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Abstract

Traditional attendance management in educational institutions suffers from critical inefficiencies, including time-consuming
manual roll calls, vulnerability to proxy attendance (buddy punching), transcription errors, and difficulty in generating real-
time analytics. This paper presents a Smart Attendance System that leverages face recognition technology to automate student
attendance management with high accuracy and zero internet dependency. The proposed system employs OpenCV 4.8.0 for
real-time face detection using Haar Cascade classifiers, the face recognition library (backed by a dlib-based deep residual
network) for generating 128-dimensional facial encodings, and Python 3.10 as the core development platform. Students are
registered by capturing 30 facial images, from which unique mathematical feature vectors are extracted and stored in a local
database. During attendance sessions, live camera feeds are analyzed frame-by-frame; detected faces are compared against
stored encodings using Euclidean distance with a threshold of 0.50, and verified identities are automatically logged with precise
timestamps in CSV and Excel formats. The system has been tested with over 500 students, achieving 95%+ recognition
accuracy in controlled environments at a processing speed of 10-20 frames per second, with a response time under one second
per recognition event. The system operates entirely offline, ensuring institutional data privacy and compliance. Results
demonstrate significant reduction in administrative overhead, complete elimination of proxy attendance, and reliable automated
reporting, establishing this as a practical, scalable, and cost-effective solution for modern educational institutions.

Keywords: Face Recognition, Automated Attendance, Convolutional Neural Network (CNN), OpenCV, Deep Learning,
FaceNet, SVM, Transfer Learning, Biometric Authentication, Real-Time Processing, Student Management, Computer Vision,
dlib, Proxy Attendance Detection

I. Introduction

1.1 Background

Attendance management is a fundamental administrative function in educational institutions worldwide. It serves as an
indicator of student engagement, affects academic progression decisions, and is required for compliance with institutional and
regulatory standards. Despite the widespread digitization of education systems, attendance marking continues to rely
predominantly on manual methods — paper registers, verbal roll calls, or simple sign-in sheets — in a majority of schools and
colleges across India and globally.

These traditional methods introduce compounding inefficiencies. A standard verbal roll call for a class of 60 students can
consume 8 to 10 minutes of a 50-minute lecture period, directly reducing instructional time. More critically, manual systems
are inherently vulnerable to proxy attendance, a fraudulent practice in which one student marks attendance on behalf of an
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absent peer. Studies suggest that proxy attendance is endemic in higher education institutions, undermining the reliability of
attendance records that are used for grading, scholarship eligibility, and academic compliance reporting.

1.2 Motivation

The rapid advancement of computer vision and deep learning technologies has created a feasible pathway for automating
biometric authentication in institutional settings. Among available biometric modalities — fingerprint, iris scan, RFID, and
facial recognition — face recognition stands out for its non-intrusive, contactless nature. It requires no physical interaction,
leverages existing camera infrastructure commonly available in classrooms, and is increasingly robust under varying
environmental conditions due to deep learning improvements.

Furthermore, the emergence of accessible open-source libraries such as OpenCV, face recognition, and dlib has democratized
the development of production-quality face recognition systems, making them implementable without specialized machine
learning infrastructure or expertise. This has created a practical opportunity for academic institutions of all sizes to adopt
intelligent, automated attendance solutions.

1.3 Scope and Contributions

This paper presents a complete, offline-capable Smart Attendance System that registers students through facial image capture,
trains recognition models on extracted facial encodings, and automatically marks attendance in real time during live camera
sessions. The system provides an administrator dashboard, automated report generation, and digital record maintenance — all
without any internet connectivity. The key contributions of this work are: (i) a practical implementation of deep learning-based
face recognition for educational attendance on standard hardware; (ii) a privacy-preserving offline architecture ensuring
institutional data sovereignty; (iii) benchmark accuracy and speed performance with 500+ student datasets; and (iv)
comprehensive documentation for institutional deployment.

II. Literature Review

2.1 Evolution of Face Recognition Technology

Face recognition technology has undergone substantial evolution over the past three decades. Foundational statistical
approaches, notably Eigenfaces introduced by Turk and Pentland (1991), demonstrated that facial images could be represented
as lower-dimensional subspaces using principal component analysis. This was subsequently improved by Belhumeur et al.
(1997) through Fisherfaces, which applied Linear Discriminant Analysis to maximize class separability. While these methods
were computationally efficient, their accuracy degraded significantly under variations in lighting, pose, and expression.

The advent of deep convolutional neural networks (CNNs) transformed face recognition performance. Krizhevsky et al. (2012)
demonstrated through AlexNet that deep architectures trained on large datasets could achieve unprecedented accuracy in visual
recognition tasks . He et al. (2016) introduced Residual Networks (ResNets), enabling training of networks with 50+ layers
through skip connections, achieving superhuman accuracy on benchmark datasets. Schroff et al. (2015) presented FaceNet, a
unified embedding system that maps facial images to compact 128-dimensional vectors, enabling face verification and
clustering with near-human accuracy. The dlib library, which forms the backbone of the face recognition package used in this
project, implements a ResNet-based architecture trained on millions of face images and produces these 128-dimensional
encodings.

2.2 CNN-Based Attendance Systems — A Comparative Survey

A substantial body of research has investigated the application of deep learning to automated attendance management. The
following review synthesizes key findings from related works, with accuracy results summarized in Table 1.

Arsenovic et al. (2020) proposed a deep learning-based attendance system using CNN for face embedding generation and a
CNN cascade for detection, achieving 95.02% accuracy on a real-time employee dataset. I. Ahmad et al. (2019) presented a
smart attendance system using a CNN model fine-tuned on student image datasets, reporting 93.7% accuracy suitable for
classroom deployment . Y. Zhang et al. (2021) combined CNN for feature extraction with Support Vector Machines (SVM)
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for classification, achieving 96.5% accuracy on large datasets, concluding that this hybrid approach offers strong performance
for face recognition tasks.

J. Kumar and S. Vohra (2018) investigated a system using the Viola-Jones algorithm for detection combined with neural
network recognition, achieving 91% accuracy despite limited dataset size. Li et al. (2019) proposed a real-time system
combining deep learning with Haar Cascade detection, demonstrating 92.8% recognition accuracy in a university deployment
while emphasizing the importance of real-time scalability. B. Sethi and S. Chakraborty (2020) used a pre-trained ResNet model
for feature extraction, achieving 94.5% accuracy with reduced training time on office environment datasets.

M. Ali et al. (2022) introduced a hybrid system integrating CNN-based face recognition with RFID technology, achieving
97.3% accuracy and concluding that multi-modal identification enhances system robustness. R. Smith and L. Johnson (2021)
developed an attendance management system using the OpenFace library, achieving 94% accuracy on 1,000 student images
with strong real-time tracking potential. P. Gupta et al. (2020) presented a multi-class CNN framework achieving 95.6% across
diverse facial datasets, demonstrating adaptability to corporate and academic environments. H. Wang et al. (2022) employed
a pre-trained InceptionV3 network with transfer learning, achieving 96.1% accuracy under varying lighting and angles,
highlighting transfer learning advantages with limited training data. K. Patel et al. (2021) applied YOLO for real-time face
detection in school settings, achieving 92.7% accuracy and demonstrating practical deployment feasibility.

Table 1: Comparative Survey of Related Attendance Systems

Arsenovic et al. 2020 CNN + CNN Cascade  95.02% Real-time  employee
dataset

I. Ahmad et al. 2019 Fine-tuned CNN 93.7% Classroom deployment

Y. Zhang et al. 2021 CNN + SVM 96.5% Large dataset, hybrid
classification

J. Kumar & Vohra 2018 Viola-Jones + Neural 91.0% College student dataset

Net
Lietal. 2019 Deep Learning + Haar  92.8% University  real-time
system
Sethi & 2020 Pre-trained ResNet 94.5% Office environments
Chakraborty
M. Ali et al. 2022 CNN + RFID Hybrid  97.3% Multi-modal
identification
Smith & Johnson 2021 OpenFace Library 94.0% 1,000 student dataset
P. Gupta et al. 2020 Multi-class CNN 95.6% Diverse facial datasets
H. Wang et al. 2022 InceptionV3 + 96.1% Varying
Transfer lighting/angles
K. Patel et al. 2021 YOLO + CNN 92.7% Real-time school
setting

Proposed System 2025 dlib ResNet + OpenCV  95%+ 500+ students, 100%
offline
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2.3 Research Gap

While the surveyed systems demonstrate the viability of CNN-based attendance automation, several limitations are apparent.
Many systems require cloud connectivity or external servers for processing, raising data privacy concerns in institutional
contexts. Others demand GPU acceleration, making them unsuitable for resource-constrained deployments. Few systems have
been validated at scale (500+ students) while maintaining full offline operation. The proposed system specifically addresses
these gaps through a 100% offline, CPU-deployable architecture tested with large student populations.

II1. Problem Statement

3.1 Challenges in Traditional Attendance Systems

Educational institutions face a constellation of persistent problems with manual and semi-automated attendance systems. Time
consumption is perhaps the most immediate issue: verbal roll calls routinely consume 5 to 10 minutes of class time per session.
For an institution running 6 periods per day across 200 classrooms, this aggregates to thousands of wasted instructional hours
annually.

Proxy attendance — where a student signs in or verbally confirms attendance for an absent peer — remains endemic and
largely undetectable by conventional methods. This compromises the integrity of academic records and, in institutions where
attendance determines examination eligibility, creates serious equity and compliance failures. Paper-based records are
vulnerable to physical loss, accidental damage, and deliberate alteration, with no audit trail.

Beyond fraud, human error in transcription introduces systematic inaccuracies when physical registers are transferred to digital
systems. Real-time attendance pattern analysis is impossible under manual systems, preventing early intervention for
chronically absent students. Furthermore, contact-based biometric alternatives (fingerprint scanners) raised significant hygiene
concerns following the COVID-19 pandemic, necessitating a contactless alternative. RFID card systems, while contactless,
remain susceptible to card sharing and incur ongoing hardware replacement costs.

3.2 Formal Problem Definition

Given a registered population S = {sl, s2, ..., sn} of students with associated facial encodings E = {el, €2, ..., en}, and a real-
time video stream V captured during an attendance session, the system must: (i) detect all faces F in each frame of V; (ii)
extract 128-dimensional encodings for each detected face; (iii) identify each face as belonging to some si or classify it as
unknown; (iv) record the timestamp and identity of each recognized student in a persistent database; and (v) accomplish steps
(i)—(iv) within a response time of less than one second per recognition event, at a minimum processing rate of 10 frames per
second, with accuracy exceeding 95%.

IV. Proposed System

4.1 System Overview

The proposed Smart Attendance System is a desktop application built on Python 3.10, designed for complete offline operation.
It consists of three primary functional modules: (i) Student Registration Module, (ii) Attendance Marking Module, and (iii)
Administration and Reporting Module. All three modules share a common local database of facial encodings and attendance
records, with no external network dependency.
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The system pipeline follows a structured sequential architecture as described below. The complete flow is illustrated
conceptually in Figure 1.

Figure 1: System Architecture Pipeline

1. Input Live camera feed / Image capture Webcam / OpenCV VideoCapture

2. Grayscale, normalization, OpenCV image processing
Preprocessing resizing

3. Face Haar Cascade face locator OpenCV CascadeClassifier
Detection

4. Face Landmark detection (eyes, nose, dlib shape predictor
Alignment mouth)

5. Encoding  128-D feature vector extraction face recognition (dlib ResNet)

6. Matching  Euclidean distance comparison NumPy /face recognition
(threshold 0.50)

7. Recording Timestamp + identity logged to Pandas/ openpyxl
CSV/Excel

8. Dashboard = Admin reporting and statistics Tkinter GUI

4.3 Student Registration Module

The registration workflow begins with administrative input of student credentials (name, roll number, department). The system
then activates the webcam and captures 30 facial images per student across varied angles and lighting conditions. Each captured
frame undergoes preprocessing — conversion to RGB color space, resizing for model compatibility, and normalization —
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before being passed to the face recognition library's face encodings() function. This function invokes a pre-trained ResNet-
based deep neural network (via dlib) to extract a 128-dimensional floating-point vector capturing the unique geometric and
textural characteristics of the detected face. All 30 encodings per student are stored, along with metadata, in a serialized
database file (pickle format) on the local filesystem. Typical encoding extraction for 100 students completes in under 15
minutes on standard laptop hardware.

4.4 Attendance Marking Module

During an attendance session, the system initializes the webcam feed and processes each captured frame in real time. For every
frame, the following operations are performed sequentially: (i) the frame is converted from BGR to RGB format as required
by the face recognition library; (ii) face locations are detected using OpenCV's Haar Cascade classifier, identifying bounding
box coordinates for each face in the frame; (iii) the face recognition library extracts 128-dimensional encodings for each
detected face region; (iv) these live encodings are compared against all stored encodings in the database using Euclidean
distance calculations; (v) if the minimum Euclidean distance for any stored encoding falls below the configured threshold of
0.50, the corresponding student identity is confirmed; and (vi) the system records the student's name, roll number, and current
timestamp in the attendance log, with duplicate entry prevention ensuring each student is marked only once per session. The
system achieves real-time processing at 10 to 20 frames per second on standard CPU hardware.

4.5 Administration and Reporting Module

The administrator dashboard, implemented using the Tkinter GUI framework, provides comprehensive attendance
management capabilities. Session-wise attendance reports are automatically generated in both CSV and Excel formats,
including individual attendance percentages, subject-wise summaries, and chronological timestamp records. The dashboard
supports filtering by date range, subject, and individual student. Cumulative attendance statistics are maintained across
sessions, enabling identification of chronic absenteeism patterns for early intervention. All data is stored and maintained
exclusively on institutional premises with no external transmission.

V. Methodology

5.1 Tools and Technologies
Table 2: Technology Stack

Programming Language  Python 3.10 Core application development
Face Detection OpenCV 4.8.0 (Haar Real-time face localization
Cascade)
Face Recognition face recognition 1.3.0 128-D encoding extraction
Underlying Model dlib ResNet (pre-trained) Deep facial feature learning
Data Storage Pickle / CSV / Excel Encoding DB & attendance records
GUI Framework Tkinter Administrator dashboard
Data Processing NumPy / Pandas Encoding comparison, report
generation
Report Export openpyxl Excel file generation
Platform Windows 10/11/ Ubuntu Deployment environment (100%
offline)
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5.2 Dataset and Training

No external dataset is used in the proposed system. The facial encoding database is built entirely from institution-specific
student images captured during the registration phase. Each student contributes 30 facial images taken under natural classroom
lighting, with slight variations in head angle (frontal, slight left/right rotation) and facial expression. This in-house approach
ensures that the recognition model is optimized for the specific environmental conditions of the deployment institution, while
eliminating dependence on large external datasets and associated computational requirements.

The face recognition library's underlying dlib ResNet model was pre-trained by Davis King on a dataset of several million
labeled face images, achieving 99.38% accuracy on the Labeled Faces in the Wild (LFW) benchmark. By leveraging this pre-
trained model for encoding extraction — essentially a form of transfer learning — the system achieves robust recognition
performance without requiring institutional model training from scratch.

5.3 Recognition Algorithm

Identity verification is performed through Euclidean distance comparison between live facial encodings and stored database
encodings. For a live encoding vector L and stored encoding vector Di for student i, the Euclidean distance is computed as:
d(L, Di) = sqrt(sum((L_j - Di_j)*2)) for j =1 to 128. The student identity corresponding to the minimum distance is assigned
as the recognized individual, provided the minimum distance falls below the configured threshold T = 0.50. Values above this
threshold classify the detected face as 'Unknown.'" The threshold is tunable by administrators based on deployment
requirements; lower values increase precision while higher values increase recall.

5.4 Privacy and Security Design

The system's offline-first architecture is a deliberate design decision prioritizing institutional data sovereignty. All facial
encodings — which are mathematical vectors rather than raw biometric images — are stored exclusively on the institution's
own hardware. No facial data is transmitted to external servers, cloud platforms, or third-party APIs at any point. The system
maintains compliance with data protection principles by storing only mathematical representations (128-D vectors) rather than
biometric photographs in its recognition database, and by restricting database access to authorized administrators through
application-level access controls.

VI. Results and Discussion

6.1 Performance Metrics

The proposed system was evaluated across a test population exceeding 500 registered students in a controlled classroom
environment. Testing was conducted under standard indoor fluorescent lighting conditions representative of typical Indian
college classrooms. The key performance metrics achieved are summarized in Table 3.

Table 3: System Performance Results

Recognition Accuracy 95%+ Controlled indoor lighting, frontal
poses

Processing Speed 10-20 FPS Standard laptop CPU (no GPU)

Response Time <1 second Per individual recognition event

Registration Capacity 500+ students Per system instance

Training Time < 15 minutes Per 100 students

False Positive Rate <3% With 0.50 Euclidean threshold

Internet Dependency None 100% offline operation
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Proxy Attendance 0% (eliminated) Biometric identity verification

6.2 Comparison with Existing Systems

The proposed system achieves competitive recognition accuracy (95%+) compared to surveyed systems, while offering unique
advantages in offline operability and scalability. Systems achieving higher accuracy (Ali et al. at 97.3%, Wang et al. at 96.1%)
either require GPU infrastructure, internet connectivity, or hybrid hardware (RFID), introducing cost and privacy
considerations absent in the proposed implementation. The system's CPU-only, 100% offline architecture is particularly
significant for deployment in Tier-2 and Tier-3 institutions where reliable internet connectivity and GPU hardware are not
guaranteed.

Compared to manual attendance: the proposed system eliminates the 5 to 10 minutes of class time consumed by roll calls,
produces zero transcription errors through automated digital logging, renders proxy attendance biometrically impossible, and
generates real-time analytics not achievable through paper-based systems. Compared to RFID systems: no physical tokens are
required, card sharing fraud is eliminated, ongoing hardware replacement costs are avoided, and the system operates
contactlessly in compliance with post-COVID hygiene standards. Compared to fingerprint systems: the contactless nature
eliminates hygiene concerns, the system functions under conditions where fingerprint scanning fails (wet hands, minor
injuries), and enrollment is non-intrusive requiring only webcam access.

6.3 Limitations and Mitigation

The system's primary limitations are environmental dependencies on lighting quality and camera positioning. Recognition
accuracy degrades under extreme low-light conditions or when students are more than 4 to 5 meters from the camera, or present
a profile view rather than a near-frontal face. Identical twins may produce encodings within the match threshold, though this
is a rare edge case addressable through supplementary verification. These limitations are mitigated through optimal camera
positioning guidelines, administrator-configurable threshold tuning, and a manual override interface for edge cases.

VII. Advantages of the Proposed System

The Smart Attendance System offers comprehensive advantages across institutional, student, and economic dimensions. From
an institutional perspective, the system saves 5 to 10 minutes of instructional time per class period, generates compliance-ready
digital records with millisecond timestamps, enables real-time identification of attendance patterns, and substantially reduces
administrative overhead through automated report generation. The complete offline operation ensures that sensitive student
biometric data remains on institutional premises, addressing data protection obligations without requiring legal counsel on
cloud data agreements.

From a student perspective, the system is entirely non-intrusive — requiring no physical contact, no tokens, and no active
participation beyond natural entry into the classroom. Attendance is marked passively and objectively, eliminating the
administrative bias or inconsistency possible in manual systems. From an economic perspective, the system utilizes only open-
source libraries with no licensing fees, leverages existing webcam infrastructure common in modern classrooms, and achieves
a favorable total cost of ownership compared to fingerprint scanner or RFID deployments.

VIII. Future Scope

Several directions for future enhancement have been identified. Multi-camera deployment would enable attendance marking
across large lecture halls and auditoriums where a single camera cannot provide adequate coverage. Integration with existing
Enterprise Resource Planning (ERP) systems and Student Information Systems (SIS) would enable seamless synchronization
of attendance data with grading, scholarship, and compliance management workflows. Mobile application development for
Android and i0OS platforms would extend system accessibility for faculty operating in resource-constrained environments.

© 2026, ISJEM (All Rights Reserved) | www.isjem.com | Impact Factor: 8.072 | Page 8



7 X

\l/’ IS.j'EM ‘\’, International Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
N govens ‘}’ Volume: 05 Issue: 04 | April - 2026 DOI:10.55041/ISJEM06003

=!’ An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

Liveness detection mechanisms — analyzing blink patterns, head motion, or 3D depth data — would further strengthen security
against photograph-based spoofing attempts. Cloud-based deployment with appropriate encryption and access controls could
enable cross-campus or cross-institutional attendance tracking for consortium institutions. Advanced analytics capabilities
including engagement monitoring through facial expression analysis represent a longer-term research direction for intelligent
classroom management. Integration of diverse datasets and additional biometric modalities such as iris recognition could
further improve accuracy and reliability under challenging conditions.

IX. Conclusion

This paper has presented a comprehensive Smart Attendance System utilizing face recognition technology to automate student
attendance management in educational institutions. The system effectively addresses the fundamental limitations of traditional
manual systems — time inefficiency, proxy attendance fraud, transcription errors, and lack of real-time analytics — through a
robust pipeline incorporating OpenCV-based face detection, dlib ResNet-based facial encoding, and automated digital record
keeping.

The system achieves 95%+ recognition accuracy across a 500+ student test population, processes attendance in real time at 10
to 20 frames per second without GPU acceleration, and operates with complete offline functionality ensuring institutional data
privacy. These results confirm that sophisticated face recognition technology is now accessible and deployable by educational
institutions of all sizes through open-source libraries and standard hardware infrastructure.

The proposed system represents a meaningful advancement in educational technology automation, contributing a privacy-
preserving, scalable, and cost-effective solution for one of the most persistent administrative challenges in academic
institutions. Its implementation demonstrates that biometric authentication need not compromise privacy when architected with
institutional data sovereignty as a primary design constraint. Future work will explore multi-camera deployment, ERP
integration, and liveness detection to further enhance system robustness and applicability across diverse institutional contexts.

References

[1] Chen, R., & Chiang, R. H. (2012). Measuring digital divide in e-learning contexts: A hierarchical structural equation
modeling approach. Journal of Technology, Learning, and Assessment, 11(3), 1-34.

[2] Rogers, E. M. (2003). Diffusion of Innovations (5th ed.). Free Press.

[3] Wang, H., & Jiang, X. (2020). COVID-19 challenges public health and calls for contactless systems. Frontiers in Public
Health, 8, 1-5.

[4] Ting, D. S. W., Carin, L., Dzau, V., & Wong, T. Y. (2020). Digital technology and COVID-19. Nature Medicine, 26(4),
459-461.

[5] LeCun, Y., Bengio, Y., & Hinton, G. E. (2015). Deep learning. Nature, 521(7553), 436—444.
[6] Bradski, G., & Kaehler, A. (2008). Learning OpenCV: Computer Vision with the OpenCV Library. O'Reilly Media.

[7] Davies, E. R. (2012). Computer and Machine Vision: Theory, Algorithms, Practicalities (4th ed.). Morgan Kaufmann
Publishers.

[8] Goodfellow, 1., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press.

[9] Turk, M., & Pentland, A. (1991). Eigenfaces for recognition. Journal of Cognitive Neuroscience, 3(1), 71-86.

[10] Belhumeur, P. N., Hespanha, J. P., & Kriegman, D. J. (1997). Eigenfaces vs. Fisherfaces: Recognition using class specific
linear projection. IEEE Transactions on Pattern Analysis and Machine Intelligence, 19(7), 711-720.

[11] Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). ImageNet classification with deep convolutional neural networks.
Proceedings of the 25th International Conference on Neural Information Processing Systems (pp. 1097-1105). Curran
Associates.

[12] He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition. IEEE Conference on Computer
Vision and Pattern Recognition (pp. 770-778).

© 2026, ISJEM (All Rights Reserved) | www.isjem.com | Impact Factor: 8.072 | Page 9



LA

Y1s3emY, International Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
e ‘y Volume: 05 Issue: 04 | April - 2026 DOI:10.55041/ISJEM06003

’! An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

[13] Schroff, F., Kalenichenko, D., & Philbin, J. (2015). FaceNet: A unified embedding for face recognition and clustering.
IEEE Conference on Computer Vision and Pattern Recognition (pp. 815-823).

[14] King, D. E. (2009). Dlib-ml: A machine learning toolkit. Journal of Machine Learning Research, 10(80), 1755-1758.
[15] Arsenovic, M., Sladojevic, S., Anderla, A., & Stefanovic, D. (2020). Deep learning-based face recognition attendance
system. International Journal of Computer Applications, 975, 2—38.

[16] Ahmad, I, et al. (2019). Smart attendance system utilizing deep learning and facial recognition. Journal of Artificial
Intelligence and Research, 12(4), 45-58.

[17] Zhang, Y., et al. (2021). Face recognition-based attendance system using CNN and SVM. Journal of Computer Vision
and Image Processing, 8(2), 112—125.

[18] Kumar, J., & Vohra, S. (2018). Attendance management system based on facial recognition using Viola-Jones and neural
networks. International Journal of Advanced Research in Computer Science, 9(3), 87-94.

[19] Li, X., et al. (2019). Real-time facial recognition system for attendance management. International Journal of Multimedia
and Ubiquitous Engineering, 14(1), 23-36.

[20] Sethi, B., & Chakraborty, S. (2020). Face recognition-based attendance system using pre-trained ResNet model. Journal
of Engineering Research, 8(4), 201-215.

[21] Ali, M., et al. (2022). Hybrid attendance system combining face recognition and RFID technology. International Journal
of Emerging Technologies, 13(2), 78-91.

[22] Smith, R., & Johnson, L. (2021). Facial recognition attendance management system using OpenFace library. Journal of
Computer Science and Technology, 36(3), 512-524.

[23] Gupta, P., et al. (2020). Multi-class face recognition system for attendance management. International Journal of Pattern
Recognition and Artificial Intelligence, 34(9), 2056017.

[24] Wang, H., et al. (2022). Automatic attendance tracking based on facial recognition using transfer learning techniques.
Journal of Image and Video Processing, 2022(1), 1-14.

[25] Patel, K., et al. (2021). Facial recognition technology for attendance management in schools. International Journal of
Educational Technology, 18(2), 301-315.

[26] Viola, P., & Jones, M. J. (2004). Robust real-time face detection. International Journal of Computer Vision, 57(2), 137—
154.

[27] Deng, J., Guo, J., Xue, N., & Zafeiriou, S. (2019). ArcFace: Additive angular margin loss for deep face recognition.
IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 4690-4699).

[28] Simonyan, K., & Zisserman, A. (2015). Very deep convolutional networks for large-scale image recognition. International
Conference on Learning Representations (ICLR).

[29] Selwyn, N. (2019). Is artificial intelligence really the future of education? Learning, Media and Technology, 44(2), 168—
172.

[30] Salunkhe, S. D., & Maske, R. (2025). Automatic student attendance system based on face recognition using CNN.
International Journal of Creative Research Thoughts (IJCRT), 13(2), €734—e743.

© 2026, ISJEM (All Rights Reserved) | www.isjem.com | Impact Factor: 8.072 | Page 10



