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ABSTRACT

. Face Emotion Recognition (FER) is essential for improving human-
computer interaction. Although deep learning has greatly enhanced the
accuracy of FER, deploying these models on embedded devices is
challenging due to limitations in computational power and memory. This
study proposes a lite and effective FER system for real-time
implementation in resource-constrained environments. Lite ResNet-50
and MobileNetV2 were compared for the classification of neutral and
angry emotions using a carefully selected dataset. The focus was on
measuring accuracy, inference speed, and resource efficiency. Real-time
testing is also con-ducted to confirm their applicability in practice. The
results show that Lite Res-Net-50 outperforms MobileNetV2 in all key
areas, achieving an accuracy of 99.8, inference speeds of 229 ms and with
2 FPS. These findings establish Lite Res-Net-50 as the optimal choice for
FER on embedded devices, bridging the gap be-tween deep learning
advancements and real-world deployment to improve hu-man-computer
interaction.
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1. Introduction

Facial emotions have become an essential
aspect of human interaction, as they naturally
express different feelings that help in the interaction
and understanding between humans. Face Emotion
Recognition, therefore, is about automatically de-
termining emotions based on facial expressions.
Some of its applications include human-computer
interaction, analysis of mental states, surveillance,
and customer feedback [1].

Early FER systems relied heavily on handcrafted
features and classical machine learning techniques,
such as Local Binary Patterns (LBP), and Support
Vector Machines (SVMs) [2]. While these methods
achieved a certain degree of success, they were
highly sensitive to variations in lighting conditions,
facial poses, occlusions, and individual differences,
which made them less robust in real-world
scenarios. Besides, these approaches required
extensive feature engineering and had no
generalization in datasets of various diversity [3].

However, recent advancements in deep learning,
especially Convolutional Neural Networks (CNN),
have greatly enhanced FER accuracy by learning
detailed, hierarchical facial representations [4].
Also, the OpenCV library has played a very crucial
part in real-time detection [5][6], acting as a bridge
between raw image data and deep models by
providing precise face detection, preprocessing, and
feature extraction efficiently [7].

Although deep learning has enhanced the
accuracy of FER, deploying these models in real-
time on embedded devices such as raspberry pi or
FPGA [8] which is still challenging due to
computational power and memory constraints.
Many existing models are too large for practical use
on systems with restricted resources [9]. Another
critical challenge is the quality of the publicly
available FER datasets, most of which contain low-
resolution grayscale images lacking detailed color
and texture information that may lower the
recognition accuracy. Additionally, imbalanced
class distributions, where certain emotions are
overrepresented while others are underrepresented,
lead to biased model predictions and hinder
generalization in real-world scenarios [10].

This study addresses the main challenge of
developing a lightweight yet accurate deep learning
model that can effectively classify face emotions
while ensuring low memory usage and high
inference speed on embedded devices. It also
addresses the careful selection of the dataset.

Our main research paper contributions are listed
as follows:
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I. Develop a user-friendly, real-time FER
system capable of accurately classifying neutral and
angry expressions.

2. Implement and evaluate two lightweight
deep learning architectures, Lite ResNet-50 (a
streamlined  version of  ResNet-50) and
MobileNetV2, to enable efficient FER on embedded
systems.

3. Applied various optimization techniques,
including transfer learning and model architecture
reduction, to improve computational -efficiency
while maintaining high accuracy.

4. The findings of the suggested system
demonstrate that the Lite ResNet-50 outperforms
both its original architecture and MobileNetV2 in
terms of accuracy, inference speed, and real-time
performance, making it the superior choice for
embedded deployment.

The rest of the paper is organized as follows:
Section 2 presents related studies, Section 3
demonstrates the methodology, Section 4 provides
results and a discussion, and Section 5 draws the
conclusion.

2. Research Method

S. A. Hussain and A. Salim [11] developed a
system for real-time detection, recognition, and
classification of human emotions using deep
learning frameworks. The methodology uses the
Viola-Jones and Haar Cascade for face detection,
while KDEF dataset and VGG-16 model were used
for face recognition and classification. From the
analyzed data, it is observed that this system has
classified faces into seven emotional expressions;
the KDEF dataset consists of 4,900, from which the
side postures have been removed to achieve an
accuracy of 88 %. They have also created a new
dataset  consisting of 100 images. The
implementation relies on the Python programming
language, which utilizes computer vision libraries
like dlib and OpenCV. The system can analyze the
emotions of autistic children and measure the
engagement of students in e-learning environments
to improve in the area of understanding human
emotion.

E. Pranav et al. [12] proposed a Deep Convolutional
Neural Network (DCNN) model for the
classification of five facial emotions. A self-
collected image dataset was utilized to identify the
exact emotions of real-world scenarios. The
architecture consists of two convolution layers to
process the images, followed by a dropout layer for
preventing overfitting, an activation function, and
pooling layers, which decrease the size of
dimensionality =~ while  preserving  important
information. Finally, the model converts the 2-D
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array to a 1-D vector that is fed into a neural
network. The model implemented in Keras, which
runs on top of TensorFlow, efficiently enables
building and compilation in an environment such as
Jupyter Notebook. The model is trained utilizing a
dataset of five classes, with a total of 2,550 images
collected manually using a mobile phone camera.

This process achieved an accuracy of
78.04%. The researchers recommend an extension to
the model to analyze changes in emotions over video
sequences.

Li and Lima [13] suggested ResNet-50 for
feature extraction combined with CNN. ResNet-50
introduces residual connections and identity
mapping in deep neural networks to solve
degradation problems, meaning that the network's
performance worsens as depth increases so that the
information is preserved in the deeper networks
while simultaneously reducing gradient dissipation
and explosion. Therefore, it can extract complex
features without degradation in performance and
achieve better accuracy in higher layers. This design
is able to improve the ability of training with better
convergence and achieve better performance in
multiclassification tasks compared to traditional
deep networks in facial emotion recognition
systems. The researchers used a new facial
expression dataset consisting of 700 images
collected from 20 subjects representing seven
different facial emotions to achieve an accuracy of
95.39 + 1.41%. Experimental simulations show that
the proposed model outperforms mainstream facial
emotion recognition models in performance and
accuracy.

Y. Nan et al. [14] proposed a deep learning A-
MobileNet model with an attention module
integrated into MobileNetV1 for face expression
recognition from static photos or videos. An
attention module will be used to extract fine-grained
features from facial expressions to make emotion
recognition more accurate with subtle expressions in
complex scenarios. Moreover, it uses center loss and
softmax loss to adjust the model parameters that
decrease intraclass distance and increase inter-class
distance for better identification accuracy.
Experiments were conducted using the FERPlus
dataset, which includes eight emotion categories and
a total of 31,412 grayscale facial images, achieving
an accuracy of 88.11%. Besides, the RAF-DB
dataset includes 7 categories of emotion with a total
number of 15,539 color facial images, which shows
an accuracy of 84.49%. Moreover, it maintains
efficiency without increasing model parameters,
making it well-suited for resource-constrained
applications. The researchers have pointed out that
the unbalanced training datasets will make the
performance suboptimal in some expressions with
fewer samples.

K. Sarvakar et al. [15] presented the two-stage
CNN model, Facial Emotion Recognition
Convolutional (FERC), which removes the
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background from images for clearer facial
recognition and extracts the facial vector for
emotion recognition. This model contains a double-
layered CNN structure that can update its weights
and parameters incessantly for developing the
performances. The Expression Vector (EV) enables
the identification of five common facial expressions
and reduces problems such as camera distance. On
the other hand, the system may miss some emotions,
but it will recognize the majority. using the FER-
2013 dataset, which consists of 35,887 images. The
developed CNN model will have the capability to
classify emotions in real-time. This ability enables
instant responses to emotional signals.

H. W. Ahmed and A. M. Murshid [16]
addresses these issues of the imbalanced datasets,
and suboptimal feature extraction by leveraging
deep learning-based FER using seven pre-trained

CNN models, including InceptionResNetV2,
InceptionV3, ResNetl0l, ResNet50, Xception,
MobileNetV2, and GoogleNet. The FER2013

dataset (35,886 grayscale images across seven
emotions) is used, with experiments conducted on
both imbalanced and balanced versions via
undersampling. The models are trained using Adam
and SGD optimizers with varying batch sizes.
Results show that InceptionResNetV2 achieves the
highest accuracy of 65.47% on the imbalanced
dataset, while undersampling improves
classification balance. The Adam optimizer
outperforms SGD, demonstrating its effectiveness in
handling imbalanced data. ROC curve analysis
validates model performance. This research
emphasizes the importance of balancing datasets and
choosing the appropriate optimizer to improve the
accuracy of FER and, in general, deep learning-
based FER systems for more robust and real-world
applications. Table 1 Summarizes previous studies
in face emotion recognition.
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Table 1. Comparative table of related studies in face emotions recognition

Year/ Function Approach Accuracy Description
Ref
2020/ Facw.nl VGG-16 88 % Slmp.hfy and improve the process of face
[11] expressions emotion recognition
2020/  Facial Emotion o Explain the architecture of a DCNN and its role
[12] Recognition DCNN 78.04% in identifying five facial emotions.
2021/ Using ResNet-50 for feature extraction in order
Facial expression ResNet-50 95.39+1.41 % to solve the problem of network degradation
[13] .
that occurs with deeper networks.
Improve the MobileNetV1 architecture by
2022/ Facial expression  A-MobileNet 84.49% and combining it with the built-in attention module
[14] p 88.11% for to reduce the parameters for a lightweight
different datasets model.
2023/ Facial emotion o Discuss the role of the two-stage FERC as well
" CNN 54 % . . i
[15] recognition as the EV in face emotion recognition.
- 0, 1 1
2024/  Facial Expression Seyen pre §5.47 % for Dlscugs the role of data preprocessing, model
[16] Recoenition trained deep imbalanced selection, and hyperparameter tuning in
e learning models dataset enhancing FER systems.

3. Methodology

Face emotion recognition technology is
foreseen to improve user-computer interactions by
detecting emotions such as anger or neutrality. This
is a very important application in smart
environments where automatically detected
emotions could adjust lighting or temperature to
build up an atmosphere that corresponds to a user's
emotional state. This will provide better
communication between humans and machines, fill
the gap between verbal and non-verbal cues, and
make systems more empathetic and responsive
towards human needs. Two modern CNN
architectures, MobileNetV2 and lite ResNet-50,
were tested to determine their performance in real-
time scenarios. (Fig. 1) illustrates a face emotion
recognition system outlining the main steps for
building, training, and evaluating the models.

%E—’ Preprocessing [~ Modeltraining | Evaluation metrics
Dataset
— l
|ty | "’ Corp face I + MobileNetv2 * Accuracy
o Lightweight ResNet-50| |*™AP
+ Recall

« Precision
« F1-Score
+ Confusion matrix

Fig. 1. The Main Steps for Building and
Training the Model
3.1. Select dataset

The dataset consists of two emotion classes:
angry and neutral. As an example, this study focuses
on distinguishing between these two specific
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emotions for accurate classification. The images
were carefully selected from the Getty Images
website [17]. Each class includes 360 images of
varying ages and forms. The dataset was selected in
such a way that the age, gender, and cultural
backgrounds were diverse to ensure inclusivity and
generalization. The key factors included clear and
distinguishable facial expressions, high image
quality, and consistency in lighting and posture. Fig.
2 displays samples of the images that were utilized.

angry angry

angry

<&

—

angry neutral

.

neutral

'

Fig. 2. Face Emotion Recognition Dataset Samples

3.2. Preparing dataset

The dataset was preprocessed for the
improvement of the model by highlighting the
features and ensuring uniformity across all images.
First, face cropping was done to crop the face region,
which would allow the model to focus entirely on
face expressions while excluding irrelevant
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background details. Following this, data
augmentation techniques were applied, including
adjustments to lighting and random rotations, to
increase the dataset's diversity to 1030 images in
each class. After augmentation, all images were
resized to a consistent resolution of 224 x 224 pixels
to standardize input dimensions for the model.
Finally, the preprocessed images were arranged in a
structured folder, with each class of emotion placed
in separate subfolders. The preprocessing steps
prepare the dataset for training by enabling the
model to pay attention to the relevant face features
effectively. The preparation steps can be seen in Fig.
3.

\ Cropping Augmenting Resizing > Arranging /}

Fig. 3. Dataset Preparation Steps

3.3. Training the model

The training of the face emotion recognition

task was conducted in the Kaggle Notebook
environment [18], taking advantage of the GPU
resources for efficient computation. The whole idea
was to balance model accuracy, computational
efficiency, and resource utilization toward building
lightweight models for deployment on embedded
devices.
The dataset was first divided into a training set and
a testing set. As shown in Fig. 4, this partitioning
allocated 64% of the entire dataset for training, 16%
for validation, and 20% for testing. Given the
complexity of the task, this partitioning was
determined to be the most suitable for the model.

Total dataset

20160
! V
Train set 80% Test set 20%
1648 412

T

Train 80% Validation 20%
1319 329

Fig. 4. Dataset Partitioning

Several models and training approaches were
explored, including MobileNetV2 with transfer
learning and variations of ResNet-50. MobileNetV2,
renowned for its lightweight design and efficiency,
was adapted for face emotion recognition by
leveraging its pre-trained weights on ImageNet
dataset [19]. Additional layers were appended to the
pre-trained model, including a fully connected
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Dense layer with 256 neurons and ReLU activation,
followed by a Dropout layer to mitigate overfitting.
These adjustments enabled the model to effectively
learn task-specific representations while benefiting
from the robust feature extraction capabilities of
MobileNetV2.

For ResNet-50 [20], multiple approaches were
investigated to evaluate the relationship between
model complexity and performance. The original
ResNet-50 architecture, with its default 16
bottleneck blocks, was trained from scratch. To
create lightweight variants, the number of bottleneck
blocks was progressively reduced to 12, 10, 8, and
even 4, significantly lowering computational costs,
memory usage, and training time. Transfer learning
was also applied to the original ResNet-50 by using
pre-trained weights on ImageNet dataset and
modifying the top layers to align with the number of
emotion classes, retaining the model's pre-trained
feature extraction capabilities.

Each approach was carefully designed to analyze the
impact of model complexity on accuracy, training
time, and resource usage. The lite ResNet-50
variants were much more efficient, with careful
performance trade-offs to ensure minimum
degradation in accuracy. Fig. 5 presents the
architecture of the lite ResNet-50.

Input image
224x224

[ 7x7 conv, 64, /2 ‘

output size: 112

max pool, /2
output size: 56

1x1 conv, 64
3x3 conv, 64
1x1conv, 256

Stagel

feememeee- ——=a

1x1conv, 128, /2

Stage2
output size: 28

3x3 conv, 128
1x1 conv, 512 .
PSSR PR ¢
s ——-a
2 ;
2 & 1x1conv, 256, /2 !
- .g 3x3 conv, 256 :
] g 1x1conv, 1024 :
° R —— -—- JI
~ :
3 8 1x1conv, 512, /2 ;
g ¢ 3x3 conv, 512
@ g 1x1 conv, 2048 :
© 1

_____________

avg pool/2
output size: 1

Fully connected layer

Output

Fig. 5. Lite ResNet-50 Architecture
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Table 2 shows the total parameters and used

layers for the models. The parameters are the
trainable weights and biases of a deep learning
model that are learned during training. Parameters
primarily include the weights of convolutional
layers, which extract features from the input data,
and the biases, which help refine the activation
outputs. The number of parameters has a direct
impact on the complexity, computational expense,
and memory of a model. Additional parameters
typically enable a model to learn more complicated
patterns, but they can also lead to slower processing
time and higher overfitting possibilities.
The original ResNet-50 contains 23.5 million
parameters for trainable weights and biases. When
reducing the size of the model, fewer parameters are
used. Lite ResNet-50 and MobileNetV2 have 8
million and 2.5 million parameters, respectively.
Both models are suitable for lower computational
costs and are more appropriate for embedded
applications like deployment on a Raspberry Pi.

Table 2. Model’s parameters.

Model Parameters Layers
Original ResNet-50 23.5M 50
Transfer learning 235M 50
ResNet-50 reduced-12 199 M 37
ResNet-50 reduced-8 13.9M 26
Lite ResNet-50 8 M 14
MobilenetV2 25M 53

3.4. Model inference

Model inference is the process that occurs
after training the model; it refers to using a trained
model to make predictions based on new data. The
goal of model inference is to extract valuable
information from data that the model has not been
trained on or seen, essentially allowing the model to
predict outcomes based on its previous learning.
where the main code for the real-time prediction is
written and run using Visual Studio Code (VSC)
based on the programming language for developing
software, Python [21].

3.5. Evaluating metrics

In order to assess the face emotion recognition
system's effectiveness, it's crucial to evaluate the
model's performance to determine its reliability. The
widely accepted metrics were employed such as
accuracy, recall, precision, and confusion matrix to
accomplish this.

. Accuracy: Accuracy is commonly
considered to be the most explicit measure of
performance, as it measures the fraction of data
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that were correctly predicted relative to the entire
number predicted [22]. The equation is formulated
below.

TP+TN

Accuracy = ——
Y = TPYFP+TN+FN

(1
Where:

- True Positives (TP): These are the cases where
a model predicts the positive class correctly.

- True Negatives (TN): Those cases where the
model correctly predicts the negative class.

- False Positives (FP): These are the cases where
the model predicts the positive class when the
actual class is negative.

- False Negatives (FN): Those cases when the
model has predicted the negative class while it
is actually positive.

e Recall: Also known as sensitivity or true
positive rate, it is the ratio of correctly
predicted positive observations to the total
number of positive observations [23], as
shown in the following equation.

Recall = —=~ )
TP+FN

e Precision: The model's precision is
calculated based on the total number of
guesses it makes. The next step is to divide
the number of correct predictions by the total
predictions [24], giving us the relationship
between the total predictions TP+FP and the
prediction percentage TP. An equation
representing this information is provided
below.

TP
TP+FP A
e Confusion matrix: This matrix visualizes the
performance of an algorithm to help the user
understand where prediction errors have
occurred. It shows actual class instances in
rows and the predicted class instances in
columns. In addition to presenting errors
graphically, the confusion matrix can also
incorporate other helpful metrics, including
accuracy, Fl-score, and recall. Fig. 6
presents the confusion matrix [25].

Precision =

True Class
Pasitive Negative

FP

Predicted
Class

TN

MNegative

Fig. 6. Confusion Matrix [25]
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4. Results and Discussion

This section will discuss two main categories:
first, the results obtained from training the model,
and second, the inference environment.

4.1. Training results

The training hardware environment utilizes a
computer with Windows 10 Pro, Intel(R) Core (TM)
15-6300U CPU, and 8.00 GB RAM. Visual Studio
Code (VSC) served as the integrated development
environment (IDE) for coding depending on Python
3.11.5.

The key metrics considered to evaluate the
performance of MobileNetV2 and variants of
ResNet-50 are summarized in Table 3 to assess the
feasibility and effectiveness of the proposed
approach. These metrics reflect that the model is
doing very well, hence providing reliable emotion
recognition without sacrificing its lightweight
architecture.

and competitive testing accuracy with a
compact file size of 92.1 MB and the fastest
training time.

e The MobileNetV2 model offers an ultra-
compact file size and a short training time, its
slightly lower testing accuracy compared to
the lite ResNet-50 makes it more suitable for
situations where extreme resource constraints
are prioritized over maximum accuracy.

For further analysis of the results, (Fig. 7)
presents the confusion matrix that has been applied
to the test dataset for all the used models.

e The original ResNet-50 model has the highest
percentage of misclassifications for all the
models tested in this approach, hence showing
underperformance compared to other models in
making class predictions.

e ResNet-50 with transfer learning reduces the
misclassifications significantly, thus proving
the value of using transfer learning in improving
model performance.

e Comparing the lite ResNet-50 with the

Table 3. Comparison of the performance of face emotion recognition based on the evaluation metrics.

Model Train Valid Test Epoch Time File size
accuracy _accuracy _accuracy
Original ResNet-50 98.4 91.4 93.2 12 00:03:21 270 MB
Transfer learning 1 99 99.2 33 00:03:31  90.5 MB
ResNet50-12 98 76.9 98.5 17 00:03:47 228 MB
ResNet-50-8 99.5 78.7 97.3 12 00:02:11 160 MB
Lite ResNet-50 99.8 97.5 97 16 00:02:01  92.1 MB
MobileNetV2 99 95.4 94.4 25 00:01:57 12.8 MB

The most important key finding in Table III can
be summarized as follows:

e The original ResNet-50 has a very large file
size of 270 MB and relatively long training
time, although it achieves high training
accuracy and decent testing accuracy, making
it less practical for deployment. While transfer
learning improved the original ResNet-50 by
reducing its file size to 90.5 MB and slightly
enhancing testing accuracy, it still falls short
of the lite ResNet-50 in terms of overall
efficiency.

e The ResNet-50 models with 12 and 8§
bottlenecks showed strong training accuracies,
but their performance was less consistent. On
the other hand, ResNet-50 with 8 bottlenecks
could result in overfitting, showing lower
testing accuracy while its training accuracy
was higher. These variations bring into view
how careful optimization is very important.

e The lite ResNet-50 has proven to be the most
practical and efficient solution among all the
models evaluated. It achieved the highest
training accuracy, strong validation accuracy,
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MobileNetV2, the lite version of ResNet-50
outperformed MobileNetV2  with lower
misclassifications, proving to be superior again
in terms of accuracy and also reliability

Confusion Matrix
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Confusion Matrix Confusion Matrix

angry
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Fig. 7. The Confusion Matrix for: (a) Original ResNet-
50, (b) ResNet-50 Transfer Learning, (c) ResNet-50 with
12 Bottlenecks, (d) ResNet-50 with 8 Bottlenecks, (e)
Lightweight ResNet-50, (f) ModileNetV2
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Finally, Table 4. presents a performance
comparison of the utilized models with other
commonly wused algorithms in face emotion
recognition.

Table 4. Comparing the Proposed System with Earlier
Studies in Face Emotion Recognition

Year/

Study Model Description Accuracy
2020 Simplify and improve
1] VGG-16  the process of fa}ge 88 %
emotion recognition.
2020 Explain the role of
112] DCNN  DCNN in identifying 78.04 %
facial emotions.
2021 Using ResNet-50 for 95.39 +
/[13] ResNet-50 feature extraction. 1.41 %
Combining
2022 A- MobileNetV1 with the 84.49%
/[14] MobileNet built-in attention module and
to reduce the parameters. 88.11%
Discuss the role of the
2023 two-stage FERC as well o
/[15] CNN as the EV in face 4%
emotion recognition.
Seven pre- Discuss the role of data
trained  preprocessing, model 65.47% for
2024/ . )
[16] deep selection, and o imbalanced
learning  hyperparameter tuning in dataset
models  enhancing FER systems.
Design a lite face
Proposed Lite emotion recognition for 99 8%
model  ResNet-50 an embedded device in ’

smart home automation.

Ultimately, the lite ResNet-50 shows the best
option that provides the perfect balance between
accuracy, efficiency, and practicality. Its high
performance across training, validation, and test
sets, with its minimal computation cost, makes it
perfect for real-world applications where precision
and efficiency are reasonably required, especially in
resource-constrained environments.

4.2. Inference environment

The hardware used to run the proposed system
is the Raspberry Pi 4 Model B (RPi 4B), the RPi 4B
is a small, affordable, and versatile single-board
computer developed by the Raspberry Pi
Foundation. It is powered by Raspberry Pi OS,
which is a Debian-based operating system [26].

The RPi 4B is driven by a quad-core 64-bit ARM
Cortex-A72 processor. Equipped with up to 8 GB of
LPDDR4 RAM. For peripheral connectivity, it has
two USB 2.0 ports and also two USB 3.0 ports on
the board. It has dual micro-HDMI for display
purposes, each supporting up to 4K resolution. The
board is powered through a USB-C connector;
however, a minimum 3A power supply is
recommended for the best experience. All these
features together make the RPi4B one of the most
versatile and capable platforms for a number of

105

computing projects. Fig. 8 presents the proposed
system schematic.

Webcam

{ { Power supply

Raspberry Pi 4B

Fig. 8. Schematic Diagram of the FER System

Finally, the results for the real-time face emotion
recognition system can be seen in Fig. 9. The
proposed approach recognizes the emotion when the
system captures their face as being either at a neutral
stage or in anger. Once this emotion of the individual
has been recognized to be that of anger, it sends
impulses to instantly alter the mechanism of the
cooling system, turning the fan on for maintaining
the individual in a comfortable and composed

M O E 0O # |

Fig. 9. Models Real-time Test Results: (a)
MobileNetV2 for the Neutral Case, (b) Lite ResNet-50
for the Neutral Case, (c) MobileNetV2 for the Angry
Case, and (d) Lite ResNet-50 for the Angry Case

5. Conclusion

In conclusion, this research introduces a lite and
efficient FER system designed for real-time
deployment on embedded devices, specifically the
Raspberry Pi 4 Model B. We evaluated multiple
deep learning architectures, and the experiments
show that the Lite ResNet-50 model consistently
outperforms both the original ResNet-50 variants
and MobileNetV2 in classifying neutral and angry
expressions. With a training accuracy of 99.8% and
an inference speed of 229 ms, Lite ResNet-50
demonstrates strong performance with minimal
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misclassifications, as confirmed by confusion matrix
analysis.

While MobileNetV2 provides an ultra-compact
solution with a file size of only 12.8 MB, its slightly
lower testing accuracy limits its practical use in
applications where precision is critical. Overall, the
Lite ResNet-50 model represents a great leap
forward in FER, enabling better human-computer

interaction with

accurate real-time emotion

recognition.

6. Future Works

This study successfully demonstrates the

effectiveness of Lite ResNet-50 for real-time
FER on embedded devices. However, there

are several areas that require further
research:
1. One of the most important areas of future

research is to expand the model's ability
to detect more emotions beyond the
neutral and the angry to make the model
more effective in most real-world
applications.

Another key area of work is to explore
other lightweight algorithms in order to
achieve even lower inference time and
higher frame rates.

Finally, the future works can involve
comparisons of the model's performance
on other embedded systems, such as the
NVIDIA Jetson series, and FPGA-based
platforms to decide on the optimum
hardware for real-time FER systems.
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