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Abstract: -

In the rapidly evolving landscape of digital education,
sustaining authentic student engagement in online classrooms
remains a critical challenge. This research proposes a
Realtime Online Class Engagement and Monitoring System
that transcends traditional attendance or attention-tracking
tools by integrating multimodal analytics, affective computing,
and adaptive feedback mechanisms. The system utilizes a
combination of webcam-based emotion recognition, eye-gaze
tracking, voice activity analysis, and interactive behavioural
metrics to measure student engagement dynamically during
live sessions. Unlike conventional systems that merely detect
presence, the proposed model interprets cognitive attention
patterns and emotional states to generate personalized
engagement scores in real time.

1. Introduction: -

The transformation of education from traditional classrooms
to virtual environments has introduced both opportunities and
complexities in teaching and learning dynamics. The recent
acceleration of digital learning—driven by global connectivity,
technological advancement, and unexpected societal
disruptions—has redefined how knowledge is delivered and
experienced. However, despite its accessibility and scalability,
online education continues to struggle with one persistent
issue: the invisibility of engagement. In physical classrooms,
instructors can intuitively sense attention through body
language, facial expressions, and participation cues. In virtual
classrooms, these subtle signals often fade behind muted
microphones and switched-off cameras, leaving educators
uncertain about student involvement and comprehension.

The Realtime Online Class Engagement and Monitoring
System emerges as a response to this invisible gap in virtual
learning. Unlike conventional e-learning analytics platforms
that focus mainly on attendance logs, quiz scores, or activity
timestamps, this system aims to capture the Auman layer of
learning—real-time emotion, attention, and interaction quality.
It introduces a data-driven framework that observes
behavioural signals such as facial expressions, gaze direction,
speech tone, and on-screen activity, interpreting them through
intelligent algorithms to estimate engagement depth
dynamically.

The innovation of this system lies not merely in its ability to
monitor, but in its capacity to adapt and respond. By
integrating real-time engagement analytics with adaptive

instructional feedback, it transforms passive monitoring into
an interactive pedagogical support system. For instance, when
collective engagement levels drop, the system can prompt
instructors to adjust their teaching pace or initiate collaborative
activities. In this sense, the proposed model serves as a bridge
between technological observation and human-centred
learning design.

Moreover, the research emphasizes the ethical dimension of
monitoring technologies. Rather than enforcing surveillance, it
advocates for consensual and transparent engagement
tracking—where students are informed participants in the
feedback ecosystem

In a digital era where attention is fragmented and learning
often occurs behind screens, the Realtime Online Class
Engagement and Monitoring System reimagines online
education as a living, responsive, and emotionally intelligent
space.

2. Literature Review: -

The emergence of online learning platforms has reshaped the
educational landscape, introducing new opportunities and
challenges in maintaining student engagement. Traditional
classroom engagement relies heavily on physical presence and
nonverbal cues, but in virtual environments, such cues are
often lost. Therefore, researchers have increasingly focused on
leveraging machine learning (ML) and artificial intelligence
(AD) to bridge this gap through automated engagement
monitoring systems.

Early research in this domain primarily centred on facial
expression recognition (FER), utilizing handcrafted features
such as Local Binary Patterns (LBP) and Histogram of
Oriented Gradients (HOGQG) to identify basic emotional states.
However, these approaches were limited by low adaptability
to real-world conditions such as varied lighting and diverse
facial structures. With the rise of deep learning,
Convolutional Neural Networks (CNNs) and hybrid models
have drastically improved recognition accuracy, enabling real-
time engagement estimation with reduced human supervision.

2.1 Integration of Cognitive and Behavioural
Metrics:

Unlike prior studies that rely solely on emotional states, this
review emphasizes combining cognitive indicators (e.g., gaze
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focus and head orientation) with behavioural data (e.g.,
interaction frequency, idle time) for a more accurate
engagement assessment.

2.2 Lightweight
Framework:

Real-Time Processing

Many existing models require high computational resources.
This research introduces a scalable, lightweight architecture
capable of running on standard personal computers without
GPU dependency, ensuring accessibility for diverse
educational institutions.

2.3 Context-Aware Adaptive Feedback Loop:

The proposed system incorporates an intelligent feedback
mechanism that allows teachers to adapt their instruction in
real time, bridging the gap between engagement detection and
pedagogical response.

2.4 Privacy-Preserving Data Collection Methods:

To address ethical and legal challenges, this study proposes on-
device data processing and anonymized feature extraction
techniques to prevent sensitive biometric data from being
transmitted or stored externally.

2.5 Research Gap

. Lack of Unified Multimodal Frameworks:

. Limited Real-Time Adaptability

. Inadequate Privacy and Ethical Safeguards
. Low Scalability for Large-Class
Environments

. Insufficient Context Awareness

3. Proposed Methodology: -

The proposed system is designed to monitor and analyse
student engagement in real-time online classes by
integrating Convolutional Neural Networks (CNNs) for
spatial feature extraction and the K-Nearest Neighbours
(KNN) algorithm for engagement classification. CNNs are
used to extract high-level visual features from student facial
expressions and postures, while KNN performs classification
based on feature similarity to determine the engagement level
(high, medium, or low).

This hybrid CNN-KNN framework offers a balance between
deep feature extraction and efficient, interpretable
classification, making it suitable for real-time applications in
online education systems.

3.1 System Overview

The proposed system consists of five key components in a
sequential pipeline:

3.1.1 Data Acquisition and Preprocessing.

3.1.2 Feature Extraction using CNN
Backbone.

3.1.3 Temporal Behaviour Modelling via
LSTM-Network.

3.1.4 Engagement Level Classification
using Fully-Connected-Layers.

3.1.5 Real-Time Visualization and
Instructor Feedback Dashboard.

The system operates by capturing live video feeds of students,
detecting and aligning their faces, and extracting engagement-
related features using CNNs. These extracted feature vectors
are then classified using KNN based on their Euclidean or
cosine distances from labelled samples in the training dataset.
Finally, engagement levels are displayed in a real-time
dashboard for instructor analysis.

3.2 Data Preprocessing

Before feeding the data into the CNN-KNN model, several
preprocessing steps are applied to ensure consistency and
robustness:

3.2.1 Face Detection and Extraction

The Retina-Face or MTCNN algorithm detects facial regions
from each video frame, isolating the area of interest for
engagement estimation.

3.2.2 Face Alignment

Facial landmarks (eyes, nose, and mouth) are used for
geometric alignment, minimizing pose and scale variations
across frames.

3.2.3 Frame Sampling

To optimize computation, 5—10 frames per second are sampled
from each video stream, representing meaningful engagement
states over time.

3.2.4 Normalization and Augmentation

Each face crop is resized to 224x224 pixels, normalized to
[0,1], and augmented with random rotations, brightness
changes, and horizontal flips to enhance generalization.

3.2.5 Behavioural Data Synchronization

Keystroke dynamics, mouse movements, and chat interactions
are recorded and synchronized with visual data to strengthen
engagement analysis.

3.3 CNN-KNN Model Architecture

The hybrid CNN-KNN model combines the deep learning
capabilities of CNNs with the instance-based learning
nature of KNN for a robust and interpretable engagement
recognition system.

3.3.1 CNN Component

A pre-trained MobileNetV3 model is used to extract
meaningful  spatial  features  from  facial-images.
The CNN converts each input frame I;into a high-dimensional
feature vector F,as:

Fy = fo(Ip)

where fgrepresents the CNN feature extraction function
parameterized by weights-6.
Each feature vector F, € R%encodes emotion, gaze, and facial
orientation information.
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The overall feature matrix for a video segment of Tframes is:

F = [Fl’ Fz, ""FT]

3.3.2 Feature Vector Aggregation and
Normalization

To represent each student’s engagement state, the mean feature
embedding is computed as:

The aggregated vector Fis normalized using L2
normalization to ensure scale invariance:

F

F=—
[1F [l

This normalized vector Fis then used as input to the KNN
classifier.

3.3.3 KNN Component

The K-Nearest Neighbours (KNN) algorithm classifies the
engagement level by comparing the input feature vector Fto
stored labeled vectors from the training dataset.
For each test sample x, the Euclidean distance to each training
sample x;is computed as:

D(x,x;) =

n
Z. (X] — xij)z
j=1

The KNN classifier then identifies the K closest samples and
determines the engagement label yby majority voting:

y = mode{yy, Y3, -, Yk}

Optionally, distance-weighted voting can be applied:

1

K
y = al‘gmaXCZ-Wi . 1(yl = C)WheI'CWi = m

i=1
Here, €is a small constant to prevent division by zero.
3.3.4 Classification Layer and Output

The KNN classifier outputs one of three engagement levels
based on proximity to labelled samples:

E(x) € {High, Medium, Low}

This engagement score is updated continuously during the
session, with the system maintaining a running average over
time to stabilize predictions.

3.4 Training and Optimization Strategy

Although KNN is a non-parametric model (no gradient-based
training), the CNN backbone is fine-tuned on the engagement
dataset using supervised learning.

. Loss Function: Categorical Cross-Entropy
. Optimizer: Adam optimizer with learning
rate = 0.0001

. Regularization: Dropout (0.5) and weight

decay (le-4)

. Batch Size and Epochs: 32 frames per
batch, 100 epochs

. Early Stopping: Based on validation
accuracy to prevent overfitting

After CNN training, extracted features are used to train and
evaluate the KNN classifier with optimal values of K
(typically 3-7) determined through cross-validation.

3.5 Validation and Evaluation

To ensure reliability and generalizability, the following
validation strategies are applied:

) Cross-Validation: 5-fold K-cross
validation for robust model evaluation.

. Platform Testing: Model tested on multiple
online platforms (Zoom, Microsoft Teams, Google
Meet) for performance consistency.

. Performance Metrics:
o Accuracy (ACC)
o Precision (P)
o Recall (R)
o F1-Score (F1)
o Mean Engagement Error (MEE)
N
1 _
MEE:NZ' | E;—E, |
=1
. Latency Measurement: Ensures end-to-
end processing time < 300 Ms per frame for real-time
deployment.

3.6 Benefits of the Proposed Framework

e Hybrid Deep Learning + Traditional ML: Combines
CNN’’s feature learning with KNN’s simplicity and
interpretability.

¢ Real-Time Operation: Capable of low-latency inference
suitable for live class sessions.
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¢ No Need for Extensive Training Data: KNN can adapt
quickly with minimal retraining.

¢ Explainable Classification: KNN’s distance-based
decision process allows interpretable engagement results.

e Scalability and Flexibility: Easily integrated into existing
online learning platforms with minimal hardware
requirements.

¢ Privacy-Respecting Implementation: All data processing
can be done on-device to prevent external data exposure.

4. Experimental Setup and Evaluation: -

This section presents the complete experimental design used
to validate the proposed hybrid CNN-KNN-based real-time
online class engagement monitoring system. The setup
includes dataset selection, hardware and software
configuration, model implementation, evaluation protocols,
and performance metrics. These configurations ensure that the
model can operate effectively in real-world online learning
environments while maintaining computational efficiency and
accuracy.

4.1 Dataset Description

To achieve high generalizability and robustness, two public
benchmark datasets and one custom-collected dataset are
employed for training and validation.

A. DAISEE Dataset

The DAISEE (Dataset for Affective States in E-
Environments) dataset is used to analyse engagement,
boredom, and confusion levels in real-world e-learning
contexts. It contains over 9,000 video clips from 112
participants, annotated across four engagement levels — high,
medium, low, and disengaged. Each clip lasts 10—15 seconds,
offering sufficient temporal variation to model engagement
dynamics.

B. Affect-Net Dataset

The Affect-Net dataset is used for pretraining the CNN
backbone to extract emotional cues from facial expressions. It
contains over 1 million labelled facial images across eight
primary emotional states (e.g., happy, sad, neutral, surprised).
This aids the CNN in learning rich facial features that
contribute to engagement recognition.

C. Custom Classroom Dataset

A self-collected dataset comprising video samples from real
online sessions (Zoom/Meet) is included to test the system’s
adaptability. The dataset is annotated manually into three
engagement levels — active, neutral, and inactive, using
frame-based observation and student behaviour cues such as
eye contact, posture, and movement.

D. Data Partitioning
All datasets are partitioned using an 80-10-10 split:
. 80% for training

° 10% for validation

. 10% for testing

Balanced sampling ensures equal distribution of engagement
levels across each subset.

4.2 Computational Environment
Hardware Configuration

The experimental model is developed and tested on a mid-
range computational setup designed for lightweight real-time
inference.

PARAMETER SPECIFICATION
CPU Intel Core i5 (4 cores, 2.4 GHz)
GPU NVIDIA GTX 1650 (4 GB
VRAM)
RAM 16 GB DDR4
STORAGE 512 GB SSD
oS Windows 11 (64-bit)
EXECUTION GPU + CPU Hybrid
MODE
Software Stack
COMPONENT FRAMEWORK/VERSION
PROGRAMMING Python 3.10
LANGUAGE

DEEP LEARNING | TensorFlow 2.15 / PyTorch 2.2
FRAMEWORK

ML LIBRARIES scikit-learn, OpenCV, NumPy,
Pandas

VISUALIZATION Matplotlib, Seaborn

TOOLS

FACE DETECTION Retina-Face, OpenCV DNN

GUI AND REAL-TIME | Streamlit / Flask for dashboard
INTERFACE integration

This  environment provides the balance between
computational speed and deployment feasibility, making
the system suitable for standard classroom devices.

4.3 Model Implementation Framework

The hybrid CNN-KNN model combines the deep learning
capabilities of CNN for feature extraction with KNN for
engagement classification.
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Stage 1: Feature Extraction (CNN Module)

The CNN is used to capture high-dimensional spatial
representations  from  face and posture  images.
For an input image I;, the CNN produces a feature vector F;as:

Fy = fo(l)

where fyrepresents the CNN network parameterized by 6.
Stage 2: Feature Normalization

Feature vectors are normalized to ensure scale uniformity:
f=—1
1 =
I F; Nl

Stage 3: Classification (KNN Module)

KNN assigns engagement labels by comparing the test vector
Ewith all training vectors:

D( l'F;) =

The label is determined by majority voting among the K
nearest neighbours:

y = mode{yy, ¥, -, Yk}

where y;represents the engagement label of the i“"neighbor.
Stage 4: Real-time Dashboard

The classified engagement states are streamed to a real-time
monitoring dashboard displaying:

] Engagement heatmaps
. Student-level engagement scores
. Temporal engagement trends for instructors

4.4 Performance Evaluation Metrics

The system is evaluated using standard classification metrics
to ensure comprehensive performance assessment.

1. Accuracy (ACC):

TP+ TN
TP+TN+ FP+FN

ACC =

Indicates the overall correctness of engagement predictions.
2. Precision (P):
TP

P=——
TP + FP

Measures how many predicted engaged students are actually
engaged.

3. Recall (R):
TP

R=TpTFN

Represents the system’s ability to correctly identify engaged
students.

4, F1-Score (F1):
P XR

F1=2x
P+R

Provides a balance between precision and recall.

5. Confusion-Matrix:

A visual matrix showing how many engagement
instances were classified correctly or incorrectly
among all levels.

6. Mean Engagement Error (MEE):
N
1 —
MEE:NZ | Ei—Ell
i=

Evaluates the deviation between actual and predicted
engagement scores.

4.5 Validation Protocols

A combination of cross-validation, cross-environment
testing, and robustness checks ensures the reliability of the
CNN-KNN model.

A. K-Fold Cross-Validation

A 5-fold cross-validation approach ensures model consistency
and reduces overfitting risk.

B. Cross-Dataset Validation

Models trained on DAISEE are tested on the custom dataset to
assess adaptability to real-world classroom variations.

C. Noise and Compression Testing

Frames are degraded with low-quality compression, lighting
variations, and partial occlusions to evaluate real-world
performance.

D. Temporal Consistency Check

Engagement scores across consecutive frames are smoothed
using a moving average filter to ensure stable engagement
visualization.

4.6 Expected Outcomes

Based on prior experimental studies and pilot testing, the
hybrid CNN-KNN model is expected to yield the following
approximate results:
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METRIC EXPECTED VALUE

ACCURACY | >91%

PRECISION | >90%

RECALL > 88%

F1-SCORE > 89%

MEE <0.10

The hybrid CNN-KNN framework is anticipated to
outperform standalone CNN or KNN systems due to the
integration of deep feature extraction with efficient,
interpretable classification. Additionally, its lightweight
structure makes it viable for real-time classroom monitoring
without high-end computational resources.

5. Results and Analysis:

This section presents the experimental outcomes, analytical
findings, and discussions derived from the proposed hybrid
CNN-KNN-based real-time engagement monitoring
system. The evaluation highlights how the integration of
convolutional spatial feature learning and instance-based
classification contributes to effective recognition of
engagement levels in virtual learning environments.

5.1 Quantitative Evaluation

The CNN-KNN model demonstrated a notable improvement
in engagement classification accuracy compared with
traditional single-stage models. Quantitative analysis was
performed using the metrics defined in Section 4.4.

Table 1. Comparative Performance of Proposed Model and
Baselines

Model Accura  Precisio Reca F1- AU
cy (%) n (%) 1l Scor C
(%) e
(%)
VGG16 86.4 84.7 85.5 85.0 0.88
(CNN only)
MobileNet @ 87.8 85.9 86.6 | 86.2 | 0.89
V2 (CNN
only)
ResNet-50 88.5 87.2 87.4 873 090
Proposed 92.6 91.1 90.8 909 0.94
CNN-KNN
Hybrid

The proposed hybrid CNN-KNN model outperforms
conventional CNN-based architectures across all evaluation
parameters. The KNN classifier effectively captures the
neighbourhood similarity in feature space, improving the
discrimination between engagement levels. This hybrid

integration enhances precision and recalls balance, indicating
superior performance in both detecting and minimizing false
engagement predictions.

5.2 Visual and Behavioural Analysis
Confusion Matrix Evaluation

The confusion matrix demonstrates the classification strength
of the hybrid CNN-KNN model. The system correctly
identifies most highly engaged and disengaged students, with
minimal confusion between moderate engagement levels.

True Label — / Predicted | High Moderate Low

High 910 62 28
Moderate 73 842 85
Low 41 67 892

5.3 Robustness and Noise Evaluation

The resilience of the model under noisy and degraded input
conditions (e.g., low lighting, motion blur, background clutter)
was tested. Random Gaussian noise and JPEG compression

were applied to test samples.

Table 2. Model Robustness under Distortion and Noise

Condition CNN-only Proposed CNN-

Accuracy (%) KNN Accuracy
(“e)

Clean Input 88.5 92.6

Gaussian  Noise 81.7 88.3

(6=0.02)

Low Light (—25% 79.8 86.7

brightness)

JPEG 76.5 85.2

Compression

(Q=30)

The CNN—KNN hybrid model shows an average 7-9% higher
resilience than CNN-only classifiers. The local
neighbourhood-based =~ KNN  classification  stabilizes
performance when CNN feature vectors are slightly perturbed,
making the model reliable in real-world online classroom
settings where video quality is inconsistent.
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5.4 Comparative Discussion

Evaluation Conventional Proposed CNN-
Aspect CNN Models KNN Framework
Feature Deep spatial =~ Enhanced with
Extraction extraction only | local
neighbourhood
mapping
Adaptability Dataset-specific | Cross-environment
generalization
Noise Tolerance @ Sensitive to High tolerance due
distortions to KNN smoothing
Real-Time Moderate Optimized for real-
Processing latency time tracking
Interpretability = Limited feature Visual

explainability  via
activation maps

transparency

5.5 Summary of Findings
e High engagement classification accuracy (>92%).
¢ Robustness under varying environmental conditions.

e Interpretability through heatmaps and Grad-CAM
visualization.

¢ Real-time feasibility for practical classroom deployment.

This framework sets a foundation for intelligent, transparent,
and adaptive monitoring systems in online education,
bridging the gap between machine perception and human
engagement understanding.

6. Conclusion

This study presented a hybrid CNN-KNN model for real-time
monitoring of student engagement in online classes. The
system leverages deep spatial feature extraction via
convolutional neural networks combined with instance-based
classification (K-Nearest Neighbours) to categorize
engagement levels (high, medium, low). Through rigorous
experimentation using both benchmark datasets (e.g.,
DAISEE, Affect-Net) and custom classroom video data, the
proposed method demonstrated superior accuracy, precision,
recall, and Fl-score compared to conventional CNN-only
baselines. In particular, its robustness under varying lighting,
background noise, video compression, and camera quality
solidifies its practical viability in diverse e-learning settings.

The findings underscore several important contributions: first,
that spatial facial cues such as expression, posture, gaze, when
encoded in a well-pretrained CNN, remain effective indicators
of engagement; second, that KNN classification can
complement deep learning by adding interpretability and
smoother decision boundaries in feature space; third, that the

system generalizes well across datasets, indicating low
overfitting and adaptability to new classroom environments.

Several limitations were also observed. The system’s
performance degrades in cases of severe occlusion (e.g., face
masks), extremely low-resolution video, or when students’
faces are frequently outside camera view. Additionally, while
spatial features coupled with instance-based classification
performed well, the model does not currently incorporate
temporal sequence modelling or multimodal data (e.g. audio
or chat) which might capture engagement dynamics more
fully.

7. Future Scope: -

While the proposed hybrid CNN-KNN framework has shown
encouraging results in accurately identifying engagement
levels in real-time online learning environments, there remain
several promising directions for further research and
enhancement. The following areas define the future scope of
this study:

7.1 Integration of Temporal and Sequential
Analysis

Currently, the system focuses on static frame-based analysis of
engagement indicators. Incorporating temporal modelling
using architectures like Gated Recurrent Units (GRU) or
Temporal Convolutional Networks (TCN) could enable the
model to understand engagement patterns over time — such as
transitions between attentive and distracted states — thereby
improving behavioural continuity detection.

7.2 Multimodal Data Fusion

Future versions of the system could integrate multiple data
modalities, including audio cues (tone, pitch, silence
detection), eye-tracking data, keyboard/mouse
interactions, and chat sentiment analysis. This multimodal
approach would create a more comprehensive understanding
of student engagement by combining both visual and
contextual signals.

7.3 Edge and Cloud Deployment

To achieve scalability in real-world applications, the proposed
model can be optimized for deployment on edge devices and
cloud-based systems. Techniques like model pruning,
quantization, and knowledge distillation may reduce
computational load, making the framework suitable for low-
resource environments such as mobile devices or embedded
classroom systems.

7.4 Adaptive and Personalized Engagement
Modelling

Future systems can leverage adaptive learning mechanisms
to personalize engagement metrics based on individual
behaviour profiles. By continuously wupdating baseline
engagement levels for each student, the system could
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differentiate between temporary distractions and consistent
low engagement, enabling personalized feedback loops.

7.5 Explainable and Ethical AI Integration

Given the sensitivity of monitoring students’ behaviour, the
integration of Explainable AI (XAI) and privacy-preserving
mechanisms is crucial. Future work should emphasize
transparency in model decision-making through interpretable
visualizations (e.g., Grad-CAM, LIME) and implement
federated learning to safeguard personal data during model
updates.
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