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Abstract—Facial expressions are a fundamental component of
human communication, conveying a wide range of emotions.
However, automatic facial expression recognition (FER) in the
wild remains challenging, particularly under adverse conditions.
Recent advances in computer vision have demonstrated the effec-
tiveness of deep neural networks for FER, but their deployment
is often constrained by the need for substantial computational re-
sources. To address this, we propose EmoPAtt-Lite, a lightweight
architecture for facial expression recognition that combines a
truncated MobileNetV1 backbone with a novel attention-based
classifier, augmented by a Spatial Transformer Network (STN)
for spatial adaptability and a Squeeze-and-Excitation (SE) block
for enhanced feature recalibration. Despite its compact size of
only 1.3M parameters, EmoPAtt-Lite achieves state-of-the-art
performance on the FER2013 benchmark, reaching an accuracy
of 79.35%, thus demonstrating that high recognition accuracy
can be attained without heavy computational demands.

Index Terms—Facial expression recognition, MobileNetV1,
Attention-based classifier, Emotion classification.

I. INTRODUCTION

THE intricacies of facial expression present a captivating
dimension of nonverbal human communication, involving

a spectrum of facial muscle movements capable of conveying
diverse emotions and mental states. This form of expression
holds significant weight in interpersonal communication, as it
constitutes a powerful channel for transmitting information,
surpassing the mere spoken word. While words contribute a
mere 7% to effective communication, voice tone and body
language account for 38% and 55% respectively [1]. Given
the pivotal role of facial expressions, there has been a bur-
geoning interest in automated Facial Expression Recognition
(FER) technology. The potential applications of FER are
vast, spanning multiple domains such as education, healthcare
and human-machine interaction. For instance, in educational
settings, FER could offer insights into teaching effectiveness
and quality [2] [3], while in healthcare, it could aid in the
psychological assessment of patients [4] [5].

Unlike other image classification tasks, FER presents dis-
tinct challenges stemming from both inter-class similarities
and intra-class differences in human facial expressions [6].
Inter-class similarities pertain to the subtle distinctions be-
tween facial expressions, complicating the differentiation of
nuanced variations and accurate recognition. Conversely, intra-
class differences refer to the diversity within FER databases,
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where images of a single expression may encompass various
subjects with differing facial structures, genders, ages, and
races. This variability can impede learning efficacy, as models
may struggle to generalize across subjects, resulting in di-
minished accuracy and reliability. For instance, distinguishing
between an angry and a disgusted expression may prove
challenging due to minimal visual disparities, while variations
between individuals within the same expression category can
be substantial. Moreover, existing studies exposed FER chal-
lenges in ”in-the-wild” databases, notably the recognition of
negative expressions, FER under adverse conditions, and the
reliance on large neural networks. The limited availability of
negative expression images online hampers the creation of
representative datasets reflecting real-world scenarios, poten-
tially leading to class imbalances favoring positive expressions.
FER under challenging conditions involves recognizing facial
expressions when subjects are posed at certain angles or when
facial features are partially obscured by objects. Accurately
identifying these instances is crucial, particularly as they mir-
ror the conditions often encountered in practical applications.
Furthermore, as efforts intensify to enhance classification
performance, there’s a growing tendency towards employing
large neural networks. However, considering the computing
constraints of downstream applications, FER methodologies
should be accessible without requiring extensive computa-
tional resources.

This paper introduces EmoPAtt-Lite, a lightweight network
relying on MobileNetV1. We employ a modified version of
MobileNetV1, pre-trained on ImageNet, as the foundational
feature extractor [6]. Accompanying this is a novel atten-
tion classifier designed to enhance learning from the feature
maps produced by the lightweight extractor. Additionally, we
incorporate a Spatial Transformer Network (STN) to enable
neural networks to learn and apply spatial transformations to
input data. Moreover, a Squeeze-and-Excitation (SE) block
is included to enhance the representational capacity of the
patch extraction network [7]. Our main contribution lies in
successfully incorporating a lightweight patch extraction block
into the truncated MobileNetV1 architecture, achieving state-
of-the-art performance on the FER2013 dataset. This was
achieved with a network boasting very few parameters and
minimal training requirements, thus mitigating costs and com-
plexities associated with traditional deep learning models [8].

II. RELATED WORK

With the notable advancements and increasing prominence
of deep learning in computer vision, particularly in tasks like
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image classification, numerous studies have proposed vari-
ous deep learning methodologies to tackle automated Facial
Expression Recognition (FER) on the FER2013 dataset. The
primary aim across these studies has been to attain optimal
classification accuracy.

Prior to the dominance of deep learning in computer vision,
researchers explored content-based image retrieval (CBIR)
methods that relied heavily on handcrafted features such as
color, texture, and object correlation. For example, Muhammad
Nawaz et al. proposed an object identification system where
images were indexed using both low-level features (color
histograms, textures) and high-level descriptors (geometrical
object shapes and their correlations) [9]. Their framework
integrated a knowledge base to capture relationships among
objects, thereby improving retrieval accuracy. However, such
systems faced limitations in bridging the semantic gap—the
disconnect between machine-extracted low-level features and
the high-level concepts humans rely on for interpretation.

This gap has driven the shift toward deep learning-based
methods, where Convolutional Neural Networks (CNNs) and
Vision Transformers (ViTs) directly learn hierarchical fea-
ture representations for tasks like Facial Expression Recog-
nition (FER). Unlike CBIR approaches, modern FER methods
emphasize learning discriminative representations of facial
regions to capture subtle emotional cues, thereby reducing
reliance on handcrafted descriptors.

Various deep learning methodologies have been investigated
for Facial Expression Recognition (FER), but Convolutional
Neural Networks (CNNs) have consistently emerged as the
favored approach in existing literature. Numerous CNN-based
methods, as referenced in [10], [11] and [12], aim to improve
FER accuracy by harnessing local information through addi-
tional modules. The advancement of CNN architectures has
introduced several innovations, including residual connections
[13], bottleneck design [14], and depth-wise separable con-
volutions [15], among others. However, architectures incor-
porating these innovations often become complex and feature
a higher number of training parameters, necessitating larger
datasets and longer training times. One notable example is the
Residual Masking Network, which presents a novel Masking
Idea to enhance CNN performance in facial expression tasks
[16]. It employs a segmentation network to refine feature maps,
enabling the network to concentrate on relevant information
for accurate decisions. It combines the widely-used Deep
Residual Network with a U-net-like architecture to form the
Residual Masking Network. Although this ensemble learning
model achieves state-of-the-art accuracy on the FER2013
dataset, it comprises over 142M parameters and demands
considerable time and computational resources for training.

The Vision Transformer (ViT) architecture presents a novel
adaptation of the Transformer architecture for computer vi-
sion tasks. It segments images into smaller, non-overlapping
patches and transforms them into 1D sequences before pro-
cessing them as a sequence using a Transformer model.
Recently, researchers have begun exploring the application
of Transformers or the ViT architecture in Facial Expression
Recognition (FER), as evidenced by studies referenced in [17],
[18], and [19]. Motivated by their performance in various

tasks, the adoption of vision transformers for FER has shown
promise. However, these architectures often entail a larger
number of parameters compared to CNN-based methods,
despite their notable performance. Nonetheless, the remarkable
performance of the ViT architecture has prompted interest in
integrating its principles into other architectures. For instance,
[6] drew inspiration from ViT to enhance FER performance
within the MobileNetV1 backbone. Although the patch ex-
traction block is influenced by ViT, there are differences in
implementation details. Firstly, the design and placement of
the patch extraction block vary. In ViT, the patch extraction
mechanism is a single-layer convolution positioned at the start
of the architecture, whereas in the proposed PAtt-Lite, it is a
multi-layer convolution placed within the architecture. This
placement enables the proposed method to fully leverage the
pretrained weights of the backbone MobileNetV1, trained on
ImageNet samples of size 224× 224.

Other research has shown effectiveness and impressive accu-
racy, albeit with the drawback of increased complexity leading
to costly training. A study by Vignesh et al. introduced a
novel deep learning model called Segmentation VGG-19 [20].
This model enhances Facial Expression Recognition (FER)
by incorporating segmentation blocks based on U-Net into
the VGG-19 architecture. By integrating these segmentation
blocks between VGG-19 layers, the model effectively empha-
sizes significant features in the feature map, thereby enhancing
the feature extraction process. On a different note, EmoNeXt
has demonstrated its superiority over existing state-of-the-
art deep learning models in terms of emotion classification
accuracy on the FER2013 dataset [7]. It presents a novel deep
learning framework for facial expression recognition, based
on an adapted ConvNeXt architecture network. EmoNeXt
integrates a Spatial Transformer Network (STN) to focus
on feature-rich facial regions and incorporates Squeeze-and-
Excitation blocks to capture channel-wise dependencies. Fur-
thermore, it introduces a self-attention regularization term,
encouraging the model to generate compact feature vectors.

While much of the research in emotion recognition has con-
centrated on visual modalities, parallel efforts have been made
in text-based emotion identification. For instance, recent work
by Imad Rida et al. introduced a novel multilingual BERT-
based framework for emotion identification from resource-
constrained languages such as Roman Urdu [21]. Their study
addressed the scarcity of datasets and the inherent complexity
of Roman Urdu by developing the RUDE dataset, incorpo-
rating six Ekman-based emotions, and introducing a novel
preprocessing tool for language standardization. Leveraging
transfer learning with mBERT, their approach achieved state-
of-the-art performance with an average accuracy of 91%,
surpassing conventional machine learning and deep learning
baselines.

Although this study is text-oriented, its emphasis on transfer
learning from pre-trained models and adapting architectures
for resource-constrained settings resonates with recent trends
in vision-based FER, where lightweight backbones and atten-
tion mechanisms are integrated to balance performance and
efficiency. Together, these works highlight the growing role of
domain adaptation, pretraining, and modality-specific innova-
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Fig. 1. Architechture of the proposed EmoPAtt-Lite.

tions in advancing the broader field of emotion recognition.
In addition to vision- and text-based modalities, related

studies have also explored the intersection of psychological
traits, behavioral responses, and deep learning methods. For
instance, a 2022 study investigated the relationship between
the Big Five personality traits and susceptibility to phishing
attacks, a prevalent form of social engineering [22]. Due to the
absence of publicly available datasets combining personality
profiles and phishing responses, they employed a conditional
Generative Adversarial Network (C-GAN) for both synthetic
data generation and classification. Their findings indicate that
certain personality traits significantly correlate with vulnera-
bility to phishing, providing insights into how user psychology
can influence susceptibility to cyber threats.

Although this study is situated in the domain of cyberse-
curity, its focus on leveraging deep learning to model human
behavior, psychological attributes, and limited-data scenarios
parallels ongoing challenges in FER research. Together with
text-based and vision-based approaches, it highlights a broader
trend in emotion and behavior recognition research: adapting
advanced architectures such as BERT, CNNs, Transformers,
and GANs to tackle both modality-specific constraints and the
complex interplay between human psychology and observable
signals.

III. METHODS

In this section, we present the methodology employed
to construct a comprehensive deep learning model tailored
specifically for facial emotion recognition. Illustrated in Fig. 1,
the architecture of our proposed EmoPAtt-Lite comprises a
Spatial Transformer Network (STN) followed by a truncated
MobileNetV1. Leveraging the pre-trained feature-extracting
capabilities of MobileNetV1, the model effectively captures
lower-level details from input images. The output feature
maps then undergo patch extraction to isolate significant local
features. By integrating a Squeeze-and-Excitation (SE) block
within the patch extraction block, the model gains the capabil-
ity to dynamically adjust the importance of different features
within each channel. Subsequently, the attention classifier
utilizes globally average pooled feature maps as input and
generates probabilities corresponding to facial expressions.

A. Spatial Transformer Network

Spatial Transformer Networks (STN), as utilized in
EmoNeXt, extend the concept of differentiable attention to
encompass diverse spatial transformations [7]. This integration

Fig. 2. The architecture of the spatial transformer network (STN).

introduces a differentiable geometric transformation module
into the network architecture, enabling neural networks to
learn and apply spatial transformations to input data. Such
capability is particularly advantageous in Facial Expression
Recognition (FER), where variations in scale, rotation, and
translation significantly impact performance. The spatial trans-
former mechanism comprises three distinct components [23],
as depicted in Fig. 2 [7]. Sequentially, a localization network
receives the input feature map and, through a series of hidden
convolutional layers, generates the parameters of the spatial
transformation to be applied to the feature map. This results
in a transformation that is contingent upon the input. Subse-
quently, the predicted transformation parameters are utilized
to generate a sampling grid by the grid generator. This grid
consists of points indicating where the input map should be
sampled to generate the transformed output. Lastly, the feature
map and the sampling grid are inputted into the sampler, which
samples the input image at the grid points to produce the final
output image.

A notable advantage of STN is their capacity to au-
tonomously learn spatial transformations as part of the neural
network training process. Consequently, in EmoPAtt-Lite, an
STN is integrated immediately after the input to enhance the
network’s capability to capture spatial dependencies, align
facial features, and concentrate on pertinent regions of the
input images.

B. MobileNetV1

MobileNets represent a category of efficient models tailored
for mobile and embedded tasks [15]. These models are con-
structed on a simplified architecture that employs depthwise
separable convolutions to construct lightweight deep neural
networks. Through the utilization of depthwise separable con-
volutions, MobileNetV1 achieves a notable reduction in the
quantity of model parameters and the computational complex-
ity measured by the number of multiplication and addition
operations required for inference (Mult-Adds) [6].

Depthwise separable convolution (Fig. 3) diverges from the
standard convolutional operation by dividing it into two dis-
tinct operations: depthwise convolutions followed by pointwise
convolutions. In depthwise convolution, a single convolutional
filter is applied to each input channel, unlike conventional
convolution where filters are as deep as the input. Meanwhile,



APRIL 2024 4

pointwise convolution can be executed using the standard
convolutional operation by setting the kernel size to 1. Essen-
tially, pointwise convolutions facilitate the blending of input
channels, akin to conventional convolutions.

MobileNetV1, pre-trained on ImageNet and chosen for
its lightweight CNN architecture, serves as the foundational
feature extractor in our approach. This selection is made due
to its capacity for straightforward fine-tuning of pre-trained
weights on our benchmark datasets, minimizing the risk of
overfitting to the training samples.

Fig. 3. Depthwise separable convolution.

C. Patch Extraction

The incorporation of the patch extraction block enhances
adaptation to Facial Expression Recognition (FER) as opposed
to merely fine-tuning the final layers of the pre-trained convo-
lutional network [6]. This adjustment to the feature extractor
also reduces the training duration, as a higher learning rate
can be applied, unlike when fine-tuning pre-trained weights.

The patch extraction block comprises three distinct con-
volutional layers: the initial two layers utilize depthwise
separable convolutions, followed by a pointwise convolutional
layer. Subsequently, a Squeeze-and-Excitation (SE) module is
employed to enable the network to dynamically recalibrate
channel-wise features, thereby augmenting the representational
capabilities of the feature maps extracted by the CNN.

Operating on feature maps resized to 16 × 16 from Mo-
bileNetV1, the initial separable convolutional layer divides the
feature maps into four patches while simultaneously learn-
ing higher-level features from its input. Following this, the
subsequent separable convolutional layer and the pointwise
convolutional layer focus on learning higher-level features
from these patched feature maps, resulting in output with
dimensions of 2 × 2. In contrast to the standard convolu-
tional layer typically used in conventional CNNs, the PAtt-
Lite model opts for the depthwise separable convolutional
layer. This selection enhances classification performance while
simultaneously reducing the number of model parameters.

The Squeeze-and-Excitation (SE) method, as described in
[7], is a powerful technique employed in deep learning archi-
tectures to bolster the expressive capability of CNN models. It

introduces a mechanism allowing the network to dynamically
adjust features at the channel level, thereby augmenting the
model’s ability to distinguish between classes. As depicted
in Fig. 4, the SE block consists of two key operations:
squeezing and exciting. In the squeezing step, global average
pooling is utilized on each channel of the feature map (W,
H, C), reducing its spatial dimensions to a single value per
channel (1, 1, C). Following this, in the exciting phase, the
squeezed values undergo transformation through a small set
of fully connected layers. These layers learn specific weights
for each channel, capturing the relationships among feature
channels. The resulting attention weights are then element-
wise multiplied with the original feature map, amplifying
informative channels while diminishing less pertinent ones.

Incorporating the SE block into patch extraction enables
the model to autonomously regulate the importance of various
features within the extracted patches. This adaptability assists
in highlighting discriminative facial features pertinent to spe-
cific expressions while mitigating irrelevant or noisy features,
thereby facilitating more effective representation learning. By
prioritizing the most informative channels within the feature
maps, the SE block augments the model’s capacity to discern
subtle disparities between similar expressions, resulting in
enhanced recognition accuracy. While the SE block introduces
additional parameters and computations, its inclusion typically
incurs a relatively modest computational overhead compared
to other intricate architectures. Consequently, integrating the
SE block facilitates efficient enhancement of feature repre-
sentation without significantly escalating the computational
burden.

Fig. 4. The architecture of the Squeeze-and-Excitation module.

D. Attention Classifier

Self-attention serves as an attention mechanism that con-
nects various positions within a single sequence to generate a
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representation of the sequence [24]. Dot product attention, on
the other hand, is a particular form of self-attention mechanism
where attention weights are calculated through a dot product
between the query vector and the key vector, divided by the
square root of the dimension of the key vectors.

Given Q, K, and V as the query, key, and value vectors,
respectively, where the dimension of Q is equal to that of
K, the dot-product self-attention score can be calculated as
follows:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (1)

√
dk is the dimension of the key vector k and query vector

q.
An attention classifier is employed to enhance the learning

of representations from both the backbone MobileNetV1 and
the patch extraction block [6]. This attention classifier consists
of a dot-product self-attention layer positioned between two
fully connected layers within the newly integrated classifier.

IV. RESULTS

A. Dataset

The experiments were carried out using the FER2013
dataset, which was initially introduced in the ICML 2013
Challenges in Representation Learning [8]. This dataset com-
prises 35,887 grayscale images, each sized at 48× 48 pixels.
It is partitioned into three subsets: 28,709 images for training,
3,589 images for validation, and 3,589 images for testing.
The faces in the dataset are categorized into one of seven
classes. Due to its substantial sample size, this dataset is
widely employed in Facial Expression Recognition (FER)
tasks. However, it is worth noting that the class distribution
within this dataset is highly imbalanced, which presents a
challenge for any deep learning model. Fig. 5 displays a
selection of example data extracted from the FER2013 dataset.

Fig. 5. Sample images from FER2013.

B. Model Training

Initially, all sample images undergo a resizing operation
to standardize their dimensions to 224 × 224. Data aug-
mentation techniques, including random horizontal flip and
random contrast adjustments, are applied. Resizing from the
original 48×48 resolution presents the challenge of potentially
amplifying noise and reducing the visibility of fine-grained
facial cues, which are important for accurate emotion recog-
nition. Similarly, while data augmentation improves model
generalization, it also introduces the challenge of carefully
balancing transformations so as not to distort subtle ex-
pressions or worsen the dataset’s inherent class imbalance.
The training process follows a two-stage training-finetuning

approach, as outlined in [6]. During training, the pre-trained
weights are kept fixed to solely adapt the new components
to the output from MobileNetV1. To maximize the feature
extraction performance of MobileNetV1, 59 layers are un-
frozen. The sparse categorical cross-entropy loss function is
utilized, with Adam serving as the optimizer as well as a
batch size of 32 throughout all experiments. To enhance the
stability of the proposed method, global gradient norm clipping
is implemented during experiments. The initial learning rate
is set to 1 × 10−3 for the initial training stage. Learning
rate adjustments are made by decreasing it when the model
accuracy stagnates beyond a specified patience threshold. For
the finetuning process, the learning rate follows an inverse
time decay schedule with an initial learning rate of 1× 10−5.
The number of epochs for both the initial training and fine-
tuning phases is determined by the early stopping callback,
with restoration to the best weights upon termination of the
training process. Due to computational constraints, training
epochs are limited to 30, while fine-tuning epochs are set to
100. Nonetheless, increasing the number of epochs has the
potential to further improve accuracy. In particular, extending
training to 100 epochs and fine-tuning to 500 epochs has
been shown to yield better classification results, as reported in
[6]. Additionally, experiments include testing a cosine decay
scheduler, albeit without yielding superior results. Different
model architectures are explored, including the integration of
a Convolutional Block Attention Module (CBAM) to enhance
facial emotion discrimination and recognition. However, none
of these attempts resulted in significant improvements, leading
to the adoption of the architecture detailed in the preceding
sections.

C. Results

The findings outlined in Table I underscore the superior
performance of our proposed model, EmoPAtt-Lite, in com-
parison to existing state-of-the-art architectures trained on the
FER2013 dataset. This success can be attributed to the design
of EmoPAtt-Lite, which draws inspiration from EmoNeXt
[7] and PAtt-Lite [6], effectively capturing and highlighting
pertinent facial features for precise emotion classification.
EmoPAtt-Lite achieves an accuracy of 79.35%, surpassing the
current best state-of-the-art accuracy attained by EmoNeXt-
XLarge (76.12%) and the accuracy achieved by an ensemble of
networks as seen in Ensemble ResMaskingNet (76.82%) [16].
Additionally, within the limited number of epochs utilized
for training and fine-tuning, EmoPAtt-Lite also surpasses the
accuracy of plain PAtt-Lite (77.41%). This remarkable per-
formance firmly establishes EmoPAtt-Lite as an exceptionally
effective model for image classification tasks, specifically for
facial emotion recognition (FER). Notably, our network boasts
significantly fewer parameters and is remarkably lightweight
compared to existing approaches. While EmoNeXt-XLarge
achieves the highest performance for a model not utiliz-
ing ensemble learning on FER2013, necessitating over 31M
parameters to achieve an accuracy of 76.12%, our model
contains only around 1.3M parameters. Furthermore, with
a training duration of 30 epochs followed by 100 epochs
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for fine-tuning, our model achieves an outstanding accuracy
of 79.35%, showcasing its efficiency and efficacy in facial
emotion recognition tasks.

TABLE I
COMPARISON OF PERFORMANCE ON THE FER2013 TEST SET

Model Accuracy (%)

GoogleNet 65.20
ConvNeXt-Large 73.46
Residual Masking Network 74.14
Segmentation VGG-19 75.97
EmoNeXt-XLarge 76.12
Ensemble ResMaskingNet 76.82
EmoPAtt-Lite 79.35

V. DISCUSSION

In the pursuit of facial emotion recognition, our origi-
nal goal evolved into the development of EmoPAtt-Lite, a
model that not only achieved remarkable accuracy (79.35%)
on the FER2013 dataset but also surpassed the state-of-the-
art performance set by Ensemble ResMaskingNet [16]. Our
research initially aimed to create a model capable of achieving
higher accuracy than existing state-of-the-art approaches while
addressing concerns regarding complexity and computational
resources. Through extensive experimentation, we observed
that models like Ensemble ResMaskingNet, EmoNeXt, and
Segmentation VGG-19, while effective, posed challenges due
to their large size and complexity, requiring significant time
and computational resources for training. Given our focus on
real-time facial expression recognition for human-computer
interaction applications, we shifted our objective towards de-
veloping a smaller, more efficient architecture.

PAtt-Lite emerged as a promising candidate due to its ability
to achieve high accuracy with a lightweight architecture based
on a truncated MobileNetV1 pre-trained on ImageNet [6].
Building upon this foundation, our experimentation focused on
integrating key modules from EmoNeXt [7], specifically the
Squeeze-and-Excitation (SE) Block and a Spatial Transformer
Network (STN), into the PAtt-lite architecture. The results
from our ablation study, as depicted in Table II, highlight the
effectiveness of this approach. We observed that incorporating
these prominent modules from EmoNeXt into the PAtt-lite
architecture led to improved performance without introducing
additional complexity or computational costs.

Our findings underscore the importance of balancing accu-
racy with efficiency, particularly in applications requiring real-
time facial expression recognition. By leveraging lightweight
architectures and integrating key modules from state-of-the-
art models, we demonstrate the feasibility of achieving high
accuracy while minimizing complexity and computational
overhead. However, it is essential to acknowledge certain
limitations of our study. While EmoPAtt-Lite shows promise
in achieving state-of-the-art accuracy, further evaluation on
diverse datasets and real-world scenarios is necessary to val-
idate its robustness and generalizability. Additionally, while
we focused on reducing complexity and computational costs,
future research could explore optimizations to further enhance
efficiency without compromising accuracy.

TABLE II
ABLATION STUDY FOR EMOPATT-LITE ON FER2013

STN SE Block Accuracy (%)

– – 77.41
✓ – 77.63
– ✓ 78.68
✓ ✓ 79.35

VI. CONCLUSION

This work introduces EmoPAtt-Lite, a deep learning frame-
work designed for facial expression recognition. Leveraging
the lightweight MobileNetV1 architecture, EmoPAtt-Lite aims
to enhance classification accuracy on the FER2013 dataset.
Our proposed EmoPAtt-Lite achieves state-of-the-art perfor-
mance on FER2013 while maintaining a significantly reduced
parameter count, totaling just 1.3M parameters. By incorpo-
rating a Spatial Transformer Network (STN) and a Squeeze-
and-Excitation block within the patch extraction block, our
model effectively captures intricate facial features, leading to
improved emotion classification accuracy.

Our findings suggest that with adequate computational re-
sources, EmoPAtt-Lite could potentially achieve even higher
accuracy, as indicated by the outstanding 92.50% accuracy
reported in [6]. Nevertheless, this study offers valuable insights
into potential future directions by outlining the advantages and
possible enhancements of our proposed method. One promis-
ing direction is the enhancement of PAtt-Lite’s robustness,
particularly concerning low-resource expressions, which could
be achieved through further refinement of the patch extraction
block. Additionally, to comprehensively evaluate the perfor-
mance and robustness of our method, testing on additional
FER datasets such as RAF-DB, FERPlus, and CK+ could
provide valuable insights. Moreover, exploring and incorporat-
ing other methods into the architecture, such as zoning-based
FER (ZFER), could potentially enhance performance without
increasing complexity or computational costs.

Given EmoPAtt-Lite’s lightweight nature, it holds promise
for a wide range of applications deployable on edge or
mobile devices. Beyond human-machine interaction scenarios,
the model’s utility extends to domains like healthcare and
education, highlighting its versatility and potential for practical
implementation.
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