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ABSTRACT

Student engagement is a critical factor influencing learning outcomes, but traditional methods of
assessing engagement (manual observation, surveys) often lack consistency and real-time accuracy.
This paper presents an Al-based system for monitoring student engagement in classrooms using
computer vision techniques. By employing facial recognition, emotion detection, and posture analysis,
the system offers an objective and automated solution to track engagement levels in real-time. The
performance of the system is evaluated against manual observation methods, highlighting
improvements in precision, recall, and processing speed. The study demonstrates that computer vision
can significantly enhance classroom management and provide actionable insights to educators.

Keywords: Student Engagement, Computer Vision, Al, Real-Time Monitoring, Emotion Detection,
Classroom Management, Facial Recognition, Posture Analysis

1. Introduction

Student engagement has long been recognized as a key predictor of academic success [1]. Engaged
students exhibit higher levels of motivation, participation, and learning outcomes. However, assessing
engagement has traditionally relied on subjective methods such as teacher observations and student
surveys. These methods are not only inconsistent but also fail to provide real-time insights into student
behavior. With the rise of Al and computer vision, more objective and scalable methods have emerged
for tracking student engagement.

The application of computer vision techniques, including facial recognition, emotion detection, and
posture analysis, can provide continuous and real-time feedback on student engagement. This paper
explores how such Al-powered systems can be integrated into classrooms to monitor student behaviors
and provide more accurate, timely data to enhance teaching and classroom management.

2. Detailed Writing and Analysis

2.1. Importance of Student Engagement

The impact of student engagement on academic performance is well-documented in educational
psychology. Engaged students tend to absorb and retain information more effectively, leading to better
academic results [2]. In contrast, disengaged students exhibit behaviors such as inattention, distraction,
and apathy, which can result in lower academic achievement and behavioral issues [3]. Traditional
methods, including manual observation by teachers, are limited in their ability to provide real-time,
accurate data about student engagement levels across an entire class.

While teacher observations can be insightful, they are subjective and may overlook subtle signs of
disengagement. Surveys and questionnaires are also limited in that they only capture engagement after
the fact, rather than providing continuous monitoring during the learning process. Therefore, there is
a pressing need for automated, real-time methods to assess engagement consistently and accurately.
2.2. Computer Vision Techniques for Engagement Monitoring

Computer vision is a promising technology that can address the limitations of traditional engagement
tracking methods. By analyzing visual cues such as facial expressions, body posture, and eye contact,
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computer vision systems can detect and measure student engagement in real time. The following

techniques are employed to track engagement:

« Facial Recognition: Facial recognition technology identifies students in video footage, allowing

the system to analyze facial features and determine emotions associated with engagement levels.
Al models such as dlib and OpenCV are used for face detection and tracking in real-time [4], [5].

« Emotion Detection: Emotion detection involves classifying facial expressions into categories
such as happiness, sadness, anger, or surprise. These emotions are closely linked to student
engagement. A positive emotion such as happiness may indicate engagement, while frustration or
boredom signals disengagement. Convolutional Neural Networks (CNNs) are often employed to
classify emotions from facial landmarks [6].

o Posture Analysis: Posture analysis tracks students' body movements and orientation. Engaged
students typically sit upright and face forward, while disengaged students may exhibit slouched
posture or distracted body movements. Tools like OpenPose [7] enable the detection of key body
points and tracking of posture in real time.

2.3. Al Integration for Real-Time Engagement Tracking

The integration of Al allows for the real-time analysis of classroom footage. The system processes

video frames, detects faces and postures, and identifies emotional expressions to generate engagement

scores. These scores are updated dynamically, allowing educators to monitor engagement
continuously. The workflow of the system is as follows:

1. Data Collection: Classroom video footage is collected using cameras placed in strategic positions
to monitor all students.

2. Face Detection and Emotion Recognition: Al models detect faces and analyze expressions for
emotional states. Emotions such as happiness, interest, or confusion are associated with varying
engagement levels.

3. Posture Detection: Al models track body movement, identifying posture indicators of student
engagement.

4. Engagement Scoring: The engagement score is calculated by combining facial expressions,
posture, and other engagement metrics to generate a comprehensive assessment of each student's
level of engagement.

3. Experiments and Results

3.1. Dataset

The dataset used for the experiments consists of classroom video footage obtained from multiple

lecture sessions. Each video was annotated with engagement labels that indicated whether a student

was engaged or disengaged based on observable behaviors, such as facial expressions and body

posture. The videos were divided into training and test sets to train and evaluate the Al system.

3.2. Methodology

The following steps outline the methodology employed for engagement monitoring:

1. Video Capture: The classroom video was recorded using cameras placed to cover all students.

2. Preprocessing: The recorded video was preprocessed to remove background noise and focus on
student faces and bodies. Techniques like background subtraction were used to enhance feature
extraction.

3. Face Detection: dlib and OpenCV were employed to detect student faces within the video frames
[4], [5]

4. Emotion Recognition: Pre-trained CNN models were used to classify facial expressions into
emotions such as happiness, surprise, and frustration [6].

5. Posture Detection: OpenPose was utilized to detect key body points and assess posture for each
student [7].

6. Engagement Scoring: Based on the detected features (face, emotion, and posture), engagement
scores were calculated, indicating the level of student engagement.
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3.3. Performance Evaluation

The Al system's performance was evaluated by comparing it against manual observation. The
performance metrics used in the evaluation included precision, recall, and processing time per
frame. The results are summarized in the following table:

Metric Al-Based System Manual Observation
Precision (%) 89 85
Recall (%) 85 80
Processing Time (sec) 5 N/A

e Precision: The Al-based system demonstrated superior precision compared to manual
observation, with a higher percentage of correctly identified engaged students (89%) versus
manual observation (85%). This indicates that the Al system is more effective at avoiding false
positives—incorrectly labeling disengaged students as engaged.

o Recall: The Al system achieved a recall rate of 85%, higher than manual observation at 80%. This
means the Al system was better at identifying disengaged students, reducing the chances of false
negatives (i.e., failing to detect disengaged students).

e Processing Time: The Al system processes each frame in approximately 5 seconds, enabling real-
time analysis of student engagement. In contrast, manual observation does not have a defined
processing time but would likely take much longer to observe and assess engagement for each
student.

3.4. Analysis
The Al-based system's ability to achieve high precision and recall while processing data in real-time
demonstrates its effectiveness in monitoring student engagement. The system’s efficiency in
processing video frames quickly allows for immediate feedback, enabling teachers to identify
disengaged students and intervene promptly. This is a significant advantage over traditional methods,
which can only offer a snapshot of engagement at a particular moment and require substantial human
resources.

The improved recall and precision rates show that the Al system is particularly strong at minimizing

false negatives and false positives, both critical for maintaining an accurate understanding of

engagement levels. The faster processing time also allows for better scalability in larger classrooms,
where manual observation becomes increasingly impractical.

Despite the promising results, challenges remain. The system’s ability to detect emotions and posture

can be affected by factors such as lighting conditions, camera angles, and student diversity. Future

research will focus on improving the robustness of emotion detection under varying conditions and
refining posture analysis to account for more subtle body movements that may indicate engagement.

4. Conclusion

This study demonstrates the potential of computer vision and Al in revolutionizing the way student
engagement is monitored in classrooms. The Al-based system outperformed traditional manual
observation methods in terms of precision, recall, and processing time, offering educators a more
accurate and efficient tool for tracking engagement in real time.

Future research directions include expanding the system’s capabilities to handle larger classrooms,
incorporating additional engagement metrics such as speech analysis, and enhancing the system's
ability to adapt to different classroom environments and student demographics. By integrating such
systems, educational institutions can foster more interactive and responsive learning environments.
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