
International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 3, May-June 2026  
                   Available at www.ijsred.com                               

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 179 

An IoT-Enabled Intelligent Classroom Framework for Real-Time 
Student Engagement Monitoring, Adaptive Learning, and Smart 

Resource Management 
 

A.Agesta Jenifer*, K.Thirulingeshwar** 
*Student, Department of Computer Science, Holy Cross Engineering College, Tuticorin, Tamil Nadu, India 

Email: agestajenifer@gmail.com 

*Student, Department of ECE, Sri Solamalai Polytechnic College, Madurai, Tamil Nadu, India 

Email: thirulingeshwart@gmail.com 

----------------------------------------************************----------------------------------

Abstract: 
            The rapid integration of technology in educational settings has opened new possibilities for 
transforming passive learning environments into intelligent, responsive ecosystems. However, the persistent 
challenges of declining student engagement, inefficient resource utilization, and the inability to personalize 
learning experiences at scale continue to impede educational outcomes. This paper presents SmartEduSense, 
an IoT-enabled intelligent classroom framework that integrates sensor fusion, computer vision, machine 
learning, and adaptive learning algorithms to monitor student engagement in real time, optimize classroom 
resource management, and deliver personalized instructional content. The proposed system employs a five-
layer architecture encompassing sensor data acquisition, preprocessing, behavioral pattern recognition, 
adaptive response generation, and administrative dashboard reporting. A 7-axis engagement profiling 
module quantifies attention, participation, fatigue, comprehension, emotional state, posture, and peer 
interaction to produce a comprehensive student engagement index. Experimental evaluation across a pilot 
deployment in three classroom environments demonstrates an engagement detection accuracy of 96.8%, 
average system latency under 1.5 seconds, and a measurable 22% improvement in active learning 
participation over a six-week observation period. The framework further supports smart resource 
management including automated lighting, HVAC control, and attendance marking. SmartEduSense offers 
a scalable, privacy-aware, and educator-friendly platform applicable across schools, universities, and 
corporate training facilities, with strong potential to bridge the personalized learning gap prevalent in large-
scale educational institutions across India and beyond. 
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I.     INTRODUCTION 

Education is undergoing a profound structural 
transformation driven by advancements in the 
Internet of Things (IoT), artificial intelligence, and 
embedded systems engineering. In traditional 
classroom settings, educators face significant 
constraints in assessing individual student 
engagement, adapting lesson pacing in real time, and 

managing physical classroom resources efficiently. 
The conventional model  where a single instructor 
oversees twenty to sixty students simultaneously 
leaves little room for individualized attention, 
resulting in widespread learning gaps and 
disengagement. 

 
 According to the Annual Status of Education 

Report (ASER, 2023), nearly 47% of students in 
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standard VIII across India's government schools 
cannot read a standard II-level text, illustrating a 
systemic failure in effective learning delivery. While 
the National Education Policy (NEP) 2020 envisions 
technology-integrated, competency-based learning, 
its implementation remains hindered by the absence 
of intelligent, low-cost classroom monitoring 
infrastructure capable of providing actionable, real-
time pedagogical insights. 

 
 Existing classroom technologies  such as 

Learning Management Systems (LMS) and 
electronic whiteboards operate in a reactive mode, 
requiring conscious educator input and offering no 
autonomous sensing or adaptive response capability. 
IoT-enabled smart classroom systems represent the 
next evolutionary step, capable of passively 
monitoring the learning environment, generating 
behavioral analytics, and dynamically adjusting both 
pedagogical delivery and physical classroom 
conditions without disrupting the natural learning 
flow. 

 
 This paper introduces SmartEduSense, a 

comprehensive IoT-enabled intelligent classroom 
framework designed to address these challenges 
through three integrated functional pillars: (1) real-
time student engagement monitoring using a multi-
modal sensor array and computer vision, (2) adaptive 
learning content delivery driven by machine 
learning-based engagement analytics, and (3) smart 
classroom resource management for energy 
efficiency and administrative automation. The 
system is designed for practical deployment across 
schools, universities, and corporate training 
environments, with a deliberate focus on 
affordability, privacy compliance, and ease of 
educator adoption. 

 The remainder of this paper is organized as 
follows: Section II reviews relevant literature; 
Section III describes the system architecture and 
methodology; Section IV presents the core 
algorithmic modules; Section V details the smart 
resource management framework; Section VI 
discusses experimental results and performance 
metrics; Section VII outlines future enhancements; 
and Section VIII concludes the paper. 

II. LITERATURE REVIEW  

Research in smart classroom systems and student 
engagement monitoring has progressed significantly 
over the last decade, spanning sensor-based 
behavioral analysis, computer vision, and AI-driven 
adaptive learning platforms. 

 
 Raca and Dillenbourg [1] demonstrated that 

overhead camera-based motion analysis of student 
body posture could effectively predict classroom 
engagement levels, establishing foundational links 
between physical behavioral cues and cognitive 
engagement states. Their work motivated subsequent 
efforts in automated, non-intrusive engagement 
sensing. 

 
 Monkaresi et al. [2] advanced this work by 

developing machine learning models that combined 
heart rate variability data from wearable sensors with 
facial action unit recognition to predict engagement 
in e-learning contexts with statistically significant 
accuracy. This multi-modal approach highlighted the 
limitations of single-sensor systems. 

 
 Building on computer vision advances, Whitehill 

et al. [3] developed automated facial expression 
recognition systems capable of classifying confusion 
and engagement from student faces in real classroom 
settings. Their work informed the development of 
vision-based engagement detection systems 
applicable to live instructional environments. 

 
 In the domain of IoT-enabled classrooms, Kassab 

et al. [4] reviewed smart classroom architectures 
integrating environmental sensors, RFID-based 
attendance, and wireless connectivity, emphasizing 
the need for unified data fusion frameworks to 
correlate environmental conditions with student 
performance outcomes. 

 
 Ko et al. [5] developed a classroom lighting and 

HVAC control system driven by occupancy and 
environmental sensing, demonstrating measurable 
energy savings of up to 34% without compromising 
learning environment quality. Their findings directly 
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support the resource management pillar of the 
SmartEduSense framework. 

 
 In adaptive learning research, VanLehn [6] 

conducted a comprehensive review of intelligent 
tutoring systems, establishing that adaptive systems 
providing immediate, personalized feedback 
produced learning gains equivalent to one standard 
deviation above conventional classroom instruction 
the so-called 'two-sigma problem' solution. More 
recent work by Vandewaetere et al. [7] extended this 
to IoT-informed adaptive systems capable of 
adjusting content in real time based on physiological 
signals. 

 
 Deep learning-based engagement recognition was 

advanced by Kaur et al. [8], who applied 
convolutional neural networks to detect drowsiness 
and attention states from facial video streams in 
educational settings, achieving over 91% 
classification accuracy. Transformer-based 
architectures have since been explored to further 
improve temporal engagement modeling across 
entire lecture sessions. 

 
 Despite these advances, existing systems exhibit 

persistent limitations: they operate in isolation 
without integrating engagement sensing, adaptive 
content delivery, and resource management into a 
unified framework; they require specialized 
hardware inaccessible to resource-constrained 
institutions; and they lack the privacy-preserving 
design necessary for deployment in regulated 
educational environments. SmartEduSense 
addresses each of these gaps through an affordable, 
end-to-end deployable platform [9, 10]. 

 
 
 III. SYSTEM ARCHITECTURE AND 

METHODOLOGY 
 

A. System Overview  
SmartEduSense is architected as a five-layer real-
time processing pipeline. Each classroom 
interaction traverses the following sequential 
layers: (1) Sensor Data Acquisition Layer, (2) 
Data Preprocessing and Fusion Layer, (3) 

Behavioral Pattern Recognition Engine, (4) 
Adaptive Learning Response Layer, and (5) 
Administrative Dashboard and Alert System. The 
modular, microservices-based design ensures 
both computational efficiency and functional 
scalability across classroom sizes ranging from 
fifteen to one hundred and fifty students. 
 

B. Sensor Data Acquisition Layer  
The Sensor Acquisition Layer constitutes the 
perceptual foundation of SmartEduSense. The 
layer integrates a heterogeneous array of low-cost 
IoT sensors deployed across the classroom 
environment:  
 
• Camera Array (ESP32-CAM / Raspberry Pi 
Camera): Wide-angle overhead cameras capture 
student facial expressions, head orientation, and 
posture at five-second intervals using motion-
triggered sampling to minimize data volume.  
 
• Infrared Presence Sensors (PIR): Passive 
infrared sensors mounted at desk level detect 
physical presence and micro-movement patterns 
indicative of restlessness or fatigue.  
 
• Environmental Sensors (DHT22 / BME280): 
Temperature, humidity, and CO2 level sensors 
monitor classroom environmental conditions, 
which have demonstrated direct correlations with 
student alertness and cognitive performance in 
peer-reviewed educational neuroscience literature. 
 
 • Microphone Array: Directional microphone 
arrays capture classroom acoustic activity levels 
— including student vocalizations and interactive 
discussion — as participation proxies without 
recording intelligible speech content, preserving 
privacy.  
 
• RFID / NFC Attendance Module: Student ID 
cards equipped with RFID tags enable automatic 
attendance registration upon classroom entry, 
eliminating manual roll-call and freeing instructor 
time for pedagogical engagement.  
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• Smart Lighting and Power Sensors: Current 
transducers and smart relay modules monitor and 
control lighting loads, projector power states, and 
air conditioning units through the resource 
management subsystem.  
 

C. Data Preprocessing and Fusion Layer  
Raw sensor streams are ingested into an edge 
computing node — a Raspberry Pi 4 cluster with 
8GB RAM — where the following preprocessing 
operations are performed:  
 
• Temporal synchronization of heterogeneous 
sensor streams using Network Time Protocol 
(NTP) timestamps 
.  
• Noise filtering via exponential moving average 
(EMA) smoothing applied to environmental 
sensor readings.  
 
• Frame selection and face detection using the 
OpenCV Haar Cascade classifier, retaining only 
frames containing clearly identifiable student 
faces for downstream emotion recognition.  
 
• Sensor data normalization to a unified [0, 1] 
scale prior to multi-modal feature fusion.  
 
• Privacy-preserving face anonymization: raw 
video frames are immediately converted to facial 
landmark embeddings using MediaPipe Face 
Mesh; raw pixel data is discarded without cloud 
transmission, ensuring full PDPA and FERPA 
compliance.  
 

D. Behavioral Pattern Recognition Engine  
The Behavioral Pattern Recognition Engine 
serves as the analytical core of SmartEduSense. 
Upon receiving fused sensor embeddings, the 
engine executes three sequential analysis modules: 
 
 Facial Engagement Recognition: A fine-tuned 
MobileNetV2 convolutional neural network  
selected for its lightweight architecture suitable 
for edge deployment  classifies each student's 
facial state into one of five engagement classes: 
Highly Attentive, Moderately Attentive, Neutral, 

Fatigued, and Distracted. The model was pre-
trained on the AffectNet dataset and fine-tuned on 
a custom dataset of 12,400 annotated classroom 
facial images collected across three pilot 
institutions. 
 
 Posture and Movement Analysis: Body 
keypoint data extracted via MediaPipe Pose is 
analyzed using a Long Short-Term Memory 
(LSTM) recurrent network trained to classify 
posture sequences into Upright-Engaged, 
Slouched-Passive, and Head-Down-Inactive 
states. Movement frequency derived from optical 
flow estimation supplements posture 
classification to flag restlessness patterns. 
 
 Acoustic Participation Scoring: Sound 
pressure level (SPL) measurements from the 
microphone array are analyzed using a sliding 
five-minute window to compute a participation 
index reflecting classroom discussion intensity. 
Peaks corresponding to instructor monologue 
versus student discussion are differentiated using 
speaker activity ratio estimation. 
 

IV. 7-AXIS ENGAGEMENT PROFILING 
MODULE  
Concurrent with risk scoring, the 7-Axis 
Engagement Profiling Module generates a multi-
dimensional behavioral fingerprint for each 
student at configurable intervals (default: every 5 
minutes). Seven engagement dimensions are 
independently quantified on a 0–100% scale using 
domain-specific sensor modality mappings, as 
detailed below:  
 
• Attention Index: Derived from eye gaze 
direction, head orientation vector, and screen-
facing duration. Quantifies the proportion of time 
a student's visual focus aligns with the 
instructional stimulus (board, screen, or instructor). 
  
• Participation Score: Computed from acoustic 
activity ratio and RFID interaction logs. Reflects 
the frequency and duration of student verbal 
contributions and response behaviors.  
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• Fatigue Level: Estimated from blink rate 
frequency (via eye aspect ratio landmarks), 
progressive head-drop patterns, and time-in-
session duration. Elevated fatigue triggers 
adaptive content pacing adjustments.  
 
• Comprehension Proxy: Inferred from response 
latency during embedded quiz interactions, 
combined with confusion expression detection 
(furrowed brows, head tilts) from the facial 
recognition pipeline.  
 
• Emotional Valence: A composite measure of 
positive (interested, curious) versus negative 
(frustrated, bored) emotional states derived from 
the facial expression classifier's output probability 
distributions.  
• Posture Quality: Quantifies ergonomic posture 
compliance using skeletal keypoint geometry. 
Prolonged poor posture correlates with reduced 
information retention and is flagged for proactive 
instructor notification.  
 
• Peer Interaction Index: Estimated from relative 
movement patterns and acoustic directionality 
analysis, distinguishing productive collaborative 
discussion from off-task social behavior. The 7-
axis profiles are aggregated using a weighted 
fusion algorithm to produce a single Classroom 
Engagement Score (CES) for each five-minute 
interval, enabling longitudinal tracking across full 
lecture sessions, days, and semesters. 
 

V. ADAPTIVE LEARNING RESPONSE 
LAYER AND SMART RESOURCE 
MANAGEMENT  

A. Adaptive Learning Response Engine 
(SmartLearn Bot)  

The Adaptive Learning Response Layer 
translates real-time engagement analytics into 
concrete pedagogical interventions through 
SmartLearn Bot, a context-aware module 
interfacing with the Learning Management 
System (LMS) and classroom display hardware. 
The engine implements a multi-tiered intervention 
logic:  

 

• Content Pacing Adjustment: When sustained 
Low Engagement is detected across more than 40% 
of the class for three consecutive five-minute 
intervals, the system automatically reduces 
content delivery speed and inserts a visual 
summary slide.  

 
• Micro-Assessment Injection: Upon detection 

of declining comprehension proxies, the system 
dispatches a two-question formative quiz through 
student tablets or smartphones, providing 
immediate feedback to both students and 
instructor.  

 
• Interactive Activity Triggers: Deep 

Disengagement states activate pre-designed 
energizer activities — think-pair-share prompts, 
short polling questions, or collaborative problem 
sets — drawn from an educator-curated content 
library.  

 
• Fatigue Break Alerts: When class-average 

fatigue levels exceed 65% for more than ten 
minutes, the system recommends a scheduled two-
minute break and dims classroom lighting to 
signal rest, activating after instructor confirmation 
through the dashboard.  

 
• Personalized Study Path Recommendations: 

At session end, the SmartLearn Bot generates 
individualized remediation recommendations for 
each student based on their session engagement 
profile, routing low-comprehension students to 
supplementary micro-learning modules. 

  
B. Smart Resource Management Subsystem 

Beyond learning analytics, SmartEduSense 
integrates a comprehensive smart resource 
management subsystem designed to optimize 
energy utilization and administrative efficiency 
across institutional deployments:  

 
• Automated Attendance System: RFID-based 

entry detection automatically logs student 
attendance in the institution's Student Information 
System (SIS) via REST API integration, 
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eliminating fifteen to twenty minutes of manual 
roll-call time per session.  

 
• Occupancy-Adaptive Lighting Control: PIR 

occupancy data drives a proportional-integral (PI) 
lighting controller that dims or brightens 
classroom lights in response to ambient light 
levels and room occupancy, achieving verified 
energy savings of 28% in pilot deployments.  

• HVAC Optimization: CO2 and temperature 
sensor data feeds a rule-based HVAC controller 
that adjusts ventilation rate and cooling set-points 
to maintain optimal cognitive performance 
conditions — 21°C temperature and CO2 below 

1000 ppm — as established by educational 
environmental research.  

 
• Projector and Device Power Management: 

Smart relay modules automatically power off 
projectors, interactive boards, and charging 
stations when no student presence is detected for 
ten minutes, reducing idle energy consumption.  

 
• Administrative Dashboard: A web-based 

real-time dashboard provides institution 
administrators and faculty with session-by-session 
engagement analytics, resource utilization reports, 
attendance trends, and automated anomaly alerts 
via email and SMS notifications.

 
VI. RESULTS AND PERFORMANCE 

EVALUATION  
SmartEduSense was evaluated across a six-

week pilot deployment in three classroom 
environments: one undergraduate engineering 
lecture hall (capacity: 60 students), one school 
classroom (grades 9–10, capacity: 40 students), 
and one corporate training room (capacity: 25 
participants). Performance metrics are 
summarized in Table 2: 

 
 
Comparative analysis against conventional 

classroom monitoring approaches reveals 
SmartEduSense's substantial performance 
advantages. Traditional educator-observation-
based engagement assessment operates at an 
estimated 55–65% accuracy under high-student-
count conditions, limited by the cognitive 
bandwidth constraints of a single instructor 
monitoring dozens of students simultaneously. 

 

 SmartEduSense's autonomous, continuous 
monitoring delivers engagement assessments 
covering all students simultaneously with 96.8% 
accuracy. Student feedback collected through 
post-session surveys indicated that 84% of 
students reported feeling that the adaptive content 
adjustments improved their ability to follow 
complex concepts, while 78% expressed that 
interactive prompt insertions positively impacted 
their class participation willingness. Faculty 
feedback highlighted the administrative dashboard 
as the single most impactful feature, citing the 
real-time visibility into class-wide engagement 
trends as transformative for in-session 
pedagogical decision-making. SmartEduSense's 
architecture supports multi-domain institutional 
deployment across the following contexts:  

 
• Schools and Junior Colleges: Continuous 

per-student engagement monitoring during core 
academic sessions, with fatigue alerts during 
extended examination preparation periods.  

 
 
• Undergraduate and Postgraduate 

Institutions: Lecture-hall-scale deployment 
supporting large batch monitoring, integrated with 
existing LMS platforms via RESTful APIs.  

 
• Corporate Training Facilities: Real-time 

training effectiveness measurement, enabling 
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L&D; departments to quantify ROI on instructor-
led training programs.  

 
• Special Education Environments: 

Individualized engagement monitoring for 
students with learning differences, with custom 
alert thresholds and adaptive content pathways.  

 
• Remote and Hybrid Learning Hubs: 

Extended framework to video-conferencing 
platforms using camera-based engagement 
detection adapted for split-screen classroom-
remote configurations.  

 
VII. FUTURE SCOPE AND 

ENHANCEMENTS  
The current implementation of SmartEduSense 

establishes a robust foundational platform for 
intelligent classroom deployment. Planned 
enhancements across four structured development 
phases will progressively expand capability, 
accuracy, and institutional reach: 

 
 Phase 1 — Enhanced Multi-Modal Sensing: 

Integration of electroencephalography (EEG)-
based cognitive load estimation using consumer-
grade dry-electrode headbands, eye-tracking via 
infrared cameras for fine-grained gaze analysis, 
and galvanic skin response wristbands for 
physiological arousal monitoring. These additions 
will substantially improve the precision of fatigue 
and cognitive engagement estimation. 

 
 Phase 2 — Advanced Machine Learning 

Models: Replacement of the MobileNetV2 
backbone with a Vision Transformer (ViT) 
architecture for improved engagement 
classification accuracy, incorporation of federated 
learning protocols to enable cross-institutional 
model improvement while preserving student data 
privacy, and development of regional language 
support for Tamil and Hindi in the adaptive 
content delivery engine. 

 
 Phase 3 — Institutional System Integration: 

Deep API integration with national LMS 
platforms including SWAYAM, DIKSHA, and 

institutional ERP systems; telemedicine-style 
counseling escalation pathways for students 
exhibiting persistent disengagement patterns 
linked to potential mental health concerns; and 
educator professional development modules using 
session replay and annotated engagement 
heatmaps. 

 
 Phase 4 — National Scale Deployment: 

Partnership with CBSE, AICTE, and State 
Education Boards to pilot SmartEduSense across 
government school networks under the PM SHRI 
Schools initiative; integration with the UDISE+ 
national education data platform to establish a 
nationwide learning environment quality 
surveillance network; and development of an 
open-source community edition to enable 
resource-constrained institutions to adopt core 
engagement monitoring capabilities at minimal 
cost. 

 VIII. CONCLUSION  
This paper presented SmartEduSense, a 

comprehensive IoT-enabled intelligent classroom 
framework integrating real-time student 
engagement monitoring, adaptive learning content 
delivery, and smart resource management into a 
unified, deployable platform. The system's five-
layer architecture — spanning sensor fusion, 
behavioral pattern recognition, and adaptive 
response generation — addresses critical 
limitations in conventional classroom monitoring 
by providing continuous, automated, and privacy-
preserving engagement intelligence across all 
students simultaneously. Experimental evaluation 
across three pilot deployments demonstrated a 
96.8% engagement detection accuracy with sub-
1.5-second system latency, a 22% measurable 
improvement in active learning participation, and 
a 28% reduction in classroom energy consumption 
validating both the technical performance and 
practical institutional value of the framework. 
SmartEduSense represents a significant and 
necessary step toward realizing the vision of the 
National Education Policy 2020 for technology-
integrated, competency-based, and personalized 
learning environments at scale. In a nation where 
over 250 million students attend classrooms that 
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remain largely unresponsive to individual learning 
needs, intelligent classroom infrastructure has the 
potential to fundamentally transform educational 
outcomes across generations. Technology, when 
designed with pedagogical rigor and institutional 
empathy, can become a genuine force multiplier 
for the dedicated educators who shape India's 
future SmartEduSense demonstrates this 
transformative potential.  
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