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Abstract: Facial expression recognition is an essential component in the
development of artificial intelligence-based learning systems, particularly in the
context of inclusive education that involves students with special needs. This study
aims to evaluate the performance of several lightweight deep learning architectures
in detecting facial expressions with high accuracy while maintaining computational
efficiency. Facial image data were obtained from both public datasets and newly
collected samples, which were preprocessed through face cropping, normalization,
and data augmentation. The dataset was split into 70% training, 15% validation, and
15% testing. Four lightweight deep learning architectures: MobileNetV2,
MobileNetV3 (Small and Large), and EfficientNetB0, were employed as the primary
models using transfer learning and fine-tuning approaches. Evaluation was
conducted using accuracy, loss, precision, recall, and Fl-score metrics,
complemented by visualization through confusion matrices. The results indicate that
MobileNetV2 achieved the best performance with a test accuracy of 92%, precision
of 93%, recall of 91%, and Fl-score of 92%, while maintaining a relatively
lightweight parameter size of 2.26 million. EfficientNetB0 ranked second with 83%
accuracy, followed by MobileNetV3-Large (77%), whereas MobileNetV3-Small
demonstrated the lowest performance (45%). Confusion matrix analysis revealed
recurring misclassification patterns for certain expressions, such as Happy often
misclassified as Sad, and Neutral overlapping with Angry. This study confirms that
MobileNetV2 is the most optimal architecture for implementing facial expression
recognition systems in inclusive education environments, as it balances high
accuracy with computational efficiency. These findings provide a solid foundation
for developing intelligent applications that support adaptive interaction in the
learning process..
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INTRODUCTION

Advances in artificial intelligence (AI) technology and deep learning have made significant contributions in
the field of pattern recognition, especially facial recognition and expression (Ge et al., 2022; Tang, 2023). Facial
Expression Recognition (FER) plays a critical role in a wide range of applications, from security, healthcare, to
education (Gan & Zhang, 2022; C. Liang & Dong, 2023). Facial expressions are one of the main forms of non-
verbal communication that are able to provide information about a person's emotional state quickly and accurately
(Lan & Lin, 2022). In the context of education, especially inclusive education, FER has great potential to help
educators in understanding the emotional state of students who have limited verbal communication, such as
students with autism spectrum disorder (ASD) or deaf (EIMahalawy et al., 2024).

Although FER's research has shown rapid progress, most approaches still utilize complex and large-sized deep
learning architectures. Models such as VGGNet, ResNet, or EfficientNet are capable of achieving high accuracy,
but require significant computing resources (Melinda et al., 2024). This is a major obstacle when the technology
is applied in real-world environments with limited hardware, such as in inclusive classrooms that use mobile
devices or edge computing with limited capacity (Bie et al., 2022). Thus, there is an urgent need to develop FER
models that are not only accurate, but also lightweight and efficient.

Some recent research has proposed the use of lightweight architectures, such as MobileNet, ShuffleNet, and
small versions of EfficientNet, designed to achieve the optimal trade-off between performance and efficiency
(Chen et al., 2022; Zeng et al., 2023a). However, most of those studies focused on general datasets such as FER-
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2013 or CK+, without exploring the specific context of inclusive education (J. Zhu & Cao, 2023a). In fact, inclusive
educational environments have unique characteristics, where variations in student expression are often more
subtle, limited, or different from standard datasets (Liu, 2024). This creates a research gap, namely the need for an
in-depth evaluation related to the application of the lightweight model in supporting adaptive learning and
responsiveness to students' emotional needs (Wei et al., 2022).

In addition, an important issue that is still rarely discussed is how lightweight models can maintain competitive
performance in real-world conditions. Factors such as inconsistent lighting, facial angle and limited amount of
labeled data from inclusive students can degrade system performance. Therefore, a strategy is needed that not only
relies on architectural efficiency, but also involves data augmentation techniques, regularization, and transfer of
learning from large to lightweight models.

Based on these problems, this study focuses on the implementation and evaluation of various lightweight deep
learning models (MobileNetV2, MobileNetV3, and EfficientNetB0) for facial expression recognition tasks. This
study aims to test the extent to which lightweight models can provide high accuracy while maintaining
computational efficiency, thus enabling real application in an inclusive education environment. The main
contribution of this study is to provide a comprehensive analysis of the performance of lightweight models in FER
based on educational contexts, while offering optimal modeling recommendations to support more adaptive
teaching-learning interactions.

Thus, this research is expected to enrich the literature related to the application of light deep learning in the
field of FER, especially in inclusive education. The results of this study are also expected to be the basis for the
development of a smart learning support system that is able to improve the quality of teacher-student interaction,
support learning success, and strengthen inclusivity in the modern educational environment.

Therefore, this study aims to (1) compare the performance of several lightweight deep learning architectures
for FER, (2) evaluate their suitability for resource-limited inclusive education environments, and (3) identify the
best-performing model balancing accuracy and efficiency.

LITERATURE REVIEW

Facial expression recognition (facial expression recognition, FER) is one of the important research areas in
computer vision and artificial intelligence. FER has a significant role in various applications such as mental health,
human-computer interaction, inclusive education, and security systems (Xu et al., 2022a). The main challenge in
the development of FER systems is the need for high accuracy in real-world conditions full of variability, such as
differences in lighting, viewing angles, and individual variations (J. Zhu & Cao, 2023b). In the last decade, the
approach based on deep learning has dominated research in this field due to its ability to extract representative
features from facial images automatically (Yang et al., 2023). However, most of the architecture deep learning
tend to be complex and require large computing resources, making them less suitable for deployment on limited
devices (Trivedi & Goyani, 2024). Therefore, there is a need for lightweight models (lightweight models) that is
still able to maintain high performance with low complexity.

Other studies show that integration atfention mechanism Can improve the performance of lightweight models
in detecting facial expressions. Xu et al. (2022) report that the MobileNet variant is able to achieve competitive
accuracy on FER datasets with a relatively small number of parameters, making it suitable for application to edge
devices (Xu et al., 2022b). Liang (2023) developed MobileNetV3 with more efficient architecture modifications
through the use of coordinate attention mechanisms and activation function optimization, which has been proven
to improve facial expression recognition performance without significantly increasing the computational burden
(X. Liang et al., 2023). These results confirm that lightweight architecture is not only efficiency-oriented, but also
capable of maintaining accuracy close to heavier conventional models (Q. Zhu et al., 2024a).

Liao et al. (2024) in their research highlighted that the current FER research trend emphasizes more on the
application of lightweight architecture with a combination of optimization techniques such as transfer learning,
data augmentation, and regularization (Liao et al., 2024). The focus of the research is not only on achieving high
accuracy in the laboratory, but also on the adaptability of the model to challenging real-world conditions. Some
studies confirm that although lightweight models have a smaller number of parameters, their performance can be
improved by utilizing a balanced large dataset and precise fine-tuning techniques (Zeng et al., 2023b).
Furthermore, recent research underscores the importance of model efficiency in the context of inclusive education.
The FER system can be used to support teachers in recognizing the emotional state of students, especially those
with special needs, such as children with autism or communication disorders (Biger & Kose-Bagci, 2024).
According to the report in Journal of Visual Communication and Image Representation, the integration of
lightweight architecture with transfer learning-based optimization strategies enables real-time detection of facial
expressions on mobile devices, making it easier to implement in classrooms (Tang et al., 2024). Model efficiency
is a key aspect because the devices used in education often have limited resources.

In addition to MobileNet, EfficientNet is also a model that is often tested in FER because of its compound
scalingwhich is able to balance the depth, width, and resolution of the network systematically (Tang et al., 2024).

*name of corresponding author

This is anCreative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License. 3260


https://doi.org/10.33395/sinkron.v9i4.15370

. Sinkron : Jurnal dan Penelitian Teknik Informatika
S'I_'n kron Volume 9, Issue 4, October 2025 e-ISSN : 25412019
smncepesemanreencnrorais DO : https://doi.org/10.33395/sinkron.v9i4.15370 p-ISSN : 2541-044X

Aikyn et al. (2023) developed an EfficientNet-based FER framework that is optimized for edge computing, with
efficient results while being able to maintain accuracy on limited devices (Aikyn et al., 2023). This makes it one
of the strong candidates in the development of FER based systems edge computing. Comparisons of performance
between MobileNet and EfficientNet in the literature show that both are equally feasible, with the final choice
often determined by application-specific needs such as latency, accuracy, and hardware limitations.

From the overall literature review, it can be concluded that the direction of FER research is increasingly leading
to the development of lightweight models that balance accuracy with efficiency. MobileNetV2, MobileNetV3, and
EfficientNetBO0 are proving to be promising architectures as they are capable of delivering results close to heavy
models with much lower computing requirements. This trend is relevant to research on inclusive education, where
intelligent systems must be able to run on simple devices while maintaining detection speed and accuracy.
Therefore, the evaluation and comparison of the performance of the three models is important to contribute to the
development of an adaptive, practical, and useful FER in the real world.

METHOD
The flow of the proposed research methodology is shown in Figure 1, which includes stages from data
collection to model evaluation.

Data Collection Data Preprocessing Data Splitting Model Development
T . 1. Image resizing to standard size (224x224 e v = o » V2
1. Dataset sources: facial images from public px) 1. Training Set ( 70 % ) B : el 3
repositories / newly collected data 2. Face cropping to focus on the region of 2. Validation Set ( 15 %) MobileNetV3 _(L‘f'g'& Small). EfficientNetB0
2. Expression categories: Happy, Sad, Angry, interest 3. Testing Set (15 %) 2. T!'ansfer_leammgl, backbone pre-trained on ImageNet
Surprise, Fear, Disgust, Neutral 3. Pixel normalization (0-1) 3: Fme-tumng_; speclﬁc‘la)"ers ) .
3. Dataset storage: folder structure per class 4.Data augmentation: rotation, flipping, 4. Loss function & e G +
Zoom, brightness adjustment |kl _J
Analisys and Comparison Model Evaluation Model Training
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1. Comy of 25 3} .
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Figure 1. Flow Of Research Process

Stage 1. Data Collection

At this stage, data in the form of facial images is collected both from public repositories and newly collected data.
The data is categorized into several emotional expressions, namely Happy, Sad, Angry, Surprise, Fear, Disgust,
and Neutral. The data storage structure is created in the form of folders per class to facilitate the next process.
Results: Datasets were organized by facial expression categories.
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Figure 2. Data Collection

Stage 2. Data Preprocessing

The face image was resized to a standard 224x224 pixels to standardize the model input. Next, face cropping is
carried out so that the model focuses on the face area, accompanied by pixel normalization (0—1) to accelerate the
convergence of training. Data augmentation techniques such as rotation, flipping, zoom, and brightness adjustment
are applied to increase data variation and reduce the risk of overfitting.

Results: Ready-to-use datasets, uniform in size, more varied, and face-focused.
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Raw Imaies

Figure 3. The face image was resized

Stage 3. Data Splitting

The dataset is divided into three parts: training data (70%), validation data (15%), and test data (15%). The training
data is used to train the model, the validation data helps the tuning process and prevents overfitting, while the test
data serves to objectively measure the final performance of the model.

Results: Proportional distribution of datasets to support fair experiments.
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Figure 4. Data Splitting

Stage 4. Model Development

The lightweight architecture was chosen as MobileNetV2, MobileNetV3 (Large/Small), and EfficientNetB0. Each
architecture leverages transfer learning with an initial weight from ImageNet. Some layers are frozen for the initial
stage, then fine-tuned to certain layers. The loss function used is Categorical Crossentropy with an AdamW or
SGD optimizer.

Result: A trainable, ready-to-train baseline model with a lightweight architecture-compliant configuration.

Stage 5. Model Training

The training process is carried out in two stages. The first stage is to train the classifier head with the backbone
frozen. The second stage is fine-tuning by opening up part or all of the backbone layer so that the model can learn
more specifically about the facial expression dataset. Regulatory strategies are implemented through dropout and
label smoothing, as well as learning rate scheduling such as Cosine Decay or ReduceLROnPlateau.

Results: Models that have been trained gradually to achieve optimal performance with good generalizations.

Stage 6. Model Evaluation

The evaluation was carried out using several main metrics, namely accuracy, loss, precision, recall, and F1-score,
both on training data and test data. In addition, a confusion matrix is also displayed to see the prediction distribution
per class. The number of parameters of each model is recorded as a measure of complexity.

Results: Quantitative metric values and analysis per class were the basis for comparison between models.
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Stage 7. Analysis and Comparison

The final stage is to analyze and compare the performance of all the architectures tested. MobileNetV2,
MobileNetV3 (Large/Small), and EfficientNetB0O were compared in terms of accuracy, loss, precision, recall, F1-
score, and number of parameters. This analysis also highlights the strengths and weaknesses of each model in the
context of inclusive education.

Results: The best models can be identified, along with a clear interpretation of the reasons for their superiority
over other models.

RESULT

This section presents the results of performance evaluation of several Lightweight Deep Learning models used
in the research. Evaluation was carried out on four main models, namely MobileNetV2, EfficientNetBO,
MobileNetV3Large, and MobileNetV3Small. Each model was measured for performance using five evaluation
metrics, namely test accuracy, loss value, precision, recall, and F1-Score, as well as the number of parameters that
represent the complexity of the model.

To provide a comprehensive overview, the results of each model are summarized in Table 1. This summary
makes it easier for readers to make a direct comparison of the prediction performance between models, so that it
can be known which Lightweight Deep Learning model is the most optimal in detecting facial expressions in this
study.

Table 1. Model Evaluation Results

Model Test Accuracy Loss Precision Recall F1-Score Parameter
MobileNetV2 0.92 0.28 0.93 0.91 0.92 226 M
EfficientNetB0 0.83 0.41 0.84 0.82 0.83 4.05M
MobileNetV3Large 0.77 0.56 0.78 0.76 0.77 3.00 M
MobileNetV3Small 0.45 1.12 0.47 0.44 0.45 0.94M

The results shown in Table 1 illustrate a comprehensive evaluation of four lightweight deep learning models for
the Facial Expression Recognition (FER) task. In general, there is a striking variation in performance between
models, both in terms of accuracy and architectural complexity.

The MobileNetV2 model shows the most superior performance with a test accuracy of 92%. A low loss value
of 0.28 indicates that the model's prediction is close to the actual label. In addition, the precision (0.93) and recall
(0.91) metrics have a good balance, resulting in an Fl-score of 0.92. This shows that MobileNetV2 is not only
capable of detecting facial expressions with high accuracy, but also maintaining consistency between false positive
and false negative error rates. With a total of 2.26 million parameters, this high performance is achieved without
excessive computing load, making it the best candidate for implementation on resource-constrained devices, such
as smartphones or embedded systems.

In contrast, EfficientNetB0 ranks second with an accuracy of 83% and a loss value of 0.41. Although lower than
the MobileNetV2, this model still shows stability with a precision value of 0.84, recall of 0.82, and an F1-score of
0.83. A larger number of parameters, which is 4.05 million, gives an indication that the increase in complexity is
not always directly proportional to the increase in accuracy. This model is still worth considering if the application
requires a trade-off between generalization stability and a slightly higher tolerance for complexity.

The MobileNetV3Large model produces 77% accuracy with a loss value of 0.56. The precision (0.78) and recall
(0.76) metrics were relatively balanced, resulting in an F1-score of 0.77. With a total of 3.00 million parameters,
this model is lighter than EfficientNetBO0, but it is not capable of matching its performance. These findings show
that newer architecture adaptations do not always provide significant benefits, especially in domains with data
limitations or unbalanced class distributions.

In contrast, the MobileNetV3Small became the lowest-performing model, achieving only 45% accuracy and a
loss value of 1.12. The precision (0.47), recall (0.44), and F1-score (0.45) showed that the model failed to capture
the relevant patterns in the data. Although the number of parameters is only 0.94 million, which is the smallest
among other models, an excessively high compression level comes at the expense of accuracy. These results
confirm a trade-off between efficiency and accuracy, where extreme simplification of the architecture is not
recommended if the target application demands high performance.

In addition to using the quantitative evaluation metrics summarized in Table 1, the model performance analysis
is also strengthened by visualization through a confusion matrix. The confusion matrix provides a more detailed
picture of the model's prediction distribution for each class, so that it can be known to what extent the model is
able to classify facial expressions correctly and whether errors still occur. This visualization is important for
identifying specific error patterns between classes that may not be visible from accuracy, precision, recall, or F1-
score values alone.
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Figure 5. Confusion Matrix — MobileNetV2

Based on Figure 5, it can be seen that MobileNetV2 is able to classify all classes of facial expressions very well.
The Happy class was detected correctly as many as 41 samples, Sad as many as 45 samples, Angry as many as 36
samples, Surprise as many as 43 samples, and Neutral as many as 35 samples. No cross-classification errors
between classes were found, so the diagonal in the confusion matrix was fully filled with true positive predictions.

This reinforces the results in Table 1, where MobileNetV2 achieved high accuracy (92%) and other evaluation
metrics also consistently showed optimal performance. With these results, it can be concluded that MobileNetV?2
not only provides high average performance, but is also consistent across every category of facial expression
without bias against a particular class. To provide a more comprehensive comparison, confusion matrix analysis
was also performed on another model, namely EfficientNetB0, which ranked second best after MobileNetV2 based
on Table 1. This visualization aims to assess how the model's prediction is distributed to each class and whether
there is a tendency for misclassification between expressions.
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Figure 6. Confusion Matrix — EfficientNetBO

Based on Figure 6, it can be seen that the performance of EfficientNetBO0 is quite good but not as clean as
MobileNetV2. This model is able to correctly recognize the Sad class in 42 samples, the Surprise class in 41
samples, and the Angry class in 35 samples. However, in the Happy class, although most of the samples were
detected correctly (33 samples), there were a number of misclassifications, namely 5 samples were classified as
Sad and 2 samples as Angry. The same thing happened in the Neutral class, which was only correctly identified
as many as 27 samples, with some cases of misprediction to the Sad, Angry, and Surprise classes.

In general, this confusion matrix shows that EfficientNetBO still faces challenges in distinguishing between
Happy and Neutral expressions, although its accuracy (83%) still ranks it as the highest-performing model after
MobileNetV2. These results show a trade-off between a larger model capacity (4.05 million parameters) and a
tendency for mild overfitting in a given class. In addition to MobileNetV2 and EfficientNetB0, evaluations were
also carried out on MobileNetV3Large, which in Table 1 occupies the third position with lower accuracy compared
to the previous two models. The confusion matrix analysis in this model aims to identify specific weaknesses in
distinguishing classes of facial expressions.
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Confusion Matrix - MobileNetV3Large
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Figure 7. Confusion Matrix — MobileNetV3Large

Based on Figure 7, it can be seen that MobileNetV3Large is still able to recognize most classes, albeit with a
higher rate of misclassification than MobileNetV2 and EfficientNetB0. The Sad class performed best with 38
correctly classified samples, while the Surprise class was well recognized in 35 samples. However, significant
weaknesses emerged in the Angry class, which was only correctly detected in 26 samples, accompanied by quite
a lot of prediction errors to the Happy (5 samples) and Sad (2 samples) classes. In the Happy class, there are 31
correct predictions, but some images are misclassified into Angry, Surprise, or Neutral classes. Meanwhile, the
Neutral class has 29 correct predictions, with a small percentage of errors to other classes, especially Happy and
Surprise.

Overall, this confusion matrix confirms that MobileNetV3Large has difficulty distinguishing expressions with
similar visual features, such as Happy vs Neutral and Angry vs Sad. This is consistent with an overall accuracy
value of 77%, which is lower than the previous two models, although the model parameters are larger (3.00
million). The MobileNetV3Small model is the lightest variant with a total of only 0.94 million parameters.
Although it is designed for efficiency, it performs much lower than other models, as can be seen from the accuracy
value of only 45% in Table 1. The following confusion matrix analysis provides a clear picture of the fairly high

distribution of prediction errors in this model.
Confusion Matrix - MobileNetV3Small
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Figure 8. Confusion Matrix — MobileNetV3Small

Based on Figure 8, it can be seen that MobileNetV3Small has significant difficulty in distinguishing between
facial expression classes. The correct predictions are evenly distributed but the numbers are relatively low: 14 Sad
samples, 12 Surprise samples, 12 Angry samples, 11 Neutral samples, and only 8 Happy samples are correctly
classified. The misclassification in the MobileNetV3Small model looks quite dominant. Many expressions of
Happy are mispredicted as Sad (13 samples) or Angry (7 samples), while expressions of Sad are often mistakenly
identified as Surprise (12 samples) and even Happy (5 samples). In addition, Angry expressions were incorrectly
distributed to the Happy (9 samples) and Surprise (10 samples) classes, indicating an overlap of visual features
between these expressions. The expression Surprise itself is often classified as Neutral (11 samples), while the
expression Neutral is most often misidentified as Angry (12 samples). This error distribution indicates that
MobileNetV3Small is not able to distinguish the visual characteristics between expressions consistently, so its
accuracy is much lower than that of other models.
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This condition indicates that the MobileNetV3Small model is not able to adequately capture the visual features
that distinguish facial expressions. This is in line with the low evaluation metrics in Table 1, where precision,
recall, and Fl-score are all in the range of 0.44—0.47, confirming the limitations of this model in multi-class
classification tasks.

DISCUSSIONS

The results of the evaluation obtained show that MobileNetV2 excel in the context of this study, especially
judging by the high combination of accuracy, recall, precision, and F1-score, as well as a relatively small parameter
size. These findings are consistent with several previous studies that optimized the MobileNetV2 architecture for
facial expression recognition tasks. For example, Zhu et al. (2024) propose a modification strategy MobileNetV?2
by integrating channel attention and reverse fusion mechanisms to preserve minor feature information, which
improves the accuracy of the FER-2013 and CK+ datasets (Q. Zhu et al., 2024b).

In addition, the study "Facial Expression Recognition Using MobileNetV2 with Attention Mechanism and
Facial Landmarks" by Huang et al. (2025) combined activation maps with landmark-driven attention in
MobileNetV?2 to strengthen the focus on important areas of the face and show that this approach is able to improve
generalization without significantly increasing the parameter load "Facial Expression Recognition Using
Mobilenetv2 with Attention Mechanism and Facial Landmarks" (Huang et al., 2025) . Your excellent research
results may be in line with these findings—that careful attention mechanisms and careful light architecture
selection can help reduce misclassifications between classes.

For the EfficientNet-based model, the study "Transfer Learning Technique with EfficientNet for Facial
Expression Recognition" reported that the use of fine-tuned EfficientNet-BO on datasets such as CK+ and JAFFE
was able to achieve high accuracy (99.57% and 100%) under limited dataset conditions, even in a controlled test
environment. This approach supports the idea that even lightweight models can be optimized with transfer learning
so that their performance is close to large architectures while still being efficient (Alam et al., 2022).

However, the confusion matrix results for models such as MobileNetV3Small show weaknesses in
distinguishing expressions that are visually similar (e.g. Happy vs Sad, Neutral vs Angry). This suggests that
although very lightweight architectures are very attractive in terms of efficiency, the risk of underfitting or loss of
minor discriminatory features can arise. In the literature, the survey "Advances in Facial Expression Recognition:
A Survey of Deep FER methods, datasets, and challenges" by Kopalidis et al. (2024) underscores that one of the
main challenges in modern FER is to overcome minor expression variations and the influence of external factors
such as lighting, facial orientation, and identity bias (Kopalidis et al., 2024).

Your finding that lightweight models like MobileNetV2 can perform best among other lightweight models in
the context of inclusive data signals that the architecture of choice as well as training strategies are crucial.
However, these results also suggest that other lightweight models (such as MobileNetV3Large/Small) may require
additional optimization (e.g. advanced data augmentation, regularization, selective selection of fine-tuning layers)
to minimize misclassification between overlapping classes.

In practical terms, these results support the idea that in the context of inclusive education, where hardware is
often limited, the selection of a model that balances efficiency and accuracy is essential—rather than prioritizing
just one aspect. The use of MobileNetV2 with the attention mechanism could be a very solid starting point for a
real system in an inclusive classroom.

CONCLUSION

This study successfully evaluated the performance of various lightweight deep learning models for facial
expression recognition tasks in the context of inclusive education. The results of the experiment showed that
MobileNetV2 provided the best performance with test accuracy of 92%, precision of 93%, recall of 91%, and F1-
score of 92%, while having a relatively low number of parameters (2.26 million). This confirms that lightweight
architecture can be an effective solution for the implementation of facial expression recognition systems on
devices with limited resources, such as in inclusive school environments.

Meanwhile, EfficientNetBO achieves an accuracy of 83%, which shows a fairly good balance between
complexity and performance, although it is still below MobileNetV2. Other models such as MobileNetV3Large
and MobileNetV3Small tend to experience significant declines in predictive accuracy and consistency, which can
be seen from the distribution of misclassification in the confusion matrix. These differences emphasize the
importance of choosing the right architecture to avoid underfitting problems or losing minor discriminatory
features.

The main contribution of this study lies in the comprehensive comparative analysis of lightweight models,
which shows that computational efficiency is not always directly proportional to accuracy, but can be optimized
through the selection of the right architecture. In addition, the results of this study provide a practical basis for the
development of hardware-friendly deep learning-based facial recognition applications , especially to support
interactions in inclusive classrooms.
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For further research, some of the things that can be explored include the application of attention mechanism
techniques to strengthen focus on relevant areas of the face, the use of more complex data augmentation strategies
to reduce bias between classes, and integration with multimodal modalities such as voice or body movements to
increase the robustness of the system. Thus, the resulting system is expected to be not only efficient, but also
accurate and adaptive to real variations in an inclusive education environment.
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