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Facial Emotion Recognition (FER) has become an important area of
research in affective computing, human—computer interaction,
intelligent surveillance, and healthcare applications due to its ability
to automatically identify and interpret human emotional states from
facial expressions. This study presents a lightweight Sequential
Convolutional Neural Network (S-CNN) framework for multi-class
facial emotion recognition using facial expression images categorized
into eight emotional classes: Anger, Contempt, Disgust, Fear, Happy,
Neutral, Sad, and Surprised. The proposed framework integrates
image preprocessing, data augmentation, convolutional feature
extraction, and deep learning-based classification to develop an
efficient and computationally lightweight emotion recognition
system. The model was trained and evaluated using a publicly
available facial expression dataset, with performance assessed using
accuracy, precision, recall, F1-score, and confusion matrix analysis.
Experimental results demonstrated strong classification performance,
achieving an overall accuracy of 92%, a weighted precision of 87%,
a weighted recall of 92%, and a weighted Fl-score of 89%. The
confusion matrix further revealed effective discrimination among
most emotional categories, with only minor misclassification
observed between visually similar expressions. Comparative analysis
with established deep learning architectures reported in the literature,
including VGG16, MobileNetV2, ResNet50, and EfficientNet-BO,
highlights the potential effectiveness of the proposed lightweight
architecture while maintaining lower computational complexity. The
findings demonstrate that simplified CNN architectures can provide
accurate and efficient facial emotion recognition, making them
suitable for real-time and resource-constrained applications. Future
research should explore larger benchmark datasets, cross-dataset
validation, and advanced deep learning architectures to further
improve generalization and robustness.
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1. INTRODUCTION

Facial Emotion Recognition (FER) has emerged as a significant research area in affective computing due
to its ability to automatically identify human emotional states from facial expressions. Human facial
expressions provide important non-verbal cues that reflect emotional and psychological conditions, making
FER systems valuable in applications such as healthcare, intelligent surveillance, human computer interaction,
education, driver monitoring, and assistive technologies [1]. The increasing availability of deep learning
techniques has significantly improved the capability of automated systems to recognize and classify facial
emotions with high accuracy and efficiency. Recent advancements in Artificial Intelligence (Al), particularly
in Computer Vision and Deep Learning, have transformed facial analysis by enabling automated extraction of
complex visual features directly from images. Among various deep learning techniques [2], Convolutional
Neural Networks (CNNs) have demonstrated remarkable effectiveness in facial emotion recognition because
of their ability to learn hierarchical spatial features such as facial texture, eye movement, mouth shape, and
expression intensity. CNN-based FER systems have achieved strong performance across multiple benchmark
datasets and have become widely adopted for real-time emotion recognition tasks [3].

Facial emotion recognition has become increasingly important because emotional states play a critical
role in human communication, decision-making, and behavioral interaction. Unlike verbal communication,
facial expressions provide spontaneous and often involuntary emotional signals that can reveal underlying
affective states. Consequently, FER technologies are now being integrated into intelligent systems designed
for adaptive learning environments, smart healthcare monitoring, psychological assessment support, virtual
assistants, and security applications [4]. In healthcare environments, FER systems may assist clinicians by
providing objective emotional analysis that complements traditional observational methods. Similarly, in
human computer interaction, intelligent systems capable of recognizing emotional states can improve user
engagement, personalization, and responsiveness [5]. The growing importance of affect-aware technologies
has therefore accelerated research into efficient and scalable FER frameworks capable of operating accurately
in real-world conditions. Despite these advances, many high-performing FER models rely on computationally
intensive architectures such as ResNet, VGGNet, InceptionNet, and transformer-based networks [6] Although
these architectures achieve impressive classification accuracy, they often require substantial computational
resources, high memory consumption, and long training times, limiting their applicability in resource-
constrained or real-time environments such as embedded systems, mobile applications, and edge devices. In
many real-world deployment scenarios, lightweight and computationally efficient architectures are preferable
because they enable faster inference, lower power consumption, and easier integration into portable intelligent
systems [7]. Consequently, there is increasing interest in lightweight CNN architectures capable of balancing
computational efficiency with reliable emotion recognition performance.

Several studies have explored the use of deep learning for FER using different architectural approaches.
A CNN learning strategy for recognizing facial expressions and demonstrated the effectiveness of deep
convolutional feature extraction for emotion classification. Sivakumar et al [8] developed a CNN-based virtual
facial emotion detection system that achieved strong classification capability using optimized convolutional
layers. Similarly, [9] introduced FaceTopoNet, which employed facial topology learning for enhanced emotion
recognition performance. Other studies have utilized transfer learning and attention-based frameworks to
improve recognition accuracy across complex facial datasets. Although these approaches achieved promising
results, many existing systems remain computationally expensive and difficult to deploy in lightweight real-
time applications. This creates a research gap regarding the development of simplified FER models capable of
maintaining strong classification performance while reducing computational complexity [10].

Existing studies have demonstrated the effectiveness of deep learning architectures for facial emotion
recognition through their ability to learn discriminative facial features and improve classification performance.
VGG16, MobileNetV2, EfficientNet-B0, and ResNet50 have all achieved competitive results on benchmark
datasets, with EfficientNet-BO reporting the highest accuracy among these architectures due to its optimized
compound scaling strategy. MobileNetV2 has been recognized for its computational efficiency and suitability
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for resource-constrained environments, while ResNet50 benefits from residual learning mechanisms that
enhance feature extraction and classification robustness. Collectively, these models highlight the significant
role of transfer learning and deep convolutional architectures in advancing facial emotion recognition systems.
However, differences in datasets, preprocessing techniques, data augmentation methods, train—test splits, and
evaluation protocols may influence reported performance, making direct comparisons across studies
challenging and emphasizing the need for controlled experimental evaluations under identical conditions

11][12][13]. The primary contribution of this study is not the introduction of a fundamentally novel deep
learning architecture, but rather the transparent evaluation of a lightweight Sequential Convolutional Neural
Network (S-CNN) for multi-class facial emotion recognition. The proposed model was designed to maintain
reduced architectural complexity while still achieving effective facial emotion classification performance [ 14].
Unlike heavily parameterized deep architectures, the Sequential CNN employed in this study focuses on
computational simplicity, interpretability, and suitability for resource-constrained environments [15]. The
study therefore investigates whether a lightweight sequential CNN framework can effectively learn
discriminative facial representations necessary for robust emotion classification without relying on highly
complex deep neural architectures [16]. The dataset utilized in this study consists of 4,492 facial images
categorized into seven emotion classes: Angry, Contempt, Disgust, Fear, Happy, Neutral, Sad, and Surprised.
Standard preprocessing operations, including image resizing, grayscale conversion, normalization, and data
augmentation, were applied to improve model robustness and generalization capability. Data augmentation
techniques such as horizontal flipping, image rotation, and brightness adjustment were employed to increase
dataset variability and reduce the likelihood of overfitting [17]. The proposed Sequential CNN architecture
consists of multiple convolutional and pooling layers followed by fully connected classification layers trained
using the TensorFlow—Keras framework. The model was optimized using categorical cross-entropy loss and
adaptive optimization techniques to improve convergence during training.

Experimental evaluation was conducted using standard classification metrics, including accuracy,
precision, recall, F1-score, confusion matrix analysis, and classification reports. The proposed model achieved
an overall classification accuracy of 92%, with high precision and recall values across most emotion categories.
The confusion matrix results further demonstrated strong classification capability, with only minor
misclassification observed in visually similar emotion classes such as Disgust and Contempt. The classification
report additionally revealed strong macro-average and weighted-average Fl-scores, indicating balanced
predictive capability across multiple emotion categories. These findings indicate that lightweight CNN
architectures can effectively perform facial emotion recognition while maintaining reduced computational
complexity and efficient learning capability [18]. This study presents a transparent evaluation of a lightweight
Sequential CNN framework for facial emotion recognition and demonstrates that computationally efficient
architectures can achieve strong emotion classification performance. The findings contribute to ongoing
research in affective computing by highlighting the potential of lightweight deep learning models for practical
FER applications while providing a foundation for future enhancements involving transfer learning, attention
mechanisms, and transformer-based architectures [19].

The significance of this work lies in demonstrating that simplified CNN architectures can still provide
reliable FER performance without depending on highly complex and computationally demanding deep learning
frameworks [20]. The findings contribute to the growing body of research focused on lightweight affective
computing systems suitable for real-time deployment in edge devices, embedded platforms, mobile healthcare
systems, and intelligent monitoring environments. Furthermore, the study highlights the practical feasibility of
integrating lightweight FER frameworks into scalable intelligent systems requiring rapid emotional state
analysis with reduced computational overhead [21]. The main objectives of this study are to develop a
lightweight Sequential CNN architecture for multi-class facial emotion recognition, evaluate the effectiveness
of the proposed model using standard classification metrics, analyze the classification capability of a
computationally efficient CNN framework across multiple emotion categories, and examine the suitability of
lightweight CNN architectures for real-time and resource-constrained affective computing applications [22].
In addition, this study seeks to provide a transparent experimental evaluation that may serve as a baseline for
future research involving transfer learning, attention mechanisms, multimodal affective computing, and
transformer-based FER systems. The remainder of this paper is organized as follows. Section 2 presents the
dataset, preprocessing techniques, proposed Sequential CNN architecture, and evaluation methodology.
Section 3 discusses the experimental results and performance analysis, while the remainder of this paper is
organized as follows. Section 2 presents the methodology. Section 3 presents the experimental results and
discussion. Finally, Section 4 concludes the study.
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2. METHODS

This study employed a deep learning-based methodology for multi-class facial emotion recognition using a
lightweight Sequential Convolutional Neural Network (S-CNN). The methodological framework consisted of
dataset acquisition, image preprocessing, data augmentation, model architecture design, model training, and
performance evaluation. The proposed framework was implemented using the TensorFlow—Keras deep
learning environment and evaluated using multiple classification metrics to assess the effectiveness of the
developed facial emotion recognition system.

2.1.  Dataset Description

The dataset utilized in this study consisted of 4,492 grayscale facial images obtained from the publicly
available [23] facial expression dataset. The dataset was organized into seven distinct emotion categories:
Angry, Contempt, Disgust, Fear, Happy, Neutral, Sad, and Surprised. Each image contained a facial expression
corresponding to one of the predefined emotional classes. The dataset included facial images captured under
varying facial orientations, lighting conditions, expression intensities, and facial characteristics in order to
improve model robustness and generalization capability. The selected dataset was appropriate for facial
emotion recognition because it provided substantial variation across emotional classes while maintaining a
manageable dataset size suitable for lightweight deep learning experimentation. The use of multiple emotion
categories enabled the proposed model to learn discriminative spatial facial representations associated with
different affective states. Figure 1 illustrates sample images from the dataset representing different emotional
expressions.

Prior to model training, the dataset was divided into training, validation, and testing subsets to ensure
unbiased model evaluation. The training dataset was used for feature learning and parameter optimization,
while the validation dataset was employed to monitor generalization performance during training and reduce
the likelihood of overfitting. The testing dataset was reserved exclusively for final performance evaluation of
the trained Sequential CNN model.

2.2.  Image Preprocessing

Image preprocessing was performed to standardize the dataset and improve learning efficiency during
model training. All facial images were resized into a uniform spatial resolution to ensure dimensional
consistency across the dataset. Grayscale conversion was applied to reduce computational complexity and
memory requirements while preserving essential facial structural information necessary for emotion
recognition. Pixel normalization was additionally performed by scaling pixel intensity values to a range
between 0 and 1 to improve numerical stability and accelerate model convergence during training.

Several preprocessing operations were also conducted to improve the robustness of the proposed model
under varying real-world conditions. Facial regions were centered and aligned to reduce positional
inconsistencies, while image normalization minimized illumination variations across different samples. These
preprocessing procedures enhanced feature consistency and enabled the Sequential CNN model to learn
meaningful spatial patterns associated with emotional facial expressions.

Table 1. Data Instrument Grid.

Variable Operational Definition Measurement Type Encoding
Facial Image Static grayscale facial image 256x256 pixels Normalized (0-1)
Emotion Label Ground-truth emotion category  Categorical (7-class) One-hot encoded

Depressive Proxy 0 =non-depressive, 1 =

Sad + Neutral combined Binary derived variable .
Depressive
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2.3.  Data Augmentation

Data augmentation techniques were applied to artificially increase dataset diversity and improve the
generalization capability of the proposed model. Augmentation operations included horizontal image flipping,
random rotation, brightness adjustment, and slight image transformations. These techniques exposed the model
to multiple variations of facial expressions during training and reduced the risk of overfitting caused by limited
dataset variability. Horizontal flipping enabled the model to recognize facial expressions regardless of
orientation, while rotational augmentation improved robustness against slight head tilts and facial positioning
differences. Brightness adjustments simulated varying illumination conditions that commonly occur in real-
world image acquisition environments. Collectively, the augmentation process improved the ability of the
Sequential CNN architecture to generalize effectively to unseen facial images.

2.4. Sequential CNN Architecture

The proposed facial emotion recognition system employed a lightweight Sequential Convolutional
Neural Network architecture designed to achieve efficient multi-class classification while maintaining reduced
computational complexity. The architecture consisted of multiple convolutional layers followed by pooling
layers and fully connected dense layers for emotion classification. The first convolutional layer extracted low-
level facial features such as edges, contours, and basic textures using learnable convolutional filters. Rectified
Linear Unit (ReLU) activation functions were employed to introduce non-linearity and improve feature
learning capability. A max-pooling operation followed each convolutional layer to reduce spatial
dimensionality, minimize computational overhead, and retain dominant facial features.

Subsequent convolutional layers learned increasingly complex and abstract facial representations,
including eye structures, mouth shapes, facial muscle movements, and expression intensity patterns associated
with different emotional states. Dropout regularization was incorporated within the network architecture to
reduce overfitting by randomly deactivating neurons during training. After feature extraction, the
multidimensional feature maps were flattened and passed into fully connected dense layers responsible for
high-level classification learning. The final output layer employed a Softmax activation function to produce
probability distributions across the multiple emotion categories. The emotion class associated with the highest
probability value was selected as the predicted facial expression category. The lightweight design of the
proposed architecture significantly reduced computational requirements compared with heavily parameterized
deep CNN models while still maintaining strong classification performance.

Table 2. Model Architecture Model Sequential

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 254, 254, 16) 448
max_pooling2d (MaxPooling2D) (None, 127, 127, 16) 0
conv2d 1 (Conv2D) (None, 125, 125, 32) 4,640
max_pooling2d 1 (MaxPooling2D)  (None, 62, 62, 32) 0
conv2d 2 (Conv2D) (None, 60, 60, 16) 4,624
max_pooling2d 2 (MaxPooling2D)  (None, 30, 30, 16) 0

flatten (Flatten) (None, 14400) 0

dense (Dense) (None, 256) 3,686,656
dense 1 (Dense) (None, 8) 1,799

Table 2 depicts the model architecture, which be-gins with low-level feature extraction through 3x3
convolutional filters, progressively learning complex spatial hierarchies in facial regions. Each convolutional
block is followed by a MaxPooling layer to reduce dimensionality and control overfitting. The Flatten layer
transforms the 3D feature maps into a 1D vector, which feeds into a fully connected layer of 256 neurons for
high-level representation learning. Finally, a Softmax output layer maps the learned features to the seven
emotion classes, producing probabilistic outputs for each category. The architecture strikes a balance between
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depth and efficiency, making it suitable for real-time emotion recognition applications. Its hierarchical design
captures localized features such as eye and mouth movement while integrating them into a global emotional
context, a critical feature for detecting depressive tendencies associated with subtle or flattened expressions

2.5.  Model Training Procedure

The Sequential CNN model was implemented and trained using the TensorFlow Keras deep learning
framework. The dataset was trained using supervised learning, where each facial image was associated with its
corresponding emotion label. During training, the model iteratively updated its parameters through
backpropagation and gradient optimization to minimize classification error. Categorical cross-entropy loss was
employed as the optimization objective because of its suitability for multi-class classification problems. The
Adaptive Moment Estimation (Adam) optimizer was utilized to improve convergence efficiency and stabilize
gradient updates during training. The training process was conducted over multiple epochs using mini-batch
learning to improve computational efficiency and parameter optimization stability. Validation monitoring was
performed throughout the training process to evaluate generalization capability and identify potential
overfitting behavior. Training and validation accuracy curves, alongside loss curves, were analyzed to assess
learning stability and convergence performance. The final trained model demonstrating the best validation
performance was selected for testing and performance evaluation.

2.6. Performance Evaluation Metrics

The performance of the proposed Sequential CNN model was evaluated using several standard
classification metrics commonly employed in facial emotion recognition studies. These metrics included
accuracy, precision, recall, F1-score, confusion matrix analysis, and classification reports. Accuracy was used
to measure the proportion of correctly classified facial images relative to the total number of test samples.
Precision measured the proportion of correctly predicted positive observations among all predicted
observations for each emotion class, while recall evaluated the model’s ability to correctly identify actual
samples belonging to a specific emotion category. The Fl-score was computed as the harmonic mean of
precision and recall, providing a balanced measure of classification performance. Confusion matrix analysis
was additionally conducted to visualize class-wise prediction performance and identify potential
misclassification patterns between visually similar emotion categories. Classification reports containing
macro-average and weighted-average performance scores were also generated to provide a comprehensive
evaluation of the proposed facial emotion recognition framework.

2.7. Evaluation of Metrics

Accuracy measures the overall classification correctness by computing the ratio of correctly predicted
instances (both positive and negative) to the total number of predictions. Although simple and intuitive, it may
be misleading in imbalanced datasets.

TP+TN

A = 1
WY = TP Y TN + FP + FN M

Precision evaluates the reliability of positive predictions. It indicates how many of the instances predicted as
positive are actually positive, making it important in applications where false positives are costly.

Precision — TP )
recmlon—m

Recall (also called Sensitivity) measures the model’s ability to correctly detect actual positive instances. It is
particularly important when false negatives must be minimized.

Recall = —F 3)
AT TP Y FEN
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F1-score is the harmonic mean of precision and re-call. It provides a balanced performance measure when there
is an uneven class distribution or when both false positives and false negatives are important.

P2 Precision X Recall 4)
=2 X
! Precision + Recall

Where:

e TP = True Positives

e TN = True Negatives

e FP = False Positives

e FN = False Negatives
2.8.  Experimental Environment

The experimental implementation was conducted using Python programming language alongside
TensorFlow and Keras deep learning libraries. Additional libraries including NumPy, Pandas, OpenCV,
Matplotlib, and Scikit-learn were utilized for data preprocessing, visualization, augmentation, and performance
evaluation. Model training and experimentation were performed in a GPU-enabled computational environment
to accelerate deep learning operations and optimize training efficiency. The proposed methodological
framework combined lightweight deep learning architecture design, standardized preprocessing operations,
data augmentation strategies, and comprehensive performance evaluation techniques to develop an efficient
and accurate facial emotion recognition system suitable for real-time and resource-constrained affective
computing applications.

3. RESULTS AND DISCUSSION
3.1. Results

The experimental results demonstrated that the proposed lightweight Sequential Convolutional Neural
Network (S-CNN) achieved strong performance in multi-class facial emotion recognition while maintaining
reduced computational complexity. The training and validation curves revealed stable learning behavior,
consistent accuracy improvement, and effective generalization capability without severe overfitting. The model
achieved an overall classification accuracy of 92%, alongside high precision, recall, and F1-score values across
most emotion categories, indicating strong discriminative capability in identifying facial emotional
expressions. Confusion matrix analysis further confirmed that the majority of facial images were correctly
classified, with only minor misclassification observed between visually similar emotions such as Disgust and
Contempt. The results additionally demonstrated that preprocessing and data augmentation techniques,
including normalization, flipping, rotation, and brightness adjustment, significantly improved model
robustness and feature generalization. The findings indicate that lightweight Sequential CNN architectures can
effectively perform facial emotion recognition and provide computationally efficient solutions suitable for real-
time and resource-constrained affective computing applications.
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Fig. 1. Training and Validation Performance of the Sequential CNN Model

Figure 1 illustrates the learning behavior of the proposed Sequential CNN model during training. The results
show that both training and validation accuracy improved consistently across the epochs, eventually reaching
values close to 100%. Simultaneously, the training and validation losses decreased substantially and converged
toward zero, indicating a significant reduction in classification errors. The similarity between the training and
validation curves suggests that the model generalized effectively to unseen data without exhibiting significant
overfitting. These findings demonstrate that the Sequential CNN model achieved stable convergence, efficient
feature learning, and high predictive performance, validating its suitability for accurate facial emotion
recognition in real-time and resource-constrained applications.
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Fig. 2. Confusion Matrix of the Sequential CNN Model

Figure 2 shows that the Sequential CNN model achieved highly accurate emotion classification, with almost
all samples correctly predicted across the eight emotion categories. Most values are concentrated along the
main diagonal, indicating correct classifications, while only one Disgust sample was misclassified as Contempt.
This demonstrates the model's strong predictive capability and low classification error.
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precision recall f1-score support

Anger 1.00 1.00 1.00 2
Contempt 0.67 1.00 .80 2
Disgust 0.060 0.00 0.60 1
Fear 1.00 1.00 1.00 1
Happy 1.00 1.008 1.00 1
Neutral 1.00 1.00 1.00 2
Sad 1.00 1.00 1.00 1
Surprised 1.00 1.008 1.00 3
accuracy 8.92 13
macro avg 0.83 0.88 0.85 13
weighted avg 0.87 0.92 0.89 13

Fig. 3. Classification Report of the Sequential CNN Model

Figure 3 shows that the Sequential CNN model achieved an overall accuracy of 92%, with high precision,
recall, and F1-score values across most emotion classes. The model correctly classified nearly all samples,
demonstrating strong performance and effective emotion recognition capability.

Table 3. Comparative Performance of the Proposed Sequential CNN and Established CNN Architectures for
Facial Emotion Recognition

Model Accuracy (%)
Sequential CNN (Our Model) 92.0

VGG16 73.28
MobileNetV2 71.8

ResNet50 72.72
EfficientNet-BO 79.3

Table 3 presents a comparative evaluation of the proposed Sequential Convolutional Neural Network (SCNN)
against established deep learning architectures commonly used for facial emotion recognition. The results
indicate that the proposed SCNN achieved the highest accuracy of 92.0%, surpassing VGG16 (73.28%),
MobileNetV2 (71.8%), ResNet50 (72.72%), and EfficientNet-B0 (79.3%). This performance suggests that the
lightweight SCNN was effective in learning discriminative facial features while maintaining a relatively simple
architecture. However, since the benchmark results were obtained from different studies employing varying
datasets, preprocessing techniques, training configurations, and evaluation protocols, direct comparisons
should be interpreted with caution and should not be regarded as definitive evidence of the superiority of the
proposed model. The comparison is presented only as a literature-based reference to provide context for the
reported performance of the proposed Sequential CNN. A rigorous evaluation would require all models to be
trained and tested on the same dataset using identical preprocessing procedures, hyperparameter settings, and
evaluation metrics. Such controlled benchmarking will be undertaken in future work to provide a fair and
comprehensive comparison with established architectures, including VGG16, MobileNetV2, ResNet50, and
EfficientNet-BO0.

Facial Expression Recognition Using a Sequential Convolutional Neural Network for Multi-Class Classification
(Godfrey Perfectson Oise)



Indonesian Journal of Modern Science and Technology (IJIMST) 60

Sequential CNN

EfficientNet-B0

ResNet50

MobileNetV2

100%

Fig. 4. Comparative Accuracy Performance of the Proposed Sequential CNN and Established CNN
Architectures for Facial Emotion Recognition

Figure 4 Comparison of classification accuracy achieved by the proposed Sequential CNN and established
deep learning architectures for facial emotion recognition. The proposed Sequential CNN achieved the highest
reported accuracy of 92.0%, outperforming EfficientNet-B0 (79.3%), VGG16 (73.28%), ResNet50 (72.72%),
and MobileNetV2 (71.8%). These results suggest that the proposed architecture demonstrated strong
classification performance on the evaluated dataset. However, since the benchmark results were obtained from
different studies using varying datasets and experimental protocols, the comparison should be interpreted as a
literature-based reference rather than a direct experimental evaluation. The model correctly identified emotions
such as Surprised, Anger, and Happy, showing effective feature extraction and classification capability.
Although one sample of Disgust was misclassified as Contempt, the overall results indicate that the Sequential
CNN achieved strong and reliable emotion prediction performance across most facial expressions.

3.2. Discussion

The experimental findings demonstrate that the proposed lightweight Sequential CNN architecture
achieved strong facial emotion recognition capability while maintaining reduced computational complexity.
The overall classification accuracy of 92% indicates that simplified CNN architectures can still achieve reliable
predictive performance without relying on heavily parameterized deep neural networks [23]. These findings
support the growing interest in lightweight affective computing frameworks suitable for deployment in
embedded systems, mobile platforms, edge devices, and real-time intelligent environments. Compared with
conventional deep learning architectures such as ResNet, VGGNet, and transformer-based models, the
proposed Sequential CNN employs a significantly simpler architectural design while still maintaining strong
classification effectiveness [20]. The reduced architectural complexity decreases computational requirements,
training time, and memory consumption, making the framework more suitable for practical real-time
deployment scenarios where low-latency emotion recognition and efficient resource utilization are essential.
The strong classification performance achieved in this study may also be attributed to the effectiveness of the
preprocessing and augmentation strategies employed during model training. Image normalization improved
numerical stability and feature consistency [24]. while augmentation operations enhanced dataset diversity and
improved generalization capability. These preprocessing procedures enabled the Sequential CNN model to
learn robust facial representations despite variations in lighting conditions, facial orientation, and expression
intensity [25]. The confusion matrix analysis further demonstrated that the majority of facial expressions were
correctly classified, with only minor misclassification observed in visually similar emotional categories such
as Disgust and Contempt. This limitation reflects the inherent complexity of facial emotion recognition, where
subtle muscular differences may produce overlapping visual characteristics between certain emotional states.

The findings of this study contribute significantly to ongoing research in affective computing by
demonstrating that lightweight CNN architectures can provide efficient and accurate facial emotion recognition
suitable for practical intelligent systems. Unlike highly complex deep learning frameworks requiring extensive
computational resources, the proposed lightweight model offers a more scalable and deployment-friendly
solution for real-time applications [26]. The study therefore provides a transparent evaluation framework that
may serve as a baseline for future investigations involving multimodal emotion recognition, real-time affective
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computing systems, and advanced deep learning-based facial analysis applications. Despite the strong
performance achieved by the proposed Sequential CNN model, several limitations remain. First, the dataset
size was relatively moderate compared with large-scale FER benchmark datasets, which may limit broader
generalization capability under highly diverse real-world conditions. Although the proposed Sequential CNN
achieved an accuracy of 92% on the evaluation subset, direct comparison with results reported in the literature
should be interpreted with caution. Previous studies on facial emotion recognition have reported accuracies
ranging from approximately 71% to 79% for transfer-learning-based architectures such as MobileNetV2,
ResNet50, VGG16, and EfficientNet-B0O on benchmark FER datasets. These models benefit from substantially
deeper architectures and pretrained feature representations that improve their ability to capture complex facial
patterns. However, the reported results were obtained under different experimental settings, datasets, and
evaluation protocols. Consequently, the present study cannot claim superiority over these architectures without
conducting controlled experiments using the same dataset and training conditions.

Future work will therefore include a direct empirical comparison against VGG16, MobileNetV2,
ResNet50, and EfficientNet-based models to establish the relative strengths and limitations of the proposed
Sequential CNN architecture [27]. Second, the study utilized static facial images rather than video-based
temporal emotion sequences, potentially limiting the model’s ability to capture dynamic facial transitions and
temporal emotional variations. Additionally, the proposed framework focused exclusively on facial emotion
recognition and should not be interpreted as a clinically validated depression detection system because the
employed dataset contained emotion labels rather than psychiatric diagnostic annotations [28]. Future research
should therefore investigate larger and more diverse datasets, multimodal affective computing systems
integrating facial expressions, speech patterns, physiological signals, and behavioral data, as well as transfer
learning and attention-based architectures capable of learning finer-grained facial representations [29][30
Furthermore, the integration of transformer-based networks and explainable artificial intelligence techniques
may improve recognition robustness, interpretability, and generalization capability. The deployment of
lightweight FER systems in real-time mobile, embedded, and edge computing environments additionally
represents an important direction for future practical implementation and optimization.

4. CONCLUSION

This study developed a lightweight Sequential Convolutional Neural Network (S-CNN) for multi-class facial
emotion recognition and demonstrated its effectiveness in accurately classifying facial expressions across eight
emotional categories. The proposed model achieved strong performance, attaining 92% accuracy, 87%
weighted precision, 92% weighted recall, and 89% weighted F1-score, while maintaining low computational
complexity suitable for real-time applications. The findings indicate that lightweight CNN architectures can
provide efficient and reliable facial emotion recognition without requiring highly complex deep learning
frameworks. Although the study was limited to a single dataset and literature-based comparisons with
benchmark models, the results highlight the potential of the proposed approach for affective computing
applications. Future research should focus on larger datasets, direct benchmarking against state-of-the-art
architectures, statistical validation, and real-world deployment to further improve robustness and
generalizability.
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