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The animation industry has emerged as a dominant force in digital entertainment, encompassing gaming,
virtual storytelling, and interactive media. A crucial component in this domain is accurate and interpretable
emotional modeling of stylized characters. Although various deep learning (DL) models have been effectively
applied to human emotion recognition, the task of emotional modeling in non-human, digitally stylized charac-
ters remain underexplored, particularly from an explainable AI (XAI) perspective. This research presents the
Intelligent Coral Reefs Optimizer-tuned Attention-enriched MobileNetV2 (ICR-Att-MobileNetV2) framework
for interpretable emotion recognition in digital media characters. A custom Detect Emotions of Your Favorite
Toons (DEYFT) dataset was collected with annotated Tom and Jerry cartoon images depicting five core emotions:
Angry, Happy, Sad, Surprised, and Unknown. Images were preprocessed via resizing and pixel normalization.
The proposed model incorporates U-Net for precise facial segmentation and applies an Intelligent Coral Reefs
Optimizer (ICRO)-tuned MobileNetV2 with attention mechanisms for emotion classification. Implemented
in Python using TensorFlow, the model achieved a higher classification accuracy (99.84%), Precision, Recall,
and F1-Score, which demonstrates the strong generalization and robustness on stylized facial data. Further-
more, attention heatmaps provided visual interpretability, aiding animators and developers in understanding
emotion localization. This research highlights the potential of interpretable DL in advancing animation design,
emotionally intelligent virtual agents, and automated content generation within creative media ecosystems.
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1. Introduction

Cartoon faces play an important role in conveying emo-
tions and supporting communication in education, enter-
tainment, healthcare, AI, and humanoid robotics, enabling
the development of emotionally intelligent virtual agents
and social robots [1, 2]. Recent advances in computer
graphics have enabled the creation of expressive 2D and
3D cartoon characters; however, accurately recognizing
emotions in stylized facial expressions remains a challeng-
ing task due to exaggerated facial features, artistic varia-

tions, and limited annotated datasets [3, 4]. Deep learning
(DL)-based approaches, particularly convolutional neural
networks (CNNs), have demonstrated promising perfor-
mance in cartoon emotion recognition using architectures
such as ResNet-50, MobileNetV2, InceptionV3, VGG16,
and Mask R-CNN [5–8]. Nevertheless, achieving robust
and interpretable emotion recognition across diverse car-
toon styles continues to be a significant research challenge
[9, 10]. The main objective of this study is to develop an
interpretable deep learning framework for emotion recog-
nition in stylized digital characters by integrating U-Net
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for semantic facial segmentation with an ICRO-optimized
attention-enhanced MobileNetV2 (ICR-Att-MobileNetV2)
classifier. The proposed framework improves feature ex-
traction, classification accuracy, and model interpretability
through attention visualization, making it suitable for an-
imation, content generation, and emotionally intelligent
virtual agents.

The major contributions of this work are summarized
as follows:

- A custom-labeled DEYFT dataset containing five core
emotion categories for stylized character emotion
recognition.

- A U-Net-based facial segmentation model for accurate
extraction of emotion-relevant facial regions.

- An ICRO-optimized attention-enhanced MobileNetV2
architecture for explainable and accurate emotion clas-
sification.

- Attention map visualization to support interpretable
predictions and creative animation workflows.

The remainder of this paper is organized as follows.
Section 1 reviews related studies, Section 2 presents the
proposed methodology, Section 3 discusses the experimen-
tal results, and Section 4 concludes the paper.

Recent studies have explored multimodal and deep
learning approaches for cartoon emotion recognition.
LSTM and VGGNet-based multimodal models improved
emotion recognition by combining textual and visual infor-
mation but showed limited generalization in real-world sce-
narios [11]. Attention-based VGG16 achieved high recog-
nition accuracy for comic characters but relied only on
visual information [12]. CNN-based emotion-aware frame-
works enhanced scene understanding through visualiza-
tion techniques but lacked audio and contextual informa-
tion [13]. EmoComicNet integrated image and text modal-
ities for robust comic emotion analysis, although its per-
formance varied across artistic styles [14]. A GRU-based
multimodal framework effectively fused audio and video
features but was evaluated on only three emotion classes
[15]. EfficientNet-B7 with BiLSTM demonstrated strong
performance for cartoon video classification, while Any-
Face++ provided efficient multi-task face analysis across
human, animal, and cartoon domains. Despite these ad-
vances, achieving accurate, interpretable, and computa-
tionally efficient emotion recognition for stylized digital
characters remains a significant research challenge.

2. Materials and methods

The proposed ICR-Att-MobileNetV2 framework prepro-
cesses the DEYFT dataset through image resizing, nor-
malization, and emotion annotation, followed by U-Net-
based facial segmentation to extract expressive regions. The
segmented faces are classified using an ICRO-optimized
attention-enhanced MobileNetV2, where the attention
mechanism emphasizes emotion-relevant facial features
and provides interpretable visual explanations. Fig. 1 il-
lustrates the overall workflow of the proposed framework.

Fig. 1. ICR-Att-MobileNetV2 Framework Architecture

2.1. Data Collection

The DEYFT dataset (Kaggle dataset), obtained from the
HackerEarth Deep Learning Challenge, contains cartoon
frames extracted from Tom and Jerry videos at 5 FPS. The

https://www.kaggle.com/datasets/ziya07/detect-emotions-of-your-favorite-toons/data
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dataset is annotated into five emotion categories: Angry,
Happy, Sad, Surprised, and Unknown. The training set
includes 298 labeled frames, where annotations follow
the priority order Tom > Jerry > Others, and frames with-
out detectable faces are labeled as Unknown. The dataset
presents significant challenges due to exaggerated cartoon
expressions, stylized facial structures, and motion varia-
tions, while the predefined annotation protocol ensures
consistent and reliable emotion labels across all samples.
These characteristics make the DEYFT dataset suitable for
evaluating the proposed ICR-Att-MobileNetV2 framework
in cartoon emotion recognition. Ambiguous samples with
overlapping emotional cues were reviewed following the
dataset annotation guidelines to ensure label consistency,
while the five emotion categories provide sufficient visual
diversity for learning stylized facial expressions.

2.2. Semantic Preservation During Data Preprocessing
Resizing and Normalization

The DEYFT dataset contains images with varying resolu-
tions and aspect ratios that were resized to the required
224 × 224 input size of MobileNetV2 using interpolation
and center cropping. Smaller images were zero-padded
symmetrically, while larger images were center-cropped to
preserve facial features and expressions. Center-cropping
was restricted to peripheral image regions so that essential
facial structures, including the eyes, eyebrows, nose, and
mouth, remained intact for reliable emotion representation.
The ICR-Att-MobileNetV2 model evaluated three image
normalization techniques to improve convergence speed,
training stability, and generalization performance.

The empirical normalization method simply scales the
pixel intensity values from the range [0,255] to [0,1], pre-
serving the original distribution shape but reducing the
magnitude calculated using Eq. (1).

wnorm =
wj−min(w)

max(w)− min(w)
(1)

Where wj is the original pixel intensity and wnorm is
the normalized pixel value. Min-max normalization scales
pixel values to the range [0,1] based on the image’s mini-
mum and maximum intensities, as defined in Eq. (2).

wnorm =
wj

255
(2)

Where min(x) and max(x) denote the minimal and max-
imal intensity values of the image. When min(x) = 0 and
max(x) = 255, the equation simplifies to the empirical
method. Z-score normalization (standardization) centers
the pixel values around the mean and scales them by the
Standard Deviation (SD) of the dataset, as expressed in
Eq. (3).

wnorm =
wj − µ

σ
(3)

Here, µ | muµ is the mean pixel intensity and σ sigmar
is the standard deviation. Fig. 2 shows the original image
and its resized, normalized version used for preprocess-
ing. Resizing ensures consistent input dimensions while
preserving emotion-relevant facial features.

2.3. The Attention-Driven Feature Extraction Pipeline
using U-Net

A modified U-Net (Fig. 2) was used for face segmentation
to improve precision and spatial resolution. It incorporates
Leaky ReLU activations, instance normalization, and op-
timized skip connections to enhance feature propagation,
boundary localization, and robustness to style variations
in cartoon faces.

Fig. 2. U-Net Architecture for Face Segmentation

Each encoder block contains two 3 × 3 convolutional
layers followed by pooling, while the decoder uses trans-
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pose convolutions for upsampling. Skip connections pre-
serve spatial details through channel-wise concatenation,
improving facial boundary accuracy. The input patch size
is set to 128 × 128 pixels, consistent with the preprocessing
pipeline. Let xl

j,i denote the input patch at layer 1 , centered

on pixel (j, i) for feature map l. The output Pk
jil(s) at time

step t is defined as in Eq. (4).

Pk
jil(s) = (Xs

l )
S we(j,i)

k (s) +
(

Xq
l

)S
Wq(j,i)

k (s − 1) + al (4)

where
(
Xs

l
)S

(s) and
(

Xq
l

)S
(s − 1) denote the forward

and recurrent convolution inputs, respectively; we(j,i)
k and

Wq(j,i)
k are the learned weights, and al is the bias term. The

output is passed through a Leaky ReLU activation, defined
as:

F (w1x1) = e
[
P1

jil( s)
]
= max

[
0, P1

jil( s)
]

(5)

where α is a small positive constant, typically 0 < α < 1.
The segmentation network accurately extracts facial re-

gions while preserving emotion-relevant features such as
the eyes, eyebrows, nose, and mouth. This improves fea-
ture encoding, segmentation accuracy, and downstream
emotion classification.

2.4. Intelligent Coral Reefs Optimizer-tuned Attention-
enriched MobileNetV2 (ICR-Att-MobileNetV2)

The ICR-Att-MobileNetV2 combines attention-enhanced
MobileNetV2 with the Intelligent Coral Reefs Optimizer
(ICRO) for adaptive hyperparameter tuning. This im-
proves convergence, feature extraction, and attention to
emotion-relevant facial regions, enhancing classification
performance.

2.5. Emotion Classification via Attention-Enriched

MobileNetV2 (Att-MobileNetV2) A redesigned Mo-
bileNetV2 with metaheuristic optimization and lightweight
attention is used to classify five emotions from U-Net seg-
mented facial features. Fig. 3 illustrates the proposed Mo-
bileNetV2 architecture.

a. Modified Convolutional Backbone

MobileNetV2 extends MobileNetV1 with depthwise sep-
arable convolutions, inverted residuals, and linear bottle-
necks. It is adapted to extract features from stylized cartoon
faces, as defined in Eq. (6).

E1( J) = Conv(J) (6)

Where E1(J) denotes the convolutional feature map of
input image J, preserving salient emotional features in a

Fig. 3. Character’s Emotional Detection Modelling
through MobileNetV2 Model

compact representation. The MobileNetV2 backbone was
initialized with ImageNet pre-trained weights for efficient
and accurate stylized facial feature extraction.

b. Attention Module Integration
MobileNetV2 incorporates a CBAM-inspired spatial atten-
tion mechanism to focus on emotionrelevant facial regions
such as the eyes, eyebrows, and mouth. It generates atten-
tion maps using average and max pooling, as defined in
Eq. (7).

E2( J) = [ AvgPool (E); MaxPool(E)] (7)

The pooled outputs are concatenated and passed
through a convolutional layer followed by a sigmoid acti-
vation function in Eq. (8).
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σ(y) =
1

1 + e−y (8)

where e−y is a 7 × 7 convolution filter and σ-sigma is
the sigmoid function. E2( J) represents the attention map,
highlighting emotion-relevant facial regions and improving
model interpretability.

c. Feature Fusion Strategy The convolutional and
attention-enhanced feature maps are fused via concate-
nation to produce a high-dimensional, semantically rich
tensor, as expressed in Eq. (9).

E2( J) = [AvgPool(E); MaxPool(E)] (9)

Given that (E2) ∈ QG×X×1 and E3(J) = σ
(
e7×7(F2(J) ,

the resulting tensor S(J) ∈ RH × W× 1281 captures both
abstract and localized emotional patterns.

d. Fully Connected Layers
Global average pooling converts the fused feature map
into a compact vector, followed by a 128-unit dense layer
with 0.5 dropout and ReLU activation to generate robust
features for classification.

e. Softmax Classification Layer
The final layer of the model is a Softmax classifier that maps
the latent vector to one of the five emotional states. The
probability distribution over the output classes is given by
Eq. (10).

O( b == d\a) =
fal

∑i fai
(10)

Where ala_lal is the logit score for class 1ll, and ooo
is the predicted probability of each emotion class. Soft-
max produces multiclass emotion predictions, while ICRO
optimizes hyperparameters such as learning rate, filter
size, and attention weights to improve classification perfor-
mance.

2.6. Intelligent Coral Reefs Algorithm (ICRO)-Based
Hyperparameter Tuning for EmotionAware Mo-
bileNetV2 Models

The ICR-Att-MobileNetV2 employs ICRO to optimize key
hyperparameters, including learning rate, dropout rate, ex-
pansion ratio, and attention weight. Using a population
of 30 corals over 100 generations, ICRO improves conver-
gence and classification performance based on validation
accuracy, weighted F1-score, and loss.

2.7. Coral Encoding and Fitness Function

Each coral in the ICRO population encodes a complete
hyperparameter set for the Att-MobileNetV2 classifier as a
"random key" vector, represented as a real-valued sequence,
is expressed in Eq. (11).

Ci =
[
η, αatt, γdrop, γexp

]
(11)

These hyperparameters are evaluated by training the
classifier over a fixed number of epochs and computing
a fitness function that integrates accuracy, F1-score, and
convergence loss expressed in Eq. (12).

f (Ci) = ω1. Accuracy +ω2. F 1− Score −ω3. Validation Loss
(12)

where ω1, ω2, ω3 are weighting factors balancing accu-
racy, F1-score, and validation loss.

2.7.1. CRO-Inspired Evolution Mechanism

The optimization process unfolds in two primary stages,
such as reef formation and coral reproduction, adapting the
original CRO framework for deep neural hyperparameter
evolution.

2.7.2. Reef Initialization

The reef is represented as a 2D grid R ∈ RM×N in where
each cell contains a solution or remains empty. Initially,
ρ0 × M × N corals are randomly generated and evaluated
using the fitness function in Eq. (12).

2.7.3. Coral Reproduction Phase

Each generation proceeds through five biologically inspired
mechanisms, which are depicted in the following manner.

2.7.4. External Sexual Reproduction (Broadcast Spawning)

Two distinct corals Ci and Cj mate to produce a new coral
(larva) using uniform crossover, as shown in Eq. (13).

Lk = Crossover
(
Ci, Cj

)
=

[
Ck

1 , Ck
2 , . . . , Ck

n

]
(13)

where each gene Ck
n is inherited randomly from either

parent.

2.7.5. Internal Sexual Reproduction (Brooding)

A coral reproduces by mutating its genes with small Gaus-
sian perturbations given by Eq. (14).

Lk = Ci +N
(

0, σ2
)

(14)

where N
(
0, σ2) is Gaussian noise, encouraging explo-

ration of the search space.

2.7.6. Larvae Settlement

Generated larvae are evaluated using Eq. (12). If the larva’s
fitness exceeds that of an existing coral in a randomly se-
lected cell or an empty cell, it replaces it; the new solution
Lk replaces coral Rm,n is expressed in Eq. (15).

if ( Lk) > f (Rm,n) ⇒ Rm,n = Lk (15)
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2.7.7. Asexual Reproduction (Budding)

Top-performing corals clone with small perturbations (p%),
high-fitness corals reproduce asexually by cloning and
slight mutation is expressed in Eq. (16).

LK = C1 · (1 + δ), δ ∈ [−0.05, 0.05] (16)

2.7.8. Depredation Phase

A fraction FD of the weakest corals (low fitness) are prob-
abilistically eliminated to maintain reef diversity is ex-
pressed in Eq. (17):

Pdepredation = Bernoulli (PD), if Ci ∈ Bottom FD (17)

This evolutionary loop iterates until a convergence cri-
terion is met.

2.7.9. ICRO Integration with Att-MobileNetV2

The optimal solution C∗ = [η∗, α∗, γ∗, r∗] determines the
learning rate, attention weight, dropout rate, and expan-
sion ratio of MobileNetV2. Attention mapping, feature fu-
sion, and Softmaxbased classification are defined in Eq. (18),
Eq. (19) and Eq. (20).

Matt = σ ( f7×7([AvgPool(F); MaxPool(F)])) (18)

T = Concat (F, Matt · F) (19)

P (ck) =
ebk

∑K
j=1 ebj

(20)

where P(ck) is the predicted probability and bk is the
corresponding logit for emotion class k . ICRO adaptively
tunes Att-MobileNetV2, improving learning, attention-
guided feature extraction, and convergence compared with
conventional metaheuristic optimizers.

3. Result and discussion

The ICR-Att-MobileNetV2 was evaluated on the DEYFT
dataset using a 70:15:15 train-validation-test split. The vali-
dation set was used for ICRO-based hyperparameter tun-
ing, while the test set provided unbiased evaluation of
accuracy, precision, recall, and overall emotion recognition
performance. Table 1 lists the implementation tools.

3.1. Performance Metrics

The model was trained using a batch size of 32 with the
Adam optimizer ( β1 = 0.9, β2 = 0.999 ), while the initial
learning rate obtained through ICRO optimization was
adaptively reduced using a ReduceLROnPlateau schedule
whenever the validation loss stagnated.

3.2. Performance Evaluation

The proposed ICR-Att-MobileNetV2 model across the train-
ing, validation, and testing phases on the DEYFT dataset,
and its performance evaluation metrics are depicted in Ta-
ble 2. Each metric reflects the model’s capability to classify
digital media character facial emotions accurately, with
precision, recall, and F1-score supporting the reliability of
predictions, and loss indicating model generalization.

The accuracy and loss graphs are illustrated in Fig. 4. It
depicts the training dynamics of the ICR-Att-MobileNetV2
model over 200 epochs on the DEYFT dataset.

Five-fold cross-validation in Table 3 was conducted to
evaluate the stability and generalization capability of the
proposed ICR-Att-MobileNetV2 framework across differ-
ent dataset partitions.

Fig. 4. Training, Validation, and Testing Performance
Evaluation (a) Accuracy Curves and (b) Loss Curves
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Table 1. Implementation Setup

Type Tool/Platform Purpose

Hardware
NVIDIA GPU (e.g., RTX 3060/3080) Model training and acceleration

Intel Core i7/i9 CPU General computation and model development

Software

Python 3.8+ Core programming language

TensorFlow 2.x Deep learning model development (U-Net, MobileNetV2)

Keras High-level framework for building and training deep
learning models

OpenCV Image preprocessing and augmentation

Matplotlib Visualization of results and attention maps

NumPy/Pandas Data handling and numerical operations

ICRO implementation (custom Python
module)

Hyperparameter optimization

Table 2. Evaluation Result of the Digital Media Characters’ Emotional Detection

Dataset Split Accuracy Precision Recall F1-Score Loss
Training 98.62% 97.87% 98.13% 97.00% 0.092

Validation 95.85% 96.20% 94.67% 96.43% 0.134
Testing 99.84% 99.72% 98.33% 97.01% 0.118

Table 3. Five-Fold Cross-Validation Performance of the Proposed ICR-Att-MobileNetV2

Fold Accuracy (%) Precision (%) Recall (%) F1-Score (%) Loss
Fold 1 99.68 99.54 98.21 96.92 0.123
Fold 2 99.81 99.67 98.36 97.05 0.119
Fold 3 99.87 99.75 98.45 97.12 0.115
Fold 4 99.79 99.7 98.31 96.98 0.121
Fold 5 99.84 99.72 98.33 97.01 0.118

Mean ± SD 99.80 ± 0.07 99.68 ± 0.08 98.33 ± 0.09 97.02 ± 0.08 0.119 ± 0.003

Training and validation accuracy increased to about 99%
and 96%, while the corresponding losses decreased, indicat-
ing stable convergence and good generalization. The ICRO-
tuned hyperparameters, particularly the learning rate and
attention weight, contributed most to the improved classi-
fication performance.

AUC-ROC: The ROC curve evaluates the model’s ability
to distinguish emotion classes, with AUC values close to
1.0 indicating excellent performance. Figure illustrates the
AUC-ROC results across all emotions.

Precision-Recall Curve: The PR curve evaluates the
trade-off between precision and recall, particularly for im-
balanced data. Figure shows high precision and recall
across all emotion classes.

Precision and recall were consistently high across
classes, averaging Precision ≈ 99.72% and Recall ≈ 98.33%,
with curves remaining close to the top-right, indicating
minimal trade-off losses.

Confusion Matrix: The confusion matrix (Fig. 5) shows
strong classification performance across the five emotion
classes, with 180 of 200 test samples correctly classified. Mi-

nor confusion occurred between Sad and Unknown, while
Happy, Surprise, and Angry achieved the highest recogni-
tion accuracy due to their distinctive facial features.

Table 4 is the performance comparison that
demonstrates the superiority of the proposed ICR-
Att-MobileNetV2 over the baseline MobileNetV2 in
emotion recognition from character faces.

The proposed ICR-Att-MobileNetV2 achieved 99.84%
accuracy, 99.72% precision, 98.33% recall, and 97.01% F1-
score, demonstrating reliable emotion recognition. Its
lightweight attention-based architecture enables efficient
real-time inference with low computational overhead.

3.3. Existing Analysis

Existing emotion recognition methods use various deep
learning techniques, including Vision Transformers, multi-
modal fusion, and attention-based networks. Table 5 and
the corresponding figure compare these methods with the
proposed ICR-Att-MobileNetV2 model.

Fig. 6 these approaches enhance emotion detection
through modality fusion, transfer learning, and temporal
modeling, targeting comic interpretation, animated emo-
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Table 4. Performance Comparison of ICR-Att-MobileNetV2 with Baseline MobileNetV2

Metric ICR-Att-MobileNetV2 MobileNetV2 Improvement
Accuracy 99.84% 87.65% +12.19%

Precision (Avg) 99.72% 85.30% +14.42%
Recall (Avg) 98.33% 86.15% +12.18%

F1-Score (Avg) 97.01% 85.61% +11.40%
Training Convergence Epoch 22 epochs 38 epochs -42.11% faster
Attention Map Focus Score 0.87 0.69 +26.09%

Table 5. Comparison of Existing Animated Emotion Recognition Methods

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Multimodal Comic Emotion Recognition (ViT + Fuzzy Logic) 93.70 93.50 93.40 93.30

Video Content Filtering (EfficientNet-B7 + BiLSTM) 95.66 93.17 92.22 92.67

ICR-Att-MobileNetV2 (Proposed) 99.84 99.72 98.33 97.01

Fig. 5. Findings of precision recall curves for Classification
Trade-offs in Emotions

tion classification, and child safety, respectively.

Table 6 presents the ablation analysis by progressively
adding U-Net segmentation, attentionguided feature ex-
traction, and ICRO optimization. U-Net improved emotion

Fig. 6. Comparative Analysis of the Emotional Detection
Models (a) Accuracy, (b) Precision, (c) Recall, and (d)

F1-Score

recognition by accurately extracting facial regions and re-
ducing background interference.

3.4. Discussion

The proposed ICR-Att-MobileNetV2 addresses limitations
of existing multimodal emotion recognition methods [12]
by integrating U-Net segmentation, attention-guided Mo-
bileNetV2, and ICRO optimization. This combination
improves feature representation, scalability, and emotion
recognition performance for stylized cartoon and comic
images. The proposed framework is adaptable to multilin-
gual digital media by focusing on visual facial expressions
rather than language-dependent cues. Its lightweight U-
Net, attention-guided MobileNetV2, and ICRO architecture
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Table 6. Ablation Study of the Proposed ICR-Att-MobileNetV2 Framework

Model Configuration U-Net
Segmentation

Attention
Module

ICRO
Optimization

Accuracy (%) Precision (%) Recall (%) F1-Score (%)

MobileNetV2 Baseline × × × 87.65 85.30 86.15 85.61

MobileNetV2 + U-Net ✓ × × 91.84 90.76 90.18 90.42

MobileNetV2 + U-Net +
Attention

✓ ✓ × 96.52 96.08 95.41 95.73

ICR-Att-MobileNetV2
(Proposed)

✓ ✓ ✓ 99.84 99.72 98.33 97.01

enables efficient scalability across diverse animation styles,
while attention maps improve interpretability. Future work
includes evaluation on additional datasets and under chal-
lenging conditions such as occlusion, illumination changes,
and image degradation.

4. Conclusion

The proposed ICR-Att-MobileNetV2 integrates U-Net seg-
mentation, attention-guided MobileNetV2, and ICRO opti-
mization for accurate emotion recognition in stylized dig-
ital media characters. On the DEYFT dataset, it achieved
99.84% accuracy, 99.72% precision, 98.33% recall, and
97.01% F1-score, demonstrating robust, interpretable, and
efficient performance. Future work will focus on multi-
modal emotion recognition and expanded emotion cat-
egories. Future studies should also include comprehen-
sive comparisons with transformer-based models, explain-
able artificial intelligence frameworks, enhanced attention
mechanisms, and state-of-the-art lightweight deep learning
networks to further validate the proposed approach. Fu-
ture research should also investigate the robustness of the
proposed framework under image degradation, facial oc-
clusion, illumination changes, motion blur, complex back-
grounds, and varying emotion intensities to evaluate its
resilience in practical deployment scenarios.
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