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Abstract—Attendance monitoring is an essential administrative task in educational and workplace environments, but traditional manual registers are
time-consuming and prone to proxy attendance and recording errors. Earlier automated methods such as fingerprint and RFID systems reduce manual
effort but require physical interaction and dedicated hardware. Recent advances in computer vision and artificial intelligence enable contactless
attendance monitoring using face recognition, where deep learning models such as CNN, MTCNN, Face Net, lightweight networks, and ensemble
approaches identify multiple individuals in real time through video surveillance. This survey analyzes multiple research works on face recognition-
based smart attendance systems by comparing their methodologies, performance, advantages, and limitations. The study highlights major research gaps,
including absence of continuous presence monitoring, lack of exit detection, sensitivity to illumination variation, occlusion challenges, and hardware

constraints, and suggests future directions toward intelligent presence aware attendance systems suitable for real-world deployment.

Index Terms—Face Recognition, Attendance System, Computer Vision, Deep Learning, Smart Classroom, MTCNN, CNN, Automated Monitoring

I. INTRODUCTION

Attendance monitoring plays an essential role in academic
institutions, corporate offices, and security environments to
measure participation and operational discipline. Conventional
attendance recording systems rely on manual roll calls or written
registers maintained by instructors or administrators. These
approaches are inefficient in large classrooms, consume lecture
time, and are vulnerable to proxy attendance where one individual
marks attendance on behalf of another. Moreover, maintaining
physical records introduces calculation errors and longterm storage
difficulties.

To overcome these limitations, automated attendance systems
were introduced using technologies such as RFID cards and
fingerprint biometrics. Although these methods reduce manual
effort, they introduce other practical challenges. Students or
employees must physically interact with sensors, creating
congestion at entry points. Hardware maintenance cost, device
wear, and hygiene concerns further reduce feasibility in large-scale
deployments. Additionally, biometric scanners cannot monitor
continuous presence; attendance is recorded only at the moment of
interaction.

Advancements in artificial intelligence and computer vision
have enabled the development of face recognitionbased attendance
systems. Unlike biometric devices, facial recognition works using
cameras and does not require user interaction. A camera captures
the image or video of individuals, detects facial regions, extracts
unique features, and matches them with stored identities in a
database. The entire process occurs automatically without
interrupting classroom or workplace activities.

A typical face recognition attendance system consists of the
following stages:

1) Image acquisition using camera devices
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2) Face detection and localization

3) Face alignment and preprocessing

4) Feature extraction using deep learning models

5) Identity matching with database

6) Attendance logging and report generation Deep learning
architectures such as Convolutional Neural Networks (CNN) [1]
automatically learn discriminative facial representations and

significantly outperform traditional handcrafted feature-
based techniques. Models including FaceNet [2], VGGFace
[3], ResNet [4], and Multi-task Cascaded Convolutional
Networks (MTCNN) [5] achieve high recognition accuracy
even under pose variation and partial occlusion. Earlier face
recognition techniques such as Eigenfaces [6] and Local
Binary Patterns (LBP) [7] were widely used before deep
learning methods. Classical face detection techniques such as
Histogram of Oriented Gradients (HOG) [8] and Viola—Jones
detection [9] were also widely used in early vision systems.
Face recognition attendance systems can be applied in
multiple domains including educational institutions, office
workforce monitoring, examination verification, secure
facility access control, and public transport monitoring.
However, despite significant research progress, existing
solutions still face challenges such as lighting sensitivity,
occlusion handling, absence of duration-based attendance
verification, and computational complexity for real-time
deployment.

This paper presents a detailed survey of fourteen research studies
related to automated attendance monitoring using facial
recognition. The objective is to analyze methodologies, compare
performance, identify limitations, and propose future
improvements for reliable real-world systems.
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II. RELATED WORKS

A. Smart Attendance Monitoring Using Computer Vision and
IoT

Raj et al. [10] proposed a smart attendance monitoring system
that automatically records student attendance using facial
recognition integrated with IoT-based notification services. The
system captures live video using a webcam and detects faces using
the Histogram of Oriented Gradients (HOG) feature descriptor.
After detection, facial landmarks are extracted and encoded into a
128dimensional feature vector using a neural network-based
feature encoder. The recognized identity is then stored in an SQLite
database and attendance information is transmitted to the
administrator via email using cloudbased IFTTT services.
Experimental validation demonstrated successful real-time
recognition in small classroom environments. However, the system
is sensitive to illumination variations and does not support
continuous presence monitoring.

B. Eigenfaces Based Face Recognition

Turk et al. [11] introduced the Eigenfaces method, one of the
earliest approaches for automated face recognition. The technique
is based on Principal Component Analysis (PCA), where facial
images are projected into a lowerdimensional feature space known
as the face space. In this method, eigenvectors of the covariance
matrix of facial images represent the principal components that
capture the most significant variations among faces.

Each face image is represented as a weighted combination of
these eigenfaces, allowing efficient comparison between different
facial images. Recognition is performed by measuring the distance
between the projected feature vector of an input image and stored
facial representations in the database. Although Eigenfaces
significantly reduced computational complexity and improved
early recognition systems, the method is sensitive to variations in
lighting, facial expressions, and pose changes.

C. Face Recognition Techniques: A Survey

Zhao et al. [12] presented a comprehensive survey on face
recognition techniques and discussed the evolution of facial
recognition systems from early geometric featurebased methods to
appearance-based approaches. The study analyzed different face
recognition techniques including feature-based methods, template
matching methods, and appearance-based statistical approaches
such as Principal Component Analysis (PCA) and Linear
Discriminant Analysis (LDA).

The authors also examined major challenges affecting face
recognition systems, including variations in illumination, pose,
facial expressions, and occlusions. Their survey highlighted the
importance of robust feature extraction and efficient classification
methods for improving recognition performance in real-world
environments. This work provides a foundational overview of face
recognition research and serves as a reference for understanding
the development of modern deep learning based face recognition
systems.
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D. Histogram of Oriented Gradients for Human Detection

Dalal et al. [13] introduced the Histogram of Oriented Gradients
(HOG) descriptor for robust human detection in images. The
method works by dividing an image into small spatial regions
called cells and computing gradient orientation histograms for each
cell. These histograms capture the local edge and shape
information of objects, which are then normalized across larger
blocks to improve invariance to illumination and contrast
variations.

The HOG descriptor effectively represents object appearance
and has been widely used for pedestrian detection and early face
detection systems. By capturing the distribution of gradient
directions, the method can detect objects even under moderate pose
and lighting variations. Although modern deep learning models
have largely replaced handcrafted features, HOG remains an
important foundational technique in computer vision and has
influenced many later face detection frameworks.

E. Deep Learning Based Automated Attendance System

Kumar et al. [14] proposed an automated attendance monitoring
system based on deep learning and face recognition techniques.
The system captures facial images of students using a camera and
processes them through a face detection and recognition pipeline
to automatically record attendance. Deep learning based facial
feature extraction is used to improve recognition accuracy
compared to traditional methods.

The proposed system aims to eliminate manual attendance
registers and reduce proxy attendance by identifying students
automatically through facial recognition. Detected faces are
compared with stored facial embeddings in a database, and
attendance records are updated once a match is identified.
Experimental results demonstrated that deep learning based face
recognition can provide reliable identification in classroom
environments while improving efficiency and reducing
administrative workload.

F. Masked Face Recognition for Secure Authentication

Anwar et al. [15] investigated the problem of face recognition
when individuals wear facial masks. Traditional face recognition
systems rely on full facial features, which leads to performance
degradation when a large portion of the face is occluded. The
authors proposed a masked face recognition approach that focuses
on extracting discriminative features from the visible regions of the
face, particularly the eye and upper facial region.

The proposed method employs deep learning based feature
extraction to improve recognition accuracy under occlusion
conditions. By training models on masked facial datasets, the
system becomes capable of identifying individuals even when
significant portions of the face are covered. Such approaches are
particularly useful in surveillance systems and automated
attendance monitoring scenarios where mask usage is common.

G. CNN-VGG16 Based Deep Learning Model

Prasad et al. [16] proposed a deep learning based approach using
the VGG16 convolutional neural network architecture for image
classification tasks. The study applied the CNN-VGG16 model to
analyze medical CT scan images and detect COVID-19 related
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abnormalities. The model utilizes transfer learning by adapting a
pre-trained VGG16 network to extract deep features from the input
images and perform classification.

Although the work focuses on medical image analysis, it
demonstrates the effectiveness of deep convolutional neural
networks for feature extraction and pattern recognition.
Architectures such as VGG16 have been widely used in face
recognition and visual classification tasks due to their strong
feature learning capability and high accuracy in complex image
datasets.

H. Deep Learning Based Recognition and Pose Estimation

Cao et al. [17] proposed a real-time multi-person 2D pose
estimation method using Part Affinity Fields, which enables
accurate detection and tracking of multiple human body joints in
complex scenes. Such pose estimation techniques can assist
monitoring systems by analyzing human presence and movement
in crowded environments.

Deng et al. [18] introduced ArcFace, a deep face recognition
approach that improves identity classification by applying an
additive angular margin loss to facial feature embeddings. This
method enhances the discriminative capability of deep learning
models and significantly improves recognition accuracy in modern
face recognition systems.

L. Real-Time Surveillance Attendance and DeepFace
Recognition

Patel et al. [19] proposed a real-time attendance monitoring
system using surveillance cameras and face recognition
techniques. The system automatically detects and recognizes
student faces from video streams and records attendance in a
database, reducing manual effort and minimizing proxy
attendance.

Taigman et al. [20] introduced DeepFace, a deep learning based
face recognition framework that uses a nine-layer neural network
to learn highly discriminative facial features. The model achieved
near human-level performance on the Labeled Faces in the Wild
(LFW) dataset and demonstrated the effectiveness of deep neural
networks for large-scale face verification tasks.

J. Deep Learning Based Face Recognition and Detection

Parkhi et al. [21] presented a deep learning based face
recognition framework that uses convolutional neural networks to
learn robust facial feature representations from large-scale
datasets. Their work demonstrated that deep neural networks can
significantly improve recognition accuracy compared to traditional
feature-based methods.

Liu et al. [22] proposed the Large-Margin Softmax loss function
to enhance the discriminative power of convolutional neural
networks. By introducing a margin constraint in the Softmax loss,
the method improves feature separability and classification
performance in face recognition tasks.

Zhang et al. [23] developed the Multi-task Cascaded
Convolutional Network (MTCNN), a widely used architecture for
face detection and alignment. The model employs a cascaded
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structure consisting of multiple networks to detect faces and extract
facial landmarks efficiently in realtime environments.

II1. COMPARATIVE ANALYSIS

TABLE I: Comparison of Existing Attendance Systems

Ref | Method Strength Limitation
[1] Lightweight CNN Low hardware requirement Weak performance in
Model crowded scenes
[2] Mobile Deep Learning Easy deployment on mobile Depends on network
System devices connectivity
[3] FaceNet Based High face recognition Requires high
Recognition accuracy computational resources

Automatic student
identification

Sensitive to lighting
conditions

[4] Face Recognition
Attendance System
[5] Masked Face
Recognition CNN
[6] Haar Cascade
Detection

[71 MTCNN Face
Detection

[8] Deep CNN
Classification

[9] CosFace Embedding
Method

[10] | IoT Based Attendance
Monitoring

Handles masked face
detection

Reduced accuracy in
complex environments

Fast face detection Limited robustness for pose

variation

Accurate face localization Slight computational

overhead

High feature extraction
capability

Orientation sensitivity

Improved feature Complex training process

discrimination

Real-time attendance
recording

Sensitive to crowd density

Sensitive to illumination
changes

[11] | Eigenfaces Recognition
Method

[12] | Face Recognition

Efficient dimensionality
reduction

Comprehensive analysis of No practical implementation

Survey Model techniques
[13] | HOG Feature Robust gradient based Limited performance for
Descriptor detection complex scenes

Automatic attendance
logging

From the surveyed literature, it is observed that most attendance
systems focus primarily on recognition accuracy rather than actual
presence verification. In many approaches, attendance is recorded
when a face is detected once, even if the individual leaves the
classroom immediately afterward.

Another common limitation is the inability to detect exit events.
Existing systems assume presence after recognition, which leads
to incorrect attendance reports. Lighting conditions, occlusion due
to masks, and overlapping faces remain significant technical
challenges.

Hardware requirements also limit real-world deployment. High-
accuracy deep learning models require GPUs, making them
expensive for educational institutions. Edge computing approaches
reduce latency but require optimized lightweight architectures.

Therefore, an ideal attendance system must combine
recognition, tracking, and behavioral analysis rather than relying
on single-frame identification.

[14] | Deep Learning Dataset dependency

Attendance System

IV. LIMITATIONS IN EXISTING SYSTEMS

Based on analysis of all surveyed papers, the following
limitations are identified:

« Attendance recorded only once during entry

- No verification if student leaves early

. Sensitive to lighting variation

« Performance drop due to occlusion and mask usage

« High hardware cost for deep models

« Lack of real-time tracking

« No attendance duration calculation

« Privacy concerns in cloud-based systems
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V. PROPOSED FUTURE ENHANCEMENT

Future smart attendance systems should include:

- Continuous face tracking using object tracking algorithms

- Entry and exit detection for duration-based attendance

« Classroom boundary monitoring

- Anti-spoof detection to prevent proxy attendance

. Lightweight deep learning models for edge deployment

« Automatic PDF attendance report generation

« Multi-camera collaboration with centralized processing
These improvements will transform attendance systems from

simple identification tools into intelligent presenceaware
monitoring systems SUMMARY.
VI. RESEARCH GAP

Current face recognition based attendance systems are primarily
identification-centric rather than presencecentric. Most approaches
mark attendance immediately after detecting a face without
verifying whether the individual actually remained inside the
classroom. As a result, attendance duration cannot be validated and
systems remain vulnerable to short-term presence and proxy
manipulation.

Reliable attendance monitoring requires temporal verification
instead of single-frame recognition. Real classroom environments
introduce additional challenges such as illumination variation,
occlusion due to masks, crowded scenes, and computational
constraints. These issues indicate that recognition accuracy alone
is insufficient for practical deployment and must be combined with
continuous monitoring strategies.

VII. CONCLUSION

Automated attendance systems based on face recognition have
evolved from simple identification tools toward intelligent
monitoring solutions through modern deep learning techniques.
Convolutional neural networks and facial embedding models
provide high recognition accuracy under controlled conditions;
however, real classroom environments introduce dynamic
challenges that cannot be addressed through recognition alone.

A major limitation in existing implementations is the
dependency on single-frame identification. Marking attendance
immediately after detection does not confirm actual presence
duration inside the classroom. Reliable attendance monitoring
therefore requires continuous verification rather than momentary
recognition. Without temporal validation, automated systems
remain vulnerable to proxy attendance and short-term presence
manipulation.

Practical deployment introduces additional challenges including
illumination variation, partial occlusion, crowded scenes, and
computational constraints. Cloudbased solutions provide
computational power but introduce latency and privacy risks, while
edge-based solutions improve privacy and response time but
require lightweight optimized models.

An effective real-world attendance system should operate as a
multi-stage pipeline consisting of face detection, identity
recognition, continuous tracking, and event validation. Entry—exit
boundary detection and region-based monitoring allow attendance
to be measured as duration rather than a single event, transforming
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attendance recording into a presence verification problem rather
than an identification problem.

Future systems should incorporate real-time identity tracking,
re-identification techniques, and anti-spoof mechanisms to prevent
impersonation using photographs or digital displays. Privacy-
preserving architectures such as federated learning and edge-
assisted processing can enable biometric recognition without
transmitting raw facial data to centralized servers. Lightweight
deep learning models optimized for embedded hardware will
support scalable deployment across multiple classrooms.

By combining recognition, tracking, and contextual analysis,
next-generation attendance systems can provide reliable, secure,
and fully automated monitoring suitable for educational
institutions and organizational environments.
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