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A B S T R A C T

Distance learning through online platforms has recently emerged as a significant addition
to the educational system, providing support and enhancing traditional delivery modes in
schools. Instructors need visual feedback to monitor students’ engagement. This research aims
to investigate the emotional state of culturally diverse students in the country throughout the
lecture and provide teachers with an interactive dashboard to monitor students’ emotional states
during a particular lecture. We collected a specialized dataset that includes Arab students posing
for various emotions specifically related to lecture scenarios. Face detection and alignment
algorithm is then applied. Finally, we utilize Neural Architecture Search (NAS) to optimize
emotion classification architecture. The overall accuracy of the model is 86.29% on our collected
dataset and 98.84% on the CK+ dataset. The live testing of the system shows the emotions
clearly with real-time feedback. The AI-powered dashboard gives instructors insights into
student engagement during distance learning, which induces data-driven decisions to optimize
teaching strategies.

. Introduction

Recently, the Arab region had to move to online education delivery to offer students the flexibility to pursue their education
nywhere. Due to cultural concerns, Most students feel uncomfortable opening their cameras during lectures, while instructors
equire feedback on students’ apprehension. Emotions can be expressed by nonverbal communication channels, such as facial
xpressions and physiological reactions, which help detect the learner’s motivational state in e-learning environments [1]. Therefore,
he computer must understand and interpret these expressions effectively to understand students’ emotions and thoughts about the
earning materials and provide teachers with visual feedback [2]. However, identifying the student’s engagement based on capturing
he emotional reactions in real-time during learning tasks is challenging and demands an awareness of the student’s emotions. The
igh demand for intelligent online platforms sheds light on the importance of engaging an effective method of artificial intelligence
nd machine learning to enhance the distance learning experience for students and teachers. An online platform is where the students
nteract with various learning activities, such as reading, writing, listening to video tutorials, and online exams. During the student
nteraction with such activities, they show various emotional states, such as happiness, sadness, neutrality, surprise, anger, and
ear. One of the communicative and expressive parts of a human being is the face, as it reflects different expressions to reveal
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human emotions by transmitting various emotions. Since human emotions can be expressed through facial expressions, students’
engagement statuses can be obtained from recognizing such expressions.

This research aims to investigate the emotional state of diverse students in the Arab region while attending online lectures
y experimenting with several deep learning algorithms for feature extraction and classification and providing teachers with an
nteractive dashboard to monitor students’ emotional states on a real-time basis during a particular lecture. The system evaluates
he students’ interaction with the teaching method and content by offering teachers real-time analysis of students’ emotional states
uring a specific online lecture. It classifies them into Bored, Distracted, Confused, Enjoying, Interested, Neutral, and Worried.

In our study, it is important to note that the data utilized for training and testing are the original images that did not contain
ny blackout or occlusion over the eyes. However, to present the findings in academic publications and respect the privacy of the
ndividuals in the dataset, we have applied a blackout or occlusion over the eyes in the images shared in the paper. This precautionary
easure was taken to protect the identities and privacy of the students while still conveying the essential information and results

f our study.
The following is how the rest of this article is organized: Section 2 presents the literary works published by several researchers.

he materials and methods of the proposed work are described and illustrated in Section 3. The findings acquired with the proposed
ork are presented and discussed in Section 4, whereas Section 5 concludes this paper, and the following section provides the

eferences used in this research.

. Related work

In this section, different emotion recognition methods in educational environments are explored. Then, the role of deep learning
or emotion classification and the different datasets used by the literature for evaluation are discussed. Finally, multiple applications
ntroduced by research for students’ emotional state monitoring are covered.

.1. Students’ emotion recognition methods

The speech-based emotion classification methods proposed in [3] utilize deep learning and multimodal analysis to detect
nd recognize emotions in an educational environment. Furthermore, speech emotion recognition supports intelligent teaching
pplications by providing real-time insights into teachers’ emotional states, facilitating the adjustment of teaching methods [4].
he authors in [5] classify students’ emotions through spoken speech during online exams. In [6], the speech signal is converted to
2D spectrum to improve the emotion recognition accuracy. The results show that the speech, pitch, and content provide insight

o improve the learning experience. The recent advancement in Natural Language Processing (NLP) shows that it can be used for
motional classification [7]. The authors in [8] perform data mining of online forums filled by students to classify their emotional
tate. The authors in [9] explore sentiment analysis through students’ online comments.

Li et al. [10] utilized facial feature extraction in conjunction with a novel Convolutional Neural Network (CNN) architecture. In
ontrast, the network introduced in [11] featured a Region-Aware Sub-Net (RASnet), an Expression Recognition Sub-Net (ERSnet),
nd Multiple Attention (MA) blocks. Another approach presented in [12] incorporated a distinctive CNN architecture rather than
sing standard pre-trained networks. The current data used for evaluation is limited in variation, which poses a challenge for
etwork generalization and leads to favoring customized architectures as a solution. Also, the paper [13] implements a system
o recognize students’ emotions using their own standard CNN, which consists of 5 convolutional layers, two pooling layers, and
wo fully connected layers. The system was integrated into an online educational game to detect four students’ emotions while
laying through the computer’s web camera. The pre-processing applied is all about face detection using Haar Cascades in OpenCV,
here faces are cropped, converted to grayscale, and resized. Then, they inject the cropped faces into their CNN network for feature
xtraction, such as edges, corners, and shapes, through the convolution layer and emotion classification through the fully connected
ayers. Anger, disgust, fear, happiness, sadness, surprise, and neutral are the emotions detected by the system, with an accuracy rate
f 97.18% on combined Cohn Kanade AU-Coded Facial Expression (CK+) [14] and Karolinska Directed Emotional Face (KDEF) [15]

data sets on which the model was trained and tested. In all the previous papers, the authors calculate and analyze the confusion
matrix for evaluating the system performance in classifying or predicting each emotion. The authors in [16] proposed a facial
emotion recognition system based on a Histogram of Oriented Gradients (HOG) features extraction, which is fed into Fast Learning
Network (FLN). The overall performance of the method reached 95.04% in accuracy and 72.73% in precision when tested on the
Yale Face dataset.

2.2. The role of deep learning in emotion recognition

The appearance of the deep learning concept in machine learning has led to various advancements in computer vision and
emotion recognition [17]. Most existing work applies different machine learning algorithms to perform classification based on
datasets labeled with Ekman’s emotions model, which are six or seven categories: disgust, anger, fear, sadness, happiness, contempt,
and surprise [15,18]. Most researchers evaluate their emotions recognition deep learning algorithms by utilizing the existing video-
based data sets, such as Japanese Female Facial Expression (Jaffe) [15], KDEF [15], Indonesian Mixed Emotion Dataset (IMED) [18],
CK+ [14], Facial Expression Recognition 2013 data set (FER2013) [17], and Indonesian mixed emotion database (IMED) [18]. Some
datasets contain images with various profile and frontal views, such as KDEF [15]. It can be noticed from the existing research works
2

that some of these datasets are collected in a controlled environment, such as JAFFE and CK+. In the existing datasets, we can find
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Table 1
Comparison between the commonly used datasets and our dataset.
Dataset Description

Cohn–Kanade
AU-Coded Facial Expression (CK+)

• 6 Basic emotions + Neutral
• 100 Subject (Females & Males), 593 Video Sequences
• Multi western Ethnicity, Age group: 18–50
• Front face view

Indonesian Mixed Emotion Dataset
(IMED)

• 7 Basic emotions + Neutral
• 15 Subject (Females & Males), 570 Video Sequences
• Indonesian Ethnicity, Age Group: 17–32
• Front face view

Japanese Female Facial Expression
(Jaffe)

• 6 Basic emotions + Neutral
• 10 Subject (Females only), 213 Images
• Japanese Ethnicity, Age Group: 17–32
• Front face view

Facial Expression
Recognition 2013 (FER 2013)

• 5 Basic emotions + Neutral
• 123 subject (Females & Males), 30,000 Images
• Multi eastern, Age Group: 2–50
• Different Facial view and facial occlusion

Karolinska Directed Emotional Face
(KDEF)

• 5 Basic emotions + Neutral
• 170 amateur actors (Males & Females), 4900 Images
• Multi eastern, Age group: 20–30
• Frontal view in a controlled environment

Our Diverse
Student Emotional Face Dataset

• 6 education-specific emotions + Neutral
• 103 Students (Females & Males), 2100 images
• Culturally diverse (Considering Arabs), Age group: 17–25
• Front face view was taken in an uncontrolled environment

some of them that are biased toward a specific gender, such as JAFFE, and some of them are biased toward a specific country region,
such as JAFEE and IMED, which yields nationality and gender biases, and might not be effective in recognizing emotions across
students with different country and cultures. In some papers, two datasets are merged to increase the dataset size. Table 1 describes
the existing facial emotion datasets in the literature and briefly compares them with our dataset.

2.3. The application of emotion recognition in educational environment

Several applications of deep learning-based emotion recognition in educational settings are found in the literature. Initial studies
ocus on recognizing emotions based on micro facial expressions, which shows a system implemented to detect micro-expressions of
ollege students to recognize their anger, disgust, fear, happiness, sadness, and surprise emotions. The system shows that happiness
as the easiest detected emotion, with an accuracy rate of 92.5% [19]. In contrast, fear and disgust emotions are relatively difficult

o detect since students sometimes express fear as sadness and disgust as anger or sadness. However, the authors of [20] proposed
system that analyzes and recognizes students’ emotions from their faces by implementing their own standard Convolutional
eural Architecture, which consists of 4 convolutional layers, four pooling layers, and two fully connected layers. They applied data
ugmentation techniques to transform the training set images by rotation, shifting, and horizontal flipping. Data was divided into
0% for the training set and 20% left for the training set, and they used the Stochastic Gradient Descent with Momentum (SGDM)
ptimizer to train the model on the training data through Keras. Fear, disgust, sadness, happiness, anger, and neutral are the emotions
etected by that system, with an accuracy rate of 70% on the FER-2013 database. The system shows an effective detection of happy
nd surprising emotions. However, it is not good enough for detecting fear emotion, as it confuses fear with sadness. Furthermore,
he authors emphasize the feasibility of emotional recognition in education as it helps teachers to modify their teaching content
ccordingly. In [21], the authors explore the automatic recognition of engagement from students’ facial expressions, highlighting
he reliability of human observers in judging engagement and the successful automation of the process using machine learning. The
uthors in [22] introduce MOEMO (Motion and Emotion) dashboard. This learning analytics system employs automated emotion
etection through facial analysis to measure students’ effective engagement and concentration in real-time. These diverse methods
emonstrate the significance of emotion recognition in understanding and improving student engagement during online learning
nvironments.

. Materials and methods

We apply computer vision techniques to overcome challenges in emotion recognition, such as face pose, background, illumina-
ion, and occlusion [23]. In addition, Designing a deep neural network requires expert knowledge and unlimited evaluations based
n a trial-and-error strategy that consumes time and resources. Hence, further advances in emotion recognition introduce a new
oncept in the deep learning world called Neural Architecture Search (NAS), which can automatically design network architecture
nd configure network models [24]. The proposed work illustrated in Fig. 1 shows the different stages we have applied for our
roposed work.
3
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Fig. 1. System overview – Student data collected are passed into pre-processing and labeling during the training stage, followed by face detection and alignment.
The aligned faces are used for training and testing the NAS model. Finally, the trained model is accessed from the cloud for emotional classification of the
frames acquired from students’ webcams during the lecture. The emotions vs. time graph is presented to the instructor for action.
4
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Fig. 2. Survey – Emotions list.

Fig. 3. Normal RGB keyframe.

3.1. Data acquisition

As discussed earlier, according to Ekman, the most current related work about student emotion recognition classifies emotions
into six basic emotions. Such emotions might be basic to measuring student interaction with educational methods and materials,
such as disgust and fear. Therefore, a survey was distributed among teachers and students from different colleges to determine
the appropriate emotions set to assess students’ engagement with the teaching methods and materials presented by teachers in an
online class. A total of 253 responses were collected from 123 teachers and 130 students. The list of possible emotions to select
from is shown in Fig. 2. A large dataset of 2100 images has been collected of university students using a web tool that records
seven emotions, including bored, distracted, confused, enjoying, interested, neutral, and worried. The images were captured while
students were watching a lesson and selecting their emotions from the list provided on the web tool.

3.2. Data prepossessing stage

Students’ videos are captured with a different background where other objects might appear. As a result, extracting the face
portion from the video frames becomes a challenge. Some background details behind the face might be considered part of the
extracted features by the first conventional layers of the pre-trained network. The method used for background segmentation in this
work is the background segmentation customized Python solution based on the landscape MobileNetV3 model followed by a joint
bilateral filter. Figs. 3 and 4 demonstrate a sample of one student frame before and after the background segmentation. A black
background is selected because the first layers of the pre-trained networks neglect zeros.

Relevant and necessary information retrieval is a crucial task in video analysis and processing for different reasons; one of them
is that it is challenging to process a big video reasonably while preserving its semantic features. Hence, extracting keyframes is
a crucial initial step in computer vision tasks [25]. Fig. 5 shows a sample of one extracted keyframe from the video sequence of
one scene. Keyframes are extracted from the video of a particular student by computing absolute intraframe differences between
each consecutive frame in the segmented video. Then, the average is calculated and smoothed to remove noise and, in turn, avoid
repeated extraction of frames of similar scenes. The frames in which the average intraframe difference is local maxima are then
considered the keyframes and stored under their corresponding label for input to the face detection algorithm.

The illumination compensation is applied to the segmented image to focus more on the student’s skin pixels. The gray world
algorithm estimates the illumination by computing the inverse mean of each image channel. Then, calculate the smallest average
5
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Fig. 4. Segmented RGB frame.

Fig. 5. Extracted keyframe from the video sequence of one scene.

Fig. 6. Normal RGB keyframe.

Fig. 7. Compensated RGB frame.

Fig. 8. Data augmentation.

value and estimate the scaling factor in each RGB channel based on that value. Figs. 6 and 7 shows a sample of one of the
compensated RGB keyframes.

We apply reflection, scaling, and translation techniques for image augmentation, as shown in Fig. 8. A horizontal reflection
enables a random image reflection in the left/right direction. Vertical and horizontal scaling is applied to crop the edges of the
student’s face, which may cover the full image or not appear clearly in the image. A vertical and horizontal translation is applied to
detect and recognize students’ faces in any part of the image. Data augmentation is applied only to the training data, so we generate
further data as we have a small dataset. Also, we want to measure the effect of data augmentation on emotion recognition accuracy.

Since we are aiming to recognize students’ emotions from their faces, the face area is cropped from each student frame in
the training and testing dataset according to the bounding box values calculated by processing all frames through a Multi-task
Cascaded Convolutional Networks (MTCNN) [26] as shown in Fig. 1 under Face detection and Alignment box. Afterward, all cropped
faces are aligned and resized to match the size of the pre-trained network [244 244 3]. Fig. 9 represents the geometric-based face
alignment algorithm implemented. MTCNN is also used to localize the facial landmarks in the detected face and produce a landmark
object containing five facial center points (x,y) for the left and right eyes, nose, and mouth corners. The face alignment algorithm
implemented in this work is based on eye alignment, where the left and right eye points (x,y) are extracted from the facial landmarks
6
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Fig. 9. Face alignment algorithm using MTCNN and geometry.

object, where a line is drawn to connect the left and right points (x,y). Then, a right triangle is constructed according to the line
drawn, where all three edges’ lengths are calculated by finding the Euclidean distance. The Euclidean distance value of all three
edges is used to find the tilt angle. The rotation direction is either done clockwise or anti-clockwise, and it is determined based on
which eye is larger; if the y-axis value of the left eye is larger than the right eye, then the rotation will be in the clockwise direction
(90-angle). Otherwise, it will be anti-clockwise direction (angle).

3.3. Neural Architecture Search (NAS)

Unlike the existing deep transfer network, recent NAS benchmarks only focus on architecture optimization, despite the effect of
training hyperparameters on the obtained model performances [27]. The primary NAS consists of the following steps: the search
space to discover the Neural Network (NN) architecture available in the space that suits our problem; it can be either a simple NN or
deep NN; the search strategy to select the architecture from a predefined search space, and the performance evaluation to training
and evaluate the selected architecture on our dataset. Then, it determines which architecture achieves high predictive performance
on unseen/testing data. A discrete search space is a search space where each architecture is a unique combination of blocks. This
means that the search space is finite and can be enumerated. Discrete search spaces are typically used in NAS algorithms that rely on
reinforcement learning or evolutionary algorithms [24]. The discrete search space concept we have applied included the Sequential,
Multi-Layer Perceptron (MLP), 2D convolution layer, 2D max pooling layer, and dropout layer blocks. The process goes over 100
trials before it finds the most optimum architecture.

Training the ResNet-50 network on our collected dataset for emotion classification did not perform well. Although extensive
hyperparameter tuning was applied, the dataset has proven to be of higher complexity than the benchmark datasets. For this reason,
we followed the path of designing and testing our novel architecture with the help of NAS. Unlike the existing deep transfer network,
recent NAS benchmarks only focus on architecture optimization, despite the effect of training hyperparameters on the obtained
model performances [27].

Recently, NAS has become common when tackling the emotion classification issue. The EmoNAS network search algorithm
introduced in [28] employs 5 cells with 7 nodes and a limited search space of 7 operations to create lightweight architectures,
achieving significant performance improvements over other NAS methods across multiple FER datasets. The authors in [29] proposed
a network search algorithm for microexpression recognition named AutoMER, which aims to find the most efficient 3-D CNN
architecture. The introduced method is based on parallelogram design-based search space and employs a spatiotemporal feature
module called ‘‘3-D singleton convolution’’ with various candidate operators and 3-D dilated convolution operators. The algorithm
7
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Fig. 10. General overview of the NAS algorithm.

outperformed existing approaches when evaluated on five microexpression datasets. In [30], the introduced network, ENAS-FERNet,
is designed through evolutionary NAS for facial expression recognition. The network showed promising results regarding time
consumption and performance with noisy data.

The NAS approach tackles the design of Artificial Neural Networks (ANNs) through three key components [24], as shown in
Fig. 10: the search space, search strategy, and performance estimation strategy.

The search space defines all the architectures to be explored by the process. The building blocks we define for our approach
include Sequential, Multi-Layer Perceptron (MLP), 2D convolution layers, 2D max-pooling layers, and dropout layers. The search
strategy guides the exploration of the multiple neural architectures defined in the search space. We select the Bayesian optimization
for our application, utilizing accuracy as the primary performance metric. The process goes for 100 trials before selecting the
optimum architecture. The dataset used for training and testing in the NAS algorithm contains the student faces labeled according
to their corresponding emotion. It is extracted after applying three of the image pre-processing techniques, which are (1) RGB
illumination compensation, (2) background segmentation, and (3) keyframes extracted. Fig. 11 shows the NAS-based network
architecture implemented with one input layer that accepts an RGB image with a size of 244x244x3, 54 deep layers, and one
fully connected layer which classifies emotions into one of the seven categories.

3.4. Performance evaluation matrices

The performance of each model experimented on, whether it is based on multi-class or binary-class classification, is evaluated
by looking at the value of the entropy loss computed by the softmax layer or by computing the mean square error. Moreover, each
one of the experiments conducted is evaluated based on constructing a confusion matrix for each experiment by aggregating a set
of evaluation metrics, such as recall, precision, and accuracy, which helps in indicating how well the model performs for each class
as well as how well the model performs overall. However, for the live testing, the performance evaluation matrices are different.
First, each participant is asked to express a set of ground truth emotions where the predicted emotion displayed on the top of the
bounding box on the participant’s face is captured. During the entire live testing period, a video was recorded to notice the duration
the participant is asked to express a certain emotion and consider that as ground truth to compare with the predicted emotion shown.
The second and the third blocks of Fig. 1 illustrated the process taken toward the testing conducted in the selected testing dataset
and the real-time live testing. The softmax equation in (1) defines the prediction score for each class where P is the probability of
class i, 𝑒z𝑖 is the exponential of each element in vector z, k is the total number of classes and j is the class index.

𝑃 (class 𝑖) = 𝑒z𝑖
∑𝑘

𝑗=1 𝑒
z𝑗

(1)

4. Experiments and results

4.1. Dataset and experimental setup

As discussed earlier, experiments are conducted to classify seven emotions. The data is collected from 103 (53 Females + 50
Males) students selected randomly across the department at our college. Unlike existing datasets, our dataset is universal as it
contains data for participants from different nationalities and cultures, as seen in Fig. 12. The data are split into training 70%,
validation 10%, and testing 20%. All models are trained on the same training set, tuned hyper-parameters on the same validation
set, and compared prediction performance on the same unseen testing data. Regarding live testing, another two students are selected
for testing the real-time emotion recognition, considering that none previously took part in any of the mentioned data divisions.
Table 2 Shows the training parameters.

4.2. Analyze NAS model

Table 3 presents various architectures’ performance metrics on the same testing data from the collected dataset. The architectures
include VGG16, VGG19, GoogLeNet, ResNet-18, ResNet-50, and a custom NAS-based model. The metrics recorded are Recall,
Precision, and Accuracy. VGG16 achieved a Recall of 30.48%, a Precision of 43.21%, and an Accuracy of 30.49%. VGG19 showed
slightly improved performance with a Recall of 35.61%, Precision of 38.86%, and Accuracy of 35.62%. GoogLeNet further improved
the results, achieving a Recall of 37.71%, a Precision of 47.99%, and an Accuracy of 37.71%. ResNet-18 had comparable results,
8
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Fig. 11. NAS-based model consists of 54 deep layers.

with a Recall of 36.56%, a Precision of 37.90%, and an Accuracy of 36.56%. ResNet-50 demonstrated significant improvement,
achieving a Recall of 66.88%, Precision of 64.66%, and Accuracy of 64.70%. The custom NAS-based model (Ours) exhibited the
best overall performance, with an impressive Recall of 82.89%, Precision of 89.37%, and an impressive Accuracy of 86.29%.

Fig. 13 shows the confusion matrix produced after testing the NAS-based model on the testing dataset. The highest prediction
accuracy was 98% and 96% for Enjoying and confused emotions, respectively. The lowest prediction accuracy was 73% for worried
anxiety, whereas the model misclassified worried mostly as confused and neutral. The model could predict the rest of the emotions
9

in the range of 70%–88%.
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Fig. 12. Student samples from our constructed emotions dataset.

Table 2
The parameters for training on the collected dataset.

Training 1470
Validation 210
Testing 420
Learning Rate 0.001
Batch Size 32
Optimizer Adam Optimizer
Loss Function Cross Entropy
Epochs 100
Number of Layers 54
Total Learnables 3.5 Million

Table 3
Comparison of the performance of different architectures trained and tested on the collected
dataset.

Architecture Recall Precision Accuracy

VGG16 30.48% 43.21% 30.49%
VGG19 35.61% 38.86% 35.62%
GoogLeNet 37.71% 47.99% 37.71%
ResNet-18 36.56% 37.90% 36.56%
ResNet-50 66.88% 64.66% 64.70%
NAS-based (Ours) 82.89% 89.37% 86.29%

Table 4
Accuracy Comparison of Emotion Recognition Methods on the CK+ Dataset.

Reference Method Accuracy

Li et al. [10] Face Extraction + CNN 97.38

Gan et al. [11] RASnet + ERSnet + MA blocks 96.28

eXnet [12] CNN 95.81

ProposedApproach Face Extraction & Alignment +NAS based CNN 98.84

We comprehensively evaluated various state-of-the-art methods for emotion recognition on the CK+ dataset [14], as shown in
Table 4. Our proposed approach outperformed the other techniques, combining facial feature extraction, facial alignment, and a
CNN architecture based on NAS with an accuracy of 98.84%.

4.3. Live testing

The images captured of students are processed for face extraction and alignment. The processed image is then passed to the
trained CNN found in the cloud utilizing the NVIDIA Tesla T4 GPU for inference. The accuracy of our classification model was
10
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Fig. 13. Confusion matrix of NAS Model.

Fig. 14. Live testing results of NAS model.

evaluated by simulating it as a platform to predict students’ emotions in the live testing scenario as a prototype. The live testing
results based on the selected NAS for some emotions are depicted in Fig. 14. This approach facilitates the performance analysis
by identifying false predictions. Live testing results prove the automated NAS model’s capability of recognizing all emotions in
real-time scenarios with a high percentage of confidence. Emotions studied in this research are different from the primary emotions
that used to be classified by existing research work, and that opens the door to machine learning and the ability to classify a broad
group of emotions. Lastly, the model is deployed in the cloud to implement the facial emotion recognition system and prepare it for
real-world use. This allows minimal hardware requirements for data acquisition and image processing while machine learning runs
online. In addition, Fig. 15 shows a prototype implemented to provide students’ emotion-representative analysis based on the testing
results so that teachers know students’ understanding and interaction with the learning material during several online lectures.

5. Conclusions

To sum up, this research proposed a diverse student emotion recognition system that can be integrated with an e-learning
environment to improve the distance learning experience for diverse students. The proposed system can be used widely in schools
11
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Fig. 15. Interactive dashboard to monitor students’ emotional state in real-time.

and universities to offer an intelligent technique for revealing students’ engagement with e-learning materials by detecting their
emotions based on facial expressions. A customized data collection tool was implemented and distributed among university students
to determine suitable emotions in educational settings. The emotions studied in this research differ from those used to be classified
by other researchers, which opens the door to the machine learning capability of classifying a broad group of emotions. The main
challenges found during the data collection and implementation are that students express their emotions differently. Since the
data set tackled students with different cultures, it is even more challenging. The data was trained through NAS to enhance the
performance of the ResNet-50 model, and the results show a noticeable improvement in the overall accuracy of 86.29%. Hence,
the NAS-based model was selected as the baseline model for the system, and the live testing was based on it. We also trained and
tested our proposed model on the CK+ dataset, resulting in an accuracy of 98.84%, outperforming the state-of-the-art methods. The
live testing results show minimal confidence in predicting neutral emotion, which might be controlled with a certain threshold. The
proposed system can be adopted in an online educational platform linked with the interactive dashboard to provide teachers with
real-time analytical feedback about students’ understanding and interaction with the learning material during the lecture.
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