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Abstract—The human face is a powerful tool for nonverbal
communication, capable of conveying a wide range of emotions.
Previous research has shown that facial expressions contribute
significantly to interpersonal communication, indicating that 55%
of information is conveyed through facial expression alone.
Despite advancements, Facial Expression Recognition (FER)
technology faces challenges, particularly in scenarios involving
occlusions. Instances during the COVID-19 pandemic and in
Virtual Reality (VR) environments highlight these challenges,
where mask usage and head-mounted displays obstruct facial
features critical for accurate recognition. This paper aims to
investigate the importance of the eyes in facial expression recog-
nition by using four models: ResNet-18, VGG-19, EfficientNet-
B1, and an Ensemble model. Utilising the FERPlus dataset,
scenarios with and without occlusion were examined. In scenarios
without occlusion, ResNet-18 emerged as the top-performing
model, achieving 86.1% accuracy. However, when occluded by
goggles, the Ensemble model demonstrated superior performance
with 82.8% accuracy. Furthermore, in the presence of mask
occlusion, EfficientNet-B1 exhibited the most robust performance,
achieving an accuracy of 71.2%. Despite challenges, the results
of this paper reaffirm the enduring importance of the eyes in
facial expression recognition, emphasizing their pivotal role in
conveying emotions even amidst technological obstacles.

Index Terms—Facial Expression Recognition, Partial Occlu-
sion, Virtual Reality, Eyes, COVID-19, Serious Games

I. INTRODUCTION

The human face stands out as the epitome of effective non-
verbal communication, attributed to its complexity and signifi-
cance. Serving as a dynamic channel of nonverbal expression,
it possesses the ability to convey both involuntary reactions
and deliberate gestures, rendering it a highly significant feature
in interpersonal communication [1]. Mehrabian [2] discovered
that 75% of the information is communicated between indi-
viduals through writing, 38% through conversation, and 55%
through facial expressions.

Facial expression recognition (FER) has received signif-
icant attention in diverse fields, such as computer vision,
psychology, and human-computer interaction [3]. Ekman and
Friesen [4] identified a set of facial expressions of emotion that
transcend cultural boundaries: surprise, fear, disgust, anger,
happiness, and sadness. Subsequently, the same researchers
created a facial atlas detailing the involvement of each muscle
in the six fundamental emotional states, providing the foun-
dation for an encoding system [5].

In the past few years, the application of FER technology
has expanded its reach to the serious game industry, achieving
a significant breakthrough in exploiting the capabilities of
FER for immersive gaming experiences. Through this tech-
nology, interactions between in-game characters or scenarios
can be more immersive and engaging, as emotions can be
dynamically responded to, leading to a more personalized and
captivating gaming experience [6]. Moreover, it can contribute
to therapeutic interventions, including Virtual Reality (VR)
exposure therapy for anxiety disorders [7] and educational [8].

Despite the advancements, this technology still faces chal-
lenges in accuracy and reliability, especially when dealing
with occlusions. An illustrative instance lies in its application
during the COVID-19 pandemic, where widespread mask
usage obscured everything below the nose, including the nose
itself, thereby complicating the recognition of emotions [9].
Another example arises when this technology is applied to
VR environments, particularly when a person is using a head-
mounted display, which occludes the area around the eyes, a
crucial region for accurate facial expression recognition [10].

The primary goal of this paper is to investigate the role of
the eyes in FER by performing standard FER and comparing
it with two distinct scenarios in which a portion of the face
is occluded (Fig. 1). The first occlusion scenario (Fig. 1a)
involves FER with the upper half of the face occluded by VR
goggles. The second scenario (Fig. 1b) involves performing
FER while wearing facial masks, that cover the lower half of
the face. As a result of these simulations, it is expected that
a deeper understanding of the role of the eyes in recognizing
facial expressions will be gained. The design and implementa-
tion of more sophisticated gaming systems can be influenced
by understanding the pivotal role of the eyes in conveying
emotions. For instance, incorporating mechanisms that react
to subtle changes in facial expressions can enable games
to dynamically respond to emotional states of the players,
leading to more personalized and immersive experiences [6].
In addition, these insights can lead to the development of new
gameplay mechanics that rely on ocular interactions, which
can provide players with innovative ways to interact with
virtual environments.979-8-3503-8438-3/24/$31.00 ©2024 IEEE
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(a) First Scenario (b) Second Scenario

Fig. 1: Occlusion Scenarios

II. RELATED WORK

Up to this moment, the authors of this paper have not found
any paper that focuses on studying the real importance of the
eyes in FER, which is the focus of the present paper. This
section aims to explore and describe recent advances in the
classification of facial expressions with partial occlusion of
the face.

A system that recognizes facial expressions with face masks
was proposed by Yang et. al [11]. The authors proposed a
two-step strategy: firstly, they re-trained a face-mask-aware
face parsing model using existing datasets with face mask
annotations, and secondly, they employed a vision Trans-
former capable of handling both occluded and non-occluded
facial regions. The EHANet [12] model was able to process
CelebaMask-HQ [13] and ibugmask [14] datasets in the initial
step, leading to the creation of M-CelebAMask-HQ and M-
ibugmask datasets. In the subsequent phase, facial images were
identified by MTCNN [15] and 2D tensors for various datasets,
including, M-KDDI-FER [16], M-CK+ [17] (automatically
processed as facial image wearing face) and M-FER2013
[18]. Following this, the researchers utilized the ResNet50
backbone, which had been pre-trained on ImageNet, to extract
features from the 2D tensor for each branch. The accuracy on
M-LFW-FER, M-KDDI-FER, M-FER2013, and M-CK+ was
90.31%, 91.83%,66.53% and 61.08% respectively.

Magherini et al. [19] also developed a system that can
recognize emotions when half of the face is occluded by a
face mask. In their research, the AffectNet dataset [20] was
used, which has some images with occlusion elements, such
as sunglasses and hats. Since this dataset lacked face images
with masks, they applied the MaskTheFace algorithm [21],
which identifies the tilt of the face and places a mask. The
authors developed a framework consisting of two main blocks:
the first block validated images via ResNet-50 [22], filtering
out occluded elements such as sunglasses, hats, and shadows
that obscured the forehead and eye regions, impeding emotion
recognition in the presence of face masks, while the second
block conducted emotion recognition, employing the Inception
network [23]. The framework achieved an accuracy of 96.71%.

Castellano et al. [24] proposed a method to recognize
emotions from masked faces by utilizing a Convolutional
Neural Network (CNN) that is based on MobileNetV2 [25],
trained on ImageNet [26] for mask detection. When a mask
was detected, the system focused on the eye area for emotion

analysis; otherwise, it analyzed the entire face. Two ResNet-
50 [22] models were trained: one for analyzing the full
face when no mask was detected and another for focusing
on the eye area when a mask was detected. Additionally,
the authors tested both models with a Bottleneck Attention
Module (BAM) [27], named ResNetBAM. They curated two
datasets from FER2013 [18]: FER2013_filtered containing im-
ages with detectable facial landmarks and FER2013_cropped
for developing the FER model for masked faces. Results
showed 63.52% accuracy for ResNet-50 and 62.62% for
ResNet50BAM using FER2013_cropped and 73.21% and
74.32% using FER2013_filtered, respectively.

Abate et al. [28] examined the effects on FER systems,
of faces that have been obscured by masks, as well as those
with obstructed eyes. The authors explored four scenarios: in
the first, unmasked faces were used for training and masked
faces for testing; the second scenario utilized masked faces
for both training and testing; in Scenario 3, a model trained
on unmasked faces was tested with eye-occluded images; and
Scenario 4 involved training and testing with eye-occluded im-
ages. They employed three algorithms (Residual masking net-
work [29], FER CNNs [30] and Amend-Representation Mod-
ule [31])), trained and tested on datasets including FER2013
[18] and RAF-DB [32]. Additionally, experiments involving
masked (with fake masks generated as described in [33]) and
eye-occluded (using a simple black occlusion bar placed over
the periocular region) conditions were conducted on these two
datasets. The highest performance, in terms of accuracy, in
all scenarios was attained using the Amend-Representation
Module on the RAF-DB dataset: 45.45% in the first scenario,
82.30% in the second, 74.25% in the third and 84.32% in the
last scenario.

Ruan et al. [34] developed a strategy that uses a path se-
lection multi-network model to recognize facial expressions in
three different facial occlusion scenarios: upper face occlusion,
lower face occlusion and eye occlusion. The authors combined
multiple expression recognition databases including FER2013
[18], JAFFE [35], KDEF [36], and RAF-DB [32]. The upper
and lower halves of images were directly blackened to simulate
facial masking. To simulate eye occlusion, they used the
Haarcascade_eye.xml classifier to locate both eyes and shade
their corresponding areas. New databases were created through
this process, including ConcatDB, which contains images with
upper face occlusion, BConcatDB, which contains images with
lower face occlusion and EyeCDB that consists exclusively of
images with eye occlusion. By segmenting the labels within a
single database, three new sub-databases were created to train
three Subnets (networks developed by the authors) separately.
In order to make path selection easier, an integration method
was used, that involved multi-networks, where groups of labels
were combined in a single database to train an initial network
that was labeled beginner. Subsequently, the prediction made
by BeginNet (network constructed by the authors) dictated
the Subnet responsible for making the final prediction. The
accuracy rate for the proposed methodology was 59.8%, 60.6%
in BConcatDB, and 63.71% in eyeCBD, respectively.
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III. METHODOLOGY

To determine the impact of the eyes on FER, the procedure
involves assessing three CNN networks (VGG-19, ResNet-18,
and EfficientNet-B1) and then assembling them, creating a
"stronger" network.

To achieve this, an occlusion algorithm was integrated,
which replicates the effect of VR goggles. A mask simulation
algorithm was also utilized to mimic surgical masks.

A. Dataset

The FER+ dataset (Figure 2) can be described as an
expanded version of the FER2013 dataset [18]. Images were
categorised into 8 emotion classes (0 = Neutral, 1 = Happiness,
2 = Surprise, 3 = Sadness, 4 = Anger, 5 = Disgust, 6 =
Fear, and 7 = Contempt). The purpose of this dataset was to
address problems in FER2013, such as correcting misclassified
images and eliminating those with missing facial features.
In addition, each image had tags from 10 crowd-sourced
annotators, which means that each row was aiming to cover
a total of 10 values (the 8 emotions already mentioned,
"unknown" and "NF" - not a face). These values are equivalent
to the probabilities assigned to different emotions by the
annotators. The reclassification process began by ignoring
columns labeled as ’unknown’ and ’NF’ (not a face) since they
were not related to our classification objectives. Afterward,
the highest probability value for every row was established,
assigning numerical values between 0 and 7 to symbolize the 8
emotions. Due to the frequent occurrence of duplicated highest
probability values within the same row, manually inspecting
all images to determine the most probable emotion would
have been both impractical and time-consuming. Therefore,
a random selection process was used in these cases. After this
process, a new CSV file was created, that has two columns,
’Image name’ and ’label’, containing the revised labels.

Fig. 2: FER+ dataset samples

To simulate the presence of VR goggles in the FER+
dataset, preprocessing steps were undertaken. This in-
volved utilizing an occlusion algorithm (https://github.
com/SofiaRodrigues41737/Occlusion_Algorithm), developed
in previous work pereira_classification_2022. The algorithm
consists of two stages: facial detection and landmark lo-
calization using an MTCNN (Multi-task Cascaded Convo-
lutional Networks), followed by determining the position of
the goggles. Initially, the MTCNN network was employed to
detect the facial structure and identify key facial landmarks,
including the eyes, mouth corners (left and right), and nose

[15]. Subsequently, based on this information, the position
of the VR goggles was computed and added to the original
images (Fig. 3).

Fig. 3: Sample of the FER+ dataset with VR occlusion.

To simulate mask occlusion, a masking algorithm was
additionally implemented as detailed in [37]. The algorithm is
composed of MaskTheFace, a computer vision script, that is
designed to conceal faces in images. It employs a dlib-based
face landmark detector to identify facial tilt and key facial
features required for mask application. After selecting the
appropriate mask template based on the face tilt, it precisely
tailors the template to conform to the facial contours while also
considering factors such as face angle and lighting conditions
when applying masks to all detected faces, as shown in Fig.
4.

Fig. 4: Sample of the FER+ dataset with mask occlusion

After the procedure, it was discovered that there were
discrepancies in the number of samples for the eight classes
in the training set (Fig. 5).

To mitigate the imbalance, a weighted loss function was em-
ployed, incorporating a weight parameter within the CrossEn-
tropyLoss function as specified in Eq. 1.

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

sum(exp(x))
(1)

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

This modified function adjusts the standard loss function
by introducing weights, thereby enhancing the sensitivity
of the models to minority classes, consequently increasing
the penalty for misclassifying such classes. The underlying
principle is to assign higher weights to minority classes and
lower weights to majority classes.
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Fig. 5: Original dataset with 8 classes

B. CNNs

In this study, four CNNs were utilized: VGG-19, ResNet-
18, EfficientNet-B1, and an ensemble combining these three
models.

The VGG (Visual Geometry Group) network, devised by
Simonyan and Zisserman at the University of Oxford in
2014, is a well-known convolutional neural network (CNN)
model [38]. Trained on the ImageNet ILSVRC dataset with
1.3 million images and 1000 classes, VGG-19, a variant
with 19 interconnected layers, has consistently outperformed
other models. Its architecture, featuring both convolutional and
fully-connected layers, coupled with Maxpooling for down-
sampling and SoftMax activation for classification, facilitates
robust feature extraction.

ResNet-18 (Residual Network 18) [39] is another pre-
trained model on the ImageNet dataset, consisting of 18
layers including 17 convolutional layers, a fully connected
layer, and a softmax layer for classification. The convolutional
layers utilize 3x3 filters, and the input size is 224x224x3.
Downsampling is achieved through convolutional layers with
a stride of 2. The network also incorporates average pooling,
followed by a fully connected layer with softmax activation.
Residual connections are introduced between layers to facili-
tate learning.

EfficientNet-B1 is built upon a basic component known
as the MBConv module. This module alters feature channels
using a 1x1 convolution followed by a depth-wise convolution.
Subsequently, it introduces a channel attention mechanism
inspired by SENet [40]. Finally, the feature map channels are
reduced using a 1x1 convolution.

In the end, an ensemble of the three models was also tested.
Given its higher processing and memory requirements, the
ensemble was executed using the max voting technique. This
method involves collecting the predictions from each model
(VGG-19, ResNet-18, and EfficientNet-B1) and selecting the
emotion that receives the most votes across all models.

IV. RESULTS

VGG-19 and ResNet-18 underwent training for 100 epochs,
while EfficientNet-B1 was trained for 200 epochs, using opti-
mal configurations determined through hyperparameter tuning.
All networks were trained using a batch size of 64 samples on
a system equipped with a 64GB RAM AMD Ryzen Threadrip-
per 3970X 32-Core Processor and an NVIDIA GeForce RTX
3090.

The FER+ dataset was utilized to train, test, and validate
the models, with an 80% split for training, 10% for testing,
and 10% for validation. Samples underwent modifications to
introduce occlusion over the eyes based on the occlusion
algorithm detailed in [10] and to include occlusion of the lower
part of the face using the MaskTheFace algorithm [37].

Following preprocessing, experiments were conducted with
each mentioned network. Convolutional layers performed op-
erations on input images. The output of the network was
compared to ground truth using the loss function specified
by Eq. 1. Through backpropagation, gradients of the loss
with respect to parameters were calculated to update weights
and biases, minimizing the loss. Upon completion of training,
images were classified as neutral, happiness, surprise, sadness,
anger, disgust, fear or contempt.

Regarding overall accuracy, in the no occlusion scenario,
ResNet-18 demonstrated the highest accuracy of 86.1%, fol-
lowed by the Ensemble with 85.3%, VGG-19 with 83.0%,
and EfficientNet-B1 with 82.3% (Table Ia). When simulating
the use of VR goggles, the Ensemble model performed best,
achieving an accuracy of 82.8%, followed by EfficientNet-B1
with 79.7%, VGG-19 with 79.5%, and ResNet-18 with 77.3%
(Table Ib). With mask occlusion, EfficientNet-B1 emerged
as the top classifier with an accuracy of 71.4%, followed
by VGG-19 with 70.4%, ResNet-18 with 69.5%, and the
Ensemble with 68.8% (Table Ic).

In a more detailed analysis, at no occlusion scenario,
ResNet-18 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 VGG-19, the top two recognized emotions were neutral
(86.1%) and happiness (92.3%), whereas the worst perfor-
mances matched those of ResNet-18, with contempt at 24.0%
and fear at 40.0%. Similarly, in EfficientNet-B1, the leading
emotions were neutral (86.5%) and happiness (92.9%), while
the least recognized emotions mirrored those of the other
networks, with contempt at 24.0% and fear at 38.3%. In the
case of the Ensemble model, the top two recognized emotions
were happiness (94.2%) and surprise (91.4%), while the worst
performances were attributed to contempt at 19.0% and disgust
at 57.1%.

When upper occlusion was introduced, the recognition rates
for emotions with the lowest accuracies in ResNet-18 remained
consistent with the previous scenario, staying at 28.0% for
contempt and 30.0% for fear. Similarly, in VGG-19 and
EfficientNet-B1, this pattern persisted, with contempt at 20.0%
and 24.0% respectively, and fear at 38.3% and 35.0% corre-
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spondingly. In the Ensemble model, fear and disgust emerged
as the worst-performing emotions, with recognition rates of
19.0% and 53.5% respectively. Conversely, the 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 VGG-19, EfficientNet-
B1, and the Ensemble model, the top two emotions remained
unchanged from ResNet-18, with happiness reaching rates of
91.1%, 92.3%, and 91.8% respectively, while neutral attained
rates of 83.6%, 84.7%, and 89.0% correspondingly.

Turning to the scenario involving mask occlusion, in
ResNet-18, the lowest recognition rates for emotions persisted
at 20.0% for contempt and 30.0% for fear. In VGG-19,
EfficientNet-B1, and the Ensemble, they also maintain the
trends observed in the previous scenario, with 20.0% for
contempt in the first two, and 19.0% in the latter, 40.0% and
33.3% for fear in the first two, and 50.0% for disgust in the
Ensemble. However, the highest recognition rates exhibited a
shift in ResNet-18; 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 VGG-19 and the Ensemble, with rates of 80.1% and 75.3%
for happiness, and 81.2% and 77.9% for surprise, respectively.
In EfficientNet-B1, the highest scores are for neutral and
happiness, at 76.0% and 81.5% respectively.

To demonstrate the classification capabilities of the models
in predicting the eight classes of facial expressions, confusion
matrices were employed (Fig. 6, Fig. 7, Fig. 8). These matrices
enabled a comparison of results between datasets with occlu-
sion (mask and VR goggles) and without occlusion. In every
scenario, it can be noted that fear is commonly mistaken for
surprise, occurring in nearly half of the instances. Likewise,
contempt is often mistakenly classified as sadness and neutral-
ity, with the majority of instances being classified as neutral,
surpassing half of the samples designated as contempt. This
occurrence might be attributed to the shared characteristics
between different emotions. For instance, between surprise and
fear, such as widened eyes, raised eyebrows, and an open
mouth. Conversely, in the case of contempt, sadness, and
neutrality, there are similarities observed in terms of facial
muscle relaxation. Happiness showed notably accurate results,
suggesting that the model was successful in discriminating the
characteristics associated with this expression.

The findings also indicate that, overall, identifying facial
expressions is more challenging when individuals wear masks
compared to when they use VR goggles.

Regarding the importance of the eyes in the recognition
of facial expressions, despite the observed results, the eyes
remain a crucial aspect of facial expression recognition. While
masks may partially obscure the mouth region, the eyes often
convey a wealth of information about emotions, including
happiness, surprise, sadness, and fear. Therefore, even though
masks may hinder the visibility of the mouth area, the eyes still
play a significant role in conveying and recognizing emotions.
Overall, the eyes are integral to facial expression recogni-
tion because they convey a wealth of emotional information,

TABLE I: Accuracy per class with weighted loss function

(a) No occlusion

Class ResNet-
18

VGG-19 EfficientNet-
B1

Ensemble

Neutral 0,861 0,861 0,865 0,881
Happiness 0,923 0,923 0,929 0,942
Surprise 0,856 0,865 0,865 0,914
Sadness 0,616 0,662 0,636 0,653
Anger 0,705 0,768 0,685 0,728

Disgust 0,476 0,428 0,428 0,571
Fear 0,366 0,400 0,383 0,576

Contempt 0,280 0,240 0,240 0,190

Accuracy 0,861 0,830 0,823 0,853

(b) Goggles occlusion

Class ResNet-
18

VGG-19 EfficientNet-
B1

Ensemble

Neutral 0,823 0,836 0,847 0,890
Happiness 0,899 0,911 0,923 0,918
Surprise 0,818 0,821 0,825 0,856
Sadness 0,498 0,586 0,509 0,555
Anger 0,632 0,666 0,700 0,694

Disgust 0,476 0,523 0,428 0,535
Fear 0,300 0,383 0,350 0,538

Contempt 0,280 0,200 0,240 0,190

Accuracy 0,773 0,795 0,797 0,828

(c) Mask occlusion

Class ResNet-
18

VGG-19 EfficientNet-
B1

Ensemble

Neutral 0,725 0,713 0,760 0,694
Happiness 0,752 0,801 0,740 0,753
Surprise 0,787 0,812 0,815 0,779
Sadness 0,536 0,521 0,555 0,521
Anger 0,632 0,570 0,652 0,579

Disgust 0,380 0,380 0,476 0,500
Fear 0,300 0,400 0,333 0,576

Contempt 0,200 0,200 0,200 0,190

Accuracy 0,695 0,704 0,712 0,688

facilitate non-verbal communication, and play a significant
role in social interaction and understanding. Their importance
extends beyond mere visual aesthetics, contributing to our
fundamental understanding of human emotions and behavior.
Moreover, in serious games, accurate facial expression recog-
nition, particularly focusing on the eyes, enriches the gameplay
by enabling dynamic and personalized experiences tailored to
emotional states of the players, fostering deeper immersion
and engagement.

V. CONCLUSIONS

This study aims to investigate the significance of the eyes
in facial expression recognition. To achieve this, four dis-
tinct models were used: ResNet-18, VGG-19, EfficientNet-
B1, and an Ensemble model combining these three models.
In scenarios without occlusion, utilizing the FERPlus dataset,
ResNet-18 emerged as the top-performing model, achieving
a notable accuracy of 86.1%. When faced with occlusion
caused by goggles, the Ensemble model demonstrated superior
performance, reaching an accuracy of 82.8%, as anticipated.
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(a) (b)

(c) (d)

Fig. 6: Confusion Matrices obtained using FERPlus dataset.
(a) ResNet-18; (b) VGG-19; (c) EfficientNet-B1; (d) Ensem-
ble;

(a) (b)

(c) (d)

Fig. 7: Confusion Matrices obtained using FERPlus dataset
with goggles. (a) ResNet-18; (b) VGG-19; (c) EfficientNet-
B1; (d) Ensemble;

(a) (b)

(c) (d)

Fig. 8: Confusion Matrices obtained using FERPlus dataset
with mask. (a) ResNet-18; (b) VGG-19; (c) EfficientNet-B1;
(d) Ensemble;

In the case of mask occlusion, EfficientNet-B1 showcased the
most robust performance, achieving an accuracy of 71.2%.
It is noteworthy that contempt and fear were particularly
prone to misclassification, potentially attributed to the signif-
icant disparity in sample sizes between these emotions and
others within the dataset. It is evident from the results that
despite lower accuracies in identifying facial expressions with
mask occlusions, the eyes remain pivotal for facial expression
recognition. As one of the most vital channels of non-verbal
communication, they play a crucial role in conveying emotions
even when other facial features are obscured. This underscores
the enduring significance of the eyes in understanding and
interpreting human expressions, reaffirming their indispensable
role in the realm of facial expression recognition.

VI. FUTURE WORK

Using the insights gained from this study, there are several
directions for further investigation to pursue.

Improving the ability to recognize facial expressions in the
presence of occlusions can be achieved by fine-tuning existing
models. The process of tweaking architectures or training
strategies could lead to better handling situations where facial
features are partially obscured. The aim would be to enhance
accuracy, particularly for emotions that are more susceptible
to misclassification.

Exploring the development of more advanced data augmen-
tation techniques that are tailored for datasets with occlusions
is another avenue worth exploring. By creating synthetic
occluded images, we could enrich the training data and po-
tentially improve the robustness of the models.
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By exploring these paths, we could improve facial expres-
sion recognition and develop systems that are more accurate
and reliable.
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