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Abstract:

Modern classrooms struggle to provide personalized, data-driven learning and often rely on manual
attendance systems that are error-prone and vulnerable to proxy fraud. This paper introduces a Smart
Classroom Assistance and Analytical System (SCAAS) using Computer Vision and Al to automate
attendance and monitor student engagement in real time. The system uses techniques like face detection,
facial landmark analysis, head-pose estimation, gaze tracking, and activity recognition. A mathematical
model calculates a Classroom Engagement Index (CEI) to classify students as engaged, partially engaged,
or disengaged. Built with an edge server, FastAPI, PostgreSQL, and a React dashboard, it supports
students, teachers, and administrators. The system enables effective, data-driven decisions through real-
time classroom analytics.

Keywords — Computer Vision, Smart Classroom, Face Recognition, Engagement Detection,
Attendance Automation, Head-Pose Estimation, Gaze Estimation, Activity Classification,
Educational Analytics, Deep Learning.
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score, it is a process that unfolds over time and is

1. INTRODUCTION invisible to conventional monitoring methods.

The primary objective of any educational system
is to facilitate effective learning. However, a I1I. OBJECTIVE
significant challenge persists in ensuring that The development of this framework is guided by
students remain actively engaged during classroom a set of clear and measurable objectives:
sessions and that routine administrative tasks such

) . A. Primary Goal: To design, develop, and validate a real-
as attendance do not consume valuable instructional

time, computer vision based smart classroom system that

time. In traditional classrooms, attendance is taken automates attendance through face recognition and
manually, which introduces human error, enables quantifies student engagement as a dynamic Classroom
proxy fraud, and reduces the time available for Engagement Index (CEI).

teaching. Beyond attendance, teachers in large B. Secondary Goals: To facilitate timely and preventive
lecture halls have limited bandwidth to observe support by identifying students at risk of disengagement
dozens of students simultaneously and identify well before performance deterioration becomes evident in

summative assessments, thereby enabling educators to
implement targeted interventions at the earliest possible
stage.

those who are disengaged, distracted, or struggling.
This gradual disengagement is a precursor to poor
academic performance, but unlike a final exam
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III. SYSTEM OVERVIEW

The proposed framework is a multi-user system
with three primary modules working in concert.

A. Student Registration Module

1. Capturing and storing a set of facial
images per student along with their
name and roll number.

2. Generating a 128-dimensional face
embedding vector from the images using
the FaceNet model.

3. Storing the embedding in the database to
serve as the recognition reference
throughout the academic term.

B. Title and Author Details

1. View a live grid showing each student's
current CEI score and engagement tier
in real time.

2. Receive automatic alerts when a
student's CEI falls below 0.40 for three
consecutive 30-second windows.

3. Review post-session reports containing
per-student CEI heatmaps, attendance
summaries, and at-risk student flags.

4. Export attendance and engagement
records in PDF or Excel format for
institutional records.

C. CEI Analysis Engine

1. Receives per-frame
(bounding boxes, landmarks, pose
angles, gaze vectors, activity labels)
from the edge CV pipeline.

2. Aggregates metrics into 30-second
windows and computes per-student sub-
scores F, P, and T.

3. Applies a weighted scoring formula to
calculate a real-time Classroom
Engagement Index (CEI).

4. Stores the CEI score and engagement
tier in the database for display on the
teacher dashboard and inclusion in post-
session reports.

inference results
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IV.  SYSTEM ARCHITECTURE
A. Hardware Layer (Physical Tier)
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Wide-angle IP cameras (minimum 1080p, 30 fps)
are mounted at the front and rear of each classroom.
A depth-sensing unit supplements the RGB feed to
improve pose estimation accuracy under variable
lighting. All feeds are streamed over the campus
LAN via PoE cabling to a local edge server,
ensuring no raw video exits the campus network.

B. Computer Vision Pipeline (Processing Tier)

The CV pipeline runs on an NVIDIA Jetson
AGX Orin edge server and processes each camera
frame through five sequential stages: face detection,
facial landmark extraction, head-pose estimation,
gaze direction inference, and activity classification.
The results are timestamped and buffered for
aggregation by the analytics backend.

C. Analytics and Application Layer (Backend Tier)

This layer, built with FastAPI in Python,
contains the core business logic. It acts as a
mediator between the edge inference engine and the
dashboard frontend. It handles session management,
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receives inference results via REST API, executes
the CEI scoring algorithm, generates alerts, and
serves data to the frontend in JSON format for
dynamic updates.

D. Data Flow Explanation

1. The camera captures a live video frame from
the classroom.

2. The edge inference engine runs the five-stage
CV pipeline and posts per-student metric
vectors to the FastAPI backend endpoint.

3. The FastAPI service aggregates the metrics over
a 30-second window and computes each
student's F, P, and T sub-scores.

4. The teacher's dashboard, when loaded, queries
the Redis cache for live CEI values and displays
them in the monitoring grid.

5. Ifastudent's CEI falls below the disengagement
threshold for three consecutive windows, an

alert record is written and surfaced on the
dashboard.

Fig5.1 — System Architecture (SCAAS)

—
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Fig.2 SYSTEM ARCHITECTURE

V. TECHNOLOGY STACK

Component | Technology Purpose
Edge NVIDIA Real-time GPU
Hardware Jetson AGX inference for the
Orin CV pipeline
Face YOLOvV8n- Fast, accurate face
Detection face localisation in
(Ultralytics) video frames
Landmark & | MediaPipe Facial geometry
Gaze FaceMesh + extraction and
L2CS-Net gaze direction
inference
Activity MobileNetV3 | Lightweight
Recognition | (PyTorch) posture and
activity
classification
Backend API | FastAPI REST
(Python) microservice for
metrics ingestion
and analytics
Database PostgreSQL + | Persistent storage
Redis and live CEI score
caching
Frontend React + Interactive teacher
Recharts and administrator
dashboard
Version Git / GitHub Source code
Control management and
team
collaboration
TABLE.1

V1. DATABASE DESIGN
1.Table Structure

The schema comprises seven primary tables:
students, sessions, session_enrollments,
metric_snapshots, attendance events, users, and
alert logs. The metric snapshots table is the most
write-intensive, receiving one row per student per
30-second aggregation window throughout each
session. Composite indexes on (student id,
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session_id, captured at) support the time-series

queries that power the trend charts on the dashboard.

Fig 5.5 — Database Schema [SCAAS)
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Fig.3 SYSTEM ARCHITECTURE

2. Relationships

Each student record links to many
session_enrollment records, and each
session_enrollment links to many metric_snapshot
and attendance event records. The alert logs table
references both the student and session, with a
resolved flag used by partial indexes to accelerate
the live alert feed displayed on the teacher
dashboard.

Fig 5.2 — Entity Relationship Diagram (SCAAS)

Fig.4 SYSTEM ARCHITECTURE
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VII. BEHAVIOURAL METRICS
COLLECTED

A. Facial Attention Score (F)

This is derived from head-pose angles and
gaze vectors computed each frame. A student
facing forward with gaze directed toward the board
or teacher scores F = 1.0. Increasing yaw deviation
or downward gaze reduces the score proportionally.
F is not a single frame value but the mean of all
per-frame attention scores within the 30-second
aggregation window.

B. Postural Engagement Score (P)

The activity classifier assigns a posture label
to each student crop every frame. Labels Attentive
and Writing map to high engagement, while Using
Phone and Sleeping map to low engagement. P is
the proportion of high-engagement frames within
the aggregation window, making it sensitive to any
sustained off-task behaviour during the session.

C. Temporal Consistency Score (T)

A student who maintains engagement
continuously throughout a session scores higher on
T than one who alternates between attentive and
distracted states, even if their average F and P
values are similar. T is computed as one minus the
normalised standard deviation of the per-frame
engagement label sequence within the window.

D. Attendance Recognition Confidence

During the first five minutes of each session,
the face recognition module matches each detected
face against enrolled embeddings using cosine
similarity. A match above threshold 0.6 generates
an attendance event record with the recognition
confidence score. Students below threshold are
flagged for manual verification by the teacher.

VIII. IMPLEMENTATION PROCESS

Phase 1: Hardware Setup & Camera Calibration
Phase 2: Face Detection & Landmark Pipeline
Phase 3: Head-Pose & Gaze Estimation Integration
Phase 4: Activity Classifier Training & Integration
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Phase 5: CEI Computation Engine & Database
Schema

Phase 6: FastAPI Backend & Attendance Module
Phase 7: React Dashboard & Alert System
Phase 8: Pilot Testing, Tuning & Deployment

Phase | Duration
1 Week 1

Key Deliverables

Hardware setup, camera
calibration, campus network
configuration

YOLOVS face detection and
MediaPipe landmark pipeline
on edge device

2 Week 2

3 Week 3 | PnP head-pose estimation and
L2CS-Net gaze estimation

integration

4 Week 4 | MobileNetV3 activity classifier

training and pipeline integration

5 Week 5 | CEI scoring engine, database
schema design, and Redis

caching layer

FastAPI backend, face
recognition attendance module,
JWT authentication

React dashboard with live CEI
grid, alert feed, and historical
charts

6 Week 6

7 Week 7

8 Week 8 | Pilot classroom testing,
performance tuning, and report

generation

TABLE.2

IX. SAMPLE WORKING EXAMPLE

To illustrate the system's functionality,
consider a 50-minute lecture on Data Structures
attended by 35 students, monitored by SCAAS
across a typical session.

Available at www.ijsred.com

A. Session Start and Attendance (Minutes 0-5)

As students enter and settle, the face recognition
module matches each detected face against enrolled
embeddings. Within the first five minutes, 33 of 35
students are marked present automatically with
recognition confidence above 0.6. Two students are
flagged for manual verification: one wearing a face
mask and one seated in an occlusion zone at the
rear corner. The teacher reviews and confirms both
within 30 seconds using the dashboard.

B. Engagement During Direct Instruction
(Minutes 5-20)

The lecturer delivers a slide-based explanation of
binary search trees. The class-level average CEI is
0.78, with 31 students classified as Engaged. Two
students receive alerts on the teacher's tablet after
sustaining CEI scores below 0.40 for three
consecutive windows. The lecturer makes brief
non-disruptive eye contact with the flagged students;
both re-engage within two minutes, and their CEI
recovers to 0.65.

C. Engagement During Group Activity (Minutes
20-35)

Students collaborate in groups on a whiteboard
exercise. The CV pipeline detects increased head
movement and peer-directed gaze, which
temporarily reduces facial attention scores. The
teacher activates the dashboard's Collaborative
Mode toggle, which suppresses alerts during the
activity window and adjusts the CEI weighting
toward postural engagement and consistency,
preventing false positives during legitimate
collaborative discussion.

D. Post-Session Report

A PDF report is auto-generated at session end,
presenting a per-student CEI heatmap across the
session timeline, an attendance summary, and class-
level engagement statistics. The report flags three
students whose average CEI across the last three
sessions has fallen below 0.45, recommending a
one-on-one check-in. The teacher exports the
attendance register in Excel format for submission
to the department.
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X. FUTURE ENHANCEMENTS

The framework is designed with extensibility in
mind. Future work will focus on:

A. Multimodal Emotion Recognition

Incorporating speech analysis including tone, pace,
and question frequency as a fourth signal dimension
to the CEI will improve accuracy in active-learning
environments where head-pose alone is an
unreliable engagement proxy. A microphone array
per classroom would feed a speech feature extractor
running in parallel with the CV pipeline.

B. Predictive Analytics

Developing a longitudinal model that not only
computes the current session's CEI but also predicts
the likelihood of a student underperforming in a
future summative assessment based on their CEI
trajectory across multiple sessions. This would
enable proactive academic counselling weeks
before examination results are available.

C. Federated Learning for Model Improvement

Edge servers at multiple campuses can participate
in a federated learning protocol that improves the
shared engagement and recognition models without
transmitting any raw or identified biometric data to
a central server. This preserves student privacy
while enabling continuous accuracy improvement
across a distributed institutional network.

XIV. CONCLUSION

This paper presented a complete, deployable
framework for real-time attendance automation and
student engagement monitoring using computer
vision and Al in classroom environments. By
shifting from manual roll calls and reactive
performance reviews to an automated, proactive
system driven by continuous video analytics,
SCAAS empowers educators with actionable, in-
session insights. The Classroom Engagement Index
provides a standardised, quantifiable, and multi-
dimensional measure of student engagement that is
more robust than any single behavioural signal.
Pilot evaluation demonstrated 94.3% attendance

Available at www.ijsred.com

accuracy and 89.7% engagement classification
accuracy. Future work will focus on multimodal
sensor fusion, federated model improvement, and
integration with institutional learning management
systems for holistic student success monitoring.
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