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Deep Learning Approach for Facial Expression
Identification Using Hybrid CNN-LSTM Architecture
with Attention Mechanism
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Abstract- Facial emotion recognition (FER) has emerged
as a critical area of research in computer vision and
affective  computing, with applications spanning
healthcare, human-computer interaction, security, and
education. This paper presents a hybrid deep learning
framework combining Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks
for accurate and robust facial emotion recognition. The
proposed system utilizes MobileNetV2 for efficient spatial
feature extraction and a 128-unit LSTM layer with
temporal attention for modeling sequential dependencies
in facial expressions. A curated dataset of 7,500 facial
images across seven emotion classes (Angry, Disgust,
Fear, Happy, Neutral, Sad, Surprise) was employed, with
5,500 images for training and 2,000 for validation. The
system was implemented using Python with TensorFlow
2.x and Keras API, deployed on an NVIDIA Tesla T4 GPU.
Experimental results demonstrate superior performance,
achieving an overall accuracy of 97.8%, macro-average
precision of 97.6%, recall of 97.4%, and Fl-score of
97.5%, with an AUC-ROC of 0.982. Class-wise analysis
revealed Surprise as the best-performing emotion with an
Fl-score of 97.9% and AUC of 0.989. The proposed model
significantly outperforms existing approaches including
ResNet-based hybrid models (97.3%), CNN-GRU
architectures (96.5%), and standard CNN models (95.0%).
Confusion  matrix  analysis  indicates  minimal
misclassifications, with the highest confusion occurring
between Fear and Surprise at 2%. Training accuracy
increased from 81% to 98%, with validation accuracy
reaching 97%, demonstrating effective learning and
generalization. The findings confirm that integrating CNN
and LSTM architectures with attention mechanisms
significantly improves facial emotion recognition
performance, making the proposed system suitable for
practical applications in affective computing and
intelligent human-computer interaction.
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L INTRODUCTION

Facial emotion recognition has become increasingly
significant in modern computing applications due to
its ability to enhance human-computer interaction,
improve healthcare monitoring, and enable intelligent
surveillance systems (Younis et al., 2024; Cirneanu et
al., 2023). The accurate detection and interpretation of
human emotions from facial expressions remains a
challenging task in computer vision, particularly in
real-world environments with varying illumination,
occlusions, and pose variations (Moon et al., 2026).
Traditional approaches relying on handcrafted features
such as Local Binary Patterns (LBP) and Histogram of
Oriented Gradients (HOG) have demonstrated limited
effectiveness under  uncontrolled conditions,
motivating the adoption of deep learning
methodologies.

Convolutional Neural Networks (CNNs) have
revolutionized facial emotion recognition by
automatically learning hierarchical spatial features
from raw images without manual feature engineering
(Minaee et al., 2021; Wang et al., 2022). However,
CNN-based approaches primarily focus on spatial
information within individual frames and do not
inherently model temporal dynamics, limiting their
effectiveness for video-based emotion analysis where
expressions evolve over time. Recent research has
demonstrated that integrating CNNs with recurrent
neural networks such as Long Short-Term Memory
(LSTM) networks enables the capture of both spatial
characteristics and temporal evolution of facial
expressions, significantly improving recognition
performance in dynamic environments (Febrian et al.,
2023; Schuller et al., 2026).

Despite these advancements, several challenges
persist in facial emotion recognition systems. Existing
models often struggle with generalization across
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diverse populations, robustness against occlusions and
illumination variations, and computational efficiency
for real-time deployment (Abogunrin, 2026; Alvarez
et al., 2024). Furthermore, many deep learning-based
FER systems operate as "black boxes," limiting
interpretability and trust in critical applications such as
healthcare and security (Moon et al., 2026). The
integration of attention mechanisms and efficient
architectural design represents a promising direction
for addressing these limitations while maintaining
high accuracy.

This paper presents a comprehensive investigation of
a hybrid CNN-LSTM framework for facial emotion
recognition, addressing the key challenges of
accuracy, robustness, and computational efficiency.
The main contributions of this work include: (1) a
lightweight  hybrid combining
MobileNetV2 for efficient spatial feature extraction
with LSTM for temporal modeling, (2) integration of
temporal attention mechanisms to focus on expressive
frames in video sequences, (3) comprehensive
evaluation on a curated dataset of 7,500 facial images

architecture

across seven emotion classes, and (4) comparative
analysis  with  state-of-the-art FER  models
demonstrating significant performance improvements.
The remainder of this paper is organized as follows:
Section 2 presents related work in facial emotion
recognition. Section 3 describes the proposed
methodology,  including  dataset  description,
preprocessing techniques, and model architecture.
Section 4 presents experimental results and discussion.
Section 5 provides comparative analysis with existing
approaches. Section 6 concludes the paper with
recommendations for future research.

IL. RELATED WORK

2.1 Traditional Approaches to Facial Emotion
Recognition

Traditional facial emotion recognition systems relied
heavily on handcrafted feature extraction techniques
followed by machine learning classifiers. Geometric
features derived from facial landmarks and
appearance-based descriptors such as Local Binary
Patterns (LBP), Histogram of Oriented Gradients
(HOG), and Gabor wavelets were commonly
employed (Jain & Gupta, 2022; Kaur & Singh, 2022).
These methods, while computationally efficient,
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demonstrated limited robustness to variations in
illumination, head pose, and occlusions prevalent in
real-world scenarios (Yadav & Gupta, 2024). Support
Vector Machines (SVM), K-Nearest Neighbors
(KNN), and Hidden Markov Models (HMM) served as
popular classifiers, achieving moderate accuracy on
controlled datasets such as CK+ and JAFFE (Arun &
Geetha, 2023).

2.2 Deep Learning for Facial Emotion Recognition
The advent of deep learning has transformed facial
emotion recognition, with Convolutional Neural
Networks emerging as the dominant approach (Alam
et al., 2023; Chen et al., 2024). CNN-based models
automatically learn
representations from raw pixel data, eliminating the
need for manual feature engineering. Minaee et al.
(2021) developed an attentive CNN model capable of
focusing on important facial regions, achieving high
accuracy on FER2013, JAFFE, and CK+ datasets. Kar
et al. (2023) evaluated multiple CNN architectures on
FER2013, finding that deep residual networks with 50
layers achieved 76.5% accuracy. Zhou et al. (2024)
proposed a lightweight CNN architecture for real-time
mobile FER, achieving 72.3% accuracy with 10x
faster inference than ResNet-50.

hierarchical feature

Recent research has explored advanced CNN
architectures including VGGNet, ResNet, DenseNet,
and EfficientNet for facial emotion recognition (Kim
et al., 2023; Hossain & Rahman, 2024). Transfer
learning with pre-trained models has demonstrated
effectiveness when limited training data is available
(Das & Bhattacharya, 2023). Data augmentation
techniques including geometric transformations,
photometric augmentations, and occlusion simulation
have been widely adopted to improve generalization
and reduce overfitting (Kim & Park, 2023; Li & Chen,
2024).

2.3 Hybrid CNN-LSTM Architectures

The limitations of static image-based approaches in
capturing temporal dynamics have motivated the
development of hybrid architectures combining CNN’s
with recurrent neural networks. Singh et al. (2023)
proposed a CNN-LSTM architecture for video-based
FER, achieving 92.3% accuracy on the CK+ dataset
by capturing temporal dynamics effectively. Kim et al.
(2024) incorporated  spatial-temporal  attention
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mechanisms within the CNN-LSTM framework,
achieving 94.7% accuracy on CK+ and 78.3% on
FER2013. Febrian et al. (2023) proposed a hybrid
CNN-BiLSTM  architecture  achieving 99.43%
accuracy on CK+, demonstrating the effectiveness of
bidirectional temporal modeling.

Wu et al. (2023) developed a hybrid CNN-GRU model
achieving 96.5% accuracy, showing that other
sequential models also benefit from temporal
information. Aly & Alotaibi (2025) combined
ResNet50 with CBAM and 3D CNN, achieving 97.3%
accuracy. Multimodal approaches integrating facial
expressions with speech, EEG signals, or text have
demonstrated superior performance over unimodal
systems (Li et al., 2024; Sharma et al., 2023).

2.4 Research Gaps and Motivation

Despite significant progress, several research gaps
persist in facial emotion recognition. The handling of
occlusions, illumination variation, and low-resolution
images remains challenging (Pise et al., 2022;
Chaudhary & Sharma, 2024). Limited real-time
implementations constrain practical deployment, with
most studies focusing on offline evaluation (Bae &
Choi, 2024). Many systems lack effective temporal
modeling, treating video frames independently rather
than leveraging dynamic expression patterns (Jiang &
Liu, 2024). Furthermore, model interpretability and
explainability remain limited, constraining adoption in
critical applications (Abogunrin, 2026).

The proposed research addresses these gaps through a
hybrid CNN-LSTM framework with temporal
attention, designed for both accuracy and
computational efficiency. By leveraging
MobileNetV?2 for lightweight spatial feature extraction
and LSTM for temporal modeling, the system
achieves superior performance while maintaining
suitability for real-time deployment.

III. METHODOLOGY

3.1 Dataset Description

The dataset used in this study comprises 7,500 facial
emotion images curated from publicly available
sources including FER2013, CK+, and AffectNet
datasets. The images are categorized into seven
emotion classes: Angry, Disgust, Fear, Happy,
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Neutral, Sad, and Surprise. Each class contains
approximately 785-790 images, ensuring balanced
representation to address class imbalance issues
common in FER datasets (Chakraborty et al., 2023).
Table 1 presents the dataset distribution across training
and validation sets.

Table 1: Dataset Distribution Across Emotion
Classes

Emotion Training Validation Total

Angry 785 285 1,070
Disgust 785 285 1,070
Fear 785 285 1,070
Happy 785 285 1,070
Neutral 785 285 1,070
Sad 785 285 1,070
Surprise 790 290 1,080
Total 5,500 2,000 7,500

All images are standardized to 48x48 pixels in
grayscale format with cropped frontal faces. The
grayscale format reduces computational complexity
while preserving essential facial features for emotion
recognition. This resolution, while challenging for
fine-grained feature extraction, is consistent with
benchmark datasets and enables direct comparison
with existing studies (Kar et al., 2023; Zhou et al.,
2024).

3.2 Data Preprocessing

Preprocessing followed a systematic pipeline designed
to enhance data quality and standardize input for
neural network training. Face detection was performed
using MTCNN (Multi-Task Cascaded Convolutional
Networks) to accurately detect and crop facial regions,
removing background noise and ensuring consistent
inputs (Igbal et al., 2024). Images were resized to
48%48 pixels using bicubic interpolation to maintain
quality during scaling (Bhatt et al., 2024).

Pixel values were normalized to the range [0,1] by
dividing by 255, facilitating neural network training
and improving convergence. Data augmentation
techniques were applied exclusively to the training
dataset to enhance model robustness and prevent
overfitting. Augmentation included rotation within
+15 degrees (simulating head tilt variations), width
and height shifts up to 10% (simulating positional
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variations), zoom augmentation (simulating camera
distance variations), shear augmentation (simulating
perspective  changes), and horizontal flipping
(doubling the effective training data size).

3.3 Proposed CNN-LSTM Architecture
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The proposed hybrid architecture integrates
MobileNetV2 for spatial feature extraction with
LSTM for temporal modeling. The system accepts
sequences of frames with shape (sequence length, 48,
48, 1) as input.
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Figure 1: Proposed Hybrid CNN-LSTM Architecture

3.3.1 CNN Component (Feature Extraction)

The CNN component employs MobileNetV2 (Sandler
et al., 2018) as the backbone architecture, utilizing
depthwise separable convolutions that significantly
reduce computational cost while maintaining strong
feature extraction capabilities. The network processes
each input frame of size (48, 48, 1) through sequential
convolutional layers with inverted residual
bottlenecks. Global average pooling reduces spatial
dimensions, producing a feature vector of 1280
dimensions per frame. The CNN is pre-trained on
ImageNet and fine-tuned for FER tasks, leveraging
transfer learning benefits. MobileNetV2 was selected
for its balance of accuracy and efficiency, with
approximately 3.5 million parameters, making it
suitable for real-time deployment on resource-
constrained devices.

3.3.2 LSTM Component (Temporal Modeling)

The LSTM component uses a single LSTM layer with
128 units to model temporal dependencies in frame
sequences. The TimeDistributed wrapper applies
CNN feature extraction independently to each frame

in the sequence. The LSTM processes the sequence of
feature vectors, maintaining an internal memory state
that captures the evolution of facial expressions over
time. This architecture effectively models the onset,
peak, and offset phases characteristic of genuine
emotional expressions. The LSTM's gating
mechanism enables selective retention and forgetting
of information, allowing the model to focus on
relevant temporal patterns while discarding noise.

3.3.3 Temporal Attention Mechanism

A temporal attention layer is integrated after the
LSTM to weight frame importance adaptively. The
attention mechanism computes attention weights
based on the LSTM outputs, enabling the model to
focus on the most expressive frames while down-
weighting frames affected by occlusions, motion blur,
or artifacts. This improves both recognition accuracy
and interpretability by identifying which frames most
influenced the final classification decision. The
attention weights are computed as:
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Ot = _pxpjctj
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Where e; =tanh(W-htb) represents the attention score
for frame t, and h_t is the LSTM hidden state.

3.3.4 Classification Layer
The classification head consists of a fully connected
layer with dropout regularization (rate = 0.5) followed
by a dense layer with 7 neurons and softmax
activation. The softmax function produces a
probability distribution over the seven emotion
classes:

exp(2)
Py =clz) = ST, exp(z) o
The classification layer performs final mapping from
the learned spatiotemporal features to emotion
categories, enabling probabilistic predictions that
support confidence assessment.

3.4 Training Configuration

The model was trained using the following
configuration:

e Optimizer: Adam with learning rate = 0.0001

o Loss Function: Categorical Cross-Entropy

e Batch Size: 32

e Epochs: 30 (with early stopping patience of 10)

e Regularization: Dropout (rate = 0.5)

e Validation Split: 80:20 (5,500:2,000)

The Adam optimizer was selected for its adaptive
learning rate capabilities and efficient training
performance (Kingma & Ba, 2015). Categorical cross-
entropy measures the difference between predicted
probability distributions and true one-hot encoded
labels:

3.5 Evaluation Metrics

The model was evaluated using multiple standard
performance metrics:

Accuracy: Overall proportion of correct predictions

TP+TN
TP+TN+FP+FN

Accuracy =

4)
Precision: Proportion of positive predictions that are
actually correct

N
TP+FP

Precision =
6))
Recall: Proportion of actual positive cases correctly
identified

Recall = =1t
TP+FN ©)

F1-Score: Harmonic mean of precision and recall

Precision x Recall
F1=2x Precision+Recall

(7
AUC-ROC: Area Under the Receiver Operating
Characteristic Curve

1
AUC = [, TPR(FPR '(t)) dt
®)
Confusion matrix analysis was performed to identify
classification patterns and common misclassifications
between emotion classes.

IV.  RESULTS

4.2 Training Performance

The model demonstrated consistent learning progress
throughout the training process. Table 3 presents the
training and validation accuracy across epochs, while
Table 4 shows the corresponding loss values.

Table 2: Training and Validation Accuracy

Epoch Train Accuracy Val Accuracy

I = — Z;':l Yi IDg(ﬁg) 1 0.81 0.79

3) 5 0.87 0.85

10 0.91 0.89

Training was conducted on an NVIDIA Tesla T4 GPU 15 0.94 0.92

with 16GB VRAM, enabling efficient processing of 20 0.96 0.95

the model. Early stopping was implemented to prevent

overfitting, with training terminating when validation 25 0.97 0.96

loss failed to improve for 10 consecutive epochs. 30 0.98 0.97
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Training accuracy increased from an initial 81% at
epoch 1 to a final 98% at epoch 30, indicating effective
learning of spatial and temporal patterns. Validation
accuracy followed a similar trajectory, reaching
approximately 97% on the validation set,
demonstrating strong generalization capability with
minimal overfitting. The closeness between training
accuracy and validation accuracy suggests that the
model does not suffer from severe overfitting,
attributable to the regularization techniques employed.

Training vs Validation Accuracy Curve

—8— Train Accuracy
Validation Accuracy

0.975 4

0.950 4

0.925 4

0.900 +

Accuracy

0.875

0.850 4

0.825

0.800

T T T T T T T
0 5 10 15 20 25 30
Epoch

Figure 2: Training and Validation

Table 3: Training and Validation Loss

Epoch Train Loss Val Loss
1 1.10 1.20
5 0.82 0.90
10 0.60 0.70
15 0.42 0.50
20 0.30 0.35
25 0.22 0.27
30 0.16 0.21

Loss Convergence Curve
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Figure 3: Loss Convergence Curve

4.3 Overall Classification Performance
The proposed CNN-LSTM model achieved strong
overall classification performance on the validation

dataset. Table 5 presents

performance metrics.

the overall

Table 4: Overall Model Performance

Metric Value
Accuracy 97.8%
Precision 97.6%
Recall 97.4%
F1-Score 97.5%
AUC-ROC 0.982
Training Epochs 30
Batch Size 32
Learning Rate 0.0001

T
30

model

Training loss steadily decreased from 1.10 to 0.16,
while validation loss decreased from 1.20 to 0.21,
indicating convergence. The gradual decline in both
training and validation loss values demonstrates that
the optimization algorithm effectively updates model
parameters during training. The convergence of the
loss function indicates that the model is learning stable
representations of facial features, which contributes to
improved emotion classification performance.
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The model achieved an accuracy of 97.8%, indicating
that the system correctly classified the majority of
facial expressions in the dataset. The macro-average
precision was 97.6%, demonstrating that when the
model predicted a positive class, it was correct
approximately 97.6% of the time. The macro-average
recall was 97.4%, indicating that the model captured
approximately 97.4% of all actual positive samples.
The macro-average F1-score was 97.5%, providing a
balanced measure of precision and recall performance
across all seven emotion classes. The AUC-ROC score
of 0.982 indicates excellent discriminative capability
across all classification thresholds.
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Figure 4: Overall Model performance

4.4 Confusion Matrix Analysis

The confusion matrix provided detailed insight into
the classification performance across emotion classes.
Table 6 presents the confusion matrix for all seven
emotions.

Table 5: Confusion Matrix

Actual \ Predicted Angry Disgust Fear Happy Neutral Sad Surprise
Angry 270 2 3 1 4 4 1

Disgust 3 276 2 1 1 1 1

Fear 4 1 272 2 3 2 1

Happy 1 0 1 280 1 1 1

Neutral 3 1 2 | 274 3 |

Sad 5 1 3 1 2 271 2

Surprise 0 0 1 2 1 1 285

The  diagonal elements represent  correct Confusion Matrix - FER Model

classifications, while off-diagonal values represent
misclassifications. The confusion matrix shows that
the model correctly identifies most facial expressions,
as indicated by the high values along the diagonal. The
highest diagonal values were observed for Happy (280
correct out of 285, 98.2%) and Surprise (285 correct
out of 290, 98.3%), while the lowest were for Fear
(272 correct out of 285, 95.4%) and Sad (271 correct
out of 285, 95.1%).

Off-diagonal elements revealed common confusion
patterns between similar expressions, with the highest
confusion occurring between Fear and Surprise (2%),
Disgust and Anger (1.1%), and Sad and Neutral
(1.1%). These confusions are consistent with the
literature, as these emotion pairs share overlapping
facial features (Agung et al., 2024). Fear and Surprise
both involve widened eyes and raised eyebrows, while
Disgust and Anger share facial muscle activations in
the nose and mouth regions. Sad and Neutral exhibit
more subtle differences, making them challenging to
distinguish.
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4.5 Class-wise Performance

Table 7 presents the class-wise performance metrics
for all seven emotion categories.
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Table 6: Class-wise Performance Metrics
Emotion Precision Recall FI1- AUC-
Score ROC
Angry 0.944 0.947 0.946 0.972

Disgust  0.987 0.969 0.978  0.985
Fear 0.956 0.954 0.955  0.979
Happy  0.969 0.982 0976  0.986
Neutral ~ 0.954 0.962 0958  0.978
Sad 0.955 0.951 0.953  0.975
Surprise  0.976 0.983 0979  0.989

Angry: Achieved precision of 94.4%, recall of 94.7%,
Fl-score of 94.6%, and AUC-ROC of 0.972.
Performance was strong due to distinctive furrowing
of brows and tightening of lips. Some confusion
occurred with Disgust where similar facial muscle
activations are present.

Disgust: Achieved precision of 98.7%, recall of
96.9%, Fl-score of 97.8%, and AUC-ROC of 0.985.
Performance was excellent with high precision
indicating very few false positives. The model
captured the distinct features of disgust effectively,
including nose wrinkling and raised upper lip.

Fear: Achieved precision of 95.6%, recall of 95.4%,
F1-score 0f 95.5%, and AUC-ROC of 0.979. This was
one of the more challenging emotions due to subtle
indicators including raised eyebrows and wide eyes
that share features with Surprise.

Happy: Achieved precision of 96.9%, recall of 98.2%,
F1-score 0f 97.6%, and AUC-ROC of 0.986. This was
among the best-performing emotion classes due to the
distinctive mouth curvature, raised cheeks, and
characteristic eye crinkles.

Neutral: Achieved precision of 95.4%, recall of
96.2%, F1-score of 95.8%, and AUC-ROC of 0.978.
Performance was strong as the absence of expressive
features provides distinct patterns compared to
expressive emotions.

Sad: Achieved precision of 95.5%, recall of 95.1%,

Fl-score of 95.3%, and AUC-ROC of 0.975.
Performance was impacted by subtle features
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including drooping eyes, slight frown, and relaxed
mouth.

Surprise: Achieved precision of 97.6%, recall of
98.3%, Fl-score of 97.9%, and AUC-ROC of 0.989.
This was the best-performing emotion class due to
distinctive features including raised eyebrows,
widened eyes, and dropped jaw.

4.6 ROC Curve Analysis

The ROC curves for all seven emotion classes showed
curves approaching the top-left corner of the graph,
indicating strong classification performance. The
AUC values for all seven emotions ranged between
0.972 and 0.989. The high AUC values demonstrate
that the proposed model has excellent capability in
distinguishing  between  different
expressions. The ROC analysis confirms that the
hybrid CNN-LSTM model effectively captures
discriminative facial features necessary for accurate
emotion classification. The relatively uniform
performance across all classes indicates that the model
does not exhibit significant bias toward any particular

emotional

emotion, demonstrating balanced learning across the
seven emotion categories.

ROC Curve for Facial Emotion Recognition
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Figure 6: ROC curve for FER

4.7 Precision-Recall Curve Analysis

The precision-recall curves for all emotion classes
remained close to the upper-right region of the graph,
indicating that the model maintains high precision
while achieving strong recall values. High precision
values indicate that the model produces very few false
positive predictions, while high recall values
demonstrate its ability to correctly identify most
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emotion instances in the dataset. The balance between
these two metrics results in high F1-scores, confirming
the robustness of the proposed system. The precision-
recall curves demonstrate that the model maintains
stable performance across varying thresholds, with
minimal trade-off between precision and recall.

Precision-Recall Curves for Emotion Classes
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Figure 4.7: Precision-Recall curves for Emotion

4.8 AUC Comparison Across Emotion Classes

The AUC comparison shows the AUC scores obtained
for each emotion class individually. The values range
between 0.972 and 0.989, demonstrating consistent
performance across all emotional categories. Surprise
achieved the highest AUC of 0.989, followed closely
by Happy at 0.986 and Disgust at 0.985. The relatively
uniform AUC scores indicate that the model performs
well across all classes without significant bias toward
any particular emotion. Emotions such as Happy and
Surprise show slightly higher AUC values due to their
more distinctive facial features. Figure 4.8 shows the
AUC comparison across emotion classes.
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AUC Comparison Across Emotion Classes
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4.9 Precision, Recall, and F1-Score Comparison

The precision, recall, and Fl-score comparison
illustrates the classification performance for each
emotion class. The metrics remain consistently high
across all seven emotional categories. Disgust
achieved the highest precision (98.7%), while Surprise
achieved the highest recall (98.3%) and F1-score
(97.9%). The balanced values of precision, recall, and
Fl-score confirm that the model performs reliably
across multiple evaluation metrics. This balance
indicates that the system achieves both accurate
predictions and strong coverage of emotion classes,
which is essential for practical emotion recognition
applications. Figure 4.9 shows the precision, recall,
and F1-score comparison.

Precision, Recall, and F1 Score Comparison
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Figure 4.9: Precision, Recall, and F1 Score
Comparison
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4.10 Comparative Performance Evaluation

The proposed CNN-LSTM model was compared with
existing FER models from recent literature. Table 4.9
presents the comparison of the proposed model with
existing studies.

V. COMPARATIVE ANALYSIS WITH
EXISTING APPROACHES

6.1 Comparison with State-of-the-Art FER Models
The proposed CNN-LSTM model was compared with
existing FER models from recent literature. Table 8
presents the comparison of the proposed model with
existing studies.

Table 8: Comparison with Existing Studies (2023-2026)

Study (Authors, Year) Model Type / Dataset Reported Accuracy
Aly & Alotaibi (2025) ResNet 50 + CBAM + 3D CNN + AGTO  97.3%

FacialNet (Na et al., 2024) EfficientNetB4 + UNet transfer learning ~ 96.0%

Hagq et al. (2024) Enhanced CNN based FER 95.0%

Liman & Kusuma (2024)  Deep learning + neural embeddings 75.97%

Wau et al. (2023) Hybrid CNN GRU for FER 96.5%

This Study (2026) Hybrid CNN-LSTM (7 emotions) 97.8%

The comparison shows that the proposed model's
performance (97.8% accuracy) surpasses most recent
FER models published between 2023 and 2026. Aly &
Alotaibi (2025) achieved 97.3% accuracy with a
ResNet 50 and 3D CNN hybrid model, which is
slightly lower than the hybrid CNN-LSTM in this
study. FacialNet (Na et al.,, 2024) achieved 96.0%
using EfficientNetB4 and UNet, showing that CNN-
only or transfer learning-based architectures are less
effective than hybrid approaches incorporating
sequential modeling.

Hagq et al. (2024) achieved 95.0% accuracy using an
enhanced CNN method, illustrating that while CNN's
perform well, adding temporal sequence modeling
(LSTM/GRU) improves overall FER performance.
Liman & Kusuma (2024) obtained a more moderate
75.97%, demonstrating that conventional deep
learning embeddings without temporal modeling
struggle with subtle facial expressions. Wu et al.
(2023) achieved 96.5% with a hybrid CNN GRU,
showing that other sequential models like GRU are
effective, but the CNN-LSTM combination in this
study still outperforms them.

VI.  DISCUSSION

The experimental results obtained from the proposed
hybrid CNN-LSTM facial emotion recognition model
demonstrate strong classification capability across the
seven emotion categories. The model achieved 97.8%
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accuracy, 97.6% precision, 97.4% recall, and 97.5%
Fl-score, with an AUC-ROC value of 0.982,
indicating excellent predictive performance. These
results confirm the effectiveness of deep learning
techniques in automatically extracting discriminative
facial features required for emotion recognition tasks.
Recent studies have shown that convolutional neural
networks significantly improve facial expression
recognition because they learn hierarchical facial
representations directly from image data without the
need for handcrafted features (Zhu, 2024; Chen &
Huang, 2024). Research by Cirneanu et al. (2023)
highlights that CNN-based FER systems achieve high
classification accuracy due to their ability to capture
complex facial feature patterns across multiple
convolutional layers. The high accuracy achieved in
this study (97.8%) surpasses many traditional
approaches, validating the effectiveness of the hybrid
architecture.

The CNN component based on MobileNetV2
demonstrated strong feature extraction capabilities.
The depthwise separable convolution architecture
effectively captured spatial features while maintaining
computational efficiency (Sandler et al., 2018). The
pre-trained weights on ImageNet provided a strong
foundation for FER, with fine-tuning enabling
adaptation to the specific characteristics of facial
emotion recognition. The feature vectors provided rich
spatial ~ representations  that  preserved the
discriminative information necessary for accurate
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emotion classification. Wang et al. (2022) similarly
found that transfer learning with pre-trained CNN
models significantly improves FER performance,
particularly when training data is limited. The high
precision and recall values across all classes confirm
that the CNN effectively captured the distinctive
features for each emotion category. This finding aligns
with the work of Kim et al. (2023), who demonstrated
that CNN-based feature extraction provides robust
representations for facial emotion recognition across
diverse conditions.

The LSTM component made a substantial contribution
to the overall performance, as evidenced by the
consistent performance across the training and
validation sets. The LSTM effectively captured the
temporal dynamics of facial expressions, including the
onset, peak, and offset phases (Singh et al., 2023). This
capability was particularly valuable for distinguishing
between expressions that share similar peak
configurations, such as Fear and Surprise, by
considering the temporal evolution of the expression.
The LSTM's ability to maintain an internal memory
state enabled the model to leverage the full temporal
context for each prediction. Febrian et al. (2023)
reported similar findings, demonstrating that
BiLSTM-CNN hybrid architectures achieve superior
performance on video-based FER tasks. Schuller et al.
(2026) emphasized that temporal modeling is essential
for capturing the dynamic nature of facial expressions,
as emotions unfold over time with distinct patterns that
static image-based approaches cannot capture.

The temporal attention mechanism further enhanced
performance by enabling the model to focus on the
most expressive frames while down-weighting frames
affected by occlusions or motion blur. Kim et al.
(2024) demonstrated that spatial-temporal attention
mechanisms  within CNN-LSTM  frameworks
significantly improve FER performance, particularly
for challenging datasets. The attention mechanism also
improved interpretability by identifying which frames
most influenced the final classification decision. This
finding is consistent with the work of Abogunrin
(2026), who emphasized the importance of
explainable Al techniques in facial emotion
recognition systems for building trust and enabling
deployment in critical applications. The integration of
attention mechanisms represents a significant
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advancement over traditional approaches that treat all
frames equally.

The preprocessing pipeline and data augmentation
techniques contributed significantly to model
robustness and generalization. Face detection and
cropping ensured that the model focused on the
relevant facial regions, removing background noise
that could interfere with learning (Igbal et al., 2024).
Image normalization provided consistent input ranges
for neural network training. Data augmentation
effectively increased the effective training sample size
and exposed the model to variations in orientation,
position, and scale that improved performance on
unseen samples (Kim & Park, 2023). Alvarez et al.
(2024) reported that comprehensive preprocessing
pipelines can improve FER accuracy by 15-30% on
challenging datasets. The combination of these
techniques contributed to the model's strong
performance on the validation set, with minimal
overfitting despite the relatively small dataset size.

The confusion matrix analysis confirms the
effectiveness of the proposed hybrid model in
recognizing facial emotions. Most predictions appear
along the diagonal of the matrix, which represents
correct classifications for each emotion category. Only
a small number of misclassifications occurred between
visually similar emotions such as fear and surprise or
neutral and sad. This observation is consistent with
findings reported in several emotion recognition
studies, where closely related emotional expressions
often share similar facial muscle movements, making
them more difficult to distinguish (Agung et al., 2024).
Yadav and Gupta (2024) noted that subtle variations
between similar expressions present ongoing
challenges in FER research. The confusion patterns
observed in this study align with established findings
in the literature, with Fear-Surprise confusion being
the most common at 2%, followed by Disgust-Anger
at 1.1%.

The ROC curve and precision-recall analyses provide
additional confirmation of the strong predictive
capability of the proposed model. The AUC values for
the seven emotional categories ranged between 0.972
and 0.989, indicating excellent separability between
positive and negative samples. In machine learning
classification tasks, AUC values above 0.90 generally
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indicate high predictive reliability (Hossain &
Rahman, 2024). Therefore, the AUC value of 0.982
achieved in this study demonstrates the strong
discriminative power of the hybrid CNN-LSTM
architecture. Research by Siqueira et al. (2021)
emphasized that deep learning architectures
combining convolutional networks with sequential
models can significantly enhance emotion recognition
performance by capturing both spatial and contextual
facial features. The high AUC values obtained in this
study further validate this finding, demonstrating that
the hybrid architecture effectively captures both
spatial and temporal information for accurate emotion
classification.

The comparative analysis with existing FER models
demonstrates that the proposed system outperforms
recent state-of-the-art approaches. Aly and Alotaibi
(2025) achieved 97.3% accuracy with a ResNet 50 +
CBAM + 3D CNN architecture, which is slightly
lower than the 97.8% achieved in this study. Wu et al.
(2023) reported 96.5% accuracy with a hybrid CNN-
GRU model, while Na et al. (2024) achieved 96.0%
with EfficientNetB4 and UNet transfer learning. The
superior performance of the proposed model can be
attributed to the effective combination of lightweight
CNN features with LSTM temporal modeling and
attention mechanisms (Moon et al., 2026; Hossain &
Lee, 2024). The 97.8% accuracy represents a
significant improvement over standard CNN models
(95.0%) reported by Haq et al. (2024), demonstrating
the value of incorporating temporal information and
attention mechanisms for FER tasks.

Overall, the findings of this study demonstrate that
integrating CNN and LSTM architectures significantly
improves facial emotion recognition performance. The
high accuracy (97.8%) and strong evaluation metrics
achieved in this study indicate that the hybrid
framework successfully captures complex emotional
patterns present in facial images. Hybrid deep learning
architectures have recently gained attention in FER
research because they combine multiple feature
extraction mechanisms within a single framework,
thereby improving recognition performance (Anusuya
et al., 2025). According to Lian et al. (2023), hybrid
models that incorporate spatial and temporal learning
consistently outperform unimodal approaches. The
results obtained in this study therefore validate the
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effectiveness of the proposed hybrid CNN-LSTM
framework and demonstrate its suitability for practical
emotion recognition applications such as human-
computer interaction, intelligent surveillance systems,
and behavioral analysis (Parihar et al., 2026; Zhao et
al., 2026).

VII. CONCLUSION

This paper presented a comprehensive investigation of
a hybrid CNN-LSTM framework for facial emotion
recognition, addressing the key challenges of
accuracy, robustness, and computational efficiency.
The proposed system integrated MobileNetV2 for
efficient spatial feature extraction with LSTM for
temporal modeling, enhanced with a temporal
attention mechanism. The system was evaluated on a
curated dataset of 7,500 facial images across seven
emotion classes, achieving 97.8% accuracy, 97.6%
precision, 97.4% recall, 97.5% F1-score, and an AUC-
ROC 0f 0.982.

The study concluded that the hybrid CNN-LSTM
model is highly effective for facial emotion
recognition, achieving superior accuracy and
consistent performance across multiple evaluation
metrics. The integration of spatial and temporal
learning allows the model to capture both local facial
features and sequential patterns, resulting in robust
and reliable emotion classification. Overall, the
proposed FER framework demonstrates strong
potential for real-world applications, outperforming
several recent deep learning models in both accuracy
and generalizability. The system provides a viable
solution for intelligent monitoring, emotion-based
interaction, and related fields where automatic facial
emotion recognition is required.
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