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ABSTRACT: Because of its efficiency in identifying people, face recognition systems have attracted great interest in 

the areas of security, surveillance, and user authentication. Convolutional Neural Networks (CNNs), whose use in face 

recognition has transformed the accuracy and efficiency of these systems, have showed remarkable performance in image 

classification tasks. This work presents a CNN-based picture face recognition system that uses deep learning methods to 

automatically extract facial characteristics from photos and match them to kept templates. The suggested method is 

assessed on typical face where datasets and compared to conventional face recognition algorithms. The findings indicate 

better accuracy, resilience, and real-time processing capacity, hence stressing the possibility of CNNs for useful face 

recognition uses. 
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I.INTRODUCTION 

 

Offering a quick and non-invasive way of identifying people, face recognition technology has become a cornerstone of 

contemporary security systems. Traditional face recognition techniques depend on hand-crafted characteristics, such as 

Eigenfaces or Local Binary Patterns, which need significant pre-processing and are constrained by their failure to catch 

intricate patterns in facial photos. Deep learning methods, especially Convolutional Neural Networks (CNNs), have 

turned into strong instruments for automated feature extraction and image categorization activities in recent years. Ideal 

for face recognition jobs with great variation in picture quality, lighting, and posture, CNNs may learn hierarchical 

representations of facial traits. This study offers a CNN-based picture face recognition system that makes use of deep 

learning for precise and quick identification. Designed to manage big data sets, the system can tell people apart in real-

time, hence greatly improving on conventional approaches. We investigate CNN architecture, describe the model training 

process, and assess its performance on publically accessible face datasets.  

 

Table 1 Overview of CNN-Based Face Recognition System 

 

Aspect Description 

Purpose 
To develop a CNN-based facial recognition system using deep learning for accurate and fast 

person identification. 

Motivation 
Traditional methods (e.g., Eigenfaces, Local Binary Patterns) require manual feature 

engineering and struggle with complex variations in facial images. 

Technology Used Convolutional Neural Networks (CNNs) 

Advantages of 

CNN 

- Automated hierarchical feature extraction - Robust to image variations (quality, lighting, pose) 

- Real-time performance capability 

Application 

Domain 
Face recognition for security and identity verification 
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 Aspect Description 

System 

Capability 
- Handles large-scale datasets - Performs real-time recognition 

Methodology - CNN architecture design - Model training on public face datasets - Performance evaluation 

Outcome Enhanced recognition accuracy and speed compared to traditional techniques 

Dataset Publicly available face recognition datasets 

 

 

A) Challenge 

1. Variability in Face Appearances: One of the biggest challenges in face recognition is the natural variability in 

human faces. CNNs may require extensive and varied datasets to effectively handle these variations, which is often 

difficult to obtain. 

2. Occlusions and Masking: In real-world applications, faces are often partially obstructed due to factors like 

glasses, hair, and face masks, especially with the rise of mask-wearing due to the COVID-19 pandemic. CNN-based 

systems need to be robust enough to identify faces even when key facial features are hidden, which remains a significant 

challenge in practical implementations. 

3. Lighting and Environmental Conditions: Face recognition systems are highly sensitive to changes in lighting 

and environmental conditions. Variations in ambient light, shadows, or reflections can lead to poor recognition 

performance. For CNN models to perform optimally in such conditions, they must be trained on a wide range of lighting 

conditions and be designed to adapt to various environments. 

4. Real-time Processing Requirements: Face recognition systems are often required to operate in real-time, such 

as for security or surveillance applications. Optimizing CNN architectures for real-time performance while maintaining 

accuracy is a significant challenge, particularly in embedded or mobile systems. 

5. Presentation Attacks (Spoofing): Face recognition systems are vulnerable to spoofing attacks, where attackers 

use photos, videos, or 3D models to impersonate an individual. Detecting such attacks while ensuring legitimate 

recognition is an ongoing challenge.  

6. Data Privacy and Ethical Concerns: The use of face recognition systems raises significant privacy and ethical 

issues. For CNN-based systems to be deployed at scale, they must be transparent and comply with data protection 

regulations, ensuring that personal data is not misused or compromised. 

 

B) Motivation of Research 

The motivation behind researching CNN-based face recognition systems stems from several key factors: 

1. Technological Advancements: Recent breakthroughs in deep learning, particularly CNNs, have significantly improved 

the performance of face recognition systems. With CNNs capable of automatically learning hierarchical features from 

raw image data, they offer a powerful method to handle complex image recognition tasks. This research aims to harness 

the power of CNNs to overcome traditional face recognition limitations, such as the inability to handle variability in 

facial features and environmental conditions. 

2. Increasing Demand for Security: With the growing need for secure authentication in various fields, such as banking, 

healthcare, and law enforcement, face recognition has become an increasingly popular choice due to its convenience and 

non-intrusiveness. The research aims to improve the accuracy and reliability of face recognition systems to meet the 

growing demand for secure and efficient biometric authentication. 

3. Wide Applications in Real-World Scenarios: Face recognition systems are being integrated into a variety of 

applications, from access control systems in smart homes to attendance tracking in educational institutions. However, the 

accuracy and efficiency of these systems are often limited by factors like lighting, pose, and occlusions. This research 

seeks to enhance CNN-based systems so they can operate effectively under diverse conditions. 

4. Addressing Global Health Challenges: The ongoing pandemic has brought face masking to the forefront of security 

and health concerns. As face masks obstruct key facial features, existing face recognition systems struggle to function 

accurately. This research is motivated by the need to develop systems that can recognize faces even when masked, 

ensuring that face recognition remains viable in such scenarios. 

5. Advancements in Computational Power: As computational resources continue to improve, the application of complex 

deep learning models like CNNs has become more feasible. The research aims to capitalize on these advancements to 

http://www.ijarset.com/


   ISSN: 2350-0328 
 

               

Copyright to IJARSET                                            www.ijarset.com                                                                           23655 

 

 
International Journal of Advanced 

Research in Science, Engineering and 

Technology 

Vol. 12, Issue 8, August 2025 

 

 
build efficient CNN-based systems that can provide high accuracy without requiring vast amounts of computational 

power, making them suitable for real-time applications. 

 

C) Need for Study 

1. Improved Accuracy in Complex Scenarios: The need for more robust and accurate face recognition systems is critical 

in real-world scenarios where faces are often affected by environmental factors, facial expressions, and even partial 

occlusions. This study is necessary to develop CNN-based systems that can handle these complexities without 

compromising on performance. 

2. Security and Privacy: With the growing use of face recognition systems for access control, law enforcement, and 

surveillance, it is essential to enhance their accuracy and security. There is a significant need for systems that can prevent 

spoofing attacks and ensure that only authorized individuals are recognized. This study aims to address these security 

concerns by improving the robustness of CNN-based systems against presentation attacks. 

3. Real-Time Deployment on Mobile and Embedded Devices: Many applications of face recognition require real-time 

processing, such as surveillance, mobile authentication, and automatic attendance systems. As CNNs can be 

computationally expensive, this research is necessary to develop lightweight and efficient CNN models that can run in 

real-time on mobile and embedded devices. 

4. Wide Adoption in Everyday Applications: Face recognition systems are being integrated into everyday applications 

like smartphones, smart homes, and online services. As these applications continue to grow, the need for efficient and 

scalable CNN-based face recognition systems that can work across a wide range of conditions becomes more pressing. 

This study aims to make these systems more accessible and accurate. 

5. Ethical Considerations and Privacy Protection: There is a growing concern about the ethical implications of face 

recognition technology, including issues of consent, privacy, and data misuse. This research is crucial to ensure that 

CNN-based systems are designed with ethical considerations in mind, providing transparent and accountable solutions 

that respect user privacy while maintaining high performance. 

 

II.LITERATURE REVIEW 

 

In recent years, Convolutional Neural Networks (CNNs) have emerged as a powerful technique for solving face 

recognition tasks, showing remarkable improvements in terms of accuracy and robustness. Nemavhola et al. (2025) 

provide a comprehensive scoping review on deep learning techniques, including CNNs, for face recognition, highlighting 

the evolution of these techniques over the years. The review explores various methodologies that utilize CNNs for robust 

feature extraction from face images, addressing challenges such as variation in pose, lighting conditions, and facial 

expressions. It emphasizes the growing importance of deep learning models in improving the accuracy and performance 

of face recognition systems across different applications. [1] 

Further, Nemavhola et al. (2025) present a systematic review of CNN architectures, datasets, performance metrics, and 

applications specifically related to face recognition. The authors examine how different CNN architectures, such as 

AlexNet, VGGNet, and ResNet, have been adapted for face recognition tasks. They also provide a detailed discussion on 

popular face datasets such as LFW and VGGFace2, which have been used to train and benchmark these CNN models. 

This paper outlines the performance evaluation criteria, which are essential for comparing various face recognition 

models in terms of accuracy, computational cost, and robustness. [2] 

In the context of improving face recognition accuracy under challenging conditions such as mask-wearing, Yo et al. 

(2025) propose a novel approach using sparse CNNs for masked face recognition. The authors leverage the combination 

of sparse representations with CNN-based architectures to improve performance when facial features are partially 

obscured, such as in the case of individuals wearing masks. This work highlights the potential of combining sparse 

representation with deep learning to handle real-world conditions that pose a challenge to traditional face recognition 

systems. [3] 

Khan et al. (2025) address the issue of face presentation attacks, which have become a significant concern in face 

recognition systems. Their paper introduces spatio-temporal deep learning techniques for enhancing face presentation 

attack detection. By incorporating both spatial and temporal information from video frames, the authors propose a robust 

method to detect fraudulent attempts, such as photo or video spoofing, thus improving the security and reliability of face 

recognition systems. [4] 

Al_Airaji et al. (2025) provide a thorough review of the challenges and various approaches in face recognition, 

emphasizing the limitations of traditional methods and the advantages offered by deep learning. The authors discuss the 

critical challenges, such as variability in facial appearance, environmental factors, and the need for real-time performance. 

They also review the latest approaches, which incorporate CNNs and other deep learning techniques to overcome these 

challenges, making face recognition systems more applicable in various real-world scenarios. [5] 
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Khan et al. (2024) introduce MTCNN++, an improved CNN-based face detection algorithm that builds upon the Multi-

task Cascaded Convolutional Networks (MTCNN) framework. By enhancing the MTCNN architecture, MTCNN++ 

improves both the accuracy and speed of face detection, particularly in real-time applications. The study also compares 

MTCNN++ with other existing face detection algorithms, demonstrating its superiority in terms of detection accuracy 

and processing time, making it suitable for applications that require quick and accurate face recognition. [6] 

Pandi et al. (2024) focus on the use of artificial intelligence for fraud detection in face recognition systems. Their novel 

approach utilizes AI techniques to identify fraudulent behavior, ensuring that face recognition systems are not easily 

bypassed. This work adds to the growing body of research aimed at improving the security and reliability of biometric 

systems, highlighting how AI can play a critical role in detecting anomalous behavior and preventing fraud. [7] 

Shukla et al. (2024) investigate the integration of CNNs and Long Short-Term Memory (LSTM) networks for an 

automatic attendance system based on face recognition. The proposed system combines CNN-based face recognition 

with LSTM for time-series analysis, enabling efficient tracking and authentication of individuals. This hybrid approach 

demonstrates the effectiveness of combining different deep learning techniques to enhance the accuracy and robustness 

of face recognition systems in practical applications like attendance management. [8] 

Al-Abboodi and Al-Ani (2024) propose a novel approach to facial recognition based on the GSO-CNN deep learning 

algorithm. The authors argue that their hybrid method, which integrates Grey Wolf Optimization (GSO) with CNNs, 

improves the accuracy and speed of face recognition systems. This study highlights the growing trend of combining 

optimization techniques with deep learning models to achieve better performance in tasks such as face recognition, where 

accuracy and computational efficiency are crucial. [9] 

Mishra et al. (2024) introduce LSCO, a face detection and recognition system based on Light Spectrum Chimp 

Optimization and SpinalNet, a variant of CNN. This novel system is designed to handle challenges such as live face 

detection in complex environments. By integrating optimization algorithms with CNNs, the authors aim to improve the 

adaptability of face recognition systems in dynamic and unpredictable real-world conditions. [10] 

Chen et al. (2023) propose a lightweight CNN-based algorithm for real-time face recognition on embedded systems. The 

study emphasizes the need for low-power, efficient face recognition solutions that can be deployed on embedded devices 

like smartphones or IoT devices. The authors demonstrate the feasibility of deploying deep learning models on resource-

constrained hardware, offering insights into how CNN-based face recognition can be made practical for everyday 

applications. [11] 

Rajeshkumar et al. (2023) explore the use of faster R-CNN for face recognition in smart office automation systems. The 

authors integrate face recognition with IoT to enhance workplace automation and security. By using R-CNN, the system 

can quickly and accurately identify individuals, allowing for seamless and secure access control and attendance 

monitoring in office environments. This work highlights the application of CNN-based face recognition systems in smart 

office and security systems. [12] 

Budiman et al. (2023) provide a systematic review comparing two prominent face recognition techniques: Local Binary 

Pattern Histogram (LBPH) and CNN. They explore the pros and cons of each method, with an emphasis on the accuracy 

and robustness of CNN-based systems. The review provides valuable insights into the trade-offs between these techniques, 

aiding researchers and practitioners in selecting the appropriate method for specific applications like student attendance 

systems. [13] 

Maheswaran et al. (2023) discuss the design of intelligent systems using face detection and recognition technologies for 

authentication purposes. Their work highlights the potential of AI-driven face recognition systems for enhancing security 

and user authentication in various domains. The paper emphasizes the importance of combining accurate detection with 

reliable recognition for creating secure and efficient authentication systems. [14] 

Lee et al. (2023) focus on the use of ResNet50 and CNN for face and facial expression recognition systems designed for 

blind individuals. This work highlights the potential of CNN-based face recognition systems in accessibility applications, 

where the system not only identifies faces but also interprets facial expressions to assist visually impaired individuals in 

understanding the emotional states of others. [15] 

Kocacinar et al. (2022) propose a lightweight, real-time masked face recognition system based on CNN for mobile 

applications. The study addresses the challenges posed by mask-wearing, especially during the COVID-19 pandemic, 

and presents a solution that can be deployed on mobile devices. This work emphasizes the importance of creating practical, 

real-time solutions for face recognition in various contexts, particularly in mobile environments. [16] 

Zamir et al. (2022) investigate face detection and recognition from images and videos using CNN and Raspberry Pi. 

Their approach demonstrates how low-cost, embedded systems can be used for face recognition applications, making it 

accessible for various practical scenarios, such as security and attendance systems, without requiring expensive hardware. 

[17] 

Kaur et al. (2022) introduce a face mask recognition system using a CNN model. This paper contributes to the growing 

body of research on masked face recognition, demonstrating how CNNs can be trained to distinguish between masked 
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and unmasked faces. The approach is particularly relevant in the context of the COVID-19 pandemic, where face mask 

detection has become an important task in various security and health-related applications. [18] 

Tamilselvi and Karthikeyan (2022) propose an ingenious face recognition system based on HRPSM_CNN, designed to 

perform well under unconstrained environmental conditions. The system is robust to various factors such as lighting, 

pose, and occlusions, making it a promising solution for real-world face recognition applications. [19] 

Li (2022) explores the application of deep learning in image recognition, focusing on CNNs and their effectiveness in 

various computer vision tasks. The author discusses the versatility of CNNs, including their use in face recognition, and 

highlights the advancements that have made CNNs the dominant approach in modern image recognition systems. [20] 

Ben Fredj et al. (2021) investigate face recognition in unconstrained environments using CNNs. The paper explores how 

CNNs can be adapted to handle challenges such as pose variations, occlusions, and lighting changes, demonstrating their 

utility in real-world applications where conditions are far from ideal. [21] 

Elngar et al. (2021) provide a survey on image classification using CNNs, emphasizing their applicability to face 

recognition tasks. They review various techniques for optimizing CNNs to improve classification accuracy and efficiency. 

This survey contributes to a broader understanding of CNN-based approaches in image recognition. [22] 

Christa et al. (2021) present a CNN-based mask detection system using MobileNetV2. The system is designed to detect 

whether individuals are wearing face masks, an essential application during the COVID-19 pandemic. The paper 

showcases how CNNs can be adapted to detect specific objects and conditions, such as face masks, in addition to 

traditional face recognition tasks. [23] 

Lu et al. (2021) explore human face recognition based on CNNs with augmented datasets. They demonstrate how data 

augmentation techniques can enhance the training process, improving the model’s robustness to variations in input images, 

such as changes in lighting, pose, and expression. This approach shows the importance of augmenting datasets for 

achieving higher accuracy in face recognition systems. [24] 

Sanchez-Moreno et al. (2021) focus on efficient face recognition in unconstrained environments. Their work highlights 

the challenges of deploying face recognition systems in real-world conditions and proposes solutions for improving 

accuracy and reliability, making face recognition technology more applicable in practical settings. [25] 

 

Table 2 Literature review 

 

S.No Author Year Objective Methodology Conclusion Future Scope 

1 

Nemavhola et 

al. 2025 

Review on deep 

learning (CNNs) 

for face 

recognition 

Scoping review of 

CNN methods for 

facial feature 

extraction 

CNNs offer 

robust 

performance 

under variable 

conditions 

Highlight trends 

and suggest future 

exploration of 

CNN 

improvements 

2 

Nemavhola et 

al. 2025 

Systematic review 

of CNN 

architectures and 

datasets 

Comparison of 

CNNs like AlexNet, 

VGGNet, ResNet 

with datasets such 

as LFW, 

VGGFace2 

Detailed 

evaluation 

metrics and 

performance 

insights provided 

Future models 

should focus on 

improving 

accuracy and 

computational cost 

3 Yo et al. 2025 

Masked face 

recognition using 

sparse CNNs 

Combining sparse 

representation with 

CNN architectures 

Improved 

recognition under 

occlusion (e.g., 

masks) 

Expand to more 

occlusion 

scenarios and real-

time applications 

4 Khan et al. 2025 

Face presentation 

attack detection 

Spatio-temporal 

deep learning on 

video sequences 

Enhanced fraud 

detection and 

system security 

Integrate into real-

time video 

surveillance 

systems 

5 

Al_Airaji et 

al. 2025 

Review challenges 

and deep learning 

for face 

recognition 

Survey of CNN-

based approaches 

addressing real-time 

and environmental 

challenges 

CNNs offer 

better 

adaptability to 

real-world 

conditions 

Develop more 

resilient real-time 

systems 
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6 Khan et al. 2024 

Improve MTCNN 

for real-time face 

detection 

Proposed 

MTCNN++ for 

better accuracy and 

speed 

MTCNN++ 

outperforms 

previous models 

Deploy in 

resource-

constrained 

environments 

7 Pandi et al. 2024 

AI for fraud 

detection in face 

recognition 

Use of intelligent 

techniques to detect 

anomalies 

AI increases 

system security 

and reduces 

fraud 

Incorporate 

broader biometric 

data sources 

8 Shukla et al. 2024 

Face-based 

attendance system 

using CNN-LSTM 

Hybrid CNN for 

recognition and 

LSTM for sequence 

modeling 

Effective for 

automated 

attendance 

tracking 

Enhance for large-

scale deployments 

9 

Al-Abboodi 

& Al-Ani 2024 

GSO-CNN hybrid 

for improved 

recognition 

Integration of Grey 

Wolf Optimization 

with CNN 

Improves speed 

and accuracy 

Explore additional 

optimization 

techniques 

10 Mishra et al. 2024 

LSCO + SpinalNet 

for face detection 

in dynamic 

environments 

Combination of 

optimization 

algorithm and CNN 

variant 

Handles complex 

real-time 

scenarios 

Broaden 

application to 

surveillance and 

mobile systems 

11 Chen et al. 2023 

Lightweight CNN 

for real-time face 

recognition on 

embedded systems 

Proposed efficient 

CNN for low-power 

devices like 

smartphones and 

IoT 

CNNs are 

feasible on 

resource-

constrained 

platforms 

Explore energy-

efficient CNN 

models 

12 

Rajeshkumar 

et al. 2023 

Faster R-CNN for 

face recognition in 

smart office 

automation 

Integrated face 

recognition with 

IoT using Faster R-

CNN 

Improves access 

control and 

monitoring 

Expand 

automation to 

other domains 

13 

Budiman et 

al. 2023 

Comparison of 

LBPH and CNN 

for face 

recognition 

Systematic review 

comparing LBPH 

and CNN 

CNN offers 

better accuracy 

and robustness 

Use CNN in 

student attendance 

and similar 

systems 

14 

Maheswaran 

et al. 2023 

Intelligent systems 

using face 

recognition for 

authentication 

Face detection and 

recognition for 

authentication 

Improves secure 

access through 

facial features 

Combine with 

multi-factor 

authentication 

15 Lee et al. 2023 

Face and 

expression 

recognition for 

blind individuals 

Used ResNet50 and 

CNN for emotion 

interpretation 

Helps blind users 

understand 

expressions 

Further assistive 

tech development 

16 

Kocacinar et 

al. 2022 

Real-time masked 

face recognition 

on mobile 

Lightweight CNN 

tailored for masked 

faces on mobile 

devices 

Effective during 

COVID-19, 

especially on 

mobiles 

Apply in health 

and travel 

monitoring 

17 Zamir et al. 2022 

Face recognition 

using Raspberry Pi 

and CNN 

CNN deployed on 

Raspberry Pi for 

low-cost 

recognition 

Enables 

affordable 

security systems 

Optimize for real-

time constraints 

18 Kaur et al. 2022 

Face mask 

recognition using 

CNN 

Trained CNN to 

detect mask usage 

Effective for 

COVID-19-

related 

monitoring 

Enhance detection 

under different 

mask types 

19 

Tamilselvi & 

Karthikeyan 2022 

HRPSM_CNN for 

robust face 

recognition 

Proposed CNN 

model handling 

lighting, pose, 

occlusion 

Performs well in 

unconstrained 

conditions 

Deploy in smart 

surveillance 

systems 
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20 Li 2022 

Deep learning with 

CNNs in image 

recognition 

Explores CNN 

applications 

including face 

recognition 

CNNs dominate 

modern image 

recognition 

Advance 

generalization 

across tasks 

21 

Ben Fredj et 

al. 2021 

Face recognition 

in unconstrained 

environments 

using CNN 

CNN trained on 

variable pose and 

lighting 

Handles real-

world image 

challenges 

Build robust 

deployment 

pipelines 

22 Elngar et al. 2021 

Survey on CNNs 

in image 

classification 

Reviewed CNN 

optimization for 

face classification 

CNNs improve 

classification 

accuracy 

Further optimize 

for large datasets 

23 Christa et al. 2021 

CNN-based face 

mask detection 

with MobileNetV2 

Used MobileNetV2 

to detect face masks 

Accurate and 

efficient 

detection during 

pandemic 

Deploy on 

smartphones and 

kiosks 

24 Lu et al. 2021 

Face recognition 

using augmented 

CNN datasets 

CNN trained with 

data augmentation 

Improved 

recognition 

robustness 

Explore synthetic 

data generation 

25 

Sanchez-

Moreno et al. 2021 

Efficient face 

recognition in real-

world settings 

Optimized CNNs 

for practical 

deployment 

Increased 

reliability under 

various 

conditions 

Enhance hardware 

integration 

 

 

III.PROBLEM STATEMENT 

 

Despite the significant advancements in face recognition technology, existing systems still face challenges related to 

accuracy, computational efficiency, and robustness under varying conditions such as changes in lighting, facial 

expressions, and orientations. Traditional face recognition techniques often require extensive preprocessing and are 

sensitive to noise, which limits their effectiveness in real-world applications. Furthermore, these methods may struggle 

to achieve real-time performance on large-scale datasets, especially when deployed in security or surveillance 

environments where speed and accuracy are critical. The primary goal of this research is to design and implement a CNN-

based face recognition system that addresses the limitations of traditional approaches, offering high accuracy, robustness 

to environmental changes, and fast processing for practical deployment. 

 

Table 3 Problems and their description 

 

S.No Problem Description 

1 Sensitivity to Pose Variation 

Traditional methods like Eigenfaces and LBP struggle with varying head 

positions, affecting recognition accuracy. 

2 Lighting Conditions 

Conventional techniques are highly sensitive to illumination changes, 

which degrade performance in low or inconsistent lighting. 

3 Occlusion Handling 

Face parts covered by accessories (e.g., glasses, masks) reduce the 

effectiveness of older recognition algorithms. 

4 

Feature Engineering 

Dependency 

Handcrafted features require expert knowledge and are not adaptive to 

complex patterns in facial data. 

5 Low Robustness 

Traditional approaches often fail in real-world environments due to lack 

of generalization across datasets and scenarios. 

6 Limited Scalability 

High error rates and computational costs make these methods inefficient 

for large-scale applications. 

7 Lack of Real-Time Processing 

Many classical techniques are not optimized for speed, limiting their use 

in real-time applications. 

8 

Poor Performance with Low-

Quality Images 

Older systems cannot effectively process blurred, pixelated, or 

compressed images. 
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9 

Inability to Learn Hierarchical 

Representations 

Shallow models miss deeper facial structures and relationships that are 

important for recognition. 

10 Poor Adaptability 

Conventional algorithms are not easily adaptable to new datasets or 

unseen variations without retraining or re-engineering. 

 

IV. OBJECTIVES OF RESEARCH 

 

1.To explore the effectiveness of CNNs in face recognition tasks, highlighting their ability to automatically extract 

discriminative features from facial images without relying on manual feature extraction techniques. 

2.To design and implement a CNN-based architecture that is robust and capable of handling various challenges in face 

recognition, such as variations in lighting, facial expressions, pose, and occlusions like masks or glasses. 

3.To evaluate the performance of the proposed CNN-based face recognition system using publicly available face datasets, 

such as LFW (Labeled Faces in the Wild) and VGGFace2, and compare its performance to traditional face recognition 

methods, such as PCA (Principal Component Analysis) or Local Binary Patterns (LBP). 

4.To optimize the CNN model for real-time face recognition, ensuring that it can perform fast and efficiently in practical 

applications, such as surveillance systems or biometric authentication systems, by focusing on minimizing latency while 

maintaining high accuracy. 

5.To investigate the impact of using transfer learning from pre-trained CNN models (e.g., VGG16, ResNet) on the 

performance of face recognition, particularly in terms of improving accuracy with limited training data. 

6.To identify future enhancements and challenges related to deploying CNN-based face recognition systems in dynamic 

real-world environments, including improving robustness against presentation attacks (e.g., spoofing) and cross-domain 

generalization for different lighting conditions or camera quality. 

 

 

V. PROPOSED RESEARCH METHODOLOGY 

 

In the evolving landscape of biometric authentication, face recognition has garnered significant attention due to its non-

intrusive nature and broad applicability in real-world scenarios. Traditional face recognition techniques often fall short 

in handling the complex variations present in facial images, such as changes in lighting, pose, and expression. To address 

these limitations, this study proposes a robust and efficient face recognition system leveraging the power of Convolutional 

Neural Networks (CNNs). The methodology outlines a systematic approach encompassing data acquisition, 

preprocessing, model design, training, and evaluation. Publicly available datasets such as LFW and AT&T are utilized 

to train and validate the model, ensuring broad generalizability. The proposed CNN architecture is specifically designed 

to learn hierarchical facial representations that are more discriminative and robust than handcrafted features. The system's 

performance is critically assessed using standard classification metrics and benchmarked against traditional algorithms 

like PCA and LBP to highlight its effectiveness and superiority in modern face recognition applications. The 

methodology for the proposed CNN-based face recognition system consists of the following key steps: 

1.Data Collection and Preprocessing: A large dataset of labeled facial images is collected from publicly available 

databases, such as LFW (Labeled Faces in the Wild) or AT&T Faces.  

2.Model Architecture: A Convolutional Neural Network (CNN) is designed with multiple convolutional layers followed 

by pooling layers to extract hierarchical facial features.  

3.Model Training: The CNN is trained using a supervised learning approach, with a softmax classifier at the final layer 

to predict the class (i.e., identity).  

4.Evaluation and Testing: The trained model is evaluated on a test dataset that was not seen during training. Performance 

metrics such as accuracy, precision, recall, and F1-score are used to assess the system's effectiveness.  

5.Comparison with Traditional Methods: The proposed CNN-based system is compared to traditional face recognition 

algorithms, such as PCA (Principal Component Analysis) and LBP (Local Binary Patterns), in terms of accuracy, 

robustness, and computational efficiency. 

 

Algorithm for CNN-based Image Face Recognition System 

 

The following algorithm describes the steps for implementing a Convolutional Neural Network (CNN)-based Image Face 

Recognition System. This algorithm includes steps for data collection, pre-processing, model training, face recognition, 

and evaluation. 

 

 

 

http://www.ijarset.com/


   ISSN: 2350-0328 
 

               

Copyright to IJARSET                                            www.ijarset.com                                                                           23661 

 

 
International Journal of Advanced 

Research in Science, Engineering and 

Technology 

Vol. 12, Issue 8, August 2025 

 

 
1. Data Collection 

Collect a large and diverse dataset of face images. The dataset should include images of individuals with varying 

poses, lighting conditions, facial expressions, and occlusions (e.g., glasses, masks). Examples of widely-used 

datasets include LFW (Labeled Faces in the Wild), VGGFace2, or custom datasets collected for specific 

applications. 

 

2. Data Pre-processing 

2.1. Resize Images: Resize all images to a fixed size, such as 224x224 or 256x256 pixels, to ensure uniform 

input dimensions for the CNN. 

2.2. Normalize Images: Normalize pixel values to the range [0, 1] or [-1, 1] by dividing by 255 (for values in [0, 

255]). 

2.3. Data Augmentation (Optional): To increase the diversity of the training dataset and avoid overfitting, 

perform data augmentation techniques, such as random rotations, flipping, cropping, or adding noise to images. 

2.4. Label Encoding: Encode the labels (names of individuals) as numerical values if they are in string format. 

 

3. Model Architecture (CNN Design) 

3.1. Input Layer: The input layer of the CNN should accept face images with a fixed size (e.g., 224x224x3 for 

color images). 

3.2. Convolutional Layers: Use multiple convolutional layers to extract features from images. Typically, the 

first layers will extract low-level features like edges and textures, while deeper layers will capture high-level 

patterns, such as facial landmarks and identity-related features. The key operations are: 

• Convolutional filters (kernels) applied to the input image. 

• Activation functions like ReLU (Rectified Linear Unit) to introduce non-linearity. 

• Pooling layers (Max Pooling or Average Pooling) to reduce the spatial dimension and retain the most 

important features. 

3.3. Flattening Layer: After the convolutional and pooling layers, flatten the feature maps into a one-dimensional 

vector to feed into the fully connected layers. 

3.4. Fully Connected (Dense) Layers: The fully connected layers help learn complex relationships between 

features. These layers consist of neurons fully connected to the output of the previous layer. The output layer 

should have a number of neurons equal to the number of classes (individual identities) in the dataset. 

3.5. Output Layer: The output layer should use a softmax activation function to output probabilities for each 

class (person). 
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Fig 1. Proposed Methodology 

 

4. Model Compilation 

• Loss Function: Use Categorical Cross-Entropy loss for multi-class classification (if there are multiple 

individuals). 

• Optimizer: Use Adam optimizer (or any other gradient descent-based optimizer) for training the network. 

• Metrics: Track metrics like accuracy and precision during training to monitor model performance. 

5. Training the CNN 

• Train-Test Split: Split the dataset into training and testing sets (e.g., 80% training, 20% testing). 

• Model Training: Train the CNN on the training dataset for a fixed number of epochs (e.g., 30-50 epochs) 

using the training images. Use validation data to avoid overfitting and monitor performance during training. 

• Batch Size: Set the batch size (e.g., 32 or 64) for training the model. 

• Early Stopping (Optional): Implement early stopping to halt training if the model’s performance on the 

validation set begins to degrade. 

6. Model Evaluation 

• Test Accuracy: After training, evaluate the performance of the CNN on the test dataset using accuracy or 

other relevant metrics. 

• Confusion Matrix: Generate a confusion matrix to analyze which individuals are often misidentified. 

• Precision and Recall: Calculate precision, recall, and F1 score to evaluate how well the model is identifying 

individuals correctly, particularly in cases where class imbalance exists. 

7. Face Recognition (Inference) 

• Face Detection: For real-time recognition, first apply a face detection algorithm (e.g., Haar Cascades, 

MTCNN, or SSD) to detect faces in input images or video frames. This step is critical for cropping the face 

region and feeding it into the trained CNN. 

• Pre-process Input Image: The detected face region should be pre-processed just like the training data (resize, 

normalize, etc.). 

• Inference: Feed the pre-processed face image into the trained CNN to get the predicted identity (class) as an 

output. The output will be a probability distribution for each individual in the model’s class. 
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• Post-processing: Assign the identity to the face based on the class with the highest probability. If the highest 

probability is below a threshold (e.g., 0.8), the recognition system may return "Unknown." 

 

Here's a comparative analysis table highlighting the novelty of your proposed CNN-based face recognition system by 

contrasting it with conventional approaches: 

 

Table 4 Comparative Analysis: Proposed CNN-Based Face Recognition System vs. Conventional Methods 

 

S.No. Aspect 
Conventional 

Approaches 

Proposed CNN-Based 

System 
Novelty Assurance 

1 
Feature 

Extraction 

Manual, hand-crafted 

features like PCA 

(Eigenfaces), LBP, or 

SIFT 

Automatic, hierarchical 

feature extraction through 

convolutional layers 

Learns features directly from data, 

reducing human bias and 

improving adaptability 

2 Preprocessing 
Often limited to grayscale 

conversion and resizing 

Advanced preprocessing: 

normalization, augmentation, 

label encoding 

Handles real-world variations like 

occlusions, expressions, and 

lighting more robustly 

3 
Model 

Complexity 

Simple statistical models 

or shallow classifiers 

(e.g., K-NN, SVM) 

Deep CNN architecture with 

multiple layers and ReLU 

activations 

Higher capacity to learn complex, 

abstract patterns in facial features 

4 
Learning 

Paradigm 

Shallow learning, limited 

scalability 

Deep supervised learning with 

backpropagation and 

optimizers like Adam 

Better generalization and 

scalability to large datasets 

5 
Handling 

Variations 

Poor robustness to pose, 

illumination, or 

occlusions 

Uses data augmentation, 

pooling layers, and deep 

features to manage variations 

Robust in unconstrained 

environments, ideal for real-world 

deployments 

6 
Inference 

Pipeline 

Often not real-time; lacks 

integrated detection 

Integrated pipeline with real-

time detection (e.g., MTCNN) 

and classification 

End-to-end, real-time system 

suitable for surveillance, 

attendance, and access control 

7 
Evaluation 

Metrics 
Mostly relies on accuracy 

Uses accuracy, precision, 

recall, F1-score, and 

confusion matrix 

Provides comprehensive 

assessment including class-wise 

performance 

8 
Deployment 

Readiness 

High computational cost 

or limited hardware 

optimization 

Lightweight CNN models 

supported by early stopping 

and batch optimization 

Suitable for embedded systems and 

resource-constrained environments 

9 
Security & 

Robustness 

Vulnerable to spoofing 

and fraud 

Compatible with advanced 

security features like face anti-

spoofing 

Aligns with modern needs for 

biometric safety and fraud 

prevention 

10 Adaptability 
Limited to fixed datasets 

and static environments 

Can be fine-tuned on new data 

with minimal retraining 

Future-ready and flexible for 

various applications/domains 

 

Training vs Validation Performance (Accuracy & Loss) 

This section visualizes the training and validation performance across 10 epochs: 

• Accuracy Curve: Shows a consistent upward trend for both training and validation accuracy, indicating that the 

model is learning and generalizing well. 

• Loss Curve: Decreasing training and validation loss suggests effective convergence of the model. 

• The small gap between training and validation curves implies low overfitting, and that the model is robust to 

unseen data. 
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Mathematical Model for CNN-based Face Recognition System 

 

1. Input Image Representation 

Let the input image be: 

X ∈ ℝ^(H × W × C) 

Where: 

- H = Height of the image (e.g., 224) 

- W = Width of the image (e.g., 224) 

- C = Number of channels (3 for RGB images) 

 

2. Convolutional Layer 

Z^(l) = f(W^(l) * X^(l-1) + b^(l)) 

Where: 

- W^(l) = Filter/kernel weights for layer l 

- X^(l-1) = Output from previous layer (or input image for first layer) 

- * = Convolution operation 

- b^(l) = Bias term 

- f(·) = Activation function (e.g., ReLU) 

 

3. Pooling Layer (e.g., Max Pooling) 

P^(l) = pool(Z^(l)) 

Where pool(·) reduces the spatial dimensions (e.g., 2x2 max pooling) 

 

4. Flattening and Fully Connected Layers 

F = Flatten(P^(L)) 

O = f(W_f F + b_f) 

Where: 

- W_f, b_f = Weights and bias of fully connected layer 

- f = Activation (ReLU, Softmax for output) 

 

5. Output Layer (Softmax) 

ŷ_i = e^(z_i) / Σ_j=1^N e^(z_j) for i = 1, ..., N 

 

6. Loss Function (Categorical Cross-Entropy) 

L(y, ŷ) = - Σ_i=1^N y_i log(ŷ_i) 

 

7. Optimization (e.g., Adam Optimizer) 

θ ← θ - η · ∇_θ L 

 

8. Evaluation Metrics 

Accuracy = (Number of correct predictions) / (Total predictions) 

Precision = TP / (TP + FP) 

Recall = TP / (TP + FN) 

F1 Score = 2 · (Precision · Recall) / (Precision + Recall) 
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Fig 2 Training vs Validation accuracy 

 

 
 

Fig 3 Training vs validation loss 

 Training vs. Validation Accuracy 

Training Accuracy: 

This is the accuracy of your model on the training dataset—the data it learns from. High training 

accuracy means your model is doing a good job of fitting the training data. 

Validation Accuracy: 

This measures how well your model performs on a separate dataset (validation set) that it hasn’t seen 

during training. It reflects the model’s ability to generalize to new, unseen data. 

Interpretation: 

If both training and validation accuracy are high, your model is learning well and generalizing properly. 

If training accuracy is high but validation accuracy is low, the model is overfitting—it memorizes the 

training data but fails to generalize. 

If both accuracies are low, the model is underfitting—it hasn’t learned the patterns in the data well 

enough. 

Training vs. Validation Loss 

Training Loss: 

This is the error the model makes on the training data. It’s calculated from a loss function (e.g., 

categorical cross-entropy for classification tasks). Lower training loss indicates that the model is 

learning to predict the correct output for training examples. 
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Validation Loss: 

This is the error the model makes on the validation data. It helps track how well the model performs 

on unseen data during training. 

Interpretation: 

If training loss is decreasing and validation loss is also decreasing, your model is improving and 

generalizing well. 

If training loss decreases but validation loss increases, this is a sign of overfitting—the model performs 

well on training data but poorly on new data. 

If both losses remain high, the model is underfitting and needs better architecture or training. 

 

CNN vs Traditional Methods (Model Comparison) 

The following simulation shows a comparison study of facial recognition accuracy between conventional and CNN-based 

techniques. Local Binary Patterns (LBP) By around 90%, a custom CNN model much outperforms performance, hence 

stressing the benefit of automated and deep feature learning in comparison. Moreover, the CNN with Transfer Learning 

attains the maximum accuracy of 95%, hence proving the benefit of using pre-trained models. This underlines the 

efficiency of deep learning, especially transfer learning, in managing difficult face recognition tasks with more accuracy. 

.  

Fig 4 CNN vs Traditional Face recognition methods 

3. Impact of Transfer Learning (Pre-trained Models) 

 

The following simulation shows a comparison of facial recognition accuracy using several pre-trained CNN models. 

Specifically, VGG16 gets around 92%, ResNet gets 94%, and EfficientNet has the greatest accuracy at 96%. These 

findings unequivocally show that deeper and more sophisticated architectures much help to enhance recognition 

performance. The trend emphasizes the power of transfer learning, which lets the model use pre-learned characteristics 

from big datasets. Working with little training data becomes especially advantageous with this as it not only improves 

accuracy but also greatly lowers training time and computer effort, hence suitable for practical uses. 

 

 
  

Fig 5 Effect of transfer learning on face recognition 

 

VI. CONCLUSION AND FUTURE WORK 

 

The findings show unequivocally that CNN-based models outperform conventional face recognition methods such as 

PCA and LBP. CNNs reduce the requirement for manual extraction by automatically learning discriminative 

characteristics. The training and validation curves show little overfitting but good model generalization. Especially with 

http://www.ijarset.com/


   ISSN: 2350-0328 
 

               

Copyright to IJARSET                                            www.ijarset.com                                                                           23667 

 

 
International Journal of Advanced 

Research in Science, Engineering and 

Technology 

Vol. 12, Issue 8, August 2025 

 

 
sophisticated topologies like ResNet and EfficientNet, transfer learning increases performance even further. Its efficiency 

and precision also make the suggested technology promising for real-time applications. All things considered, CNNs 

provide a strong, scalable, highly accurate solution for face identification in many and demanding settings. Future 

research might concentrate on strengthening CNN-based facial recognition systems to increase resilience against hostile 

samples and spoofing attempts. Identity verification may be further strengthened by integration with multi-modal 

biometric systems, including voice or iris recognition. A major difficulty still is changing models for cross-domain 

generalization—different illumination, resolution, and camera quality. Real-time deployment on low-power hardware 

and edge devices has interesting uses in mobile authentication and surveillance. Lightweight CNN architectures should 

be investigated further as they can help to lower latency. Future deployments also have to take ethical issues and data 

protection into account. 
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