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Abstract—

The shift to online learning has made it difficult for teachers to monitor student engagement during virtual classes. Without face-to-face interaction,
instructors are often unaware of whether students are actively paying attention or have lost interest. This gap in awareness can hurt the overall leaming
experience and reduce the quality of education delivered online.

This project proposes an Al-based systemfor automatically detecting student engagement during online learning sessions. The system uses a Convolutional
Neural Network (CNN) trained on the FER2013 facial expression dataset to analyze students' facial expressions from live video feeds during platforims
such as Google Meet and Zoom. It detects faces using OpenCV's Haar Cascade classifier and classifies engagement into five levels: Distracted, Low
Engagement, Moderate Engagement, Engaged, and Highly Engaged.

The results are displayed in real time with colour-coded labels on the teacher's screen, helping instructors easily identify student attertion levels. A session
summary report is also generated at the end of each class. This system supports teachers in improving interaction and effectiveness in online leaming
environments by providing actionable feedback about class participation.

Key technologies used in this project include Python, OpenCV for face detection, and a browser extension integrated with video conferencing tools. The
proposed systemachieves an accuracy of approximately 85% on standard facial expression benchmarks, making ita reliable tool for real-time classroom
engagement monitoring.
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l. INTRODUCTION

The world of education changed dramatically when online learning became a necessity, especially after the COVID-19 pandemic
forced schools and universities to shift from physical classrooms to digital platforms like Google Meet, Microsoft Teams, and Zoom.
While online learning brought flexibility and accessibility, it also introduced a major challenge for teachers: they lost the ability to
easily observe whether their students were paying attention or feeling disengaged.

In a traditional classroom, a teacher can instantly notice if a student is distracted, confused, or bored — simply by looking at their
face, body language, or eye contact. However, in a virtual class with dozens of small video thumbnails, this becomes nearly
impossible. Many students keep their cameras off, and even when cameras are on, manually observing each student is exhausting
and unreliable.

This is where Artificial Intelligence (Al) can play a powerful role. By automatically analyzing students' facial expressions through
their webcam video feeds, Al can classify how engaged each student is — and provide the teacher with real-time alerts and
summaries. This project builds exactly such a system.

1. LITERATURE SURVEY

Several research works have been carried out in the field of student engagement detection using Artificial Intelligence and Deep
Learning techniques. The following literature review discusses important existing approaches, methodologies, datasets used, and
their limitations.

Automatic Detection of Student’s Engage ment During Online Learning (2024)

This research proposes an automated system to detect student engagement during online learning sessions using Bagging Ensembl e
Deep Learning techniques. The study combines Convolutional Neural Networks (CNN), ResNet, and hybrid models to improve
prediction accuracy. The model was trained and tested using the DAISEE dataset and achieved an accuracy of 94.25%. Although
the model provides high accuracy, it requires high computational power and mainly depends on video data, which may limit its
practical usage in low-resource environments.

Student Engage ment Detection in Classroom using Deep CNN (2023)

This paper presents a CNN-based approach to detect student engagement in physical classroom environments using video data. The
system focuses on analyzing facial expressions to determine whether students are attentive or distracted. The model achieved good
accuracy when tested on classroom video datasets. However, the main limitation of this approach is that it is designed for traditional
classroom environments and may not generalize well to online learning platforms such as Zoom or Google Meet.

In-class Stude nt Emotion and Engage ment Detection System (iSEEDS) (2023)

The ISEEDS system introduces an Al-based responsive teaching framework that detects both student emotions and engagement
levels. This approachaims to help teachers adapt teaching strategies based on student reactions in real time. The system uses a small-
scale classroom dataset and evaluates performance using accuracy metrics. A limitation of this work is that the dataset size is
relatively small, which may affect the reliability and scalability of the model when applied to larger and more diverse environments.

Multimodal Engagement Detection using Facial and Speech Features (2023)

This research focuses on multimodal engagement detection by combining facial expressions and speech features. The systemapplies
transfer learning techniques using pre-trained models such as VGG16 and EfficientNet to improve prediction performance. The
model was trained using a custom online classroom dataset and achieved good accuracy. However, the system requires high-quality
video input for effective performance, which may not always be available in real-world online learning scenarios.

Student’s Engagement Level Detection in Online e-Learning (2022)

This study proposes a hybrid deep learning approach using EfficientNetB7 combined with Temporal Convolutional Networks
(TCN), Long Short-Term Memory (LSTM), and Bi-directional LSTM models to detect student engagement levels inonline learning
environments. The model achieved high accuracy using an online e-learning dataset. However, the complex architecture requires
high computational power, making it difficult to implement in systems with limited hardware resources.

1. PROPOSED METHODOLOGY
1.Face Detection Module

Using OpenCV's Haar Cascade Classifier or the DNN-based face detector, the system captures and identifies student faces from
their live webcam video streams. The system is designed to handle multiple faces simultaneously, making it suitable for scenarios
where students share a room or have family members visible on camera.
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2.CNN-Based Facial Expression Recognition

A Convolutional Neural Network (CNN) trained on the FER2013 dataset is used to classify each detected face into one of seven
basic emotions: angry, disgust, fear, happy, sad, surprise, and neutral. These emotions are then mapped to engagement levels:
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3.Real-Time Dashboard

The system overlays colour-coded engagement labels on each student's video thumbnail on the teacher's screen. Teachers can see at
a glance which students are engaged and which may need attention. The dashboard updates every few seconds to reflect changes in
engagement.

4. Session Summary Report
After the class, the system generates a report showing each student's average engagement level throughout the session, includ ing
graphs and statistics. This helps teachers identify patterns and make informed adjustments to their teaching approach.

5.System Architecture
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In the Data Layer, the system uses the FER2013 dataset, which contains facial expression images. These images are preprocessed
by resizing, normalizing pixel values, applying data augmentation, and splitti ng them into training and testing sets to i mprove model
performance.

In the Training Pipeline, a Convolutional Neural Network (CNN) model is built and trained using the processed dataset. The model
learns to recognize facial expressions such as happy, sad, angry, neutral, and surprise. After training, the model is evaluated using
accuracy and confusion matrix, and the trained model is saved for real-time use.

In the Application Layer, live video input is captured from webcams or online class platforms like Google Meet and Zoom. OpenCV
detects student faces, preprocesses them, and sends them to the trained CNN model. The model predicts emotions, which are the n
converted into engagement levels such as Engaged, Distracted, or Highly Engaged. Finally, the results are displayed on the teacher’s
dashboard using colour-coded labels for easy monitoring.

v. RESULT AND DISCUSSION
The proposed project, Automatic Detection of Student’s Engage ment During Online Learning, was successfully implemented

and tested using real-time video feeds from online class platforms such as Google Meet and Zoom. The system achieved its main
objective of automatically detecting student engagement levels using facial expression analysis and deep learning techniques.
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The system integrates OpenCV for face detection and a Convolutional Neural Network (CNN) trained on the FER2013 dataset
for emotion recognition. Student faces were captured from live video streams, processed in real time, and classified into five
engagement levels: Distracted, Low Engagement, Moderate Engagement, Engaged, and Highly Engaged. These engagement levels
were displayed using colour-coded labels on the teacher’s dashboard for easy monitoring.

During testing, the system showed good performance in detecting faces under normal lighting conditions and was able to handle
multiple student video feeds simultaneously. The CNN model achieved approximately 85% accuracy, making it reliable for practi cal
classroom monitoring. Teachers were able to observe student attention levels without interrupting the class, and the session summary
report provided useful post-class analytics such as average engagement score, distracted duration, and dominant emotional state.
The system was found to be efficient, scalable, and user-friendly. It reduces the burden of manual observation and provides real-
time feedback that helps teachers improve teaching strategies instantly. Unlike traditional attendance-based monitoring, this system
provides continuous engagement analysis throughout the class session.

Overall, the project demonstrates how Avrtificial Intelligence and Computer Vision can significantly improve online education by
making student engagement monitoring more accurate, automated, and effective.
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A.Real-Time Face Detection and Student Identification

The first stage of the system focuses on capturing live classroom video and detecting student faces using OpenCV Haar Cascade
Classifier. The system successfully identified faces from student video tiles during Google Meet and Zoom sessions. Multiple faces
were detected simultaneously, making the system suitable for large online classrooms.

The detected faces were marked using bounding boxes, and the system continuously updated face positions as students moved or
changed posture. This real-time detection ensures that engagement analysis is performed only on valid facial regions, improving
overall system accuracy and reliability.

The module worked effectively under normal webcam quality and standard lighting conditions, though performance slightly reduced
under poor lighting or partial face visibility.

B. Student Engage ment Classification Dashboard
The teacher dashboard displays real-time student engagement levels using colour-coded labels. After face detection, the CNN model
predicts facial expressions and maps them into five engagement categories: Distracted, Low, Moderate, Engaged, and Highly

Engaged.

Each student video tile is overlaid with labels such as:
. Red — Distracted

. Orange — Low Engagement

. Yellow — Moderate Engagement

. Light Green — Engaged

. Dark Green — Highly Engaged

This visual representation helps teachers quickly identify inattentive students without manually observing every video tile. The
dashboard updates every few seconds, providing continuous live feedback during the class session.

C. CNN-Based Emotion Recognition Results

The Convolutional Neural Network was trained using the FER2013 facial expression dataset, which contains facial images classified
into seven emotions: Happy, Sad, Angry, Fear, Neutral, Surprise, and Disgust.

The trained CNN successfully recognized emotional patterns and mapped them into meaningful engagement levels. For example:

. Happy and Surprise — Highly Engaged
. Neutral — Engaged

. Sad and Fear — Low Engagement

. Angry and Disgust — Distracted

The model showed stable prediction performance and achieved nearly 85% classification accuracy, which is sufficient for real -time
educational monitoring systems. Data augmentation and dropout layers helped improve generalization and reduce overfitting.

D. System Performance and Discussion
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The system performed efficiently during testing and required only a standard webcam and laptop, making it highly cost-effective

and practical for educational institutions. No expensive eye-tracking hardware or special sensors were required.
The major advantages observed include:
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. Fully automated monitoring

. Real-time analysis without interrupting lessons

. Support for multiple students simultaneously

. Accurate engagement classification

. Easy integration with existing online learning platforms

Some minor limitations include reduced accuracy in poor lighting conditions and difficulty when students turn away fromthe camera
for long periods. These limitations can be improved in future versions using advanced face tracking and multimodal analysis such
as voice and gesture recognition.

Overall, the proposed system successfully meets its intended objectives and provides a reliable Al-based solution for improving
online learning effectiveness.

V. CONCLUSION

This project successfully developed and demonstrated an Al-based system for automatically detecting student engagement during
online learning sessions. The system addresses a real and growing challenge in the field of online education, where teachers struggle
to monitor student attention without the physical cues available in traditional classrooms.

By leveraging the power of Convolutional Neural Networks trained on the FER2013 facial expression dataset, along with OpenCV-
based face detection, the system is able to classify student engagement into five meaningful levels in real time. The colour-coded
dashboard provides teachers with immediate visual feedback, enabling them to identify disengaged students and intervene before
they fall too far behind.

The system was tested in both controlled and simulated real-world conditions. The CNN model achieved a training accuracy of 88.4%
and a validation accuracy of 84.7% on the FER2013 dataset. In system-level testing with human volunteers, the end-to-end
engagement classification accuracy was approximately 83%, meeting the target threshold defined in the requirements.

Key achievements of this project include:

. A fully functional real-time engagement detection pipeline built using Python, TensorFlow, Keras, and OpenCV.
. A teacher-friendly monitoring dashboard that requires no technical expertise to operate.

. A session summary report that provides actionable insights for improving teaching strategies.

. A system that works with standard hardware (webcam and laptop) without requiring any specialized equipment.

. Integration compatibility with Google Meet and Zoom through screen capture and browser extension approaches.

The project demonstrates that Al-powered tools can meaningfully improve the online education experience, making it more
interactive, data-driven, and teacher-empowering. As online and hybrid learning models continue to grow in adoption globally,
systems like this one will play an increasingly important role in maintaining educational quality.

Some limitations were also identified. The face detection accuracy decreases under poor lighting conditions and very low webcam
resolutions. Privacy concerns related to continuous facial monitoring must be carefully managed through proper disclosure and
consent mechanisms. Future work will focus on addressing these limitations as described in the following chapter.

VI. FUTURE SCOPE

The current system provides a good base for detecting student engagement using Al. In the future, the system can be improved to
make it more accurate, flexible, and suitable for large-scale use.

1. Multi-Modal Engagement Detection

Currently, the system uses only facial expressions. Future versions can also include head movement, eye gaze, voice participation,
and keyboard/mouse activity. Combining multiple factors can improve engagement prediction accuracy.
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2. Improved Deep Learning Models
More advanced deep learning models such as EfficientNet or Vision Transformers can be used to improve accuracy, especially in
difficult conditions like low lighting or different face angles.

3. Student Personalization
Each student has different natural facial expressions. The system can learn individual behaviour patterns over time and adjust
predictions accordingly, reducing incorrect results.

4. Cloud Deployment
The system can be deployed on cloud platforms to support large numbers of students. This will allow storage of engagement reports
and access fromany location.

5. LMS Integration
The system can be integrated with Learning Management Systems like Moodle or Google Classroom to combine engagement data
with academic performance for better analysis.

6. Mobile Application
A mobile app can be developed for teachers to monitor engagement in real time and receive alerts when students appear distracted.

7. Privacy Protection
Privacy can be improved using techniques like Federated Learning, where data is processed on the student’s device and only
engagement results are shared, without sending video data.
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