion (Table 4.4b), ResNet18 attained the highest accu-

racy at 81.4%, followed closely by VGG19 at 81.2%, and EfficientNetB1 at 79.5%. In

a deeper examination, positive expression exhibited peak performance with ResNet18

reaching 97.4%, VGG19 achieving 97.5%, and EfficientNetB1 at 96.6%. Conversely, neu-

tral expression showed the least performance across the models, with ResNet18 at 28.9%,

VGG19 at 28.6%, and EfficientNetB1 at 24.9%.

Table 4.4: Accuracy per class using class grouping in FERV39K dataset

(a) No occlusion

Class ResNet18 VGG19 EfficientNetB1
Negative 0,983 0,973 0,837
Positive 0,981 0,980 0,961
Neutral 0,293 0,314 0,437
Accuracy 0,824 0,825 0,807

(b) Goggles occlusion

Class ResNet18 VGG19 EfficientNetB1
Negative 0,964 0,959 0,944
Positive 0,974 0,975 0,966
Neutral 0,289 0,286 0,249
Accuracy 0,814 0,812 0,795

In the analysis of confusion matrices for the FERPlus and FERV39K datasets, model

performance varies under normal, mask occlusion, and goggles occlusion conditions, with

class grouping revealing distinct strengths and weaknesses in emotion recognition. Under

normal conditions (Figure 4.1), all models demonstrate reliable accuracy in distinguishing
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(a) (b)

(c) (d)

(e) (f)

Figure 4.4: Confusion Matrices obtained using FERPlus and FERV39K datasets in no
occlusion scenario using class grouping. (a) ResNet18; (b) VGG19; (c) EfficientNetB1;
(d) ResNet18 for FERV39K; (e) VGG19 for FERV39K; (f) EfficientNetB1 for FERV39K.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.5: Confusion Matrices obtained using FERPlus and FERV39K datasets in upper
occlusion scenario using class grouping. (a) ResNet18; (b) VGG19; (c) EfficientNetB1;
(d) ResNet18 for FERV39K; (e) VGG19 for FERV39K; (f) EfficientNetB1 for FERV39K.
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emotions such as happiness and sadness, while showing some misclassifications in neutral

expressions, particularly among emotions like fear and contempt, which often share simi-

lar visual cues. Mask occlusion (Figure 4.3) significantly reduces accuracy, especially for

emotions that rely on lower-face visibility, such as anger and disgust, leading to misclas-

sifications where these emotions are often confused with neutral or positive expressions.

Goggles occlusion (Figure 4.2) primarily impacts the detection of expressions like sadness

and surprise, which depend heavily on eye visibility, resulting in a higher rate of confusion

within the neutral, happiness and surprise. Class grouping (Figure 4.4 and Figure 4.5) re-

veals that positive emotions, like happiness, are generally the easiest to classify accurately

across all conditions, while neutral expressions and negative expressions show increased

misclassification rates, indicating the challenges posed by occlusion in facial expression

recognition.

On the FERV39K dataset, ResNet18 did not perform as strongly as it did on FERPlus.

The results revealed that the model faced difficulties in correctly classifying certain emo-

tions, especially within the negative and neutral categories. Although ResNet18 surpassed

VGG19 on the FERV39K dataset, it lagged behind EfficientNetB1. The performance of

VGG19 on FERV39K was noticeably inferior compared to its results on FERPlus, as

it struggled with distinguishing between various emotion classes, which pointed to chal-

lenges in identifying subtle emotional expressions. Both ResNet18 and EfficientNetB1

outperformed VGG19 on FERV39K. EfficientNetB1 excelled on this dataset, achieving

the highest accuracy by effectively reducing confusion among different emotion classes.

Its proficiency at extracting distinctive features from the FERV39K dataset was reflected

in its superior results. Overall, all three models showed diminished performance when

moving from the FERPlus to the FERV39K dataset, indicating that FERV39K was more

challenging for these models. EfficientNetB1 consistently outshone ResNet18 and VGG19

across both datasets, highlighting the advantage of its architecture in capturing relevant

features for emotion classification. An examination revealed that all models had difficulty

with certain emotions, especially the negative and neutral classes, on both datasets. The

FERV39K dataset appeared to be more challenging due to its larger number of images
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and the presence of sequential emotion-depicting images. This sequence made recognition

more difficult as emotions could appear more alike or be more subtle compared to those

in FERPlus. The significant drop in the performance of ResNet18 on FERV39K implied

that it might be less capable of managing the complexities of the dataset. VGG19, in par-

ticular, faced a stark decline when transitioning to FERV39K, suggesting its architecture

was not as well-equipped for the challenges of the dataset. Conversely, EfficientNetB1

retained its outstanding performance on both datasets, demonstrating its robust ability

to handle diverse datasets and the challenges of FERV39K effectively.

4.2 Discussion

Occlusion clearly impacts the capacity of the models to discern emotions, with the effects

varying by which facial region is obscured. Both FERPlus and FERV39K exhibit marked

declines in accuracy due to occlusion, though the specific area covered critically influences

the extent of this drop. In FERPlus, the absence of temporal data exacerbates the impact

of missing facial features. For instance, eye occlusion reduces the accuracy of VGG19 to

79.5% and EfficientNetB1 to 79.7%. In contrast, when a mask covers the mouth and

nose, the accuracy of EfficientNetB1 sharply fall to 71.2%, highlighting the importance

of the lower face, especially for emotions like happiness, often conveyed through smiles.

Meanwhile, in FERV39K, temporal sequences slightly alleviate occlusion effects, but sig-

nificant performance losses still occur. Under goggles occlusion, the EfficientNetB1 score

decreased from 88.3% to 77.3%, indicating that even temporal data can not fully compen-

sate for the obstruction of key features like the eyes. Emotions reliant on eye expressions,

such as fear and sadness, are notably difficult to detect with goggles; for example, fear

recognition falls to 30% for ResNet18 in FERPlus compared to 36.6% without occlusion.

Likewise, expressions of happiness, dependent on mouth visibility, are heavily impacted

by mask occlusion, with the accuracy of EfficientNetB1 dropping from 92.9 % to 74%.

While dynamic datasets like FERV39K benefit somewhat from temporal cues, occluding

essential facial areas like the eyes and mouth still leads to pronounced performance drops.
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Organizing specific emotions into broader categories like negative, positive, and neu-

tral simplified the process, thereby boosting model performance by reducing complexity.

This technique proved highly effective in the FERPlus dataset, where VGG19 attained an

accuracy of 84.5%, ResNet18 achieved 82.8%, and EfficientNetB1 reached 84.5% without

occlusion when employed with class grouping. These outcomes outperform detailed per-

class identification, where distinguishing between particular emotions such as fear and

disgust is more difficult. In FERV39K, class grouping continued to be beneficial, even

with the inclusion of temporal data. For instance, ResNet18 achieved 82.4% accuracy

in FERV39K with grouped classes and no occlusion, demonstrating that merging tem-

poral data with class grouping improves model stability compared to static data alone.

The use of three-class grouping provides benefits in both datasets, but it is especially

impactful in occlusion scenarios. Grouping emotions simplified the classification task

and improved robustness, even when facial features are occluded. For example, in the

FERPlus dataset under goggles occlusion, VGG19 achieved an accuracy of 79.5% with

grouped classes, which is higher than its per-class performance under the same condition.

Similarly, ResNet18 in FERV39K maintained 82.4% accuracy with class grouping and no

occlusion, demonstrating that this strategy is effective even when dealing with dynamic

sequences.

A significant observation is the notable disparity in model performance regarding neu-

tral emotion detection across the two datasets. In the case of FERV39K, the evolving

characteristics of sequences introduced variability in the expression of neutrality. Over

time, subtle facial movements could be perceived by the model as emotional changes,

resulting in increased misclassifications. This challenge caused reduced accuracy for neu-

tral emotions in FERV39K, as the model found it difficult to consistently detect subtle,

less expressive emotions. For instance, minimal movements like a slight eyebrow lift or

a minor shift in mouth position might be seen as transitions between emotional states,

potentially confusing the model and leading to lower accuracy for neutral emotions in

dynamic sequences. On the other hand, FERPlus features static images that capture a

single moment of facial expression, simplifying the task for the model to recognize and
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categorize neutral expressions. Under these static conditions, neutral emotions were more

clearly delineated, leading to improved accuracy.

In summary, class grouping significantly improves model performance by simplifying

the classification task, especially in FERPlus with its static images. However, the use

of dynamic sequences in FERV39K adds robustness, particularly in occlusion scenarios,

as temporal cues provide additional context. Despite this, occluding key facial regions

like the eyes or mouth still causes significant performance drops, especially for emotions

that rely on these features. Finally, the Neutral emotion presents a unique challenge in

FERV39K, where small facial movements in dynamic sequences can confuse the model,

leading to lower accuracy compared to the more static, well-defined Neutral expressions

in FERPlus.

4.3 Summary

Three CNNs: VGG19, ResNet18, and EfficientNetB1 were used in the study to investi-

gate how facial emotion recognition systems respond to occlusions, such as masks, VR

goggles, or other facial coverings. Testing of these models was conducted on two different

datasets: FERPlus, which contains static images, and FERV39K, which incorporates se-

quential images that add valuable temporal information for dynamic settings. The main

conclusion of the research is that occlusions consistently decrease recognition accuracy in

all models and datasets. Regardless of the type or size of the occlusion, this effect was

seen, which indicates a significant weakness in CNN-based systems when they come across

obstructed facial features. The amount of performance degradation can be affected by the

specific location of the occlusion on the face. For instance, occluding the eye region hin-

ders the recognition of emotions like fear and sadness, while covering the mouth and nose

primarily affects the recognition of happiness and surprise, which rely heavily on visible

mouth movements.Differences in model performance were also evident. In the FERPlus

dataset, ResNet18 was superior to VGG19 and EfficientNetB1 in scenarios without occlu-

sion, indicating its superiority in static image analysis. EfficientNetB1 had an advantage
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over the other models in identifying subtle emotional shifts, while VGG19 had trouble

distinguishing emotions with low-intensity expressions. These variations in performance

highlight how the sequential and larger FERV39K dataset posed a greater challenge to the

models, especially when compared to the more straightforward static classification tasks

in the FERPlus dataset. In addition, it was found that grouping emotions into broader

categories, such as positive, negative, and neutral, improved classification accuracy across

all models. This approach reduced the cognitive load on the models and improved accu-

racy by simplifying the classification task, especially when partial occlusions were present.

This suggests a potential path to enhance model performance when fine-grained emotion

classification is not required. Further investigation revealed challenges and patterns of

robustness that were specific to emotions. Certain emotions, such as contempt and fear,

were notably difficult to recognize when occlusion was present. The emotional states are

heavily influenced by subtle facial cues around the eyes and mouth, regions that are often

obscured by occlusions. This finding emphasizes the difficulty that current CNN models

experience in generalizing across missing facial information, especially for emotions that

do not have distinct facial markers. In contrast, emotions such as happiness and neutral-

ity were relatively more resilient to occlusion. Happiness, for example, is often associated

with a larger, more distinctive smile, while neutral expressions are characterized by the

absence of particular emotional markers, making them less vulnerable to performance

degradation when portions of the face are obscured.
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Chapter 5

Conclusion

Although there have been notable improvements in FER technologies, considerable dif-

ficulties remain, especially regarding partial occlusion, which can obstruct the precise

interpretation of emotions. These obstructions block essential facial features, making it

challenging to detect important emotional cues, such as eye dynamics and mouth move-

ments.

When evaluating performance, the findings revealed substantial differences under di-

verse conditions. Under optimal scenarios without any obstruction, ResNet18 achieved

the highest level of accuracy on both the FERPlus and FERV39K datasets, outperforming

VGG19 and EfficientNetB1. This demonstrates its strong capability to accurately identify

and categorize facial expressions when all features are visible. Occlusion drastically de-

creased models performance; for example, when a mask covered the mouth, the accuracy

of EfficientNetB1 dropped significantly, in happiness, from 92.9% to 74%, in FERPlus

dataset. Moreover, in FERV39K, occlusion scenarios significantly impact the accuracy

of the neutral class. For instance, in VGG19, the accuracy drops drastically from 94.4%

to 31.7% in the goggles occlusion scenario and to 30.4% in the mask occlusion scenario.

Emotions like contempt and fear were challenging to recognize under occlusion, as they

rely on subtle facial cues around the eyes and mouth, which are often obscured. This

highlighted the difficulty CNN models face in generalizing with missing facial informa-

tion, especially for emotions lacking distinct markers. In contrast, emotions like happiness
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and neutrality proved more resilient, as happiness is marked by a distinctive smile, and

neutrality lacks strong emotional features, making them less affected by occlusion.

Implementing a strategy that groups classes into three categories improved the effec-

tiveness of the models, especially in scenarios with occlusion. For instance, when em-

ploying grouped classes, VGG19 achieved an accuracy of 81.0% with goggles occlusion,

in FERPlus, showing a notable enhancement compared to its performance using sepa-

rate classes. This approach streamlined the classification process, allowing the models to

achieve superior performance even in the presence of obstructed features.

The complexity of extracting distinctive features from occluded facial areas can result

in inaccurate feature localization, imprecise facial alignment, and errors in facial registra-

tion. Consequently, emotions that rely heavily on the visibility of certain facial features

become more difficult to identify accurately. Therefore, addressing the parameters of

occlusion is essential for enhancing the effectiveness of FER systems. To enhance the

effectiveness of facial expression recognition systems, several avenues for future work are

proposed. First, developing specialized datasets that feature scenarios with masks or VR

goggles is crucial. These datasets should reflect real-world circumstances where individ-

uals might wear masks or goggles, providing a valuable resource for training models to

manage occlusions efficiently.To enhance the models ability to recognize emotions under

difficult circumstances, researchers must include a diverse range of facial expressions and

demographic variations in their datasets. Besides building these datasets, the application

of data augmentation techniques can significantly strengthen model robustness. For ex-

ample, synthetic occlusion, which intentionally covers portions of the face during training,

helps models better generalize to unforeseen occlusions encountered in real-world applica-

tions. Moreover, investigating different model architectures focused on temporal features

could benefit greatly from these tailored datasets. Training models like 3D CNNs or

RNNs on sequences that include occlusions can foster strong representations for emotion

recognition even with partial face visibility. Addressing these aspects could considerably

progress the field of facial expression recognition, leading to more precise and practical

models for everyday use.
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