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Abstract: Artificial Intelligence (Al) enhances attendance monitoring by using facial recognition to automatically identify
student in online classes, ensuring accurate and real-time attendance tracking. Al also support continuous monitoring with
periodic check and strengthens communication with parents by providing timely updates on student attendance and
performance. Additionally, it ensures data privacy with encryption and adaptive algorithms to adjust to varying conditions.

The existing attendance system uses facial recognition to capture student image at the start and end of a session to record
attendance and identify student by comparing capture images with stored data, marking them present based on successful
matched. It operates by utilizing the camera’s feed to automate the attendance process, ensuring that student participation is
tracked without manual intervention.

The existing attendance system primarily focuses on offline classes and lack adaptability for online environment, with limited
scalability and issues with camera performance. We propose a web based application named as “Smart Attendance \erification
System (SAVS) aimed at enhancing online class attendance monitoring. It includes cloud-based data management, periodic
attendance check and the ability to operate in low light environment using standard cameras.

Keywords: Artificial Intelligence (Al), Smart Attendance Verification System (SAVS), attendance monitoring, facial recognition,
online classes, realtime attendance tracking, continuous monitoring, periodic check, communication with parents, adaptive
algorithms, varying conditions, existing attendance system, capture student image, compare images with stored data, manual
intervention, offline camera performance, web based application, cloudbased data management.

L. INTRODUCTION

The shift towards online education has transformed the way learning is delivered, offering accessibility, flexibility, and scalability
across diverse educational environments. With the growing reliance on virtual classrooms, institutions are faced with critical
challenges, including maintaining student engagement, ensuring academic integrity, and verifying attendance effectively. Traditional
attendance methods, such as manual roll calls or self marked presence, are inefficient in an online setting and susceptible to
manipulation. Proxy attendance, lack of realtime monitoring, and difficulties in tracking student participation make it imperative to
adopt advanced technological solutions to enhance the credibility and efficiency of attendance systems in online education. [1][3]
Artificial intelligence has emerged as a key enabler in streamlining attendance verification through automated facial recognition. Al-
powered attendance systems can accurately and instantly verify student presence, reducing human intervention and minimizing
errors. By leveraging computer vision and deep learning techniques, Al ensures real-time monitoring throughout the session rather
than limiting attendance tracking to the start or end of a class. Additionally, Al-driven attendance systems support data encryption
for privacy protection, adaptive algorithms to function in varying lighting conditions, and robust mechanisms to prevent fraudulent
attendance. Another crucial aspect of Al integration is the enhancement of communication between institutions and parents through
automated attendance reports, ensuring transparency and accountability in a student's academic journey. Despite these
advancements, most existing Al-based attendance systems are designed for traditional, offline classrooms and lack adaptability to
fully online environments. Issues such as camera access restrictions, network dependency, and scalability challenges remain
unaddressed. Additionally, many existing systems fail to provide continuous monitoring, making it possible for students to log in
momentarily and leave unnoticed. These limitations highlight the urgent need for a specialized solution tailored to the unique
requirements of online education. [3][4]
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To bridge this gap, we propose the Smart Attendance Verification System (SAVS), a web-based application designed to optimize
attendance monitoring in virtual classrooms using facial recognition technology. Unlike conventional attendance systems, SAVS
ensures continuous verification of student presence at predefined intervals set by the host, ensuring active participation throughout
the session.

One of its key features is the mandatory camera access requirement for login, preventing students from joining a session without
enabling their video feed. Additionally, parental email verification is enforced during student registration, ensuring authenticity and
accountability.[1][4]

SAVS integrates session recording, screen sharing, real-time image processing, and cloud-based attendance management, making it
a comprehensive solution for online education. By implementing low light optimization and supporting cloud storage, the system
ensures seamless operation across different environments, enabling students from both urban and rural areas to participate without
technical hindrances. The platform further enhances engagement by providing automated attendance analytics, real-time student
notifications, and email-based attendance reports for parents at the end of each session.[6]

In a country like India, where online education is still evolving and accessibility remains a challenge, a reliable and automated
attendance system can significantly improve student participation and accountability. With an increasing emphasis on hybrid and
online learning models, Al-driven attendance solutions like SAVS will play a crucial role in ensuring discipline, reducing
absenteeism, and enhancing the overall effectiveness of virtual education. By bridging the gap between traditional and digital
education, SAVS aims to provide a secure, scalable, and efficient attendance verification system tailored to the needs of modern e-
learning environments.[4][7]

1. RELATED WORKS
A. Review of Existing Attendance Systems
Several research studies have explored the use of biometric and Al-driven attendance tracking systems to enhance efficiency and
prevent fraudulent attendance practices. Traditional attendance methods, such as manual roll calls and RFID-based attendance, are
prone to errors, time consuming, and susceptible to proxy attendance. Recent advancements in facial recognition technology have
introduced automated systems that can identify students in real-time and record attendance with higher accuracy.[1][4]
¥ Face Recognition Attendance Monitoring System o Utilizes Histogram of Oriented Gradients (HOG) for face detection and
Deep Convolutional Neural Networks (CNNs) for recognition.[3]
o Improves accuracy but lacks adaptability in poor lighting conditions.[6]
¥ Smart Attendance System using Dlib Pre-Trained
Neural Network o Uses HOG and Support Vector Machine
(SVM) for face recognition. [3] o Uses HOG and Support Vector Machine
(SVM) for face recognition , Still requires high-quality image inputs for accurate recognition[3]
7 Real-Time Face Recognition-Based Attendance System for University Classrooms
0 Captures high-resolution images (HD 1080p), processes them through noise reduction and HOG-based feature detection,
and records attendance. [3]

0 Achieves 77.38% accuracy, indicating challenges in environmental Conditions. [3]
7 Non-Contact Temperature Detection and Attendance System
0 Incorporates sanitizer dispensing, mask detection, and facial recognition using the HOG algorithm. [3]

0 Achieves 96.67% accuracy, demonstrating the feasibility of multi-functional Al-based attendance systems. [8]
¥ E-Attendance Checker using Histogram of Oriented Gradients (HOG) with SVM o Uses HOG for feature extraction and SVM
for classification. [3]
0 Capable of recognizing up to 37 students, with 95.65% accuracy. [3]
T Face Recognition-Based Attendance System on Raspberry Pi o Uses Local Binary Patterns (LBP) for
face detection and recognition[3]
0 Achieves 95% accuracy, but processing limitations exist due to the low computing power of Raspberry Pi. [3]
These studies highlight the effectiveness of Al based attendance systems in reducing manual intervention and improving accuracy.
However, they also reveal critical limitations related to scalability, adaptability to online learning, and real-time verification.

[31[41[5]
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D. Limitations of Current Research
Despite significant advancements, existing Aldriven attendance systems face multiple challenges:
Scalability Issues o Most current systems are designed for small classrooms or offline environments.
o0 Handling large student databases in realtime increases computational complexity.
o0 Edge computing or cloud-based solutions are not fully integrated into existing models.
7 Lack of Online Integration o Most Al-based attendance systems are designed for offline use.
o0 There is no seamless integration with online learning platforms like Google Meet or Zoom
T Adaptability Constraints o Many systems rely on fixedangle face recognition, making multi-angle detection difficult.
0 Systems trained on static datasets struggle with dynamic real-world conditions.
o0 \Variations in lighting, camera resolution, and occlusions (e.g., glasses, masks) reduce recognition accuracy.
P Accuracy & Security Concerns o Accuracy decreases in low-light environments or when students
move frequently.
o0 Privacy concerns arise due to unsecured image storage and lack of encryption mechanisms.
These limitations indicate the need for an improved system that can work effectively in large-scale online learning environments
while ensuring high accuracy, security, and adaptability.
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E. Need for an Improved System (SAVS Justification)
The Smart Attendance Verification System (SAVS) aims to address the shortcomings of existing research by offering a real-time,
Alpowered attendance tracking system designed specifically for online education.
Key Improvements Over Existing Systems —
¥ Al-Powered Periodic Attendance Verification o Unlike current systems that verify attendance only at login, SAVS uses VGG19
for deep feature extraction and KNN for classification to periodically check student presence throughout the session.
0 This prevents proxy attendance and ensures
continuous engagement.
% Parental Email Notifications for Accountability o Sends automated attendance reports to parents after each session, improving
transparency and engagement.
o0 Provides detailed attendance analytics, including late joins, early exits, and active participation rates.
T Web-Based Online Integration o Designed as a standalone web application with real-time video  streaming
and facial recognition, unlike previous solutions that work only in offline classrooms.
0 Uses WebRTC for seamless integration with live online classes, ensuring smooth operation without third-party

dependency.
7 Enhanced Scalability & Performance Optimization
0 Implements cloud-based storage (MongoDB Atlas/PostgreSQL) for efficient data management and quick

retrieval.
0 Optimized VGG19 feature extraction reduces computation time compared to HOG-based methods.
¥ Mandatory Camera Access & Security Features o Students cannot enter the session unless camera access is granted, eliminating

the possibility of fake attendance.
o Utilizes secure encryption protocols for face data storage, addressing privacy concerns.
By integrating deep learning (VGG19), real-time classification (KNN), cloud-based storage, and WebRTCbased live monitoring,
SAVS represents a significant advancement over current biometric and Al-based attendance systems. It ensures accuracy, security,
adaptability, and seamless operation in online education, particularly addressing the scalability and reliability concerns in countries
like India where online learning is still evolving.

1. SAVS AND MEGTHODOLOGY

A, Overview of SAVS Architecture
The Smart Attendance Verification System (SAVS) is designed as a web-based application that integrates Alpowered facial
recognition for real-time attendance tracking. The system automates attendance monitoring by capturing and processing student
images, ensuring accurate attendance marking in online classes. It leverages cloud storage for data management, provides real-time
student monitoring, and generates attendance reports sent to parents.

B. Architecture Of SAVS
Smart Attendance Verification System (SAVS) Architecture

vigger
Ao Som reffcatars
CLASSFER MANAGEMENT (2 coMnCATION & NOTIFICATION

store

prosess and = -
dassfy

atencanc N ¢ S
— = &
- - Mysal
FACAL RECOBNTIONNODULE o it Nedengler  Tlo
access ogs g I
. _J ¢ s —— — sendregorts
Report

& USER INTERFACE & ACCESS czptae faoa
CONTROL an —> Session

Control Generation

Va9 Imege TXREALTME VIDEO STREANG
& Processing — —
e o
Authenicaion  Camera Ive vesficaion —
Spem  Access
Conto @ WebATC  MedaRecorder
peovide support ——— | AP

In the proposed Smart Attendance Verification System (SAVS), the VGG19 convolutional neural network
(CNN) is employed for feature extraction, while the KNearest Neighbors (KNN) algorithm is utilized for classification and student
identification. This combination ensures precise face recognition and realtime attendance tracking in online education environments.
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C. VGG19: Feature Extraction for Facial Recognition
VGG19 is a deep learning model consisting of 19 layers, including 16 convolutional layers, 3 fully connected layers, and max-
pooling layers. The model operates by extracting hierarchical features from facial images, ensuring that even subtle variations in
expressions, lighting, or angles are accounted for.
The convolutional operation applied at each layer can be mathematically expressed as:

Y(i,5)= Z Z X@Z—m,j—n) - W(m,n)

m n

where:
* Y(i,j) is the output feature map,
* X(i—m ,j—n) represents the input image pixels,
* W(m,n) denotes the convolution filter
(kernel),
* (i,j) are the spatial coordinates of the image.
After convolution, the ReLU (Rectified Linear Unit) activation function is applied to introduce non-linearity:

FC(=x) — mmax((O. =)
This ensures faster training and prevents vanishing gradients. To reduce computational complexity while preserving essential
features, max-pooling is used, defined as:

P(i,7)= max Y(i+m,j+n)
(mn)ER

where P(i,j) represents the pooled output and R is the pooling region. This operation effectively down samples the image, making
the feature extraction process more efficient.

Once the convolutional and pooling layers have processed the image, the final feature vector F is generated from the fully connected
layers, capturing the student's facial characteristics. This feature vector is then passed to the KNN classifier for identification

D. K-Nearest Neighbors (KNN): Student Classification

KNN is a non-parametric supervised learning algorithm that classifies a new data point based on the similarity to its nearest
neighbors in a predefined feature space. The classification process begins by computing the Euclidean distance between the
extracted feature vector FFF and each stored facial feature in the dataset. The Euclidean distance is given by:

d(A,B) = 7| > (A; — B;)?
i=1

where:
* Aand B are two feature vectors,
e nisthe number of features in the vector,
d(A, B)represents the Euclidean distance between the two vectors.

Once distances are calculated, the algorithm identifies the K closest feature vectors from the database. The student's identity is
determined using a majority voting mechanism, where the most frequent class among the K nearest neighbors is assigned to the new
input.
Mathematically, this is expressed as:

VY

C = arg max E I(y: = ©)
' i=1
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e Cisthe predicted class (student identity),

* I(yi=c) is an indicator function that returns 1 if yi belongs to class C, otherwise 0,

» Kisthe number of nearest neighbors considered.
If the classified student's identity matches a stored record, they are marked present; otherwise, their attendance is not recorded.
Integration of VGG19 and KNN in Online Attendance Systems The combination of VGG19 and KNN allows the Smart Attendance
Verification System to perform real-time student authentication with high accuracy. VGG19 extracts deep facial features, making the
system robust to changes in lighting, background, and minor variations in expressions. KNN provides an efficient, low complexity
classification method, ensuring that students are identified correctly without the need for large computational resources.

V. EXPERIMENTAL RESULTS
The Smart Attendance Verification System (SAVS) was implemented as a web-based application using React.js for the frontend,
Node.js with Express.js for the backend, MySQL for database management, and WebRTC for real-time video streaming. The
attendance verification process relies on VGG19 for feature extraction and KNN for classification, ensuring accurate facial
recognition. The system periodically captures images, processes them, and verifies attendance in real time. To evaluate SAVS,
extensive experiments were conducted comparing it with traditional attendance verification methods. The assessment focused on

four key metrics: Attendance Verification Success, Effectiveness, Student Engagement, Trust Building/Transparency to Parents,
Accuracy and Student Engagement.

A. Bar Chart
»  The bar chart directly compares traditional methods with SAVS, revealing higher scores in all key metrics.

»  Trust-building and student engagement show the most notable improvements, indicating that SAVS fosters a more interactive
and accountable learning environment.
e —

EEA Traditional Systems
== sAvS

B. Line Chart

»  The line chart clearly shows an upward trend in performance when moving from traditional systems to SAVS.

*  SAVS exhibits significant improvements in all metrics, especially in accuracy and engagement, ensuring a seamless and reliable
attendance verification process.
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C. Observations From Charts

The charts clearly highlight the superior performance of SAVS over traditional attendance systems across key metrics. The line chart
shows a steady improvement in attendance verification success, accuracy, and engagement, demonstrating SAVS’ reliability. The pie
chart illustrates a well-balanced contribution of different factors, ensuring a seamless and transparent attendance process. The bar
chart provides a direct comparison, showing significant improvements in student engagement, trust-building, and rapid attendance
tracking.

V. DISCUSSION & CHALLENGES
SAVS offers several advantages that make it a reliable and efficient attendance verification system. Automated attendance marking
reduces manual efforts and human errors, while the elimination of proxy attendance ensures authenticity. The system improves
communication with parents by providing real-time attendance updates and ensures scalability for large classrooms, making it
adaptable for schools and colleges.

However, certain challenges and limitations need to be addressed for large-scale deployment. The scalability of VGG19 remains a
concern as handling high-volume student data requires substantial computational resources. Accuracy under poor lighting and
unstable network conditions can affect facial recognition, leading to attendance mismatches. Additionally, optimizing KNN for large
datasets is necessary to enhance processing speed and system efficiency, ensuring smooth real time performance.

VI. FUTURE ENHANCEMENTS
To further improve the Smart Attendance Verification System (SAVS) and expand its usability, several key advancements can be
integrated. Integration with Learning Management Systems (LMS) like Google Classroom will allow seamless attendance tracking
within existing educational platforms, reducing manual efforts and enhancing accessibility. The adoption of advanced deep learning
models such as ResNet and Efficient Net will improve facial recognition accuracy, making the system more reliable under varying
lighting conditions and different student postures.
Additionally, real-time eye and expression detection can be introduced to analyze student engagement during online classes, helping
educators assess attentiveness and improve interactive learning. Blockchain technology can be implemented to secure attendance
records, ensuring tamper-proof and transparent data storage.
Furthermore, the development of an Android mobile application will make SAVS more accessible and user friendly. The app can
serve as a companion tool for students and educators, allowing attendance monitoring, real-time notifications, and direct access to
reports on mobile devices. This will enhance flexibility and engagement, making SAVS an even more efficient and scalable solution
for modern education.

VII.  CONCLUSION

The Smart Attendance Verification System (SAVS) presents a transformative approach to attendance monitoring in online education
by leveraging Al driven facial recognition and real-time automation. Traditional attendance systems often suffer from manual
inefficiencies, proxy attendance, and a lack of scalability, which SAVS effectively addresses through automated attendance marking,
periodic verification, and parent notifications. The integration of VGG19 for feature extraction and KNN for processing ensures
high accuracy, while cloud-based storage and encryption enhance data security.

The comparative analysis with traditional systems highlights SAVS' superiority in terms of attendance verification success,
engagement, transparency, and efficiency. The system fosters greater student participation and trust-building with parents, ensuring a
more accountable learning environment. However, challenges like scalability, network dependency, and processing speed remain
areas for optimization. Future enhancements such as LMS integration, advanced deep learning models (ResNet, EfficientNet), real-
time student engagement tracking, blockchain for secure storage, and an Android mobile application will make SAVS even more
efficient, secure, and accessible. As online education continues to evolve, SAVS stands as a robust and innovative solution, ensuring
seamless, accurate, and engaging attendance verification in the digital era, particularly benefiting a country like India, where online
education still faces significant challenges.
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