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Abstract-Recognizing facial expressions is a critical aspect of computer vision and human-computer interaction. It facilitates the
interpretation of human emotions from facial images, aiding in applications such as affective computing, social robotics, and
psychological research. In this work, we propose using hybrid deep learning models, ResNet50 and ResNet34, for facial expression
classification. These models, pre-trained on large-scale datasets, demonstrate exceptional feature extraction capabilities and have
achieved excellent performance in various computer vision tasks. Our approach begins with the collection and preprocessing of a
labeled facial expression dataset. The collected data undergoes face detection, alignment, and normalization to ensure consistency and
reduce noise. After preprocessing, the dataset is divided into training, validation, and testing sets. We fine-tune the ResNet50 and
ResNet34 models on the training set, employing transfer learning to adapt the pre-trained models specifically for the facial expression
recognition task. Optimization techniques such as SGDM, ADAM, and RMSprop are used to update the models' parameters and
minimize the categorical cross-entropy loss function. The trained models are evaluated on the validation set, achieving an accuracy of
98.19%. Subsequently, the models are tested on unseen facial images to assess their generalization capabilities. This proposed approach
aims to deliver accurate and robust facial expression classification, thereby advancing emotion analysis and human-computer
interaction systems.
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1. INTRODUCTION

Emotions are fundamental to human experience and play a significant role in interpersonal communication [1]. People
express their emotions in various ways, including through language, body language, and facial expressions . Among these,
the analysis of facial movements is the most extensively researched method for determining emotions [2]. Extensive
studies by researchers have identified universal facial expressions corresponding to emotions such as happiness, sadness,
anger, fear, surprise, disgust, and neutrality [3]-[5]. Recently, interpreting emotions from facial expressions has gained
considerable interest in psychology, psychiatry, and mental health research [6], [7].

The automated recognition of emotions from facial expressions is essential for advancing "smart living"
technologies and enhancing healthcare systems, facilitating more intuitive and responsive interactions between humans
and intelligent environments. This capability is important for diagnosing emotional disorders in conditions such as autism
spectrum disorder and schizophrenia, as well as for applications in human-computer interaction (HCI) and human-robot
interaction (HRI), including social welfare schemes based on HRI [8], [9]. Consequently, facial emotion recognition
(FER) has garnered significant attention from researchers due to its promising and diverse applications. The primary goal
of FER is to map various facial expressions to their corresponding emotional states [10].

A standard Facial Emotion Recognition (FER) system comprises two primary steps: feature extraction and emotion
classification. Additionally, preprocessing of images is necessary, involving tasks such as face detection, cropping,
resizing, and normalization [11]. Face detection isolates the faces by removing the background and any non-facial
elements. In a traditional FER system, the crucial task is extracting features from the preprocessed image [12].

Current systems employ various methods for feature extraction, including discrete wavelet transform (DWT),
linear discriminant analysis, and other similar techniques [13], [14]. The extracted features are then used for emotion
classification, typically using neural networks (NN) and other machine learning methods [15]-[17]. Recently, Deep
Neural Networks (DNNGs), particularly Convolutional Neural Networks (CNNs), have gained significant attention in FER
due to their inherent ability to extract features from images [18]-[20].

Several studies have explored using CNNs to address FER problems [21], [22]. However, current FER methods
often utilize CNNs with only a few layers, despite evidence that deeper models perform better in other image processing
tasks [23]. This may be due to the unique challenges associated with FER. Firstly, recognizing emotions requires high-
resolution images, which involve processing large amounts of data [24]. Secondly, the subtle differences between facial
expressions for different emotions make classification more difficult [25].

Conversely, an extremely complex CNN comprises many concealed convolutional layers, posing difficulties
during training and frequently leading to inadequate adjustment. Due to the vanishing gradient problem, increasing the
number of layers beyond a certain point does not enhance accuracy [26]. To improve the accuracy of deep CNNss, various
modifications and training techniques can be employed. Pre-trained deep convolutional neural network models such as
VGG-16, ResNet-50, ResNet-152, Inception-v3, and DenseNet-161 are frequently used [27]-[29]. However, developing
such deep models requires extensive data and significant computational power.

A seminal study in the field of emotion recognition identified six primary emotions: happiness, sadness, anger,
surprise, fear, and disgust (excluding neutral) [30]. Subsequently, the development of the Facial Action Coding System
(FACS) by Ekman built upon this work, establishing it as the standard for emotion recognition studies [31]. Over time,
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most emotion recognition datasets also incorporated the neutral expression, expanding the total number of basic emotions
to seven.

This approach was considered the most reliable at the time. Well-known hand-crafted features such as the
histogram of oriented gradients (HOG) and local binary patterns (LBP) were used to identify facial emotions.
Subsequently, a classifier would determine the most appropriate emotion for the image [32]. These methods performed
well on simpler datasets. However, as datasets became more complex and intra-class variation increased, the limitations
of these methods became apparent. For a more comprehensive grasp of potential challenges, readers may consult the
visuals in the initial row of Figure 1, depicting issues such as faces being obstructed by hands or glasses, or visible only
partially. Deep learning, particularly convolutional neural networks (CNNs), has achieved significant success in
addressing various issues related to image classification and other vision tasks. This success has led many companies to
develop FER models based on deep learning [33]-[35]. A study demonstrated the effectiveness of CNNs in accurately
identifying emotions by employing a CNN without bias on the extended Cohn—Kanade dataset (CK+) and the Toronto
Face Dataset (TFD), achieving state-of-the-art results in FER [36]. Additionally, deep learning techniques were employed
in another study to model the facial expressions of stylized animated characters. This involved training separate networks
for human and animated facial expressions, along with mapping human images to animated ones [37]. A separate research
endeavor presented a neural network architecture tailored for facial expression recognition, featuring two convolutional
layers, one max-pooling layer, and four inception levels (sub-networks), culminating in the creation of a five-layered
network. [38]. Furthermore, a research endeavor integrated feature extraction and classification into a unified looped
network, enhancing the synergy between these procedures and achieving peak accuracy on both the CK+ and JAFFE
datasets [39].

While previous studies have demonstrated the efficacy of CNNs in FER, such as employing CNNs on datasets like
CK+ and TFD, and even adapting networks for animated character expressions, there has been limited exploration into
the synergies between different CNN architectures. To address this gap, a novel research endeavor could focus on
combining the strengths of two prominent CNN architectures, ResNet50 and ResNet34, in a hybrid deep learning
approach for facial expression recognition. ResNet architectures are renowned for their depth, enabling them to capture
intricate features effectively. ResNet50, with its deeper architecture, can capture more complex patterns, while ResNet34,
being slightly shallower, may offer computational efficiency without compromising performance significantly.

The proposed research could investigate how a hybrid model leveraging both ResNet50 and ResNet34 can enhance
FER accuracy compared to using either architecture individually. This approach could involve various strategies, such as
feature fusion at different layers, ensemble learning techniques, or hierarchical feature extraction. Furthermore, the
research could explore the transferability of features learned from different layers of ResNet50 and ResNet34 across
datasets, considering variations in facial expressions and image characteristics. Fine-tuning and transfer learning
methodologies could be employed to adapt the pre-trained models to the specific task of FER.

Additionally, the study could evaluate the robustness of the hybrid approach to variations in input data quality,
such as noise, occlusions, or changes in illumination conditions. Robustness analysis could involve augmenting the
training data with synthetic variations or conducting experiments on diverse real-world datasets. By investigating the
synergy between ResNet50 and ResNet34 architectures in a hybrid deep learning framework for FER, this research could
contribute to advancing the state-of-the-art in facial expression recognition and pave the way for more effective and
efficient models in real-world applications.

2. RESEARCH METHODOLOGY

This study introduces an end-to-end deep learning framework that employs an attentional convolutional network to
classify emotions in facial images. The authors introduce hybrid deep learning models that combine ResNet50 and
ResNet34 for facial expression classification. These pretrained models on large-scale datasets possess robust feature
extraction capabilities and have shown excellent performance in various computer vision tasks. The methodology begins
with the collection and preprocessing of a labeled facial expression dataset, which undergoes face detection, alignment,
and normalization to ensure consistency and eliminate noise or artifacts that could impede accurate classification. The
preprocessed dataset is then split into training, validation, and testing sets. The pretrained ResNet50 and ResNet34 models
are fine-tuned on the training set using transfer learning, allowing the models to adapt their learned features specifically
for facial expression recognition. This approach reduces training time and enhances the models' performance.

To optimize the models' performance during training, techniques such as Stochastic Gradient Descent with
Momentum (SGDM), Adaptive Moment Estimation (ADAM), and Root Mean Square Propagation (RMSprop) are used
[40], [41]. These methods assist in finding the optimal weights and biases, thereby enhancing the models' accuracy and
convergence.
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Figure 1. Proposed System Framework

Figure 1 illustrates the process of training and testing an emotion recognition model. The top section, labeled
"Training Stage," indicates that the model starts with the ImageNet dataset and undergoes initial training using the VGG-
16 model. Subsequently, the model incorporates the Facial Expression Dataset, where faces are cropped from images.
The pretrained model then undergoes adaptation for emotion recognition and further fine-tuning before being refined and
transformed into the Emotion Recognition Model. The bottom section, labeled "Testing Stage," depicts how test images
go through the process of face cropping to produce cropped faces, which are then fed into the Emotion Recognition
Model. The outcome is a probability distribution of emotions for seven categories: Angry, Disgusted, Fearful, Happy,
Sad, Surprised, Neutral. This flowchart outlines the steps involved in creating an Al system capable of recognizing human
emotions from facial expressions—a complex task that combines computer vision techniques and machine learning.

This proposed work focuses on facial expression recognition using two well-known convolutional neural network
(CNN) architectures: ResNet50 and ResNet34. Facial expression recognition aims to detect and categorize emotions
through facial cues, facilitating applications in emotion analysis, human-computer interaction, and affective computing.
a. ResNet50 Architecture: ResNet50 is a deep CNN architecture with 50 layers, notable for its residual connections that

address the degradation problem encountered when training very deep neural networks. In this proposed work,
ResNet50 will be used as the primary architecture for facial expression recognition [42].

b. ResNet34 Architecture: ResNet34 is a variant of the ResNet architecture with 34 layers. Although it has fewer layers
than ResNet50, it still benefits from residual connections, enhancing performance and accuracy in various computer
vision tasks. In this work, ResNet34 will be used as a comparative architecture to evaluate its performance in facial
expression recognition [43].

The proposed system involves training and fine-tuning the ResNet50 and ResNet34 architectures using an
appropriate dataset for facial expression recognition. This dataset will comprise facial images annotated with
corresponding emotion labels. The system development process generally includes the following steps:

2.1 Data Collection

The first step involves gathering a comprehensive and labeled dataset of facial images. This dataset should cover diverse
demographics and capture different individuals displaying these emotions in various contexts and lighting conditions.
The primary objective is to ensure that the dataset is diverse and representative enough to train a robust facial expression
recognition model effectively. By collecting a wide array of facial expressions, the model can learn to accurately identify
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and classify emotions across different individuals and scenarios, thus enhancing its performance and generalization
capabilities [44].

2.2 Data Preprocessing

In the data preprocessing phase, essential tasks are performed on the collected dataset to enhance its quality and prepare
it for training. This includes face detection, which involves identifying and isolating faces within the images.
Subsequently, alignment techniques are applied to ensure that all detected faces are aligned to a standardized orientation,
facilitating consistent feature extraction. Additionally, normalization procedures are employed to adjust the images in
terms of size, illumination, and color, thereby ensuring uniformity across the dataset. These preprocessing steps are crucial
for improving the input data quality and optimizing the performance of the facial expression recognition model. The
primary objective of data preprocessing is to enhance the quality and uniformity of the input data, ultimately leading to
improved model performance and accuracy. By performing tasks such as face detection, alignment, and normalization,
potential variations and inconsistencies within the dataset are minimized, enabling the model to effectively learn and
extract meaningful features from the facial images [45].

2.3 Model Selection

The selection process involves choosing ResNet50 and ResNet34 as the neural network architectures for the facial
expression classification task. These architectures are renowned for their effectiveness in feature extraction and image
classification tasks, particularly in the field of computer vision. ResNet50 and ResNet34 are chosen due to their deep
structure and residual connections, which enable them to capture intricate patterns and nuances in facial expressions.
Additionally, these architectures have been extensively studied and validated in various research domains, demonstrating
robust performance and accuracy. By selecting ResNet50 and ResNet34, the goal is to leverage the strengths of these
proven architectures to develop a facial expression recognition system that can accurately classify emotions from facial
images with high efficiency and reliability [46].

2.4 Transfer Learning Initialization

In the transfer learning initialization phase, pre-trained ResNet50 and ResNet34 models are employed, which have been
previously trained on large-scale datasets. These models have already learned to extract meaningful features from a wide
range of images, including diverse facial expressions, through their extensive training on extensive datasets. By leveraging
these pre-trained models, the process of capturing relevant features from the input facial images is streamlined and made
more efficient. This approach also reduces the need for extensive training data and time-consuming training procedures
since the models have already acquired knowledge about various visual features present in facial expressions [47].

2.5 Model Fine-Tuning

The model fine-tuning phase involves initializing the weights of the pre-trained ResNet50 and ResNet34 models and
adjusting them to better suit the specific facial expression recognition task. This process allows the models to adapt and
refine their learned representations based on the nuances and intricacies of the facial expression dataset. By fine-tuning
the pre-trained models, adjustments are made to optimize their performance for accurately classifying facial expressions.
This adaptation ensures that the models can effectively capture the subtle variations in facial features indicative of
different emotions, thereby improving their ability to make precise predictions. The objective of model fine-tuning is to
improve the performance and accuracy of models in facial expression recognition by tailoring them to the unique
characteristics of the target dataset. Through this iterative process, the models become more proficient at accurately
identifying and classifying emotions from facial images, ultimately resulting in improved overall performance [48].

2.6 Dataset Splitting

The dataset splitting phase involves dividing the preprocessed dataset into distinct training and validation sets. This step
is crucial for ensuring that the model can be effectively trained and evaluated. The training set comprises a significant
portion of the data and is used to train the ResNet50 and ResNet34 models. Meanwhile, the validation set is used to
monitor the models' performance during training and to tune hyperparameters. By evaluating the model on the validation
set, adjustments can be made to optimize its performance and generalization capabilities. This division helps in preventing
overfitting and ensures that the model can generalize well to unseen data. The primary objective of splitting the dataset is
to utilize the training set for developing the model and the validation set for assessing its performance and fine-tuning
hyperparameters. This approach allows for iterative improvements in the model's accuracy and robustness, ensuring that
it performs well not only on the training data but also on new, unseen data [49].

2.7 Model Training

The model training phase involves training the ResNet50 and ResNet34 models using the training dataset. During this
process, images from the training set are fed through the networks, allowing the models to learn and extract relevant
features from the facial images. By minimizing the loss function, these optimization techniques help in refining the
weights and biases of the models to enhance their accuracy and performance. Throughout the training process, the models
continuously improve their ability to identify patterns and nuances in the facial expressions, thereby becoming more adept
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at classifying different emotions accurately. The primary objective of model training is to enable the models to learn how
to effectively extract features from the input images and make precise predictions. By using optimization techniques like
SGD, the models' parameters are fine-tuned to minimize errors and improve their classification accuracy [50].

2.8 Model Validation

The model validation phase involves using the validation set to monitor the performance of the ResNet50 and ResNet34
models during training. By evaluating the models on the validation set, it is possible to gain insights into their accuracy
and ability to generalize to new data. During this phase, hyperparameters such as learning rate, batch size, and the number
of epochs is tuned to enhance the models' performance. Adjustments to these hyperparameters are made based on the
validation performance, aiming to find the optimal configuration that balances training efficiency and accuracy. This
iterative process helps in identifying and mitigating issues like overfitting. By continuously monitoring and adjusting
hyperparameters based on the validation set performance, the models are fine-tuned to achieve better accuracy and
generalization. This step is crucial for developing robust facial expression recognition models that maintain high
performance across different datasets and real-world scenarios [51].

2.9 Feature Extraction and Prediction

During training, the ResNet50 and ResNet34 models extract features from the images using convolutional layers, apply
non-linear transformations, and make predictions through fully connected layers with SoftMax activation. This process
allows the models to learn hierarchical representations of facial features that are critical for accurate emotion
classification. The primary objective is to enable the models to classify facial expressions accurately. By extracting and
transforming relevant features, the models can differentiate between various emotions. Additionally, this process ensures
that the models do not overfit and perform well on unseen data, maintaining high accuracy and generalization capabilities
[52].

2.10 Model Evaluation

After training, the models are evaluated on a test set to assess their performance. This involves calculating evaluation
metrics such as accuracy, precision, recall, and F1-score. These metrics provide a comprehensive understanding of how
well the models can classify facial expressions and identify different emotions accurately. The primary objective is to
measure the models' ability to correctly classify facial expressions and ensure their reliability. By evaluating these metrics,
the robustness and effectiveness of the models are validated, confirming their readiness for deployment in real-world
applications where accurate emotion recognition is essential [53].

2.11 Deployment and Application

Utilize the trained ResNet50 and ResNet34 models for real-world applications like affective computing, human-computer
interaction, and emotion analysis to enhance practical functionalities. This involves feeding new, unseen facial images
through the networks to obtain predicted emotion labels, allowing for real-time emotion recognition. The primary
objective is to utilize the models' predictions to gain insights into individuals' emotional states. By applying this
knowledge in various real-world scenarios, the models can enhance user experiences, improve interactions in human-
computer interfaces, and contribute to fields requiring accurate emotion analysis.

The proposed system utilizes ResNet50 and ResNet34 architectures to harness the capabilities of deep learning
and convolutional neural networks (CNNs) for precise facial expression recognition and classification. By comparing
these two architectures, valuable insights can be gained regarding their effectiveness and suitability for facial expression
recognition tasks.

ResNet34 and ResNet50 are intricate convolutional neural network architectures composed of numerous layers.
Providing a detailed account of the complete mathematical expressions for these architectures, along with the facial
dataset, would be exceedingly lengthy and difficult to cover thoroughly in a text-based format. Nonetheless, we can offer
a high-level overview of the architecture and the essential mathematical operations involved. Here is a simplified
explanation:

ResNet34: ResNet34 is composed of 34 layers, including residual blocks. The mathematical representation of a
residual block in ResNet34 can be expressed as [54]:

y=F(x)+x @)

In this context, x denotes the input feature map, F(x) signifies the non-linear transformations executed by the
residual block, and y represents the output feature map.

ResNet50: ResNet50 features a more intricate architecture with 50 layers. Like ResNet34, it employs residual
blocks. The mathematical representation of a residual block in ResNet50 can be expressed as [55]:

y=F()+ W *xx )

In this context, x is the input feature map, F (x) denotes the non-linear transformations carried out by the residual
block, y is the output feature map, and W's is a learnable weight matrix.
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3. RESULTS AND DISCUSSION

3.1 Experimental Results

This section presents a comprehensive experimental assessment of the model's performance across diverse facial
expression recognition databases. Initially, a concise introduction to the databases employed in the study is presented.
Following this, the models' performance on four distinct databases is detailed. Subsequently, a comparison with recent
research findings in the domain is conducted. Lastly, a visualization method is utilized to emphasize the significant regions
identified by the trained model.

The Facial Expression Recognition 2013 (FER2013) database, unveiled at the ICML 2013 Challenges in
Representation Learning, comprises 35,887 images predominantly captured in natural settings and sized at 48x48 pixels.
Initially, the training set consisted of 28,709 images, while both the validation and test sets contained 3,589 images each.
Utilizing the Google Image Search API facilitated dataset compilation, with faces automatically added during the process.
All facial expressions, including neutral ones, are categorized into one of the six primary facial moods. FER2013 stands
out from other datasets due to its inclusion of more diverse images featuring various characteristics, such as facial
occlusions (often due to a hand), partial faces, low-contrast images, and individuals wearing glasses. Figure 2 offers a
glimpse of four typical images from the FER2013 dataset, showcasing its diverse and challenging nature.
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Figure 2. Dataset

Confusion Matrix - The confusion matrix depicted in Figure 2, derived from applying the proposed model to the
FER dataset's validation set, reveals a trend where the model tends to exhibit more errors with classes characterized by
fewer instances, notably disgust and fear.

Model Visualization - This study presents a straightforward method for identifying key facial regions crucial for
recognizing a range of emotions. The method begins by systematically occluding an N-by-N-pixel square. Subsequently,
the trained model predicts the emotion based on the occluded image. Should occlusion of a particular area result in an
erroneous prediction, that region is deemed significant for recognizing that emotion. Conversely, if the prediction remains
unaltered, the region is considered less crucial. This process is iterated with numerous sliding windows of size N-by-N,
each shifted across the image. By analyzing the impact of occlusion on predictions across various regions, the model
identifies key areas pivotal for accurate emotion recognition.
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Figure 3. Frame work of Proposed System

Figure 3 shows a graphical user interface (GUI) that is part of a software application associated with machine
learning or deep learning models. Each button likely corresponds to a different neural network architecture or function
within the application. This interface is used to select or compare these models, possibly for tasks such as image
recognition or classification.
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Figure 4. Optimization Network

Figure 4 displays a panel interface featuring three buttons, each offering a different optimization algorithm option.
These algorithms can be employed in machine learning to enhance performance, providing users with the ability to select
the most suitable method for their specific needs.
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Figure 5. Image Pre-processing and Segmentation Result

Figure 5 shows a series of images demonstrating the transformation of an input image through multiple processing
stages to extract pertinent features for analysis. These steps are crucial for applications in computer vision and machine
learning. Initially, the image is resized, then converted to a binary format, followed by a grayscale version. The final step
highlights the extraction of specific features. Such detailed preprocessing and segmentation processes are essential for
accurately analyzing and interpreting image data in various advanced technological fields.

3.2 Performance Analysis

In assessing the performance of facial expression recognition systems, a range of evaluation metrics can be utilized,
encompassing true positives (TP), true negatives (TN), false positives (FP), false negatives (FN), accuracy, precision,
recall (or sensitivity), and specificity. These metrics offer a comprehensive overview of the system's effectiveness in
correctly identifying positive and negative instances, as well as its overall accuracy, precision, and ability to detect true
positives while minimizing false positives and negatives.

True Positives (TP): The count of correctly predicted positive samples, indicating facial expressions that were accurately
classified as positive (correctly recognized emotions).

True Negatives (TN): The count of correctly predicted negative samples, signifying facial expressions that were correctly
classified as negative (correctly recognized as non-target emotions).

False Positives (FP): The count of incorrectly predicted positive samples, denoting facial expressions that were classified
as positive but should have been classified as negative (misclassified as the wrong emotion).

False Negatives (FN): The count of incorrectly predicted negative samples, representing facial expressions that were
classified as negative but should have been classified as positive (missed detection of the target emotion).

Before delving into these evaluation metrics, it's essential to understand how they provide insights into the
performance of facial expression recognition models. Accuracy, precision, recall, and specificity offer valuable
perspectives on the model's ability to classify facial expressions accurately. Let us explore each metric and its significance
in evaluating model performance.

Accuracy, defined as the proportion of accurately classified samples relative to the total sample size, is calculated
as follows:
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TP+TN
TP+TN+FP+FN

3)

It offers a comprehensive assessment of the model's performance in facial expression recognition.
Precision, synonymous with positive predictive value, evaluates the fraction of correctly identified positive
samples out of all samples classified as positive, and is computed as follows:
TP
TP+FP

4)

It reflects the model's capability to minimize false positive predictions.
Recall, also known as the true positive rate or sensitivity, measures the percentage of correctly identified positive
samples out of all actual positive samples, and is determined by the following formula:
TP
TP+FN

)

It signifies the model's effectiveness in accurately detecting positive samples.
Specificity, sometimes referred to as the "true negative rate," quantifies the number of correctly predicted negative
samples among all the actual negative samples. Here's the method to determine specificity:

TN 6
TN+FP ( )
It demonstrates the model's capacity to accurately identify non-target emotions
The test results of the proposed system can be seen in the following table:
Table 1. Performance of the Propose System
Panel Deep Learning Techniques  Accuracy (%)  Precision (%) Recall (%) Specificity (%)
SGDM 98.19 97.26 97.26 97.15
ADAM ResNet34 and ResNet50 98.23 96.25 96.25 98.23
RMS Propagation 98.24 98.21 98.21 96.23

Table 1 illustrates the performance of the proposed system employing different deep learning techniques, namely
SGDM, ADAM, and RMS Propagation, in conjunction with ResNet34 and ResNet50 architectures. Each technique
underwent evaluation based on key metrics including accuracy, precision, recall, and specificity. SGDM attained an
accuracy of 98.19%, with both precision and recall registering at 97.26%, and specificity at 97.15%. ADAM exhibited a
slightly higher accuracy of 98.23%, albeit with lower precision and recall at 96.25%. However, ADAM demonstrated a
higher specificity of 98.23%. Meanwhile, RMS Propagation recorded the highest accuracy at 98.24%, with precision and
recall mirroring each other at 98.21%. Its specificity, though slightly lower, remained notable at 96.23%.

The proposed system, employing ResNet50 and ResNet34, achieved a remarkable accuracy of 98.19%,
outperforming previous studies. Mohammed et al reported an accuracy of 68% using a CNN architecture [56], while
Xiaoqing et al achieved 65.3% with unsupervised domain adaptation [57]. Additionally, methods such as, VGG+SVM
[58], GoogleNet [59], and FER on SoC [60] yielded accuracies ranging from 65.2% to 66.31%. Notably, Aff-Wild2 with
a VGG backbone achieved the highest accuracy of 75% [61]. The significant improvement in accuracy demonstrated by
the proposed system underscores the effectiveness of utilizing ResNet50 and ResNet34 architectures in facial expression
recognition tasks compared to other deep learning techniques and methodologies utilized in prior studies.

4. CONCLUSION

This research presents a novel method for facial expression recognition employing an attentional convolutional network,
underscoring the significance of concentrating on facial areas to achieve precise emotion detection. By leveraging this
approach, hybrid neural networks, combining ResNet50 and ResNet34 architectures, demonstrate promising
advancements in the field. Through extensive experimentation across four widely used facial expression databases,
significant progress is observed. The incorporation of visualization techniques highlights salient facial features crucial for
distinguishing between different emotions. The hybrid ResNet50 and ResNet34 architecture, facilitated by transfer
learning and fine-tuning, effectively captures meaningful facial features, enhancing emotion recognition accuracy and
generalization. The deeper architecture of ResNet50 enables learning complex patterns, while the lightweight ResNet34
offers computational efficiency. This balance between performance and efficiency makes the hybrid approach versatile
for facial expression classification. Comprehensive evaluation using metrics like accuracy, precision, recall, and F1-score
underscores the reliability and robustness of the hybrid ResNet50 and ResNet34 architecture. The potential applications
span affective computing, human-computer interaction, and emotion analysis, enabling more accurate interpretation of
human emotions from facial images and the development of intelligent systems. However, the hybrid approach presents
challenges, including computational demands and the need for diverse and representative training data. Addressing these
limitations will be crucial for maximizing the potential of the hybrid ResNet50 and ResNet34 architecture in real-world
applications, ensuring its effectiveness across various contexts and demographic groups.
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