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Abstract - The integration of face recognition 

technology in contemporary biometric systems occurs 

because it helps multiple security applications alongside 

personalized service functions. Recent deep learning 

applications contribute superior features which result in 

efficient processing and very accurate face recognition 

results. This paper investigates deep learning techniques 

applied to face feature extraction through investigations 

of CNNs along with their evolution alongside Siamese 

and Triplet networks and pretrained networks as well as 

attention concepts and 3D recognition and generative 

adversarial network approaches (GANs). This work 

studies how different methods impact actual field 

performance of facial recognition systems within 

challenging conditions that include changing lighting 

conditions and partial blocked views and different poses. 

The paper concludes the discussion by specifying future 

research directions for face recognition technology 

development and its improvement potential. 
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1.INTRODUCTION  

 

   Current biometric authentication systems depend 

heavily on face recognition because this technology suits 

users without affecting them and works with multiple 

devices. Face recognition systems enable access to 

smartphones as well as secure spaces and they provide 

verification for identity checks at customs and financial 

organizations which enhances security while delivering 

convenience. The recognition of faces through eigenfaces 

and fisherfaces and local binary patterns (LBP) techniques 

heavily depended on manually designed features yet 

proved inadequate when dealing with actual world 

environment problems including illumination 

irregularities aging related changes and obstructive factors 

[1]. At the beginning of face recognition technology 

development, the systems proved challenging to operate 

dependably and effectively in unpredictable 

environmental conditions. 

Face recognition using deep learning systems requires 

Convolutional Neural Networks (CNNs) to obtain 

important features from images. Deep learning detection 

elements combine process learning and analysis of direct 

images to identify face textures and symmetric elements 

and small dimensional shifts [2]. The deep face modeling 

systems FaceNet and ArcFace create strong face models 

to conduct superior face matching operations and 

similarity evaluations within reduced dimensions [3]. The 

combination of Siamese networks and triplet-loss 

frameworks brings more advanced training approaches for 

face similitude distinctions so verification and 

identification outcomes become stronger. 

The development of modern CNNs requires 

combination methods from attention techniques and 

generative models to build new enhancements of 

conventional CNN systems. Models equipped with 

attention mechanisms select important face regions like 

eyes or mouth to boost their capability of recognizing 

features despite partial facial occlusions or changes in 

facial pose. The data augmentation capabilities of GANs 

depend on their ability to create authentic synthetic faces 

and normalize lighting and pose through domain 

adaptation techniques [4]. New innovations have made 

face feature extraction techniques sturdier and more 

compatible across various real-life situations. The present 

paper conducts a detailed analysis of deep learning 

progressions which explore state-of-the-art practices that 

mold face recognition systems of tomorrow. 

2.  DEEP LEARNING MODELS FOR FACE 

FEATURE EXTRACTION 

 

2.1. Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks (CNNs) have brought 

a complete transformation to face recognition systems by 

extracting human faces effectively. Pre-processor 

algorithms used traditional face recognition systems with 

eigenfaces and local binary patterns (LBP) features before 
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complex conditions occurred. Partial pixel information 

training results in face feature extraction success through 

a hierarchical network system that utilizes convolution 

and ReLU activation with pooling elements. 

The first significant success of CNNs came when 

AlexNet emerged as the winner of the ImageNet 

competition in 2012 which led to widespread face-related 

application of CNNs [2]. The VGGNet followed by 

GoogLeNet/Inception and ResNet demonstrated 

successful use for facial recognition through their deep 

yet easy designs and novel computational features and 

network depth capabilities. The models worked to solve 

problems with pose variations and both expression 

variations and different lighting conditions. 

Three significant CNN-based face recognition models 

include FaceNet and DeepFace together with ArcFace [5]. 

The FaceNet system creates a direct mapping of faces to a 

short Euclidean space which uses distance measurements 

for face similarity assessment [6]. The face recognition 

models such as ArcFace [7] improve upon FaceNet by 

adding an angular margin loss to enhance both intra-class 

compactness and inter-class separability during 

verification and identification tasks. 

2.2. Pretrained Models and Transfer Learning 

The face recognition field benefits significantly from 

large-scale data through transfer learning because it often 

encounters data scarcity problems during specific 

applications. Various pre-trained models consisting of 

VGGFace, VGGFace2 [8], as well as ResNet-50[9], 

Inception-ResNet and MobileFaceNets[10] gained 

knowledge about generalized facial representations 

through their training on millions of images from diverse 

demographics across various environments. 

Researchers who study specific domains can execute 

model tuning on their selected datasets through 

streamlined training processes for verification work and 

surveillance operations and age-targeted applications. 

This methodology delivers both financial benefits and 

enables fast face recognition system creation for 

operational applications. 

Weak computing environments utilize adjusted 

versions of MobileNetV2, EfficientNet [11], and 

SqueezeNet models to perform facial feature extraction on 

mobile and edge devices. Low-power models achieve 

optimal both speed and detection precision to permit face 

authentication on mobile devices as well as IoT 

components and embedded hardware systems. 

 

2.3. Siamese and Triplet Networks 

Professional representations from CNNs need specific 

loss functions combined with proper architectural patterns 

to achieve optimal feature spaces for recognition 

purposes. Siamese networks together with Triplet 

networks appeared in the field due to their ability to learn 

face similarity-oriented embeddings from pairwise or 

triplet input data. 

A Siamese network incorporates two duplicate CNN 

pipelines that each inputs a pair of images to generate 

embedding features. The contrastive loss function will 

reduce embedding distances of the same identity pairs 

while simultaneously increasing their distances from 

different identity pairs. The concept of Siamese networks 

evolves into triplet networks which process three images 

including an anchor and both positive and negative 

contents respective of the input. The triplet loss function 

enforces the anchor to remain closer to its positive 

identity than to any negative by a defined threshold. 

Models under these architectures achieve optimal 

results in face verification operations which need to verify 

person matching independently of identity classification. 

Security systems together with border control operations 

and forensic investigations use FaceNet and OpenFace 

models because these systems implement successful face 

identification principles. 

2.4. Generative Adversarial Networks (GANs) 

GANs have become a key focus in face recognition 

studies because their ability to generate synthetic images 

leads to significant research interest[12]. GAN 

architecture includes two interacting parts; generator and 

discriminator networks which compete against each other 

based on producing realistic images and detecting real and 

artificial ones respectively. The adversarial procedure in 

GANs enables efficient creation of high-detail along with 

multiple facial image variations. 

GANs serve three main functions during face feature 

extraction by undertaking data augmentation tasks along 

with image enhancement activities and cross-domain 

image synthesis operations. The ability of GANs to create 

simulated face images with diverse lighting conditions 

and different poses enables better training of reliable face 

identity recognition models [13]. Conditional GANs 

(cGANs) create particular facial features (e.g., 

with/without glasses and different expressions) and 

CycleGANs perform face frontalization which converts 

profile images into acceptable frontal views. 
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The DR-GAN [13]and DiscoGAN GAN-based models 

increase the quality of low-detail images which benefits 

poor imaging scenarios such as surveillance systems. 

StyleGAN and StyleGAN2 show two key benefits by 

producing premium synthetic images with adjustable face 

attributes that help researchers better understand and 

visualize facial characteristic vectors. 

2.5. 3D Face Recognition 

The use of traditional 2D face recognition systems 

may pose problems because they are easily affected by 

significant problems of illumination and pose position. 3D 

face recognition emerged as a solution to address existing 

limitations by using depth data for modeling human facial 

three-dimensional structures [14]. 

The deep learning model training became possible 

through Bosphorus and BU-3DFE datasets using cost-

effective structured light and time-of-flight cameras. The 

development of 3D-CNNs emerged specifically to extract 

both volumetric and spatio-temporal elements from point 

clouds data together with depth maps [15]. Models that 

merge two-dimensional and three-dimensional data 

processing achieve better outcomes than systems 

operating on a single data format. 

Such methods bring high value for border control and 

forensic analysis activities and applications which need 

strong resistance to environmental changes. Success in 

mass-market integration through 3D face recognition 

technology hinges on hardware development while efforts 

to increase 3D imaging capability progress. 

2.5. Role of Attention Mechanisms in Face Feature 

Extraction 

Deep learning models received dynamic emphasis 

capabilities through attention mechanisms which allowed 

them to process information from priority input areas. The 

face recognition system directs its attention selectively 

toward essential facial features including eyes, nose and 

mouth and jawline while suppressing other unimportant 

picture elements or face occlusions [16]. 

Standard convolutional network protocols evaluate 

images using specific-dimensional kernels yet their local 

scanning patterns do not enable effective distant image 

connections. The attention mechanism solves this 

limitation through its capacity to determine important 

image regions by producing weighted combinations from 

all spatial positions. As a result, it learns to direct its 

"attention" toward the most significant 

features[17].Multiple attention-based modules function as 

enhancements for CNNs to enhance face recognition 

accuracy. The SE (Squeeze-and-Excitation) blocks use 

channel recalibration to enhance the importance of 

informative response features. The Convolutional Block 

Attention Module (CBAM) unites spatial and channel 

attention modules to define both focused elements (what) 

and their geographical locations (where) [18]. The self-

attention layers of the model identify relationships 

between image areas to make the system more resistant to 

pose changes and expression variations as well as 

concealment obstacles The mechanisms elevate the 

discrimination of features when used for real-world 

applications such as surveillance and authentication 

systems during low-light or partial-face recognition tasks. 

 

3.6. Vision Transformers (ViTs) for Face 

Recognition 

The NLP technology called Transformers formed the 

basis for Vision Transformers (ViTs) which now apply 

these models to processing visual information. The 

operation of ViTs differs from CNNs since these models 

split images into spatial regions that become token 

sequences like text words in sentences. The network uses 

MHSA layers several times to process image tokens 

through self-attention mechanisms enabling the system to 

understand contextual relationships throughout the entire 

image [19]. 

The benchmark performance of ViTs becomes optimal 

when performing facial recognition on extensive data 

collections. Their natural ability to perceive relationships 

between far-separated features enables them to evaluate 

facial areas entirety which promotes accurate high-fidelity 

face depiction.The high computational requirements of 

vanilla ViTs have led researchers to create three variants: 

Swin Transformers, PVT and DEiT which enable more 

efficient operations for face recognition applications. The 

architectures unite hierarchical features and local-global 

attention mechanisms while drawing advantage from the 

benefits of CNNs and Transformers [20]. 

The research community now investigates hybrid 

model designs which fuse CNN structural elements with 

Transformer operation layers. TransFace merges face 

verification and clustering functionality by using ResNet 

features with transformers for relational analysis to 

deliver improved accuracy results. The combination of 

MobileNet and lightweight transformers operates in 

MobileViT to power fast facial recognition on primitive 

devices. 
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3. CONCLUSION 

The development of face recognition technology replaced 

human-made features with deep learning algorithms that 

yield very accurate and reliable recognition outcomes. 

Modern face recognition technology development uses 

deep learning models which include CNNs together with 

Siamese and Triplet networks and generative models and 

recently added Vision Transformers. The advanced 

models have achieved higher recognition system accuracy 

which now enables them to operate without constraints in 

various settings. 

With attention mechanisms and pretrained models 

incorporated into the system the facial information 

processing capacity increases but reduces both training 

duration and requirement costs. The advancement of 

facial recognition moved forward through developments 

between 3D face technologies and generative adversarial 

networks (GANs) that processed images despite facial 

poses with obstructions and poor picture quality. 

The current generation of face recognition technologies 

faces four primary barriers which include both data bias 

issues as well as adversarial vulnerability risks and 

substantial financial expenses and privacy vulnerability 

challenges. Future developers will enhance light models 

by boosting power output and implementing fair 

interpretation systems and improved spoofing attack 

security protocols. Deep learning technology is projected 

to expand its core position in face recognition applications 

which will drive the development of numerous security 

and finance and healthcare and other industry-use cases. 

To develop the future generation of face recognition 

systems requires combined efforts between developers of 

innovative architectures and training techniques operating 

alongside ethical design practices. 

 

REFERENCES 

 

[1] P. Kaur and Taqdir, “FACE RECOGNITION 

TECHNIQUES: A SURVEY,” in Applications of 

AI and Machine Learning, R. Maini, Ed., 2023, 

pp. 195–199. 

[2] G. Kaur et al., “Face mask recognition system 

using CNN model,” Neuroscience Informatics, 

vol. 2, no. 3, p. 100035, Sep. 2022, doi: 

10.1016/j.neuri.2021.100035. 

[3] M. Wang and W. Deng, “Deep face recognition: 

A survey,” Neurocomputing, vol. 429, pp. 215–

244, Mar. 2021, doi: 

10.1016/j.neucom.2020.10.081. 

[4] N. Ud Din, K. Javed, S. Bae, and J. Yi, “A Novel 

GAN-Based Network for Unmasking of Masked 

Face,” IEEE Access, vol. 8, pp. 44276–44287, 

2020, doi: 10.1109/ACCESS.2020.2977386. 

[5] A. Shepley, “Deep Learning For Face 

Recognition: A Critical Analysis”, [Online]. 

Available: 

https://www.researchgate.net/publication/3347831

28 

[6] F. Schroff, D. Kalenichenko, and J. Philbin, 

“FaceNet: A unified embedding for face 

recognition and clustering,” in 2015 IEEE 

Conference on Computer Vision and Pattern 

Recognition (CVPR), 2015, pp. 815–823. doi: 

10.1109/CVPR.2015.7298682. 

[7] J. Deng, J. Guo, N. Xue, and S. Zafeiriou, 

“ArcFace: Additive Angular Margin Loss for 

Deep Face Recognition.” [Online]. Available: 

https://github.com/ 

[8] Q. Cao, L. Shen, W. Xie, O. M. Parkhi, and A. 

Zisserman, “VGGFace2: A dataset for recognising 

faces across pose and age,” in 2018 13th IEEE 

International Conference on Automatic Face & 

Gesture Recognition, Oct. 2017, pp. 67–74. 

[Online]. Available: 

http://arxiv.org/abs/1710.08092 

[9] J. Shi, T. Liu, N. Chen, J. Liu, Y. Dou, and Y. 

Zhao, “Low Resolution and Multi-pose Face 

Recognition based on Residual Network,” in IEEE 

Advanced Information Technology, Electronic and 

Automation Control Conference (IAEAC), 2021, 

pp. 1587–1593. doi: 

10.1109/IAEAC50856.2021.9390821. 

[10] A. G. Howard et al., “MobileNets: Efficient 

Convolutional Neural Networks for Mobile Vision 

Applications,” CoRR, vol. abs/1704.04861, 2017, 

[Online]. Available: 

http://arxiv.org/abs/1704.04861 

[11] M. Tan and Q. V Le, “EfficientNet: Rethinking 

Model Scaling for Convolutional Neural 

Networks,” CoRR, vol. abs/1905.11946, 2019, 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                          Volume: 09 Issue: 04 | April - 2025                            SJIF Rating: 8.586                                    ISSN: 2582-3930                                                                                                                                               

 

© 2025, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM45934                                                 |        Page 5 
 

[Online]. Available: 

http://arxiv.org/abs/1905.11946 

[12] Farnaz Farahanipad, Mohammad Rezaei, 

Mohammadsadegh Nasr, Farhad Kamangar, and 

Vassilis Athitsos, “GAN-based Face 

Reconstruction for Masked-Face,” in The15th 

International Conference on PErvasive 

Technologies Related to Assistive Environments 

(PETRA ’22, 2022, p. 704. 

[13] L. Tran, X. Yin, and X. Liu, “Disentangled 

Representation Learning GAN for Pose-Invariant 

Face Recognition,” in 2017 IEEE Conference on 

Computer Vision and Pattern Recognition 

(CVPR), 2017. doi: 10.1109/CVPR.2017.141. 

[14] F. Liu, Q. Zhao, X. Liu, and D. Zeng, “Joint Face 

Alignment and 3D Face Reconstruction with 

Application to Face Recognition,” IEEE Trans 

Pattern Anal Mach Intell, vol. 42, no. 3, pp. 664–

678, Mar. 2020, doi: 

10.1109/TPAMI.2018.2885995. 

[15] J. H. Hong et al., “A 3D model-based approach 

for fitting masks to faces in the wild,” in 2021 

IEEE International Conference on Image 

Processing (ICIP), Mar. 2021, pp. 235–239. doi: 

10.1109/ICIP42928.2021.9506069. 

[16] Q. Wang and G. Guo, “DSA-Face: Diverse and 

Sparse Attentions for Face Recognition Robust to 

Pose Variation and Occlusion,” IEEE 

Transactions on Information Forensics and 

Security, vol. 16, pp. 4534–4543, 2021, doi: 

10.1109/TIFS.2021.3109463. 

[17] Y. Wang, Y. Li, and H. Zou, “Masked Face 

Recognition System Based on Attention 

Mechanism,” Information, vol. 14, no. 2, p. 87, 

Feb. 2023, doi: 10.3390/info14020087. 

[18] Y. Li, K. Guo, Y. Lu, and L. Liu, “Cropping and 

attention based approach for masked face 

recognition,” Applied Intelligence, vol. 51, no. 5, 

pp. 3012–3025, May 2021, doi: 10.1007/s10489-

020-02100-9. 

[19] P. Kaur and S. Singh, “Emerging Trends in Image 

Processing and Pattern Recognition: Exploring 

Transformative Technologies and Their 

Applications,” Article in International Journal of 

Computer Trends and Technology, vol. 13, 2025, 

doi: 10.33144/23478578/IJCST-V13I1P1. 

 [20]  P. Kaur , Taqdir, S. Singh, “Automated Facial 

Recognition: Technological Innovations, 

Challenges and Real-World Applications,” Article 

in International Journal of Engineering Research 

and Technology, vol. 143, 2025, doi: 

10.17577/IJERTV14IS010117 

 

 

 

 

 

 

BIOGRAPHIES (Optional  not mandatory ) 

 

 

 

 

 

 

 

 

 

 

 

http://www.ijsrem.com/
http://dx.doi.org/10.17577/IJERTV14IS010117

