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Abstract; The dynamics of student engagement and emotional states significantly influence learning outcomes. Positive
emotions resulting from successful task completion stand in contrast to negative affective states that arise from learning
struggles or failures. Effective transitions to engagement occur upon problem resolution, while unresolved issues lead to
frustration and subsequent boredom. This study proposes a Convolutional Neural Networks ( CNN) based approach
utilizing the Multi-source Academic Affective Engagement Dataset ( MAAED) to categorize facial expressions into
boredom, confusion, frustration, and yawning. This method provides an efficient and objective way to assess student
engagement by extracting features from facial images. Recognizing and addressing negative affective states, such as
confusion and boredom, is fundamental in creating supportive learning environments. Through automated frame
extraction and model comparison, this study demonstrates reduced loss values with improving accuracy, showcasing the
effectiveness of this method in objectively evaluating student engagement. Monitoring facial engagement with CNN using

the MAAED dataset is essential for gaining insights into human behaviour and improving educational experiences.
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0 Introduction

The student in a classroom may experience
different mental states, which are critical factors in
revealing students’ cognitive learning and engagement.
When students make mistakes, face failures, or
struggle with understanding, it may arouse negative
emotions, such as irritation, frustration, and anger.
On the other hand, if they can complete any task or
conquer challenges or difficulties, positive mental
states, such as delight, excitement, and satisfaction,
will result'''. According to D’ Mello et al.'?’ | in
typical cases, the student enters the learning activity in
an engaged and concentrated state. It will continue
until they reach out into any difficult situation.
Gradually, this leads to confusion and boredom. At
this point, either one of the transitions will occur.
Positive transition will happen when the student
returns to an engaged their

state by resolving
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problems. Negative transition will happen when they
face the unresolved problem during listening or
discussing. Gradually, the student may stick in such a
situation and transit to frustration. If this frustration
persists for some time, it will lead to boredom. A
good teacher should be able to monitor the changes in
the student’s mental states during lecturing, and give
personalized assistance to the students who feel
confused, frustrated, or have any other negative
emotions. By identifying the problems faced during
the discussion, the further
explanations or change the teaching so that the

teacher can give
stuednts can understand easily, thereby maximising
the student’s learning outcome. Massive Open Online
( MOOCs ) revolutionised higher
education by allowing interested students to pursue
their education at their own pace and convenience.

Courses have

Content delivery is only effective when combined with
real-time student feedback. That critical factor should
be included in e-learning environments. Automated
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engagement monitoring methods can

(3]

easily be
employed on e-learning platforms

Affective computing in education is a growing
topic that is increasing in popularity as time goes on.
Researchers in this domain employ various
methodologies and techniques to capture and interpret
emotions in educational settings. Support Vector
Machines (SVM) '*' | Convolutional Neural Networks
(CNN)") | and other deep learning algorithms'®™"
are among the most widely used models. Multimodal

approaches combine different data types, such as

facial expressions, physiological signals'® ', and

text-based interactions''” | to achieve more accurate
emotion detection and analysis. Insights gained from
emotion recognition offer valuable understanding of
student behaviour and learning experiences across
various educational settings, including e-learning,
offline, virtual, and computer-enabled classrooms.

Emotion recognition techniques hold the potential to

tailor instructional strategies, offer personalized
feedback, and create more engaging educational
environments.  Integrating  affective  computing

techniques, such as emotion recognition and sentiment
analysis, into intelligent tutoring systems enables
adaptive instruction based on students’ affective states,
enhancing engagement, motivation, and overall
learning outcomes.

Additionally, affective computing is crucial in
designing emotionally responsive for online learning
which

create

platforms, consider students’ emotional

experiences to more effective learning
environments. The existing literature also focuses on
specific aspects of emotions, such as academic
emotions, engagement levels, distraction, fatigue,
and learning-centred emotions. For instance, Saneiro
et al.'"") studied Facial Emotion Recognition ( FER )
to predict academic performance, highlighting the
of affective in educational

potential computing

assessment. Systematic reviews, for example the one

undertaken by Alameda-Pineda et al.''*

, emphasised
the benefits of integrating affective computing in
learning analytics, providing valuable insights for
tailoring interventions and supporting student well-
being. Nie et al.'"*) focused on analysing students’
emotional states in online learning environments using
text-mining techniques. By analysing students’ written
interactions, the researchers gained insights into
students’ emotional responses, contributing to a deeper

understanding of their emotional experiences in online
. 66 -

learning. Incorporating affective computing and

emotion  recognition  techniques can enhance
educational experiences, improve learning outcomes,
and provide personalised support based on students’
emotional states. By leveraging these techniques,
educators can better understand students’ emotional
patterns, monitor changes in affective states, and
respond proactively to support their learning needs.
Traditional methods for engagement monitoring
often rely on manual observation, which are both
subjective and time-consuming. However, recent
breakthroughs in deep learning methods, notably
CNNs' /| have demonstrated significant potential for
automatically analysing facial expressions and
inferring engagement levels. This study proposes a
CNN-based
monitoring, utilising a novel dataset named MAAED.
Our CNN model is trained on MAAED to classify

facial expressions into engagement categories, such as

approach  for facial engagement

boredom, confusion, frustration, and yawning. The
model can accurately predict students’ engagement
levels by extracting discriminative features from facial
images. The key contributions of this study lie in the
creation of MAAED. This unique and rich dataset
reflects real-world academic engagement and the
development of an efficient CNN-based approach for
facial engagement monitoring. The proposed
approach, which uses deep learning, aims to provide
educators with an objective and efficient method for
assessing students’ engagement during academic
activities. This can improve educational environments,
personalise learning experiences, and provide timely
interventions to improve student outcomes.

Even though facial expression analysis is a
powerful method for detecting emotional responses
and assessing student engagement, it is beneficial to
integrate modalities  into

multiple engagement

monitoring systems to gain a more holistic

understanding. These additional modalities include eye
tracking, which reveals valuable information about

students’ attention, focus, and information processing

]

during learning activities' /. Speech analysis offers

insights into students’ level of engagement and

emotional states by examining speech patterns, tone,
and vocal cues ',
(NLP )

transcriptions or recordings can detect sentiment,
17]

Natural Language Processing

techniques applied to students’ speech

engagement, and content understanding'

Additionally, it is crucial to consider physiological
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signals, encompassing heart rate variability, skin
conductance, respiration rate, and body temperature.
Apart from EEG,

students’ emotional states, stress levels, and cognitive

which can offer insights into

load'™ | analysing students’ interactions with digital

learning  platforms, including clicks, mouse

movements, and touch gestures, provides valuable

data on their
[19-21]

engagement  and
Additionally,
monitoring students’ physical presence in the learning
their

navigation

patterns proximity  sensors

environment offer insights into level of
engagement and participation.

Student engagement is a multifaceted concept
encompassing  various  dimensions, including
behavioural, emotional, cognitive, social, cultural,
and contextual engagement. Behavioural engagement
involves observable actions, such as participation and
completion of assignments, while emotional
engagement focuses on students’ feelings and attitudes
toward learning. Cognitive engagement relates to

mental efforts and involvement in critical thinking and

problem-solving.  Social engagement emphasises
interactions with peers and teachers, promoting
collaboration and communication. Cultural and

contextual engagement considers the influence of
cultural factors and the learning environment on
student engagement, emphasising inclusivity and
supportiveness. Engagement levels can vary from low
to medium to high, with each level indicating different
levels of interest, motivation, and participation.
states,

yawning, confusion, boredom, and frustration, is

Recognising negative affective such as

crucial, as they can negatively impact student
engagement, motivation, and well-being. Addressing
these emotions is essential for creating a supportive
and effective learning environment. By understanding
and catering to individual students’ needs, educators
can foster a positive classroom atmosphere and
promote academic success, helping students overcome
challenges and thrive in their learning experiences.
Strategies, such as clarification, additional support,
relevant and stimulating content, and practical
teaching approaches, play a vital role in addressing

these emotions and enhancing student engagement.
1 Literature Review

Understanding and assessing students’ engagement
levels and emotional states are crucial in shaping

effective teaching strategies and promoting optimal

[22-25]

learning experiences. Each study adopts various

methodologies, ranging from traditional machine
sophisticated deep

These approaches capture nonverbal

learning models to learning
architectures.
cues, such as facial expressions, body language, and
eye movements, and decipher students’ engagement
levels and emotional responses during learning.
Advanced deep learning methods in certain studies
exemplify ongoing progress in education, offering
educators deeper insights into human emotions and
engagement.

In 2014, Whitehill et al.'*’ thoroughly analysed
existing computer-vision algorithms for automatic
student engagement analysis and recognition. Those

stuies!?’ ™!

compared facial features of face patches
from various methods, such as BoostBF, Support
Vector Machine ( SVM ), Gabor, and the CERT
toolbox, and did a binary classification of the four
types of engagement on the facial expression and final
engagement is estimated from a regression model
using the binary classification outputs. Zaletelj et
al."*' developed a feature set defining a student’s face
and bodily attributes, including gaze point and body
posture, using 2D and 3D data received by the Kinect
One Sensor. Krithika et al."”"’ developed a program to
identify the students’ emotions by monitoring their
head, lip, and eye movements in the e-learning
environment. Sahla et al.'*” developed a deep CNN
technique for classroom emotion detection, where the
work was performed in the classroom for the
automatic analysis of the teacher from the video. A
cloud-based facial emotion analysis was conducted in

.13 in facial emotion

2019 by Boonroungrut et a
analysis to find students’ emotions in the classroom,
where the researchers examined the mood changes of

29 international students. Ayvaz et al.**

employed
several classification algorithms, such as Classification
and Regression Trees ( CART ), Random Forest
(RF), k-Nearest Neighbors ( kNN ), and Support
Vector Machines ( SVM ), to analyse participants’
facial expressions in an e-learning session held over
Skype software using the system they built. In
classrooms, they eventually concluded that emotions,
such as happiness, fear, sadness, anger, surprise,
and disgust, are universally acknowledged. Among
them, the SVM algorithm outperforms others. Recent
neurological advancements highlighted the connection
studies
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emphasised the importance of students’ emotions

during lectures. Acknowledging this vital link between
emotions into

and learning, integrating emotions

education becomes crucial. Understanding and supporting

students’ feelings leads to improved, customised learning

experiences,

general well-being. Table 1 shows the summary of the

existing methodologies.

Table 1 Details of existing methodologies

enhancing academic performance and

. E-learning/
Study Methodology Categories Accuracy
Classroom
Not engaged at all, nominally
Whitehill et al. 26 SVM with Gabour features engaged, engaged in task, very 76.32% E-learning
engaged, unclear.
14 different machine learning models, X . Individual class
2] . o Bored, confused, delighted, .
D’ Mello et al for example, SVM - using facial accuracy (0.61- E-learning
. engaged, frustrated
expressions 0.87)
Facial features like abnormal head and
Krithik |03 eyes movement, machine learning Excited, boredom, yawning, N/A E-leamni
t t al. -learnin
thika et 4 features and 2D, and 3D features from  drowsiness €
Kinect One Camera
Machine learning features and 2D, and  High attention, medium attention,
Zalatelji et al. [30] X K 75.3% Classroom
3D features from Kinect One Camera no attention
Sharma et al.['] CNN Student’s basic facial expressions  70% E-learning
Akhyani et al.[33] Eye tracking with a rule-based system  Happy face, neutral face N/A Classroom
36 Multimodal (FER, eye tracking, body . .
Zheng et al." **/ Emotions 88% E-learning
language )
Mukhopadhyay et al.[¥]  CNN FER 2013 emotions 62% E-learning
. Angry, disgust, fear, happy, .
Bhardwaj et al. "] Deep learning &y 158t PPy 93.6% E-learning

sad, surprise and neutral

2 Methodology

Machine learning'"™®! suggested predicting thyroid
disease by focusing on the organ controlled by the
this
methodology for facial engagement monitoring in

hypothalamus. In study, we proposed a
educational settings using a CNN. The methodology
incorporates the creation of the MAAED, which
combines diverse facial expression datasets covering a
wide range of emotions and engagement levels
relevant to students. Researchers preprocessed the
collected datasets to ensure consistency. The designed
CNN architecture consists of convolutional, pooling,
and fully connected layers trained on the MAAED
using suitabled optimization algorithms and loss
functions for multi-class classification. Researchers
evaluated the trained CNN model on a test set using
standard evaluation metrics, such as accuracy,
precision, recall, and F1 score, and a confusion
matrix, to assess its performance.

CNNs are deep learning models extensively
. 68 -

employed in diverse computer vision applications,
CNNs are
to automatically acquire and extract

including facial emotion recognition.
structured
meaningful features from input data, significantly
enhancing their effectiveness in image analysis. One
can train CNN to recognize and classify facial
expressions based on image patterns and
characteristics. The network trains to recognize crucial
facial landmarks, including eyes, nose, and mouth,
and captures the distinct features associated with
different emotions by understanding their spatial
relationships. Fig.1 illustrates CNN’s architecture. The
core design of a CNN includes several layers, such as
convolutional layers, pooling layers, and fully
connected layers. Convolutional layers play a pivotal
role in feature extraction by applying filters to the
input image, enabling the detection of local patterns
and features. The convolution process entails the
movement of a filter (K) across the input image () ,
where it conducts element-wise multiplications and
subsequently aggregates the outcomes by summing

them up.
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(IxK)(1)=3I(a)K(1 - a) (1)

where I represents the input data or image over which
the convolution operation is performed. It can be a 1D
signal, 2D image, or multi-dimensional array. K
represents the convolution filter or kernel, which is a
smaller matrix used to extract specific features ( such
as edges or textures) from the input image. ¢ denotes
the position in the output where the convolution
operation is evaluated. It represents the temporal or
spatial location depending on the input’s dimensions. a
represents the index variable used for iterating over
the input data during the convolution operation. I * K
(convolution result) : The output resulting from the
convolution operation between the input image / and
the filter K. 3, : The summation operator, indicating
that the element-wise multiplications between /(a)
and K(¢ — a) are summed to compute the convolution
output at position ¢. The equation describes how the
convolution operation is computed at each position ¢
by sliding the filter K across the input /, performing
element-wise multiplications, and aggregating the
results.

This means that the output generates every pixel
by adding the input pixels, each multiplied by its
respective  weight defined by the kernel. In two
dimensions, it would be shown in Eq.(2).

(I+K)(x,y) = 3, 3,0(a,b)K(x —a,y = b) (2)
here, (x,y) represents the coordinates of the output
pixel, while (a,b) are the indices iterating over the
input image pixels covered by the kernel. The filter
kernel K, with its weights, shifts across the input
image I both horizontally and vertically, computing
the output by summing the weighted contributions of
input pixels for every location. This 2D convolution
operation effectively captures spatial features such as
edges, textures, and patterns from the input data.

In this process, the kernel undergoes element-
wise multiplication with the image matrix, and
afterwards, the outcomes are summed up. Pooling
layers serve to downsample the feature maps,
reducing their spatial dimensions while preserving
critical information. Two frequently used techniques
for this purpose are Max Pooling and Average
Pooling. As a technique, Max Pooling focuses on
extracting the highest value within each window of the
feature map, thereby highlighting the most prominent
features within the data. In contrast, Average Pooling
computes the average value for each window, giving
an equal representation of all features within the
window. This spatial reduction by the pooling layers
retains the most salient features. At the same time, the
overall data size is condensed, making subsequent
layers of the CNN more computationally manageable.
Finally, the fully connected layers are responsible for
classification, mapping the extracted features to
categories. After the

extraction process involving the convolutional and

specific emotion feature
pooling layers, the fully connected layers come into
play, mapping the extracted features to specific class
categories. Mathematically, a fully connected layer
executes a linear transformation and applies an
activation function. If we denote the input to the layer
as x ( which would be a flattened version of the output

from the previous layer) , the weights as W, the biases

as b, and the output as y, then the linear
transformation can be written as in Eq.(3).
y=Wx +b (3)

The weight matrix W and the bias vector b
represent the parameters of the fully connected layer
that we learned during training. After applying the
linear transformation, we apply the activation function
element-wise. The Rectified Linear Unit (ReLU) is a

- 69 -



Journal of Harbin Institute of Technology ( New Series) ,Vol.32,No.2,2025

commonly adopted activation function.
ReLU(z) = max(0,z) (4)

The final layer in the network places the fully
connected layer and uses it for multi-class
classification. In that case, a softmax function is
typically applied to the output of the layer to generate
probabilities for each class.

softmax(z;) = exp(zi)/z,exp(zj) (5)
where the vector z serves as the input to the softmax
function, z, is the ith element of z, and the
denominator is the sum of exp (z) overall j.

CNN, a specialized class of neural networks, has
gained prominence due to its ability to extract
meaningful features from images automatically. This
characteristic proves invaluable in the realm of FER as
it eliminates the need for manual feature extraction,
allowing the model to discern intricate patterns and
subtle nuances inherent in facial expressions. In
training with a CNN model, several significant
obstacles, such as overfitting, vanishing gradients,
and class imbalances in the dataset, can negatively
Adjusting the
model’s hyper-parameters and carefully applying

impact the model’s performance.
regularization techniques become necessary to mitigate
these issues. Hyper-parameters are elements that guide
the learning process of the model. These include
aspects, such as batch size, kernel size, the choice of
loss function, and the optimization algorithm.
Adjusting these can help manage the challenges above
effectively. Regularization techniques are a group of
strategies to prevent overfitting, a scenario where the
model excels with training data but struggles when
faced with unfamiliar or unseen data. Some of the
standard regularisation techniques used are L1 and L2
regularization, dropout, data augmentation, and early
stopping. In training the FER model, these challenges
were managed effectively, resulting in commendable
classification accuracy. Hyper-parameter tuning and
regularization techniques were employed to optimize
the model, leading to a more balanced and accurate
classification of facial emotions. The input image
underwent a series of convolutional layers, followed
by pooling layers, which progressively reduce the
spatial dimensions.

The last pooling layer’s flattened result is fed into
fully connected layers for classification using the
extracted features. The final output layer represents
the different emotion classes: happiness, sadness,
and anger. The critical advantage of CNN in facial

<70 -

emotion recognition is their inherent capability to
learn and extract relevant features automatically from
facial images, thereby eliminating manual feature
engineering requirements. This trait makes CNNs
proficient at capturing intricate patterns and subtle
details linked to various emotions. The heart of this
study is the MAAED dataset, which combines facial
expression data from five publicly available sources
worldwide. The dataset creation involves several
steps, from gathering diverse expressions to refining
the frames. The pivotal success in this process
involves leveraging a trained model for automated
frame extraction, significantly reducing time
compared to manual selection. Although the dataset
encompasses five emotions, this study primarily
focuses on four specific negative emotions, boredom,

frustration,, yawning, and confusion, as an initial step.
3 MAAED-Integration and Analysis

There is a significant need for extensive datasets
capturing affective states related to student learning,
mainly because studies focusing specifically on these
states are rare. Most research concentrates on general
emotions, overlooking the specific emotional states
connected to how students learn. Recognizing this
gap, especially in negative emotions, researchers
noticed the necessity of consolidating multiple
datasets. The scarcity of datasets, particularly those
highlighting negative emotions, led to the merging of
various datasets. This combination allows us to
include diverse cultural viewpoints, as these datasets
originate from different parts of the world. However,
it is important to note that this compilation contains
spontaneous and acted emotions, achieving a balance
between these two aspects. This equilibrium
acknowledges a wide range of emotional expressions,
providing a more comprehensive understanding of
how emotions relate to students’ learning experiences.
The MAAED dataset creation process involves the
consideration of five publicly available datasets;
YawDD'**' | Daisee*’’ Many Faces of Confusion
in the Wild dataset (MFC-Wild)"*!  FER 2013'*'',
and BAUM-1'*?/_ Although the MAAED datasets
includs the positive emotion concentration, this study
primarily focused on negative emotions such as
yawning, boredom, frustration, and confusion. The
study did not actively incorporate or analyze the

positive emotion of concentration within its specific
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context. Monitoring negative emotions in student’s
affective states is essential for their well-being and
mental health. These emotions can significantly
impact their overall well-being and hinder effective
learning. By monitoring negative emotions, educators
can identify students in emotional distress and provide
appropriate support and interventions. It also enables
personalized assistance, early intervention, and the
creation of a positive learning environment that may
cotribute to academic success and well-being.
3.1 Automatic Frame Extraction and Selection
In building the MAAED, frame extraction is
crucial in capturing relevant facial expressions. A
combination of five publicly available datasets was
selected to predict students’ engagement levels in
academic environments, focusing on negative
emotions. The BAUM-1, Daisee, YawDD and MFC
datasets provided videos containing different emotions
relevant to students’ learning affective states. The
initial step involved manually selecting peak frames
from each emotion category within the datasets, thus
ensuring that each frame accurately represented a
specific affective state. This manual selection process
took up much time, prompting the need for an
automated method to streamline frame extraction in
Algorithm 1. To address this challenge, we utilized
two pre-trained models for distinct purposes. The
proposed model utilized the VGG face model for
feature extraction. Specifically designed for face
recognition tasks, this model extracted meaningful
and discriminative features from the input frames.
Algorithm 1 .Frame extraction
Input;
® Video file path
® VGG face model
® VGG16 pretrained
model

emotion recognition
® Number of frames to select num_frames_to_
select
® Output folder path
Output ;
® Selected frames are saved in the specified
output folder
Begin
1) Initialize peak_emotion_confidence = 0.0,
frame_count = 0
2) Open video capture object with video file path
3) While video is open:
Read frame

Resize frame to (224, 224)

Convert frame to RGB

Expand frame dimensions for model input
Predict facial features using VGG face

model

Predict emotion using the custom model

If emotion _ confidence > peak _emotion _
confidence

Then update peak_emotion_confidence and
peak_emotion_frame_index
Increment frame_count

4) Release video capture object

5) Determine selected _ frame _ indices using
np.linspace (0, frame _count-1, num _frames _to_
select)

6) Open video capture object again

7) For each index in selected_frame_indices:

Set video capture to the specific frame index
Read and resize frame
Save frame to output folder

8) Release video capture object

9) Return success message

End

The first model employed was the pre-trained
VGG face model'**’. The VGG face model is a
specialized convolutional neural network designed for
face recognition. Based on the VGG architecture, it
consists of 16 convolutional layers followed by fully
connected layers. The model uses small convolutional
filters (3x3), which have 9 parameters per filter for a
single-channel input. For multi-channel inputs, such
as RGB images, the filter parameters increase
proportionally ( e. g., 27 parameters for three
channels ), plus one bias term per filter. This
consistent use of 3x3 filters enables a deep network
that captures detailed facial features while keeping the
parameter count efficient.

Sequentially utilizing both models benefits from
the VGG face model’s capability to extract rich facial
features, which are highly relevant for capturing
meaningful patterns related to emotions. The separate
pre-trained emotion recognition model categorizes
these extracted features, assigning emotion labels to
the input frames. This multi-step approach facilitates a
more specialized and accurate emotion recognition
process than a single model alone. This approach
addresses the limitations of manual frame selection,
contribution to emotion

making it a valuable

recognition.
<71 -
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Utilizing computer vision techniques via the
OpenCV
videos,

iterates
match the
specifications of a pre-trained VGG face model.

library, systematically through

resizing frames to input
Subsequently, it employs this model to predict
emotions within each frame, identifying the highest
confidence level associated with each engagement
category by the VGG 16 pre-trained model. The
algorithm precisely tracks the frame index showcasing
the most intense emotional response, extracting a
specific number of frames centered around this
highlighted  peak. These

encapsulating the pinnacle of emotional response, are

selected frames,

then saved to an output directory for further
investigation or analysis. This extraction process
captures crucial moments reflecting the heightened
engagement category within videos. It streamlines the
subsequent exploration and interpretation of these
emotionally significant frames for potential deeper
insights or diagnostic purposes.

Incorporating the FER 13 dataset further enlarges
the dataset, bringing the total number of images to
16924 for training, 4725 for testing, and 3641 for
validation. Conducting a manual analysis ensured the
accuracy of the dataset by verifying the correctness of
the automatic frame extraction and preprocessing
steps. This analysis helped to ensure that the extracted
frames and the applied preprocessing techniques
resulted in accurate and reliable data for facial
emotion recognition.

3.2 Pre-processing

Pre-processing plays a pivotal role in preparing
data for analysis, particularly in task, such as facial
analysis and emotion recognition. Specifically tailored
for facial expression datasets extracted from videos,
pre-processing encompasses several crucial steps that
refine and standardize the input frames. Resizing the
frames to a specific dimension ensures uniformity,
facilitating consistent analysis across the dataset.
Conversion to grayscale simplifies the data while
essential  facial features,

preserving reducing

computational complexity without compromising
critical visual information. Additionally, normalizing
pixel values to a standardized range optimizes data for
deep learning models, enhancing convergence during
training and enabling models to better generalize
across different facial expressions and individuals.
Overall, these pre-processing techniques are essential
for refining raw data, optimizing its suitability for

.72 .

subsequent analysis, and bolstering the accuracy and
reliability of facial analysis and emotion recognition
systems.
3.2.1 Face detection

Choosing a suitable face detection algorithm is
crucial in facial analysis and emotion recognition
research. Considering the complexities of the
we found that MTCNN ( Multi-Task

Cascaded Convolutional Neural Networks) , with its

research

multi-stage  hierarchical approach, outperformed

several other face detection algorithms. Its ability to

accurately detect faces across various scales,
orientations, and challenging conditions aligns
perfectly with our project’s requirements. By

leveraging stages,such as P-Net, R-Net, and O-Net,
MTCNN excels, in identifying more faces within a
single frame, which is crucial for our goal of
accurately facial

recognizing and  analysing

expressions. The adaptability and robustness of
MTCNN are crucial factors in ensuring the success
and effectiveness of facial analysis and emotion
recognition tasks.

The MTCNN algorithm detects faces using
cascaded convolutional neural networks. It provides
bounding box coordinates and landmarks for each
detected face, allowing cropping and resizing to
224x224 pixels for focused analysis. The MTCNN
algorithm for face detection operates in three major
stages: the Proposal Network ( P-Net), the Refine
Network (R-Net), and the Output Network ( O-Net).
The P-Net stage formulates the convolutional layer as
follows ;

0, = 2
where O : The output value at position (i,j) ; /: The
The weight of the
convolutional kernel at position (m,n); b: The bias

input feature map; W, :
term added to the convolution result.

The ReLU activation function can be represented
as:

f(x) = max(0,x) (7)
where f(x) is the output of the ReLU activation
function; x is the input value.

The max-pooling operation is given as follows:
Mij = maX(Pi:Hs,_,':jﬂ) (8)
where M;: The result of the max-pooling operation at
position (i,j); P, ,..: The region of the input
being pooled, defined by a sliding window of size s.
While the softmax function for classification is
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where p,: The probability output for class ¢ ; x,: The

p: = (9)

input value for class i before applying the softmax
function ; 2 Ve“j; The normalization term, summing
J

the exponentials of all input values x;.

The R-Net builds on these functions, refining
bounding box coordinates using similar layers, and
the O-Net further incorporates additional convolutional
and fully connected layers for identifying facial
landmarks. The final loss function for the MTCNN
algorithm combines classification, bounding box, and
landmark losses using the formula.

L=AL, +A,L, + AL (10)

In this context, L represents the loss function. A,
A,, and A, are the weights of the classification,
bounding box,

box landmark

and landmark losses. L, is the

classification loss, L, is the bounding box loss, and

box

L s 1S the landmark loss. These mathematical

formulations  collectively  represent the  core
computations of the MTCNN algorithm, enabling
precise face detection and landmark identification
applicable in various real-world scenarios. This
remarkable algorithm enhances our understanding of
facial expressions and emotions. MTCNN is a vital
instrument, simplifying our investigation into how
people display emotions through facial features.
3.2.2  Resizing

Resizing an image means changing its size,
making it smaller or larger. Resizing images is
essential for consistency in computer tasks, such as
facial analysis or emotion recognition. It helps make
all images the same size, making it easier for
computers to understand and process them uniformly.
This process also affects how quickly the computer
can work and the level of detail in the images. This
frames to the

work focused on resizing all

standardized dimensions of 224 x 224 pixels,
improving model performance and efficiency and
facilitating transfer learning.
3.2.3  Grayscale conversion

Converting images to grayscale holds multiple
advantages in the context of facial analysis and
emotion recognition. This conversion process
eliminates colour information, emphasizing essential
structural and textural elements in facial images. By
removing colour variations, grayscale images become
more standardized, allowing algorithms to focus more
precisely on the intrinsic features of the face, such as
lines, shapes, and contrasts. Moreover, grayscale
conversion simplifies the computational workload by
reducing the complexity of the data. It decreases the
image’s file size, streamlining the analysis process
and enhancing computational efficiency. This
simplification facilitates quicker processing, making it
easier for algorithms to recognize and extract vital
features accurate emotion

facial necessary for

recognition. Additionally, the absence of colour
distractions in grayscale images aids in reducing noise
and enhancing the clarity of facial attributes. The
focused attention on structural details in grayscale
images assists in robustly identifying emotional cues,
contributing  significantly to the accuracy and
reliability of emotion recognition systems.
3.2.4  Train-test-validation splitting

Segmenting the dataset into training, testing, and
validation sets ( 60%, 20%, and 20%) supports
model training, evaluation, and fine-tuning tasks. It
prevents overfitting and allows performance monitoring ,
hyperparameter tuning, and model selection. These
pre-processing steps enhance the dataset, enable facial
analysis, and support robust emotion recognition and
Table 2

overview of the

engagement  monitoring. presents  a
MAAED  after

completing the necessary pre-processing steps.

comprehensive

Table 2 Dataset overview after pre-processing

Engagement category Train * Test" Validation* Total
Boredom 3387 1130 1129 5646
Concentrating 2322 774 774 3870
Yawning 2742 914 914 4570
Confused 3063 1021 1021 5105
Frustration 2974 991 992 4957

Note; The symbol " * " represents that 60% of the total datasets are allocated for training ; The symbol " #" represents that 20% of the total datasets are

"

allocated for testing ; The symbol " +

represents that 20% of the total datasets are allocated for the fine-tuning task.

<73 .
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4 Results Analysis

The proposed CNN model demonstrates high
recall and precision scores across all emotion classes,
indicating its ability to accurately detect emotions in
facial expressions, even in subtle or ambiguous
expressions. The proposed model exhibits overall
performance on the MAAED dataset, with precision,
recall, and Fl-score values close to 0.96. It shows
slightly better accuracy in classifying boredom,
yawning, confusion, and frustration. The macro
average, precision, recall, and F1-score are all 0.96,
indicating consistent performance across all classes.
The weighted average precision, recall, and F1-score
are also 0.96, indicating that the model is imbalanced.
The model

across various evaluation metrics,

demonstrates impressive performance
showcasing its
effectiveness in image classification. With an accuracy
of 97%, it consistently classifies images with high
accuracy. The precision for each category is also
commendable, indicating that the model excels at
correctly identifying images within each class.
exhibits  high

successfully capturing the vast majority of images that

Moreover, the model recall,
truly belong to a particular class. The F1-score, which
combines precision and recall, further emphasizes the
model’s ability to balance these metrics, as shown in
Table 3. An encouraging aspect is that the model does
not suffer from overfitting, as evidenced by its high
accuracy in the validation data. This indicates that it
generalizes well and can perform reliably on unseen
data. The model’s efficiency is also noteworthy, as it
swiftly classifies images within a time frame of just

10 ms. This characteristic makes it suitable for real-
time applications where quick image processing is
vital. Interpretability is another strength of the model,
as it can be understood and debugged effectively. This
implies that users can understand how the model
makes decisions and can provide explanations for its
The model
robustness by demonstrating the capacity to adapt to

predictions to others. showcases its
new data and maintain consistent performance, even
when the dataset contains noise or variations. This
robustness is essential for the model to consistently
and effectively perform in real-world situations.

In Fig.2, the proposed CNN model’s positive
predictions are showcased using the MAAED dataset.
These predictions indicate instances where the model
correctly identifies and classifies the engagement level
from randomly selected facial images. The confusion
matrix demonstrates how effective the CNN system is
in facial engagement monitoring. Each cell in the
matrix shows the percentage of individuals in different
categories. For instance, the true positive cell’s value
of 0.93 indicates that the model correctly identified
93% of confused individuals. On the other hand, the
value of 0.01 in the false positive cell indicates that
the model correctly classifies 1% of those needful
clarification is confused. Nonetheless, there is
potential for enhancement, particularly in increasing
the false negative rate, suggesting the need for the
model to detect and include more individuals
experiencing confusion. Overall. In contrast, the
model performs satisfactorily. There is scope for
improvement, particularly in minimizing the false
negative rate to identify better those experiencing

confusion.

Table 3 Comparative analysis of precision, recall and F1 scores for different engagement categories

Model Metric Confused Boredom Yawning Frustration
Precision 0.97 0.95 0.96 0.96
Proposed CNN Recall 0.93 0.95 0.97 0.96
F1 Score 0.96 0.96 0.97 0.96
Precision 0.92 0.93 0.93 0.93
VGG16 Recall 0.92 0.92 0.93 0.93
F1 Score 0.92 0.92 0.91 0.91
Precision 0.94 0.94 0.93 0.91
Inception v Recall 0.92 0.94 0.91 0.91
F1 Score 0.95 0.94 0.91 0.91
Precision 0.83 0.84 0.84 0.85
ResNet 50 Recall 0.85 0.85 0.85 0.85
F1 Score 0.85 0.85 0.83 0.85
Precision 0.86 0.82 0.82 0.82
ResNet 101 Recall 0.86 0.83 0.33 0.33
F1 Score 0.86 0.84 0.82 0.84

.74 .
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Fig.2 Accuracy and loss graph of proposed model

Figs.2(c) and (d) demonstrate the loss curves
observed during the training and validation sessions of
the proposed model. The graph depicts how the loss
values evolve throughout training across 50 epochs.
The convergence of the loss curves for training and
validation sets signifies that the model has effectively
learned the underlying patterns within the data without
excessively fitting to the training set. This
demonstrates generalization

ability to

convergence good

capabilities, indicating the model’s
accurately predict both the training data and unseen or
validation data. This loss metric assesses the disparity

between the actual distribution Y and the predicted

distribution Y. Mathematically, define it as in
Eq.(11).

L(Y,Y) == 3 YVlog(V,) (11)
here, Y. represents the actual label for class i, often

i

encoded as one-hot, while Y signifies the predicted

i

probability associated with class i. The categorical

cross-entropy loss quantifies how much the predicted
probabilities differ from the actual labels.

A lower loss value indicates a better model
prediction, and conversely, a higher value signifies a
poor prediction' *'. The logarithmic function imposes
a substantial penalty when the model makes highly
confident yet incorrect predictions—the impact of
LIL2 regularization on model performance over
several epochs after applying augmentation techniques.
There are two distinct curves of loss before L1L.2 and
after L1L2, as illustrated in Fig.2(d).

L1 and L2 refer to two types of regularization
techniques used to prevent overfitting and improve the
generalization of machine learning models,
particularly in neural networks.

1) L1 regularization (Lasso regularization)

Mechanism: L1 regularization adds a penalty
equal to the absolute value of the magnitude of
coefficients to the loss function. Mathematically, it
can be represented Eq.(12) .

<75 -
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Loss = OriginalLoss + A z lw, | (12)

where w, are the weights of the model, and A\ is a
regularization parameter that controls the strength of
the penalty.

Effect; L1 regularization encourages sparsity in
the model by driving some of the weights to zero.
This is particularly useful for feature selection, as it
effectively eliminates less important features by
assigning their coefficients a value of zero.

Applications; L1 regularization is used when
models is

feature selection or creating simpler

desirable, as it can simplify models without
significantly sacrificing performance.
2) L2 regularization (ridge regularization )
Mechanism; L2 regularization adds a penalty
equal to the square of the magnitude of coefficients to

the loss function. Mathematically, it is expressed as:

Loss = OriginalLoss + A Z w? (13)
where w, are the weights of the model, and \ is the
regularization parameter.

Effect.: L2
weight values, making the model more stable and
Unlike L1
regularization, L2 does not force the weights to be

regularization discourages large

reducing the risk of overfitting.
zero but rather keeps them small, leading to a
smoother model.

Applications; L2 regularization is widely used
when all input features are potentially relevant and the
goal is to ensure model stability and avoid overfitting.

3) L1L2 regularization ( elastic net)

Combination ; L1L2 regularization combines both
L1 and L2 regularization techniques. The combined
penalty is:

Loss = OriginallLoss + A, 2 lw, |+ A, 2 w; (14)
here, A, and A, are the regularization parameters that
control the contribution of the L1 and L2 penalties,
respectively.

Advantages: The combination of L1 and L2
regularization benefits from both techniques, allowing
for feature selection (due to L1) and maintaining
overall stability (due to L2). It is particularly useful
for high-dimensional data where some features may be

more relevant than others.
5 Contributions

The present work introduces several novelties in

76 -

the recognition field and its application in academic
environments. Firstly, a new dataset was explicitly
curated to predict the engagement level of students in
educational settings. This dataset holds excellent value
as it facilitates training and evaluating emotion
recognition models customized to the unique demands
of academic contexts. Secondly, the researchers
adopted a two-step approach for extracting frames
from video datasets for emotion recognition. This
innovative strategy utilizes two models, enhancing
accuracy and automating the frame extraction process.
Compared to relying on just one model, the outcome
is a more effective and exact method. Beyond emotion
recognition, the study demonstrates the potential
applications in educational domains. It highlights how
these technological advancements can improve the
design of educational materials and personalize
learning experiences. Moreover, the ability to identify
students who may be facing academic challenges
opens up new possibilities for targeted student support
and intervention. The proposed model’s performance
comparison with baseline models on the MAAED
dataset consistently demonstrates positive outcomes
across various pre-trained models and our proposed

model, as shown in Fig.3.

= Proposed model ~ VGG = ResNet ® Inception

MAAED models!*!

Gupta et al.l*!

Model

Zhalehpour et al.*?!

Lima et al.l*!

0 20 40 60 80 100 120
Epochs

Fig.3 Analysing the accuracy of the proposed model

The MAAED dataset proves highly effective in
identifying student affective states, which is evident
from the overall solid results. Notably, the ResNet 50
pre-trained model exhibits exceptional proficiency

when applied to Gupta et al.'*'’

, Daisee dataset,
surpassing its performance on MAAED. Conversely,
VGG and Inception V3 are slightly advantageous,
particularly within the MAAED dataset. Meanwhile,

’S[ 42]

Zhalehpour et al. research showcases Al’s

practical implementation with automated detection
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capabilities, successfully identifying behaviors, such
as hand-raising, standing, and sleeping among
students. Thus, Al proves valuable in understanding
various classroom dynamics. It is worth noting that

43]

Lima et al.' focused on six basic emotion

categories rather than student learning-based
emotions, conducting experiments on CK+, FER -
2013, and SFEW datasets with pre-trained models.
Researchers’ opinions suggest that instead of solely
focusing on evaluating performance on individual
datasets, prioritizing datasets centered around specific

emotion learning could yield more beneficial results.
6 Conclusions

This study proposes a CNN-based approach using
the MAAED for facial engagement monitoring. The
CNN  model

categories, such as boredom, confused, frustration,

accurately classifies engagement
and yawning, extracting discriminative features for
precise predictions. The contributions include creating
MAAED, a reflecting

engagement, and developing an objective method for

rich dataset academic
assessing student engagement. It could enhance

educational environments and improve student
outcomes through personalized learning experiences.
The future work of this study includes further
expanding the MAAED dataset to include more
diverse facial expressions and engagement levels. We
also plan to explore other deep-learning techniques for
facial engagement monitoring, such as attention-based
models and recurrent neural networks. The proposed
method has potential applicability in educational
technology and shows potential to enhance students’

learning experiences.
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