odeling
MATHEMATICAL MODELING AND COMPUTING, Vol.13, No.1, pp.41-51 (2026) I\/I @P”ti"g

athematical

Face-Based Engagement Detection Methods: A Review

Qarbal 1.*, Sael N., Ouahabi S.

Faculty of Sciences, Hassan II University of Casablanca, Casablanca, Morocco
*Corresponding author: ikram.qarbal-etu@etu.univh2c.ma

(Received 28 March 2025; Revised 7 November 2025; Accepted 5 December 2025)

The detection of student engagement in online learning environments has become increas-
ingly important with the widespread adoption of e-learning platforms. This paper reviews
current approaches for monitoring student engagement based on facial expressions, gaze
tracking, fatigue and drowsiness detection, and multimodal systems. By analyzing fa-
cial expressions, systems can detect emotional states such as happiness, frustration, and
boredom, offering real-time feedback to instructors. Gaze tracking provides insights into
students focus, although challenges such as hardware costs and lighting conditions affect its
accuracy. Fatigue and drowsiness detection, through blinking and yawning analysis, helps
identify cognitive overload, while multimodal systems that combine facial, behavioral, and
physiological data offer a more comprehensive picture of engagement. This review high-
lights the potential of these methods while addressing the need for more robust, scalable,
and privacy-conscious systems for real-time engagement monitoring in di-verse e-learning
contexts.

Keywords: facial expressions; gaze tracking; drowsiness; fatigue detection; multi-modal
approaches.
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1. Introduction

In recent years, the integration of technology in education has transformed the traditional learning
environment, making student engagement a critical factor in both online and blended learning settings.
Student engagement, broadly defined as the level of attention, curiosity, and involvement a learner
demonstrates during a learning activity, is highly correlated with learning outcomes. When students
are engaged, they are more likely to absorb and retain information, participate actively in discussions,
and develop a deeper understanding of the material. Conversely, disengaged students tend to exhibit
lower academic performance, higher dropout rates [1], and reduced overall satisfaction with the learning
process.

Detecting student engagement, however, remains a challenge, especially in remote or large-scale
learning environments where teachers cannot directly observe each student’s behavior. To address
this issue, a number of studies have explored engagement detection based on a variety of behavioral
and physiological cues, such as body posture, gestures, and overall physical movements. Posture
analysis, for instance, can provide insights into a student’s level of attentiveness by monitoring how
they sit, move, or lean, with certain patterns indicating distraction or cognitive overload. While these
approaches have proven effective in traditional classroom settings, they are less applicable in remote
learning environments where the full body of the student is often not visible.

The COVID-19 pandemic has significantly accelerated the adoption of distance learning [2], mak-
ing face-based engagement detection systems more relevant and accessible than ever. In e-learning
environments, where students primarily interact with their devices through webcams, the face be-
comes the most visible and reliable source of engagement data. Consequently, facial feature-based
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engagement detection, which leverages the analysis of facial expressions, gaze direction, and signs of
fatigue, has gained prominence. These methods offer a non-invasive, real-time solution that can be
seamlessly integrated into virtual learning platforms, allowing educators to monitor and respond to
student engagement more effectively in remote settings.

Facial feature-based engagement detection [3| focuses on visual indicators that correlate with cogni-
tive and emotional states. Key facial cues include expressions that convey emotions like frustration or
boredom, gaze direction that indicates focus or distraction, and signs of fatigue such as drooping eyelids
or frequent blinking or yawning. By identifying these cues, engagement detection systems can provide
valuable insights into student behavior, allowing interventions to reengage learners when necessary.
This paper addresses three key research questions related to face-based student engagement detection:
(Q1) What are the main taxonomies of face-based engagement detection? (Q2) What datasets are
commonly used in face-based engagement detection? (Q3) What techniques and models are used for
face-based engagement detection?

This review covers current methods for facial feature-based student engagement detection, focus-
ing on facial expressions, gaze-related features, and fatigue detection. It also explores multimodal
approaches that combine facial features with other data sources.

2. Taxonomy of face-based engagement detection methods

Engagement detection in educational settings is a complex task that varies depending on the learn-
ing environment [4], ranging from traditional classrooms to smart and distance learning setups. In
traditional classrooms, engagement is typically assessed through teacher observations, aided by tools
like self-reporting and observation checklists to gain a more structured understanding of student focus
and participation. These approaches, while effective in small-group or face-to-face contexts, are often
limited by subjectivity, teacher bias, and the inability to scale across large or diverse classrooms.

In contrast, smart classrooms utilize advanced technology, including camera-based systems and
sensors, to capture data on full-body posture, gestures, and the environmental context, which can
be analyzed to understand engagement in large-scale or technology-enhanced settings. These environ-
ments benefit from real-time analytics and automated engagement feedback systems, allowing for more
dynamic and personalized learning experiences. The integration of artificial intelligence (AI) and In-
ternet of Things (IoT) technologies further enhances the granularity and responsiveness of engagement
monitoring in these environments.

Engagement Detection
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Figure 1. The proposed approach for student engagement detection in real time.

For distance learning environments, the assessment of engagement relies heavily on technologies
that can analyze the limited view offered by a student’s webcam. Methods such as logfile analysis
(tracking platform interactions) and sensor data analysis [5] (using external wearable devices) provide
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some insight, but the primary approach is computer vision-based analysis. This involves evaluating
facial features and upper body cues to infer engagement. Facial analysis includes methods like fa-
cial expression recognition, gaze tracking, fatigue detection, and multimodal approaches that combine
various facial cues for more accurate assessment. These techniques help address the growing chal-
lenge of detecting disengagement in asynchronous and self-paced learning contexts, where traditional
observational cues are unavailable.

Upper body cues, such as head orientation and shoulder posture, also play a significant role in
understanding student attentiveness. Combining these with facial cues can enhance detection preci-
sion, especially in long learning sessions where cognitive fatigue can set in. Additionally, the use of
engagement prediction models trained on domain-specific data is becoming more common, improving
the system’s ability to adapt to different learning behaviors and cultural expressions.

In this study, we focus specifically on facial region-based analysis, examining how facial expressions,
gaze, and signs of fatigue can be effectively used to assess student engagement in distance learning
environments. By leveraging facial features alone, we aim to provide insights into practical, non-
intrusive methods for real-time engagement detection. Figure 1 illustrates the various methods used to
assess student engagement across different learning environments, from traditional teacher observation
to advanced computer vision-based analysis in distance learning and smart classrooms.

2.1. Facial expressions and emotional states

Facial expressions serve as a crucial window into a student’s emotional and cognitive state, offering
valuable insights into their level of engagement. These expressions, whether voluntary or involuntary,
convey a broad spectrum of emotional cues that directly influence learning experiences. Engagement
detection through facial expressions has been widely studied, with various approaches focusing on emo-
tions such as happiness, sadness, anger, and surprise to assess student engagement. Bhardwaj et al. [6]
applied Haar Cascade classifiers and Convolutional Neural Networks (CNNs), attaining 93.6% accu-
racy, where happiness and neutral expressions correlated with higher engagement. Similarly, Bouhlal
et al. [7] used the VGG16 model to classify emotions linked to concentration levels, achieving 86%
accuracy, with happiness indicating high concentration and sadness signifying lower engagement.

Among the various approaches to engagement detection, the analysis of facial expressions can
be broadly categorized into macro-expressions, micro-expressions, and comprehensive emotional state
analysis.

Macro-expressions. Macro-expressions are overt and deliberate facial expressions that typically
last longer than a second, making them easily recognizable. These expressions reflect emotions such
as happiness, sadness, anger, and frustration, which are frequently studied in educational contexts.
Happiness and curiosity are often associated with heightened motivation and active participation,
whereas frustration and boredom can indicate cognitive overload or disengagement. The analysis of
macro-expressions has been significantly enhanced by deep learning techniques, particularly CNNs and
pre-trained models such as VGG-16 and ResNet-50. Gupta et al. [8] explored an ensemble of VGG19
and ResNet50 models for detecting cognitive states, achieving 93.11% accuracy. Similarly, Lasri et
al. [9] employed CNNs trained on the FER-2013 dataset to classify student emotions, reaching 70%
accuracy. These studies highlight the potential of macro-expression analysis in monitoring engagement,
though achieving high generalizability remains a challenge.

Micro-expressions. Micro-expressions, in contrast, are brief and involuntary facial expressions
that last less than half a second. These subtle emotional indicators often reveal suppressed or concealed
feelings that students may not consciously express. A fleeting frown or raised eyebrow may suggest
confusion or frustration, while a brief lip press might indicate discomfort or disengagement. Detecting
these expressions requires advanced computational techniques such as Spatio-Temporal CNNs (ST-
CNNs) and LSTM-based models. Hsia et al. [10] integrated macro- and micro-expression analysis
using ResNet-18 and CNN-LSTM, improving engagement detection by analyzing both emotional and
behavioral cues.
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Recent research has further refined micro-expression recognition for real-time educational settings.
Zhao et al. [11]| proposed a temporal-spatial correlation and graph attention-guided network (TSG-
MER-ELL) to enhance micro-expression recognition in online learning environments. This approach
leverages spatio-temporal graph convolution and transformer encoders to improve accuracy in low-
resolution streaming conditions, making it particularly valuable for tracking student engagement in
virtual classrooms. The model demonstrated state-of-the-art performance across multiple datasets,
highlighting the growing role of deep learning-driven micro-expression detection in education.

Comprehensive emotional state analysis. Beyond discrete emotions, recent advancements
focus on analyzing complex and mixed emotional states to gain a deeper understanding of student
engagement. Emotional experiences often involve multiple dimensions, such as curiosity mixed with
frustration during problem-solving. To capture this complexity, valence and arousal analysis map
emotions along positive/negative valence and high/low arousal dimensions. Ayvaz et al. [12] applied
Support Vector Machines (SVM) and k-Nearest Neighbors (kNN) algorithms for emotion classification
in e-learning environments, with SVM achieving 98.24% accuracy, demonstrating the potential of
machine learning techniques for engagement detection.

Additionally, attention-based models like Vision Transformers (ViTs) are being explored for their
ability to capture subtle emotional expressions in real-time. ViTs have demonstrated exceptional
accuracy in image classification by leveraging self-attention mechanisms to analyze complex facial
patterns [13]. Recent research successfully integrated ViTs with CNNs and LSTM networks, enhancing
engagement detection performance. A ViT-CNN hybrid model achieved 100% classification accuracy
in an educational context, showcasing its potential for precise and dynamic engagement tracking.

Facial expressions and emotional states are highly context-dependent [14|. The same expression
may convey different meanings depending on the specific learning scenario. For instance, a neutral
expression could indicate disengagement in one context but deep concentration in another. Addition-
ally, cultural and demographic differences influence how emotions are both expressed and interpreted,
emphasizing the need for adaptive models that account for diverse student populations.

By integrating Al-driven emotion recognition with contextual awareness, educational technologies
can personalize learning experiences, ensuring more responsive and effective engagement monitoring
in both physical and virtual classrooms.

Overall, while facial expression-based engagement detection systems offer valuable insights into
students’ emotional states, they work best when integrated with other modalities, such as gaze tracking
or fatigue detection, to create a more comprehensive understanding of student engagement.

2.2. Gaze-based detection of engagement

Gaze tracking is a powerful tool for understanding student attention during online learning. By moni-
toring where students direct their visual attention, gaze-based systems can infer whether students are
focused on the learning material or distracted by external stimuli. Several studies have explored how
eye movements can be used to assess engagement, with varying degrees of accuracy depending on the
technology and methods employed.

Jamil et al. [15] combined eye-tracking and EEG to monitor cognitive states such as attention,
demonstrating the effectiveness of these combined methods for assessing engagement. Deng and
Gao [16] reviewed eye-tracking research in video-based learning and highlighted key metrics like fixa-
tion count and dwell time as critical indicators of student interaction with content. Burch et al. [17]
emphasized the potential of eye-tracking to personalize learning but pointed out challenges such as
cost, data interpretation, and privacy issues. Lin et al. [18] applied line-of-sight tracking and deep
learning models to improve accuracy, particularly in dynamic environments with head movements.
Lastly, Haataja et al. [19] explored the role of teacher-student eye contact, finding that mutual gaze
fostered greater student engagement during group work.

Gaze-based detection offers significant potential in tracking student engagement, especially with
other methods such as facial expressions and head movements. However, the high cost and technical
complexity of dedicated eye-tracking systems limit their scalability, suggesting that future research
should improve the accuracy of more accessible, webcam-based solutions.
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2.3. Fatigue and drowsiness detection

Fatigue and drowsiness detection play a critical role in maintaining student engagement, particularly in
long online learning sessions where attention may wane over time. By analyzing facial features such as
eye blinking patterns, yawning, and other facial cues, several systems have been developed to monitor
signs of fatigue in real time.

Detecting student fatigue involves tracking Eye Aspect Ratio (EAR) and Mouth Aspect Ratio
(MAR) to identify signs of drowsiness, such as eye closure and yawning. Li et al. [20] developed a
real-time fatigue detection system that achieved 94.47% accuracy by monitoring yawning and blinking
patterns. Dedhia et al. [21] used Dlib for facial landmark detection to analyze EAR, triggering alerts
when drowsiness is detected. Their system also employed interactive tasks to re-engage students.
Lahoti et al. [22] leveraged ResNet-50 to track EAR and MAR, achieving 97% training accuracy
and 94% validation accuracy. Similarly, Abdulkader et al. [23| proposed an edge-based attentiveness
analysis system that used VGG-19, achieving 95.29% accuracy. Safarov et al. [24] extended drowsiness
detection with CNN and Haar-Cascade classifiers, achieving 95.8% accuracy by monitoring blinks,
yawns, and head movements.

While these systems demonstrate high accuracy in detecting drowsiness and fatigue, the challenge
lies in maintaining this accuracy across different hardware setups, lighting conditions, and student
behaviors, ensuring they remain reliable and effective across a wide range of educational settings.

2.4. Multimodal detection systems

Multimodal approaches represent a significant innovation in engagement detection by integrating data
from various sources such as facial expressions, eye-tracking, and physiological signals. This combi-
nation allows for a more comprehensive and accurate assessment of student engagement, capturing
nuances that single modality systems might miss. By leveraging multiple data streams, these meth-
ods can detect subtle indicators of cognitive load, focus, or drowsiness, which are critical for timely
interventions in e-learning environments.

For instance, Li et al. [25] introduced a system that combines blink detection, yawn detection, and
head pose estimation for dynamic monitoring of engagement in real time. This approach allows the
system to adapt quickly to shifts in student focus, offering a highly responsive engagement assessment.
Similarly, Ucar and Ozdemir [26] used Local Binary Patterns (LBP) and head pose estimation, achiev-
ing a classification accuracy of 72.4%. Though straightforward, this system demonstrates the potential
of combining multiple visual cues for accurate, real-time monitoring of engagement levels.

Gupta et al. [8] advanced the field further by using deep learning models like VGG-19 and ResNet-
50, integrating facial emotion recognition with blink detection and head movement analysis to reach
an impressive 92.58% accuracy. This innovative combination of deep learning with multimodal in-
puts highlights the strengths of using advanced algorithms to capture complex engagement patterns.
Kawamura et al. [28] took a different approach by incorporating physiological data including heart rate
variability and seat pressure alongside facial recognition to detect signs of drowsiness. Their system
achieved high accuracy with an F1 score of 0.82, demonstrating the potential of multimodal analytics
to detect both physical and cognitive engagement states.

These studies illustrate how multimodal systems contribute to more nuanced and adaptive engage-
ment detection in online learning. By integrating diverse data sources, these methods offer richer
insights and a promising foundation for future developments in real-time, responsive e-learning envi-
ronments.

3. Datasets used in face-based engagement detection

Several datasets are widely used for training models in face-based engagement detection, spanning
different modalities like facial expression recognition, gaze tracking, fatigue detection, and multimodal
systems. Datasets such as FER-2013, CK+, JAFFE, and RAF-DB are frequently utilized for recogniz-
ing basic and com-pound emotions that reflect engagement and concentration levels in students. For
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more subtle emotional cues, CASME II and SAMM focus on micro-expressions, capturing brief facial
movements that indicate hidden emotions like frustration. In the domain of gaze tracking, GazeCap-
ture and MPIIGaze provide critical eye-tracking data, assessing where students direct their attention
during online sessions. Fatigue detection models benefit from the NTHU Drowsy Driver Detection
Dataset, which tracks signs of drowsiness such as eye closures and yawning. Lastly, multimodal en-
gagement systems often rely on datasets like DAISEE, which integrate facial expressions, gaze data,
and behavioral cues to offer a comprehensive view of student engagement. Table 1 presents dataset
details.

Table 1. Datasets used in face-based engagement detection.

Modality Dataset Size Classes
FER-2013 35 887 images Anger, Disgust, Fear, Happiness,
Sadness, Surprise, Neutral
. . CK+ 593 sequences
Facial Expression RAF-DB 30 000 images
CASME II 255 videos Micro-expressions like happiness,
surprise, disgust, fear
SAMM 159 videos
JAFFE 213 images Anger, Disgust, Fear, Happiness,
Sadness, Surprise
DAISEE 9068 video snippets Engagement, Boredom, Confu-
Gaze-Based Detection sion, Frustration
GazeCapture 2.5 million frames Gaze metrics
MPIIGaze 213659 images Gaze direction
Fatigue & Drowsiness De- NTHU Drowsy 18900 video se- Awake, Drowsy, Yawning, Blink-
tection Driver Detection quences ing

While publicly available datasets such as FER2013, AffectNet, and DAISEE provide a foundation for
engagement detection research, they often lack context-specific engagement labels, leading researchers
to develop custom datasets tailored for online learning environments. These datasets aim to bridge
the gap between emotion recognition and real-world engagement monitoring by capturing dynamic,
long-term engagement fluctuations in virtual classrooms.

Several studies have introduced custom datasets to address these limitations. Watanabe et al. [29]
(EnGauge dataset) collected engagement data from online meeting participants, labeling engagement
levels as high, middle, or low through a role-acting approach. Their deep learning model, based on
MobileNetV2, achieved 89.5% accuracy, demonstrating the feasibility of real-time engagement tracking
using webcam-based facial analysis. Similarly, Sassi et al. [30] developed a dataset that maps student
emotions to educational states using the Plutchik Wheel of Emotions, integrating self-assessment, tutor
evaluation, and Al-based classification to improve engagement monitoring. Their approach highlights
the need for more contextual emotion labels in engagement datasets.

Beyond static engagement classification, Abdellaoui et al. [31] proposed a dataset that tracks en-
gagement fluctuations over time. By employing Non-Negative Matrix Factorization (NMF) and Ran-
dom Walk Models, their study models how students transition between emotional states throughout
a learning session, offering predictive insights into disengagement patterns. This shift toward longi-
tudinal engagement tracking emphasizes the importance of temporal analysis rather than relying on
single-frame engagement snapshots.

Despite their advantages, custom datasets facing challenges related to generalizability, reproducibil-
ity, and privacy restrictions. Many remain institutionally restricted, limiting their use for benchmarking
engagement detection methods. However, with the rise of synthetic data generation, self-supervised
learning, and federated Al approaches, researchers are finding new ways to overcome data accessibility
challenges while preserving privacy.
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4. Models used for face-based engagement detection

Face-based engagement detection leverages a range of learning approaches to analyze facial expressions,
gaze direction, and physiological signals for accurate, real-time assessment of student engagement.
These models can be grouped based on the type of learning approach:

Machine learning techniques. Support Vector Machines (SVM) and k-nearest Neighbors (kNN)
are effective machine learning algorithms, particularly for smaller datasets where deep learning may
be impractical due to computational complexity. Ayvaz et al. [12] employed SVM and kNN to classify
emotions such as happiness and sadness, achieving 98.24% accuracy with SVM. These methods provide
an efficient, lower-complexity solution for emotion detection in e-learning contexts.

Deep learning techniques. Convolutional Neural Networks (CNNs) are among the most widely
used techniques for analyzing facial expressions due to their ability to effectively classify images. For
example, Bhardwaj et al. [6] and Lasri et al. [9] utilized CNNs to classify emotions like happiness
and sadness, achieving accuracies of 93.6% and 70%, respectively. Long Short-Term Memory (LSTM)
Networks are also used, especially in combination with CNNs, for tasks involving temporal data, such as
micro-expression detection. Hsia et al. [10] employed this hybrid approach to identify subtle emotions
like frustration and cognitive overload, each of which are critical for assessing student engagement in
real time.

Transfer learning models. Transfer learning allows researchers to leverage pre-trained models,
significantly reducing the time and computational resources needed to achieve high accuracy in en-
gagement detection. VGG-16, VGG-19, and ResNet-50 are commonly used architectures for transfer
learning in emotion analysis. Meriem Bouhlal et al. [7] used VGG-16 to achieve 86% accuracy in
concentration level detection, while Gupta et al. [27] combined VGG-19 with ResNet-50, resulting in
an accuracy of 93.11% for assessing cognitive states.

Hybrid and multimodal models. Hybrid models combine multiple deep learning techniques,
while multimodal systems integrate different data streams such as facial expressions, gaze tracking,
and physiological data to improve engagement detection accuracy. Gupta et al. [27] achieved 92.58%
accuracy by integrating multiple data streams using an ensemble of VGG-19 and ResNet-50. Kawa-
mura et al. [28] used a CatBoost classifier to combine facial data with physiological signals, achieving
F1 scores of 0.82 for drowsiness detection. These multimodal approaches provide richer insights by
simultaneously analyzing multiple aspects of student behavior.

Mathematical approaches for fa-
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Figure 2. Distribution of Techniques Used across Modeling
Approaches in Engagement Detection.

ness detection using these metrics along-
side models like ResNet-50. These ap-
proaches are computationally efficient and valuable for real-time engagement monitoring during ex-
tended learning sessions. Figures 2 and 3 show trends in the usage and performance of different model
types for engagement detection.

The analysis of modeling techniques shows different performance levels across categories. Machine
learning models such as SVM, Random Forest, and CatBoost deliver consistent accuracy, typically
between 85-93%. Deep learning models, including CNNs, including pre-trained CNNs like VGG-19
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and ResNet-50, vary in performance. CNNs range from 70-95% in accuracy, while pre-trained models
offer more stability (85-95%). Hybrid/ensemble models stand out with consistently high accuracy (94—
98%), emphasizing the benefit of combining methods for superior results. Mathematical approaches,
such as EAR/MAR calculations, often exceed 90% accuracy, especially effective for simpler tasks like
fatigue detection. Overall, hybrid and pre-trained deep learning models show the most potential, while
traditional machine learning models remain reliable for consistent results.
The study of student engagement
detection in online learning highlights
E_I_,:j i = a range of promising methods, each
= T = offering unique insights and capa-
@ — bilities. Facial expression analysis,
gaze tracking, fatigue detection, and
multimodal systems each contribute
valuable information about student
o behavior and cognitive state. To-
l gether, these methods underscore the
potential of engagement monitoring
while revealing important limitations

to consider as the field advances.
Figure 3. Performance Accuracy of Techniques in Student Facial expression analysis is one of
Engagement and Fatigue Detection.
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the most direct ways to interpret en-
gagement, as emotions like boredom, frustration, and happiness often correlate with a students’ level
of focus. High accuracies have been achieved in controlled settings with models trained on datasets
like FER2013 and CK+, where clear expressions are easier to capture and classify. However, relying
solely on facial expressions can present a partial view of engagement. Students may display neutral
expressions despite being highly engaged or, conversely, appear attentive while mentally disengaged.
Additionally, real-world variability such as differences in lighting or camera quality can reduce accuracy,
emphasizing the need for systems that are robust in diverse environments.

Gaze tracking adds another layer of understanding by directly monitoring where a students visual
attention is focused, providing real-time information on whether they are following the learning mate-
rial. Dedicated eye-tracking hardware offers precise data but is costly, making it challenging to scale.
Webcam-based gaze tracking, while more accessible, often lacks the precision needed to consistently
gauge attention, especially in varied settings where factors like lighting and camera position affect
performance. As such, while gaze data is valuable, it often serves best in combination with other
indicators to create a richer, more complete picture of engagement.

Monitoring fatigue and drowsiness provides yet another dimension, addressing a key factor that
can hinder sustained attention in online learning. Metrics like blinking rate and yawning frequency
are useful indicators of cognitive and physical exhaustion, helping identify when a student may need a
break to re-engage effectively. Although deep learning models trained on custom datasets show high
accuracy in detecting fatigue, their reliance on high-resolution video input and real-time processing
can be resource-intensive. Moreover, distinguishing between genuine tiredness and cognitive overload
remains a challenge, signaling an area for further refinement.

Multimodal detection systems integrate these various data streams facial expressions, gaze direc-
tion, and physiological cues to provide a more holistic view of engagement. By capturing a wider
range of behavioral and physiological signals, these systems achieve higher accuracy and offer nuanced
insights into both cognitive and physical aspects of engagement. However, this increased precision
comes with additional complexity and computational demands, which can limit their applicability in
large educational settings. The use of multimodal data also raises privacy concerns, as these systems
often require the collection of sensitive information that must be managed carefully to ensure ethical
standards.
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These findings reveal that while each method has strengths, their effectiveness often depends on
context. The most promising path forward may lie in developing models that are adaptable to real-
world variability, cost-effective, and respectful of students’ privacy as the continuous monitoring of
visual and physiological data necessitates transparent, secure datahandling practices.

5. Conclusion

This review highlights the growing importance of detecting student engagement in online learning envi-
ronments through facial expressions, gaze tracking, and fatigue detection, with multimodal approaches
proving particularly effective. While many systems achieve high accuracy, especially in controlled en-
vironments, challenges remain in deploying these solutions at scale in real-world settings. Issues such
as variability in lighting, camera quality, and student behavior complicate the generalization of models
trained on standard datasets. Additionally, concerns about privacy and the technical requirements for
multimodal systems pose barriers to widespread adoption. To move forward, future research should
focus on developing models that are more robust to environmental factors and require fewer compu-
tational resources, ensuring that these systems can be used in diverse e-learning settings. Overall,
facial feature-based engagement detection offers a promising avenue for enhancing online education,
but continued innovation and refinement are necessary in real-world applications.
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MeTtoaun BusaBneHHs B3aeEmMofii Ha OCHOBI 00NM44Aa: ornsapg

Kap6au 1., Caesnn H., Yaxa6i C.

Daxyasvmem npupodnuvux wayk, Ynisepcumem Xacawa II y Kacabaaruyi, Kacabaarxa, Mapokko

Busassienns 3asydeHocTi CTy/IeHTIB B OHJIAIH-HABYAJIBHUX CEPEIOBUINAX CTAE N1l BaXK-
JIMBIMIAM i3 IMUPOKUM BIIPOBA/ZKEHHAM ILJIATMOPM €JIeKTPOHHOTO HABYAHHS. Y IIilf cTaTTi
PO3IISAIAIOTHCS CYyYaCHI MiJIXO/IH 10 MOHITOPHUHTY 3aJIy9€HOCT1 CTYIEHTiB Ha OCHOBI MiMiKH,
BiJICTEXKEHHS TIOTJISITy, BUSBJIEHHSI BTOMI Ta COHJIUBOCTI, & TAKOXK MYJIHTAMOIAJBHUX CH-
creM. AHAZYI0YM MIMIKY, CHCTEMHU MOXKYTb BUSBJIATH €MOI#HI CTaHu, Taki sK MIACTs,
po3dapyBaHHS Ta Hy/[bla, IPOMOHYIOYN BUKJIAJAYaM 3BOPDOTHUU 3B'SI30K Y PEXKHUMI pe-
aJIBHOTO 4acy. BilcTeKeHHs MOTUIALy 1a€ yABJIEHHS IIPO 30CEPEIKEHICTh CTYIAEHTIB, X04a
Taki nmpobJieMu, K BapTiCTh 00JIaIHAHHS Ta YMOBHU OCBITJIEHHH, BIJINBAIOTH HA fOro TOY-
HicTb. BusgBieHHa BTOMH Ta COHJIMBOCTI 3a JOIMOMOTOI0 AHAJI3Y MOPTaHHS Ta MO3IXaHHSI
JIOIIOMATra€ BUSBUTH KOTHITUBHE IMEPEBAHTAXKEHHsI, TOJIl K MYJIbTUMOAJIbHI CUCTEMH, IO
[IOEIHYIOTH JIaHi PO 00IMYYst, TIOBEMIHKY Ta (iziosorivni maHi, TpOOHYIOTH OiIBIIT TOBHY
KapTuHy 3aayderocti. Ileit oruism migKpec/ioe MOTeH A TX METO/IiB, BOIHOYAC PO3TJIs-
Jai09u oTpedy B OLIBINT HAAIHUX, MACIHITADOBAHMX Ta KOHMIMEHIIMHUX CHCTEMAaX s
MOHITOPHHTY 3aJIy4€HOCTI B PEXKUMIi PeasIbHOTO Yacy B PI3HUX KOHTEKCTaX eJIEKTPOHHOTO
HABYAHHS.

Knwouosi cnoBa: wmimixa; eidcmesicenna noeandy; COHAUBICMD; GUABAEHHA GIMOMU,;
MYALMUMOOAALHE NIOTOOU.
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