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 The growing need for facial emotion recognition in various domains, 

particularly in online education, has driven advancements in Artificial 

Intelligence (AI) and computer vision. Facial expressions are a vital source of 

nonverbal communication as they convey a wide range of emotions through 

subtle changes in facial features. Recent developments in Deep Learning 

(DL) and Convolutional Neural Networks (CNNs) have opened new avenues 

for analyzing and interpreting human emotions. This study proposes a novel 

CNN-based real-time facial expression recognition (FER) framework tailored 

for online education systems. The framework incorporates dynamic region 

attention and self-attention mechanisms, enabling the model to focus on key 

facial regions that vary in importance depending on emotional context. The 

proposed model is fine-tuned to enhance its capability to identify facial 

expressions in various situations by integrating these methods with transfer 

learning. Experimental results demonstrate that the model achieves an 

accuracy of 83% using FER 2013, surpassing traditional static image-based 

techniques. This study proposes to bridge the gap in facial expression 

observation in online education, facilitating educators with valuable visions 

into pupil sentiments to advance learning consequences. 
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1. INTRODUCTION 

The conversion to online education has considerably changed how knowledge is distributed, making it 

difficult for both students and educators. The main issue and challenges depend on efficiently checking and 

understanding student commitment in real-time. Communication and emotional intellect are important to 

generate active, approachable learning environments. However, current online platforms have insufficient tools 

to measure students' emotional conditions, which are important to perceive their learning 

development. Responsive signals meaningfully affect assignation, maintenance, and whole academic outcomes, 

but they are still often overlooked in the simulated learning space. Considering this gap, there is a growing 

petition for schemes that can perceive and understand emotional indications, mainly facial expressions, to 

increase the learning experience. The proposed study reports this requirement by suggesting a novel CNN 

framework for real-time facial FER in online education structures. Facial expressions are an influential and 

universal means of nonverbal statement, outstanding cultural limitations, and efficient transmission of views, 

opinions, and emotional states [1]. Various studies recognized seven important facial expressions: anger, 

disgust, fear, sadness, surprise, pleasure, and neutrality [2]. These expressions form the root of sentiment 

identification systems, with subsequent exploration by Matsumoto and Heider further authenticating their 

universality and prominence in conversation [3]. Databases, like the ICML 2013 collection, deliver massive 

resources for training and testing FER structures, encircling a wide variety of words, including happiness, anger, 

sadness, fear, and neutral conditions [4]. 

FER methods have extensive uses in different areas, including user experience, mental health, 

community production, and safety rules [5]. FER methods can help therapists examine patients' emotional 

conditions during conduct and assist in detecting circumstances such as anxiety, stress, or depression. For 
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workplaces, FER could be used to estimate employee confidence and emphasis, leading to improved efficiency 

and teamwork. In surveillance and security, FER supports detecting doubtful activities or potential dangers in 

real time, refining community protection in places such as train stations, airports, and public locations. 

Therefore, while conventional FER models have seen substantial growth, they still face limitations in accurately 

identifying subtle emotional signals and managing the dynamic real-world environment of emotional words [6]. 

This issue is particularly evident in applications that require real-time processing, such as online education, 

where emotional engagement significantly influences the learning process. The existing tools often fail to 

provide insights necessary for real-time emotional engagement in the context of online education. Instructors 

frequently lack timely feedback on their students' emotional states, which hinders their ability to adjust teaching 

strategies for enhanced learning activities. The deficiency of such methods creates hurdles between teachers and 

students, decreasing the capability for personalized knowledge. Sensory data processing and Real-time imaging, 

combined with progress in facial detection technology, hold the latent to bridge this gap [7]. The suggested 

CNN framework is designed to train and organize models competently within online educational surroundings 

through using approaches such as strategy profile, callbacks, segmentation, and hyperparameter optimization 

[8]. 

The purpose of the structure presented in this study is to authorize educators to deliver immediate 

visions into students' emotional states. This feedback will allow instructors during online classes to adjust their 

teaching methods, improving student engagement and overall learning outcomes [9]. This technique is 

particularly relevant given the existing lack of specified tools to observe pupils' facial expressions in daily 

online learning events, such as exams, video lectures, and communications [10]. The suggested technique shows 

a robust 83% accuracy rate in real-time FER. The proposed model represents its potential to identify even subtle 

emotional variations [11][12]. 

While FER's uses spread beyond teaching into domains such as workplace productivity, security, and 
healthcare, technology is still evolving. In healthcare applications, FER systems can improve patient observation 

by perceiving emotional suffering in patients, which is particularly significant for ageing and those getting long-

term precautions. Real-time emotion tracking can increase employee well-being and make more productive 

surroundings in workplaces. FER has important potential in safety applications, as it can assist in detecting 

distrustful attitudes or threats in public locations. For industries, studying customer sentiments in real time 

delivers valuable perceptions into consumer manners, eventually refining service delivery and customer 

fulfilment. 

There are no specific techniques presently available for real-time tracking of pupils' facial expressions 

during online events, such as online exams or video conference lectures, despite the potential of FER. This 

restraint confuses the effective one-to-one care of engagement and emotional states in computer-generated 

professional sceneries. Furthermore, current FER models often need important computational resources, making 

them challenging to deploy in real-time use. The suggested framework lectures these challenges by 

concentrating on low computational difficulty while preserving maximum accuracy. This assists the model to be 

used in real-time learning and professional environments without compromising outcomes. The FER plays a 

significant role in various applications, including human-computer association, psychological analysis, and 

security observation [13]. DL-based FER models face challenges such as disparities, occlusions, illumination, 

and subtle appearance variations that remain to barricade accuracy despite notable growth. CNNs have 

presented astonishing performances in image-based gratitude activities due to their ability to absorb classified 

features. Therefore, traditional CNNs often struggle with seizing long-range dependencies and contextual 

relations, which are important for precise FER. 

To report these limitations, this work suggests an improved FER framework by assimilating self-

attention mechanisms into fine-tuned CNN designs. The self-attention mechanism allows the model to capture 

total dependencies through facial features, thus refining the recognition of subtle languages. The model assists 

with pre-trained feature extraction while adjusting to domain-specific FER datasets by leveraging fine-tuned 

CNNs. This hybrid method increases both feature discrimination and strength against differences in facial 

expressions. The proposed technique assimilates CNN architectures with dynamic region attention mechanisms, 

allowing the system to focus on relevant facial regions that change in importance depending on the expressive 

setting. This technique familiarizes its attention dynamically, leading to further accurate feelings and 

deciphering contrasting static CNN models that treat all facial counties equally. Particular layers are working to 

capture both spatial associations and temporal differences in facial expressions, further increasing the model's 

aptitude to identify emotions precisely. The contributions of this study are as follows: 

• The development of a novel Fine-tuned CNNs with a self-attention mechanism for real-time facial 

expression recognition tailored to online education environments. 

• The integration of dynamic region attention mechanisms improves the model's adaptability and accuracy in 

detecting emotional states. 
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• The incorporation of advanced techniques like geometric feature extraction and facial landmark detection to 

enhance the recognition of emotional expressions. 

• The creation of a novel system capable of providing real-time feedback to educators, enabling them to 

adjust teaching strategies based on students' emotional states. 

 

The rest of the paper is structured as follows: Section 2 defines the related work of the related 

literature, with limitations of previous work and the novelty of the proposed study. Section 3 defines the 

proposed methodology. Section 4 states the experimental setup of the proposed work. Section 5 states the 

result and discussion. Section 6 shows the conclusion and recommendations for future works. 

 

2. LITERATURE REVIEW 

It is observed that various obstacles exist in the current education system, such as the lack of 

communication between teachers and students, which limits the capacity to customize learning opportunities 

to meet the requirements of every student. Adaptive learning systems (ALS) have appeared as a viable 

method for customizing education by combining AI with data analytics. In [11], several classification 

algorithms, including logistic regression, Linear discriminant analysis (LDA), k-nearest neighbours algorithm 

(K-NN), regression trees, Naïve Bayes (NB), and support vector machine (SVM), were used for facial 

expression recognition. Emotion recognition was performed using deeply learned multi-channel textual and 

EEG features [14]. The individual's facial expressions disclose numerous details about their mental processes 

and thoughts. The primary objective of real-time emotion detection is to give the computer a human-like 

capacity to identify and interpret human emotions. This work developed a model to categorize a face picture 

into one of the seven emotions under consideration in their study by developing a multi-class classifier [15]. 

Novel ideas and methodology have been introduced by researchers, leading to substantial progress in the 

field of facial emotion identification with CNNs. For FER, several approaches have been studied over the 

past few years [16]. The conventional methods characterize emotions by using values extracted only from 

facial image attributes. Contemporary DL methodologies incorporate various stages and extract features from 

the different hierarchical processes [17]. Studies have investigated and compared modern FER methods, 

namely deep learning-based methods. In [18], the authors presented an impressively accurate human group 

face sentiment recognition system using CNNs and Haar filters. 

The authors of [19] achieved the highest single-network classification accuracy by overcoming FER 

barriers with VGGNet. Meanwhile, [20] significantly improved over baseline results by using CNN to classify 

emotions using facial images. The speaker emotion identification was performed via processing approaches 

such as speech signal, from which features are extracted for final categorization. The speech processing 

techniques, which are mostly based on periodic and spectral characteristics, provide useful information for 

emotion classification. In certain cases, voice recognition systems help with categorization by utilizing linguistic 

information [21]. Various studies have substantially contributed to increasing the models' accuracy and 

efficiency on the active side of FER. Another face expression recognition study used a densely connected 

convolutional network. In other studies, remarkable FER test accuracy was achieved by using deep CNNs for 

image-based facial expression identification. Their results were optimistic because of their capacity to convey 

the complexity of facial emotions.  

The study conducted in [22] focused on model training details to achieve high accuracy, like using 

CNNs to identify emotions on the face. Additionally, they used pre-trained models to improve the accuracy. The 

study conducted in [23] developed a new system corresponding to five basic emotional expressions. Their 

method mimics human facial emotions based on facial skin colour and texture. The Inflated 3D Convolutional 

Networks for video-based facial emotion recognition were developed, which represented a significant 

development for facial expression recognition. This method highlights the importance of temporal information 

for understanding facial emotions, integrates two and three-dimensional convolutional filters, and performs well 

across various data types [24]. Furthermore, a noticeable trend is observed in using CNN architecture for the 

prediction of emotions and facial actions in multi-task learning [25]. In another study, researchers have come up 

with an interesting solution to the problem of face expression mapping because of the challenges posed by the 

picture's two dimensions and the subsequent digital image analysis using the region of interest. They used lip 

characteristics to analyze the lips according to different emotions. Their method implied that focusing on several 

activities at once improves performance as a whole and leads to a deeper comprehension of facial expressions 

[23]. Finally, the study examining CNN models' performance in recognizing emotions from facial expressions 

has shown significant progress, with implications for human-computer interaction and affective computing. In 

[19], authors examined the possibility of using edges to help convolutional neural networks recognize emotions. 

The research investigated how CNN's architecture can be used to analyze facial emotions, which improves the 

edge information. The previous studies consistently explore novel designs, datasets, and methods for better 

performance of their systems. These schemes jointly represent the growth of CNN-based facial expression 
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recognition. Though a lot of work is done in this field, more work and enhancement are still required to improve 

facial emotion recognition [26].  

2.1. Previous Work Limitation 

It is observed that in various studies, the CNN model was used as "black boxes," making it challenging 

to comprehend how they make predictions. Similarly, various studies ignored certain individual and cultural 

differences in expression in favour of assuming universal face emotion representations. They also ignored 

temporal dynamics in emotion categorization [27]. Moreover, the dependence on facial images avoids the 

sequential nature of feelings and sentiments [28]. The major challenges created by the nonuniformity of the 

human expression, face, and some extra limitations linked with shadows, facial position, location, and lighting 

regarding numerous situations [29]. After thoroughly studying the literature, it’s mandatory to correctly assume 

human feelings and sentiments. The conventional approaches mainly lack context-specific features of face 

reading. 

2.2. Proposed work novelty 
• We developed a novel approach for FER by using tine-tuned CNNs with the self-attention mechanism. 

The proposed model focused on discriminative features and expression-relevant facial areas, e.g., eyes 

and mouth, while suppressing irrelevant features and solving various challenges observed in facial 

images like occlusions and lighting variations. 

• We applied an iterative optimization approach specifically tailored for expression-related 

characteristics, which improves the model's sensitivity to nuanced facial features. Furthermore, self-

attention improves the model adjustment for noisy and obscured pictures, enhancing the model 

performance for facial expression detection. 

• The proposed model incorporates both raw pixel data and geometric facial landmarks (e.g., eyes, 

eyebrows, mouth contours) as prior knowledge to enhance feature learning. The model prioritized 

anatomically relevant regions for facial expression analysis. 

 

3. METHODOLOGY 

This section explains the proposed methodology of this work, as described in Figure 1. The goal of 

the proposed study is to develop a self-attentive FER technique leveraging fine-tuned CNNs and a self-

attention mechanism. This method attempts to achieve higher identification accuracy by merging the feature 

extraction abilities of CNNs with the contextual understanding provided via self-attention. CNN model is 

employed to mine features from it and accomplish the classification once the real-time pictures are fed into 

the scheme.  

3.1. Real-Time Images of Facial Expressions  

The facial recognition method works by associating and comparing a picture or video frame of a 

human face with a record of stored facial images. This method has become progressively predominant with 

the advent of ID authentication schemes that can perceive and asses distinctive facial features to validate user 

characteristics. These organizations employ progressive systems to map facial landmarks and extract main 

features like the nose, position of the eyes, jawline, and mouth. These methods can consistently detect 

persons across different situations, generating a facial signature. The research emphasizes seven important 

sentiments in the context of facial expression identification: surprise, sad, happiness, fear, anger, disgust, and 

neutral. These feelings signify an extensive range of human responses, which can be efficiently perceived 

using machine learning models trained on different datasets. The aptitude to identify these words precisely in 

real-time applications holds the possibility for improving collaborating schemes in numerous fields. 

3.2. Proposed Application 
             The suggested method influences CNNs to grow an accurate and proficient FER method. This 

scheme is precisely considered to handle a wide variety of real-world situations, such as online job 

interviews, learning sceneries, video conferencing, and virtual business sessions. The classifier's ability to 

comprehend and accomplish facial expressions robustly permits a united combination of these usages, 

growing user associations and allowing better communication. For example, in educational situations, this 

system can permit schools to display pupils' daily conduct carefully, detect signs of disconnection, 

misperception, or suffering, and permit educators to take timely actions to help pupils. The application also 

supports customer conduct analysis in online businesses, permitting businesses to tailor their facilities and 

products to better suit customer sentiments. The system reaches this by studying facial expressions in real-

time, certifying it adjusts to different user demographics and ecological circumstances. A real-life instance of 
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the anticipated solution for emotion recognition shows its flexibility and significance in increasing both 

individual and professional activities. 

 

Figure 1. Proposed Methodology 

3.3. Image Detection using Landmarks 

Facial landmarks are important in increasing the accuracy of FER methods through structural and 

geometric information regarding the facial areas. In this study, we use facial landmark identification to 

identify important human face traits. This makes it easier to integrate augmented reality and allows us to keep 

an eye on head posture, which guarantees driver concentration. These landmarks are usually noticed when 

pre-trained models recognize important facial themes such as the eyebrows, nose, eyes, jawline, and mouth. 

The recognized themes are vital for standardizing facial records by justifying the properties of differences in 

posture, scale, and illumination circumstances. Landmark recognition helps in image preprocessing by 

assigning and cropping facial areas to a reliable alignment. This step certifies that the input imageries for 

CNNs emphasize areas critical for expression examination. 

The proposed model uses facial landmark identification to clearly address variations in facial muscle 

movements during expression recognition. By combining the landmarks with a self-attention mechanism 

within the CNN framework, the proposed model dynamically directs its attention toward regions with high 

expressive significance, such as mouth, eye, etc. Unlike standard self-attention, which understands primary 

features purely from raw pixels, our approach utilized landmarks as spatial anchors to bias the attention 

toward the structurally relevant facial regions. This incorporation of CNN feature extraction and landmark-

based position ensures enhanced facial appearance identification. We implement our study using prebuilt 

libraries such as Media Pipe, OpenCV, and dlib to demonstrate real-world use. The key points used in the 

study are to identify the location and rotation of a human head posture. Facial recognition involves primary 

landmarks that serve as key reference points that describe the central structural features, such as the nose tip 

and the corners of the eyebrows, mouth, and eyes. These landmarks convey a basis for understanding the 

geometry of the facial expression. Meanwhile, secondary landmarks' performance as secondary points 

improves and refines the accuracy of the primary landmarks. These processes assist in capturing advanced 

characteristics, such as contours, relative positioning, and curves. The total landmarks identify the complete 

set of primary and secondary points that work together to generate a thorough facial structure. Utilizing the 

landmark features, the proposed model accomplishes greater precision in emotion detection and facial 

recognition. The details of the landmarks are given in Table 1. 

3.3.1. Dataset Preprocessing 

              As mentioned in the previous section, we used the FER-2013 dataset [30] for the proposed study. 

The dataset used for training and evaluation was first preprocessed. The proposed algorithm is trained using 

the FER-2013 dataset, which has thousands of images for every emotion. The classifier used was CNN, 

consisting of several layers, each carrying out a distinct change in the architecture and learning process. 

Figure 2 shows the detailed workflow of the proposed work. Table 2 shows the statistics of the FER-2013 

dataset. Table 3 contains the statistics of the images we used to train the proposed model against each 

emotion.  
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Table 1. Primary and secondary landmarks 

 

Figure 2. Workflow of the proposed study 

3.3.2. Emotion Recognition using CNN 

The convolution layer uses various filters to extract spatially localized features such as edges, 

textures, and expression-specific patterns like frown lines or smile curves from the input images. A pooling 

layer is used to decrease the computational cost and mitigate overfitting while preserving only discriminative 

regions. After that, the flattening layer is used to convert the 3D feature maps into a 1D vector for 

classification. The fully connected (FC) layer is then used to map the obtained features into classes such as 

happy, angry, etc. The two main parts of the proposed model architecture are self-attentive mechanisms and 

CNNs. The self-attentive method dynamically concentrates on informative regions within facial expressions, 

while CNNs constitute the backbone of feature extraction. This section outlines CNN's architecture; an input 
2D convolutional layer (with 32 filters) and a 2D Max Pooling layer are used to couple three pairs of 2D 

convolutional layers, each with 64, 128, and 256 filters, with a 2D MaxPooling layer. 

The architecture is made up of various layers that carry out distinct functions. The input layer 

manages the complexity of the data, while convolutions use least squares to determine the local 

characteristics of the images. Different filters make functions like edge recognition and sharpening possible. 

In order to enable non-linear feature learning and allow the model to capture complex patterns in facial 

expressions, the Rectified Linear Unit (ReLU) activation function is used. As the number of features 

increases in convolution layers, the pooling layers are used to decrease the number of features and maintain 

only discriminative features. Finally, the vectorized matrix output (1D feature vector) is processed by a fully 

Primary landmarks Secondary landmarks 

No.  Exactness Total   Description 

1 Left eyebrow outer-restrict 63,64 Eye centers 

2 Left eyebrow inner-restrict 1 Left sanctuary 

3 Right eyebrow inner-restrict 9 Chin overturn 

4 Right eyebrow outer- restrict 2-7,11-16 Cheek delineations 

5 Left eye outer –restrict 17 Right sanctuary 

6 Left eye inner –restrict 19-21 Left eyebrow delineations 

7 Right eye inner-restrict 24-26 Right eyebrow curves 

8 Right eye outer-restrict 30,31 Nose saddles 

9 Nose tip 32,36 Nose peaks (nostrils) 

10 Left mouth corner 28-31 Nose contours 

11 Right mouth corner 50-54, 56-60 Mouth contours 
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connected layer for classification. The seven emotions which are studied in this work are reflected in Figure 

3. 

 

 

Figure 3. Images showing the seven emotions 

Table 2. FER-2013 dataset statistics  

 

Table 3. Emotion-base dataset statistics used in this work 

 

 

 

 

 

 

Convolutional layer: A collection of filters, or kernels, are used across the input picture in a convolutional 

layer to identify the key features. Here, the input image is represented as 𝐼 and the filter is represented as 𝐾. 

The convolution operation at position (𝑖, 𝑗) is described in Eq.1. 

𝐶(𝑖, 𝑗) = ∑𝑚∑𝑛𝐼(𝑚, 𝑛) ⋅ 𝐾(𝑖 − 𝑚, 𝑗 − 𝑛)                                                                                                                    (1) 

Whereas the above equation computes the value of 𝐶(𝑖, 𝑗)  at a particular location (𝑖, 𝑗) in the given 

image 𝐼(𝑚, 𝑛) ⋅ with kernel 𝐾(𝑖 − 𝑚, 𝑗 − 𝑛). The filters are convolved with the image by calculating the dot 

product between the kernel weights and each local region of the input image, resulting in a feature map in 

which each pixel represents the sum of these element-wise products. 

Attribute Description 

Image size 48x48 pixels, 35887 images 

Task Facial expression classification 

Color format Grayscale 

Face alignment Centered and similarly scaled 

Number of classes 7 (Angry, Disgust, Fear, Happy, Sad, Surprise, Neutral) 

Class labels 0 = Angry, 1 = Disgust, 2 = Fear, 3 = Happy, 4 = Sad, 5 = Surprise, 6 = Neutral 

Training set size 28,709 images 

Testing set size 3,589 images 

Validation set size 3,589 images 

Sr. No Name of Emotion Number of Images 

1 Happiness 8989 

2 Fear 5121 

3 Surprise 4002 

4 Sadness 6077 

5 Disgust 547 

6 Anger 4953 

7 Natural 6198 
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Activation function: To add non-linearity and allow the model to learn more complex features, the ReLU 

activation function is used, which is calculated as in Eq. 2.  

𝑅(𝑖, 𝑗) = max(0, 𝐶(𝑖, 𝑗))                                                                                                                                                   (2) 

The output of ReLU activation is represented by 𝑅(𝑖, 𝑗), where the value max (0, 𝐶(𝑖, 𝑗)). If 𝐶(𝑖, 𝑗) 

is positive, then the values are retained, removing negative values.  

Pooling layer: In order to reduce the spatial dimensions (width & height) of feature maps while retaining the 

important features, max pooling is used. It decreases the spatial dimensions while maintaining the key 

features. The pooling operation is described in Eq. 3.  

𝑃(𝑥, 𝑦) = 𝑚𝑎𝑥(𝑅(2𝑥, 2𝑦), 𝑅(2𝑥 + 1,2𝑦), 𝑅(2𝑥, 2𝑦 + 1), 𝑅(2𝑥 + 1,2𝑦 + 1))                                          (3) 

Where the maximum value from a 2×2 area of the activation map 𝑅(𝑖, 𝑗) is retained, this helps to 

decrease the feature size while maintaining the most significant facial information. 

 

Fully connected layer: The operation in the fully connected layer is given through indicated in Eq. 4.  

𝑂𝑘 = ReLU(∑𝑗𝑊𝑘𝑗 ⋅ 𝐻𝑗 + 𝑏𝑘)                                                                                                                                       (4) 

Here, 𝑂𝑘 is the output for the k-th neuron, 𝑊𝑘𝑗 represents the weights connecting the jth neuron in 

the previous layer to the k-th neuron in the current layer, and 𝑏𝑘 represents the bias term for the k-th neuron. 

Output layer: The output layer is used to make predictions based on the processed inputs from previous 

layers. For multi-class classification, we use softmax activation as calculated in Eq. 5. 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑧)𝑖  =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗

𝑗
                                                                                                                                                       (5)  

Where 𝑧𝑖  is the input to the softmax layer for class 𝑖, and the output is a probability distribution for 

each class. 

Loss function: Due to multi-class classification tasks, the categorical cross-entropy loss function is used, 

which is calculated as shown in Eq.6.  

ℒ =  ∑ 𝑦𝑖

𝑘

𝑖=1

log ( 𝑝𝑖)                                                                                                                                                            (6) 

Here, 𝑦𝑖  represents the true label (one-hot encoded), and 𝑝𝑖 shows the predicted probability for class 

𝑖. 
 

3.3.3. Self-Attentive Mechanism 

The self-attention mechanism is used to compute the attention scores across both (channel and 

spatial dimensions), enhancing the overall feature extraction. For the identification of face expressions, we 

used a self-attention method to determine the most discriminative regions in the face structures. Using 

dynamic weighting approaches, various areas of the input image are considered and weighted. This procedure 

allows the model to concentrate on semantically significant information for the categorization of emotions 

from facial images. This method was implemented using learnable attention weights and layered attention 

layers. Equation 7 is used to compute the attention weights. 

𝐴 =  𝜎 (
𝑄𝐾𝑇

√𝑑𝑘

)                                                                                                                                                                     (7) 

Where 𝐴 represents the attention matrix to find the rank of different spatial areas in the feature map. 

𝑄 is quary matrix of transform version of input attributes employed to compute the emphasized features. 
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Meanwhile, 𝐾 is the change in the input features that helps calculate similarity with enquiries. The purpose of 

the key matrix is represented b𝑦 𝐾𝑇 employed to identify relevancy between different locations. The 

dimensionality of key vectors is denoted by 𝑑𝑘 , and the softmax function is represented by 𝜎. 

 

4. EXPERIMENTS 

This section discusses the experimental setup, training process, and assessment of the proposed 

work in detail. 

 

4.1. Training process 

The dataset used in this study is based on the FER-2013 facial expression recognition dataset, which 

contains 35,887 grayscale images of size 48×48 pixels. The dataset is divided into 80% (28709 samples) for 

training and 20% (3589 samples) for testing the proposed model. The training procedure for the proposed 

fine-tuned CNNs with a self-attention mechanism begins with preprocessing using the FER-2013 dataset. 

During this phase, all images are processed on the Roboflow platform using logical management techniques. 

Enhancements such as rotation, blurring, saturation adjustment, and flipping are applied to improve the 

quality of the images. Once preprocessing is complete, the training phase begins, with the model achieving a 

maximum accuracy of 80% after 100 epochs. In the experiment, various iterations are performed. When the 

model does not reach at least 80% accuracy on the validation set after full training, which is 100 epochs in 

this work, the results are considered inadequate. It was considered possible problems with the architectural 

design, hyperparameters, or quality of the dataset. The design and hyperparameters were tuned to obtain 

optimal results. Throughout training, the deep CNN is optimized to learn from the training data, minimize 

loss functions, and enhance overall performance. This process relies on several factors, including 

hyperparameters, callbacks, training duration, and model complexity. Two key callbacks are employed to 

ensure efficient training. The first is the use of early stopping, which monitors validation accuracy and halts 

training if the improvement is not greater than 0.00005 within 11 consecutive epochs, restoring the model to 

the best weights to prevent overfitting. The second callback, ReduceLROnPlateau, reduces the learning rate 

by a factor of 0.5 if validation accuracy does not improve within 7 epochs. The model's performance is 

evaluated using accuracy and loss as key metrics.  

4.2. Experimental Setup 

This section outlines the tools and techniques employed in the experimental procedure. Pre-trained 

CNN architectures, ResNet-50, are fine-tuned on the preprocessed datasets to leverage their pre-trained 

features while adapting them to facial expression recognition tasks.  

 

Table 4. Model parameters for fine-tuned CNNs with self-attention framework 

Parameter Description 

Dataset FER-2013 

Input Image Sizes 48 × 48 pixels 

Pre-trained CNN Model ResNet-50, InceptionV3 

Attention Mechanism Self-attention layers applied to high-expression regions (e.g., eyes, mouth) 

Learning Rate 0.0001 (adaptive scheduling with a reduction on plateau) 

Batch Size 32 

Number of Epochs 50 (with early stopping based on validation accuracy) 

Optimization Algorithm Adam optimizer 

Loss Function Categorical Cross-Entropy 

Regularization Dropout (rate: 0.5) and L2 regularization 

Data Augmentation Random rotation, horizontal flipping, and brightness 

Evaluation Metrics Accuracy, Precision, Recall, F1-Score, and Confusion Matrix 

Facial Landmark Detection Dlib library for aligning faces and identifying key regions 

Hardware Configuration GPU: NVIDIA GeForce RTX 3090, CPU: Intel Core i9, RAM: 32 GB 

Programming Frameworks TensorFlow and Keras, with NumPy, Pandas, and OpenCV 

Model Input Aligned and preprocessed facial images (RGB) 

Model Output Probabilistic scores for facial expressions  
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A self-attention mechanism is integrated into the architecture to improve the model's focus on 

expression-critical regions, such as the mouth, eyes, and eyebrows. To minimize validation loss, the Adam 

optimizer is utilized with an initial learning rate of 0.0001, combined with an adaptive learning rate 

scheduler. A batch size of 32 is used to balance memory efficiency and training stability, and the model is 

trained for 100 epochs with early stopping criteria based on validation accuracy. Dropout regularization and 

L2 regularization were both applied at a rate of 0.5 to mitigate overfitting. The optimization process ensures 

that the model effectively learns to distinguish between various facial expression categories. An exponential 

linear unit (ELU) activation function is used to address the vanishing gradient problem. The training setup 

includes a system with 32 GB RAM, a Core i9 processor, GPU support, and 256 GB storage. During the 

training process, associated facial images and detected landmarks guide the self-attention mechanism to 

prioritize expression-relevant features. The model's performance is evaluated using robust metrics to ensure 

reliable and consistent recognition of facial expressions. Table 4 presents the model parameters used in the 

proposed facial expression recognition framework. 

4.3. Evaluation Criteria   

This section demonstrates the evaluation criteria adopted during the validation of the proposed 

model to verify the results. Precision, recall, F1-score, and accuracy are used to evaluate the suggested 

model's efficiency. Precision assesses the model's ability to recognize facial expressions; however, improper 

positives are reduced. Eq.8 is used to compute it. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                                                                                                      (8) 

The recall (true positive amount) of the model activates its competence to classify all real facial 

expression actions while reducing false negatives. The formula in Eq.9 is used to accomplish the 

computation. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                                                                                                            (9) 

TP identifies true positives, FP shows false positives, and FN indicates false negatives. The F1 score 

computes the harmonic mean of precision and recall and provides a balanced statistic for assessing the model 

performance, especially in class-imbalanced situations. The Eq. 10 is used to calculate the F1-score.  

𝐹1 − 𝑆𝑜𝑟𝑒 =
2. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛. 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                                                              (10) 

Accuracy is considered as the ratio of properly predictable cases to total cases in the dataset. Eq.11 

is used to perform the calculation. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑜 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
                                                                                                               (11) 

 

5. RESULTS AND DISCUSSION 

This section provides a detailed discussion of the results of the proposed method, along with 

different related studies using advanced DL techniques. The study published in [3] employed CNNs and used 

the FER-2013 dataset; they obtained a test accuracy of 75.2% without utilizing supplementary training data 

or face recognition. The work accomplished by [31] developed a method for facial expression recognition. 

Their proposed approach is attractive, especially considering the success of CNNs in addressing facial 

recognition problems. Their focus was on achieving high accuracy using a limited training dataset. The CNN 

utilized a dense Scale-Invariant Feature Transform (SIFT) with the FER-2013 dataset, outperforming 

traditional CNN methods. They observed that when their models were combined, accuracy significantly 

improved, achieving better results with an accuracy of 73.4%. The research published by  [11] examined the 

advancement of FER using various DL models, including AlexNet, GoogleNet, and ResNet. Additionally, 

they identified the key contributions of CNNs to facial expression analysis using the FER-2013 dataset. They 

explored differences between various DL approaches on the FER-2013 dataset, achieving a maximum 

accuracy of 64.24% and highlighting the strengths and weaknesses of their work.  

The study conducted in [32] employed RCL-Net, a method for detecting wild facial expressions that 

local binary pattern (LBP) feature extraction and influence attention procedures. The structure contains two 

main subdivisions: the local binary pattern (LBP) extraction branch and the ResNet-CBAM residual attention 

branch. First, they link a hybrid attention mechanism with an advanced system, where the residual attention 

network enhances the local face features more competently. They perceived that it made a robust residual 



ISSN: 2583-6250         Prisma Publications 

 

Int. J. of DI & IC, Vol. 4, No. 2, June 2025: 1-15   11 

attention framework through mining significant visual features from both channel dimensions and the spatial. 

Besides, after facial expression feature extraction, an improved residual attention network was advanced by 

assimilating the LBP attributes. This integration enhanced the feature representation and increased the 

identification accuracy by capturing fine-grained texture features in photos of facial expressions. The FER-

2013 dataset was used in their studies, and they obtained a higher accuracy of 74.23%. The research 

published in [18] applied DL techniques to recognize feelings and emotions in crowds of people. They 

initially use a Haar filter to perceive expressions and extract features. After that, a CNN was employed to 

recognize facial expressions and categorize them into five sentiments: angry, surprised, happy, sad, and 

neutral. Finally, the identified sentiments were adapted into audio production using a synthesizer. Their 

proposed model achieved 65% accuracy on the FER-2013 dataset. The study conducted by [19] attained 

higher accuracy for a particular system using the FER-2013 dataset. They employed the VGGNet model, 

using different optimization approaches. Their proposed method achieved an accuracy of 73.28% without 

using any further training data on FER-2013. The research published in [33] investigated whether a CNN-

based model performs better when trained solely on raw pixel data from images.  

 

Table 5. Evaluation of the Proposed Model 

 

 

Table 6. Accuracies Comparison of Different Techniques on the FER-2013 Dataset 

 

To enhance the performance, the authors supplemented the raw pixel input using additional features, 

including Histogram of Oriented Gradients (HOG) and facial landmarks. First, the faces were detected using 

an LBP classifier, followed by facial landmark extraction using dlib. The HOG features were then computed 

and integrated into their model. The CNN was trained using both raw pixel data and these supplementary 

features obtained through LBP and HOG. Their experimental results on the FER-2013 dataset demonstrated 

an improved accuracy of 75.1%. The study conducted in  [26] concentrated on generating a scheme that can 

identify not just the seven mutual facial terms but also four supplementary ones: "Tired/Exhausted," "Pain," 

"Showing Interest", and "Lack of Interest"  during real-time video calls. The scheme could classify 11 facial 

terms. They built two CNN models to accomplish this classification of facial expression. Their first model, 

which they called CNNM9, could categorize faces into nine emotions: "Sad," "Fear," "Happy,” “Anger," 

Activity Dividing pictures (%) Precision (%) Loss (%) Error Rate Error Rate (%) 

Train 90 94 53   

Test 5 80 94 9/46 19.56 

Validation 5 84 66   

Train 80 94 54   

Test 10 78 79 19/91 20.87 

Validation 10 89 66   

Train 70 93 53   

Test 15 78 79 28/100 28 

Validation 15 79 79   

Reference Framework Accuracy (%) 

[3] Ensemble of modern deep CNNs. 75.2 

[31] Convolutional Neural Networks 73.4 

[11] CNN, VGGNet and AlexNet. 64.24 

[32] Attention Mechanism and LBP 74.23 

[18] Convolutional Neural Networks 65 

[19] CNN, VGGNet architecture 73.28 

[33] Convolutional Neural Networks 75.1 

[26] Deep Convolutional Neural Network 70 

Proposed Study Fine-Tuned CNNs with Self-Attention Mechanism 83 
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"Disgust," "Pain," "Surprise," "Tired/Exhausted,” and "Neutral." Their proposed scheme achieved an 

accuracy of nearly 78%. Table 5 represents an evaluation of the proposed model. Table 6 shows the 

comparison of different techniques on the FER-2013 Dataset. Our proposed model achieved an accuracy of 

83 % on the FER-2013 dataset using the fine-tuned CNN, along with landmark detection and self-attention 

mechanism. The proposed work outperformed the state-of-the-art techniques for the task of facial expression 

recognition. Figure 4 represents the loss of the proposed model. 

 

 

Figure 4. Loss of propose 

 

 

Figure 5. Accuracy of the proposed model 

 

 

Figure 6. Performance distribution: accuracy (Left) and loss (Right 
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Figure 5 shows the accuracy of the proposed model. The performance distribution graph is shown in 

Figure 6, where accuracy is on the left and loss is displayed on the right. For this purpose, the CNN 

technology, along with landmark detection and self-attention approach, has been implemented using the 

FER-2013 dataset. The proposed model performed the best results on the validation dataset by effectively 

training the model and fine-tuning its hyperparameters. It shows proficiency in categorizing neutral emotions. 

Comparative research shows that the model performs slightly better and provides insights into online 

learning. The proposed approach improves facial appearance identification by dynamically assigning higher 

attention scores to key areas of the facemask. This process enables the model to emphasize features such as 

eye openness, eyebrow movements, and mouth shape variations, which are vital for distinguishing words, 

expressions, and appearances. Self-attention enhances feature extraction by utilizing global contextual data, 

ensuring that subtle yet significant patterns are effectively captured and thereby boosting classification 

results. Figure 7 illustrates the outcomes of the proposed model compared to baseline techniques, indicating 

that the suggested model surpasses state-of-the-art methods. The subsequent graph demonstrates that the 

proposed model achieved superior results compared to baseline studies in the same field. 

 

 

Figure 7. Proposed model comparison with baseline approaches 

 

6. CONCLUSION 

The study concludes by introducing a self-attentive technique for improved facial expression 

identification employing convolutional neural networks integrated with dynamic area attention mechanisms. 

After a careful review of the literature and extensive testing, we have demonstrated the superiority and 

efficacy of the proposed methodology in facial expression identification. It was observed that the proposed 

model achieved better results than the conventional static CNN architectures. This research employed CNN 
architecture for FER to tackle the issue of real-time student attention detection in online learning. The proposed 

model demonstrates potential in mental health care, education, and user experience improvement, as it achieved 

an accuracy of 83% on the validation dataset for facial expression identification. The ability of the proposed 

model can be utilized to precisely interpret human emotions for general well-being, personalize services, and 

optimize user experiences. In order to increase model efficiency and interpretability in facial emotion 

recognition, future research may focus on improving self-attention processes. 

Future research will explore the integration of CNN-based emotion recognition systems into online 

education platforms for real-time student engagement tracking. This implementation will enhance the 

learning outcomes through an adaptive feedback approach while demonstrating the model's scalability for 

diverse educational applications. 
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