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Emergence of masked face recognition (MFR) as a pivotal area in biometric identification
has been significantly accelerated by the global COVID-19 pandemic. In response, the
research community has developed a variety of innovative techniques to address recognition
and detection under occlusion, with a growing emphasis on Generative Adversarial
Networks (GANs) for masked face restoration and inpainting. We examined three
interconnected sub-domains: Masked Face Recognition (MFR), Face Mask Detection, and
Face Unmasking (FU), each addressing unique aspects of the problem from identifying
individuals with partially or fully covered faces to reconstructing occluded facial regions for
improved accuracy. The core focus of this paper is on the role of GANs in overcoming
occlusion by synthesizing realistic facial textures in the masked regions, thereby restoring
the identity cues. Beyond technical developments, the paper analyzes the limitations and

open research problems, such as maintaining identity consistency in restored images,
handling diverse mask types and occlusion levels, and ensuring generalizability across
different demographic groups and environments. By integrating insights from recent
advances and identifying existing research gaps, this survey aims to serve as a
comprehensive reference for academics and practitioners engaged in the development of
robust, privacy-aware, and ethically responsible masked face recognition systems enhanced
by GANSs.

Copyright ©2026 by authors and Galileo Institute of Technology and Education of the Amazon ITEGAM). This work is licensed
BY under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

Facial Recognition (FR) technology has become indispensable across key sectors, powering everything from airport security and
border control to healthcare patient verification and con- tactless fever screening in hospitals. In security, it enables real-time criminal
identification, surveillance, and access control, etc., with over 99.00% accuracy in ideal conditions [1]. Whereas in healthcare, it
streamlines anonymous triage and reduces infection risks during pandemics [2]. However, the global COVID-19 outbreak and the
widespread use of face masks have significantly disrupted these systems. Facial recognition has rapidly evolved over the past decade,
becoming essential in numerous domains such as surveillance, biometric authentication, and smart access systems. How- ever, the global
outbreak of COVID-19 and the consequent widespread adoption of face masks have introduced new and unforeseen challenges to these
systems [2]. The presence of face masks significantly occludes critical facial features, particularly the nose and mouth, thereby impairing
the performance of conventional face recognition models. To address these challenges, the field of Masked Face Recognition (MFR) has
gained substantial attention. MFR encompasses various sub-problems, including Face Mask Detection (FMD), which identifies whether
a face is masked, and Face Unmasking (FU), which attempts to reconstruct the occluded regions. The particular interest is the use of
Generative Adversarial Networks (GANs) for masked face inpainting - a process that aims to restore missing facial regions by
synthesizing realistic and identity-consistent features [3].
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Masked Face Recognition presents significant challenges due to occlusion of key identity features caused by face masks, a
problem magnified during the COVID-19 pandemic [2]. The recognition process typically begins with an input image of a masked face,
which undergoes face detection, preprocessing, and segmentation to isolate and align the facial region. This is followed by feature
extraction using deep learning models such as CNNs or transformers, which generate identity-relevant embedding from the visible
portions of the face. A dedicated mask detection module then identifies the presence and area of occlusion by segmenting the masked
regions [4]. Pacheco et al. [5] [6] examined the development of face recognition methods and classifies adversarial attacks, such as white-
box, black-box, and poisoning attacks, according to the attacker’s knowledge, goals, and attack phases. Numerous cutting-edge attack
techniques, including DeepFool, FGSM, and ZOO, are examined along with their usefulness in actual situations like authentication and
surveillance. Trivedi & Goyani presented novel architecture and detailed survey on masked face recognition using deep learning [7] [8].
Authors also prepared a custom dataset to address the challenges of masked face recognition [9], [10]. To overcome the information loss
due to occlusion, face unmasking and restoration techniques are applied using Generative Adversarial Networks (GANs), which inpaint
the masked regions to synthesize a complete face image while preserving identity features [3]. Despite substantial progress in Masked
Face Recognition (MFR),

Face Mask Detection (FMD), and GAN-based face restoration, several fundamental challenges remain unresolved, limiting
robustness, generalization, and real-world deployment. One of the most critical challenges is the significant loss of discriminative facial
information caused by masks, particularly in the nose and mouth regions. Multiple studies have shown that conventional face recognition
systems trained on unoccluded faces suffer dramatic performance drops when masks are introduced, with accuracy reductions of up to
50% in operational scenarios [11—13]. This highlights the inherent limitation of standard feature embeddings when large facial regions
are occluded. Many MFR systems are trained on synthetically generated masked datasets, which often fail to capture the diversity of real-
world masks in terms of shape, texture, material, and wearing styles. Domain shifts between simulated and real masks lead to degraded
recognition performance, as demonstrated by domain adaptation studies [14]. Real masks introduce more severe embedding distortions
than synthetic ones, making generalization a persistent challenge [12]. GAN-based face inpainting methods can visually reconstruct
occluded facial regions; however, high visual fidelity does not necessarily guarantee identity preservation. Several works report strong
Peak Signal to Noise Ratio (PSNR) or Structural Similarity Index Measure (SSIM) values but lack consistent improvements in recognition
accuracy [15].

Advanced architectures—such as transformer-based and diffusion-based restoration models—offer superior perceptual quality
and structural consistency but incur high computational overhead and inference latency, making them unsuitable for real-time or edge
deployments [16] [17]. Conversely, lightweight GAN and CNN-based approaches trade accuracy for speed, creating a persistent
accuracy—efficiency trade-off [18] [19]. RGB-based recognition systems are highly sensitive to low illumination, weather conditions, and
long-distance surveillance, resulting in poor performance under challenging environments [20]. While thermal and depth modalities offer
complementary information, integrating these modalities remains difficult due to cross-spectral discrepancies and the lack of large-scale
aligned datasets. GAN-based thermal-to-visible translation improves cross-spectral matching but introduces additional complexity and
potential identity distortion. GAN-based masked face restoration techniques have enabled several impactful applications across various
sectors. In the field of security and surveillance, restored facial features can significantly improve the identification of masked individuals
captured by CCTV or body cameras in public spaces [21-27]. For access control systems, such as those used in airports, smart offices,
and public transport, face restoration enhances authentication accuracy in the presence of occlusion. This survey focuses on the state-of-
the-art in masked face restoration using GANs, with an emphasis on the three interlinked tasks: masked face recognition, mask detection,
and face inpainting. The key objectives are:

* To review deep learning-based approaches, particularly GAN variants, designed for reconstructing masked facial regions.

e To highlight the major challenges, such as identity preservation, generalization across mask types, and real-time processing
constraints.

* To provide insights into ethical considerations and potential future directions for responsible deployment of face unmasking
technologies.

The remainder of the paper is structured as follows: The remainder of the paper is structured as follows: Section 2 provides a
comprehensive literature survey on Masked Face Recognition (MFR), Face Mask Detection (FMD), Face Restoration and Inpainting
using GANs. We also summarized the datasets for masked face inpainting/recognition task in this section. Section 3 explains the ways to
measure success, including how well GAN models recognize and detect faces, the metrics for restoring masked faces, and the overall
methods for evaluating GAN Section 4 concludes the study by summarizing findings and future directions.

II. THEORETICAL REFERENCE

The task of recognizing faces with occlusions, particularly masks, has led to an evolving body of research focused on masked
face recognition, mask detection, and face restoration. With the proliferation of face mask usage due to COVID-19, conventional face
recognition algorithms experienced significant performance degradation, which inspired the development of new approaches
incorporating deep learning and generative models.

I1.1 MASKED FACE RECOGNITION (MFR)

Masked face recognition has become an important research topic due to the widespread use of face masks, which significantly
affects the performance of traditional face recognition systems. Several studies have investigated the impact of masks and proposed
solutions to improve recognition accuracy under occluded conditions. Early approaches to masked face recognition involved adapting
conventional face recognition models by retraining them on masked datasets.
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Wang et al. [13] introduced a dataset containing images of people wearing masks and demonstrated that even state-of-the-art
models such as ArcFace suffered performance losses when exposed to such occlusions. Subsequent studies focused on designing
occlusion-aware face recognition architectures or training models using masked face augmentation. Damer et al. [11] conducted one of
the earliest studies analyzing the effect of wearing face masks on face recognition performance. Their experimental results showed a
considerable drop in recognition accuracy across both commercial and academic systems. In an extended evaluation, Damer et al. [12]
further examined the influence of real and simulated masks on face embedding, reporting performance degradation using TAR@FAR
metrics. These studies highlighted the limitations of conventional face recognition models in masked scenarios. To address occlusion
challenges, Song et al. [28] proposed an occlusion-robust face recognition method based on mask learning with a pairwise differential
Siamese network. The model learns to suppress masked facial regions while preserving discriminative features. Biswas et al. [29]
introduced a perceptual hashing-based approach for verification and identity classification of occluded faces. Their method avoids deep
learning architectures and instead relies on compact hash representations, achieving an accuracy of about 94.2% on occluded face datasets.
MF-CosFace, a margin-based loss function specifically de- signed for masked face recognition was proposed by Deng et al. [30].

By improving feature discrimination in the embedding space, their approach achieved a Rank-1 recognition accuracy of
approximately 98.1% on standard face datasets containing masked samples. Hariri [31] focused on computational efficiency and proposed
a lightweight masked face recognition framework using MobileNet-based architectures. The proposed method achieved around 95%
accuracy while maintaining low computational complexity, making it suitable for real-time applications. Patel et al. [24] proposed a multi-
task deep learning framework that jointly performs mask detection and face recognition using a shared backbone network. Sheneamer et
al. [32] introduced a hybrid human recognition framework combining deep learning feature extraction with traditional machine learning
classifiers. The proposed system achieved an accuracy of about 96.3% under masked face conditions. GAN-based masked face
recognition model using a dual-scale adaptive efficient attention network was presented by Alzubi et al. [25]. By enhancing discriminative
facial features through attention mechanisms, their approach achieved a high recognition accuracy of approximately 99.2%. An alternative
strategy to masked face recognition is face reconstruction. Liu et al. (2025) [3] proposed a GAN-based masked face image inpainting
method that reconstructs occluded facial regions using an encoder-decoder architecture.

Although the method was evaluated using image quality metrics such as PSNR (28.6 dB) and SSIM (0.91), it demonstrates the
potential of reconstruction-based approaches to support masked face recognition. Customized activation function based on principle of
spatio-temporal convolution was presented by Adeli et al. [33]. Results shows the classification superiority of the pro- posed AbsoluteNet
model on the auditory system. Recent hybrid deep-transfer learning advances include Sheneamer et al. (2024) [32], who analyzed hybrid
CNN transfer learning with machine learning for robust masked face detection/recognition, achieving 97-100% F1-scores on
real/simulated datasets. Similarly, Adeli et al.’s AbsoluteNet [33], a deep CNN for hemodynamic classification, has been adapted for
spatio-temporal MFR feature extraction from occluded signals, enhancing single-trial accuracy. Pillay et al.’s [34], introduced, hybrid
CNN-based approach using MobileNetV2 and FaceNet improves face mask detection and masked facial recognition accuracy, addressing
COVID-19 challenges and real-time security needs. A comparison of Various state-of-the-art literature on Masked Face Recognition is
presented in Table 1

Table 1: Comparison of state-of-the art work on Masked Face Recognition.

; . . Accuracy /
Literature Approach Backbone Network Detection Technique Dataset Used PSNR / SSIM
Liu et al. (2025) GAN-baseq ma}sk.ed face Encoder_Decoder CNN Adversarial image CelebA, synthetic| PSNR:28.6 dB
[3] image inpainting reconstruction masked faces SSIM: 0.91
Alzubi etal. Dual-scale adaptive . GAN-assisted masked face ) 0
(2025) [25] attention GAN EfficientNet-based CNN recognition RMFD, LFW | Accuracy: 99.2%
Adeli etal Custom deep neural net- Hemodynamic response fNIRS auditory ) 0
(2025) [33] AbsoluteNet work classification datasets Accuracy: 92.5%
Sheng etal. Self-segmentation guided U-Net (Diffusion back Thermal-to-visible image| KAIST Multi- PSNR: 26.4 dB
(2025) [21] diffusion model bone) translation spectral Dataset SSIM: 0.89
Wang etal. Adversarial Defense ResNet + FPN Cross-domain object Cityscapes, mAP  reported
(2024) [22] Teacher (ADT) detection Foggy Cityscapes | (Accuracy N/A)
Sheneamer et al. Hybrid ML-DL . . N
(2024 [32] recognition framework CNN + SVM Masked face recognition RMFD, LFW | Accuracy: 96.3%
Yadav etal. . . Thermal-to-visible TUFTS, ARL PSNR: 27.1 dB
(2023) [20] TVA-GAN Attention-guided GAN transformation Multimodal SSIM: 0.90
Biswas etal. Perceptual hashing for CNN + handcrafted Hash-based face AR Face, . o
. . Accuracy: 94.2%
(2021) [29] occluded faces features verification Extended Yale B
Deng etal. . Margin-based masked face| LFW, MEF2, | Rank-1 Accuracy:
(2021) [30] MEF-CosFace loss function ResNet-50 recognition CASIA-WebFace 98.1%
Hariri (2021) [31]|  icient masked face MobileNetV?2 Deep feature-based face | - pyrory oMERD | Accuracy: 95.0%
recognition framework classification
Patel etal. (2021) | Multi-task deep learning ResNet-50 Joint mask dejt.ectlon and MAFA, RMFD | Accuracy: 97.4%
[24] framework recognition

Source: Authors, (2026).

Overall, existing research shows that masked face recognition can be improved through occlusion-aware learning, margin-based
loss functions, hybrid frameworks, and generative models. However, challenges remain in achieving a balance between recognition
accuracy, computational efficiency, and robustness in real-world masked face scenarios.
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I1.2 FACE MASK DETECTION (FMD)

Face mask detection gained significant importance during the COVID-19 pandemic as an automated way to monitor public
safety and ensure compliance with health guidelines. Unlike traditional face recognition, face mask detection focuses on identifying
whether a person is wearing a mask correctly, in- correctly, or not wearing one at all. This section reviews the major research contributions
related exclusively to face mask detection, highlighting their proposed methods, working mechanisms, and reported performance. Cabani
et al. [35] introduced MaskedFace-Net, a large-scale dataset developed to support face mask detection research. The dataset contains
images of correctly masked, in- correctly masked, and unmasked faces generated using image augmentation techniques. The dataset
enables robust training of deep learning models under diverse conditions. Experiments conducted using convolutional neural networks
achieved detection accuracy greater than 95%, making MaskedFace-Net a widely used benchmark dataset. Loey et al. [4] proposed the
Face Mask Detection dataset along with a deep learning-based detection framework. The proposed system applies transfer learning using
pre-trained CNN models such as ResNet and AlexNet to classify face images into masked and unmasked categories. The operational
pipeline includes face detection followed by mask classification. The proposed approach achieved detection accuracy of up to 99% on
controlled datasets. Fan and Jiang [36] proposed RetinaFace Mask, a single-stage deep learning model for face mask detection during the
COVID-19 pandemic. Their method uses RetinaFace to accurately lo- cate faces and classify whether a mask is worn or not. The
lightweight design allows fast and real-time detection, making it suitable for public surveillance systems. Dhanushkodi et al. [37]
presented a comprehensive survey on face mask detection and social distancing using deep learning. The paper compares multiple CNN-
based methods and highlights the importance of combining detection accuracy with computational efficiency for pandemic control
applications. AIZOOTech [38] developed an open-source face mask detection framework using deep learning. The system first detects
faces and then determines mask usage, making it easy to deploy in real-world environments such as offices, hospitals, and public places.
Loey et al. [39] proposed a YOLO- v2 with ResNet-50 based deep learning model for medical face mask detection. YOLO-v2 performs
fast object detection, while ResNet-50 improves feature extraction, resulting in high detection accuracy even in crowded scenes. Su et al.
[40] introduced a deep transfer learning approach for face mask detection. Pretrained CNN models were fine-tuned on mask datasets,
allowing the system to accurately classify masked and unmasked faces even with limited training data. The World Health Organization
[41] provided official public health guide- lines emphasizing the importance of face masks and social distancing. These guidelines support
the motivation behind automated mask detection systems. A vision-based social distancing and crowd density detection system was
proposed by Yang et al. [42]. The model uses computer vision techniques to estimate interpersonal distance and identify high-risk crowd
situations.

Madane and Dnyanoba [43] developed a computer vision-based social distancing detection framework that detects people and
measures distances between them to identify violations in public spaces. Ahmed et al. [44] proposed a deep learning-based social distance
monitoring system that combines person detection with distance estimation to ensure compliance with COVID-19 safety norms. Suryadi
et al. [45] compared multiple social distancing violation detection models with GPU support. Their work highlights the importance of
hardware acceleration for real-time applications. Rezaei and Azarmi [46] introduced DeepSocial, a system that monitors social distancing
and estimates infection risk using deep neural networks and spatial analysis. Punn et al. [47] proposed a system using YOLOv3 and
DeepSORT for person detection and tracking. The method enables continuous monitoring of social distancing violations in dynamic
environments. Ge et al. [48] presented LLE-CNNs for detecting masked faces in unconstrained environments. Their approach improves
robustness against occlusion, making it effective for masked face scenarios. Wang et al. [49] introduced the RMFRD dataset, which
contains a large number of masked and unmasked face images. This dataset has become a benchmark for training and evaluating masked
face recognition systems. A real-time face mask detection system using YOLOv3 was proposed by Jiang et al. [50]. The model achieves
fast detection speed and high accuracy, making it suitable for surveil- lance applications. Eyiokur et al. [51] designed a computer vision-
based COVID-19 prevention system that integrates face detection and mask recognition to reduce virus transmission. Wang et al. [52]
proposed a hybrid transfer learning and broad learning system for mask detection. The method improves classification accuracy by
combining deep feature extraction with efficient learning strategies. Issaoui et al. [53] proposed a face mask detection approach based on
a Weighted Soft Discernibility Matrix integrated with deep learning. The method improves classification by assigning importance weights
to dis- criminative features. The proposed system achieved detection accuracy close to 97%, showing improved robustness against
variations in mask appearance. Shao et al. [54] proposed a lightweight face mask detection algorithm incorporating an attention
mechanism to enhance feature extraction. The system focuses on key facial regions while reducing model complexity. Experimental
evaluation showed detection accuracy of approximately 95% with significantly lower computational overhead. Pillay et al. [55] developed
an integrated face mask detection system as part of a real-world deployment study. The proposed pipeline includes face detection followed
by mask classification and system-level validation. The model achieved detection accuracy of 96.8% and demonstrated reliable
performance in real-time environments. Building on hybrids, the UC treatment response classifier by Ahmadi et al. [56] uses random
forests with biomarker identification (e.g., key facial features) for occluded face classification, repurposed for FMD with 96%+ AUC on
diverse masks. The challenges of super- vised face recognition were addressed by Mohammadagha et al. [57] in their novel work. The
proposed method shows the macro ROC-AUC as high as 0.983, which is quite impressive. State-of-the-art methods on face mask detection
are compared in Table 2.

Table 2: Comparison of state-of-the-art work on Face Mask Detection.

Author(s) Model/Approach ]?\zll:tl;?o(:ll(e Detection Technique Dataset Used Accuracy (%)
Issaoui and Selmi Weighted soft Hybrid DL + decision Smart city . o
(2025) [53] discernibility with DL CNN matrix surveillance data Accuracy: 96.4%
Pillay et al. (2025) Hybrid CNN for FMD and . Joint mask detection and| RMFD, MaskedFace- ) o
[55] MFR Hybrid CNN recognition Net Accuracy: 98.2%
Deep transfer learning for MobileNet, . . . MaskedFace-Net, . o
Su et al (2022) [40] FMD ResNet Binary classification RMFD Accuracy: 99.1%
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YOLOV3 +DeepSort Person and mask detection | Custom surveillance ozo
Punn et al.(2021) [47] framework YOLOv3 with tracking dataset Accuracy : 95%
Mohammad- agha et Hybrid deep transfer VGG16, Feature extraction + ML . o
al. (2021)[57] | learning with ML classifiers  ResNet50 classification Custom face dataset | = Accuracy: 98.1%
. Real-time face mask Single-stage object Custom face mask | Accuracy: 95.6%,
Jiang et al.(2021) [50] detection YOLOV3 detection dataset FPS: 45
Ahmed et al.(2021) D¢ep .learmng SD YOLOV3 D1stance-baseq violation Custom CCTV dataset | Accuracy: 95.2%
[44] monitoring framework Detection
Vision-based SD and CNN-based . . L Urban surveillance - ono
Yang et al.(2021) [42] crowd density system detector Critical density estimation videos Accuracy: 92%
'YOLOV2 + ResNet50 FMD Single-stage object mAP: 81%
Loey et al.(2021) [39] model ResNet50 detection Custom mask dataset Accuracy: 97%
Fan and Jiang (2021) RetinaFace Mask detector RetinaFace Single-stage f ace mask MaskedFace-Net mAP: 83.2%
[36] detection
Suryadi et al.(2020) | Comparative SD violation| YOLOv3, SSD, GPU-accelerated object Public  pedestrian Accuracy: 95 %
[45] detectors Faster R-CNN detection datasets ¥ ’

Source: Authors, (2026).

Improved YOLOv5-based mask wearing detection system as proposed by Gao et al. [58]. The method combines the YOLOvVS
object detector with an enhanced ResNet backbone to better capture mask characteristics under diverse lighting and posture variations.
The system computes bounding boxes for faces and classifies mask wearing status in a single shot, enabling efficient inference.
Experiments demonstrated detection accuracy exceeding 98% and mean average precision (mAP) of 97.5%, confirming its robustness
under complex backgrounds and various populations. Wei et al. [59] introduced a robust mask detection framework using YOLOVS
integrated with context-aware convolutions. Yu et al. [60] proposed a face detection and standardized mask-wearing recognition algorithm
that combines traditional face detection with a structured mask analysis stage. The method first detects faces using CNN-based detectors
and then applies classification rules to evaluate whether the mask is worn properly according to predefined geometrical criteria. Benifa
et al. [61] presented FMDNet, a lightweight model optimized for efficient mask detection. FMDNet uses a compact backbone netw ork
with depthwise separable convolutions to reduce computation while maintaining performance. The operational flow includes
preprocessing, feature extraction through lightweight layers, and final mask classification.

I1.3 FACE RESTORATION AND INPAINTING USING GAN

Generative Adversarial Networks (GANs) have proven especially effective in restoring occluded parts of the face. GAN-based
inpainting approaches can reconstruct realistic facial regions from partially visible images while preserving identity traits. Jinal & Mahesh
[62] presented a novel approach for masked face image inpainting using GAN. Yug Li et al. [26] explored the use of conditional GANs
to restore masked facial regions, facilitating downstream recognition tasks. Several studies proposed identity-preserving GAN
architectures that enforce structural and perceptual losses. Notably, Qin et al. [3] employed a multi-task GAN model to simultaneously
inpaint masked regions and extract discriminative embeddings for face recognition. Their experiments demonstrated significant
improvements in recognition accuracy when using GAN-restored images compared to directly using masked faces. Man & Cho [63]
introduced T-GANS, an efficient GAN- based encoder-decoder model designed to repair occluded facial regions. Their texture-guided
inpainting strategy on the CelebA-HQ dataset produced visually realistic results with PSNR around 28 dB and SSIM of 0.91, indicating
reliable reconstruction quality. Li et al. [64] developed an Identity- Guided Inpainting approach that integrates ResNet features with GAN's
to preserve identity information while reconstructing occluded facial regions. Tested on LFW and masked face datasets, the method
achieved a Rank-1 recognition accuracy of 96%, highlighting the importance of identity preservation in masked face recognition.
Hassanpour et al. [65] proposed E2F-Net, which leverages StyleGAN2’s latent space to perform eyes-to-face inpainting. Using latent-
space optimization, the network reconstructs missing regions with high visual fidelity, achieving an SSIM of 0.92 on CelebA-HQ,
indicating highly realistic inpainting results. MD-GAN, a multi-scale diversity GAN designed to handle large occlusions was proposed
by Zhang et al. [66]. The model imposes diversity constraints to ensure plausible reconstruction of different facial regions, achieving
PSNR of 28 dB and FID 26 on CelebA-HQ. Al Asad et al. [67] introduced MGAN-CRCM, a multi-GAN framework with coarse-to-fine
refinement modules for inpainting masked regions.

Evaluated on CelebA and custom mask datasets, it achieved FID scores below 30 and produced visually coherent face
reconstructions. Gireesh et al. [68] proposed a Context-Aware GAN that utilizes surrounding context information to fill large missing
regions. Evaluated on CelebA-HQ and a custom dataset, the model achieved an SSIM of 0.91, demonstrating effective face restoration
even under significant occlusion. Several 2023 studies focused on conditional or comparative approaches. Sola & Gera [69] proposed an
expression- conditioned GAN that maintains facial expressions while in- painting masked regions on Masked CelebA. Agarwal &
Bhatnagar [15] conducted a comparative study of GAN, EdgeConnect, and partial convolution-based inpainting techniques, finding that
EdgeConnect achieved the highest PSNR of 27.5 dB and SSIM 0.90. Springer [70] combined autoencoder reconstruction with GAN
refinement, achieving high visual quality on the CelebA dataset. Overall, these studies highlight the evolution of GAN-based methods
from simple coarse-fine re- construction to identity-guided and context-aware approaches, emphasizing both visual realism and
recognition performance in masked or occluded face scenarios. Emerging 2024-2025 GAN works showcase cutting-edge solutions that
magically reconstruct masked faces: Tanaka et al. [71] created a GAN that works like a photo editor - takes a masked face and translates
it into an unmasked version with- out needing perfect before/after pairs. Their model scores high PSNR (sharp, clean reconstructions) on
real-world mask photos, making it practical for security systems. Li et al. [3] built a U-Net + MMRM GAN that eliminates blurry artifacts
- those annoying ghostly effects when Al tries to guess hidden faces.
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Superior SSIM scores mean their reconstructions look natural even for large masks covering nose-to-chin, perfect for identity
verification. Alzubi et al. [72] combined GAN restoration with face matching in one smooth pipeline. Restore the masked face first
(95%+ accuracy afterward), then recognize works fast enough for real-time door access or phone unlock. Li et al. [73] added multi-scale
attention so the GAN ex- amines faces at multiple zoom levels simultaneously. Catches fine details (skin pores) AND big picture (face
shape), leading to the cleanest inpainting across all mask sizes. Pechetti et al. [74] mixed GANs with CANet (context attention) for PSNR
over 32 exceptionally sharp reconstructions where every eyelash and wrinkle looks real. Hybrid approach beats pure GANs. Table 3
highlights the various methods of masked face image inpainting.

Table 3: Comparison of Masked-Face Inpainting and Recognition Methods.

L . PSNR / SSIM /
Author Method Inpainting Strategy Recognition Strategy Dataset(s) Accuracy
Liu et al. (2025) Masked Face In- EgiﬁeTé;?&a\r:afzzlirrszgr;z? Recognition not explicitly | CelebA, synthetic| PSNR: 30.1 dB,
[73] painting GAN p 1 . evaluated masked faces SSIM : 0.93
earning
Alzubi et al. Dual-scale Attention-guided inpainting of rcelc\i)N;lti)giidvf/rilflfizi f;s/ee RMFD, Accuracy
(2025) [72] Attention GAN occluded facial regions & tontion p MaskedFacNet 98.7%
Liu et al. (2025) GAN-based Face Semantic reconstruction of Recognition performance CelebA, custom PSNR :29.6 dB,
[3] Inpainting masked facial components discussed qualitatively masked dataset SSIM : 0.92
Pechetti et al. Context-Aware Contextual attention-based Not focused on recognition ImaceNet subsets PSNR : 31.2 dB,
(2025) [68] GAN image inpainting task g SSIM : 0.94
Coarse-to-refined reconstruction .
Asadetal (2025) |\ ANLCRCM using multiple GANs with Not explicitly addressed | CelebA, Places2 | ©onk: 316 dB,
[67] SSIM : 0.95
contextual awareness
st || SN s s [ e ot | camaio, | psksaan
(2024) [65] : E VI y . y FFHQ SSIM : 0.96, 95.1
region embeddings embeddings
Multi-scale diversity GAN for .
Zhang  t al (2024) MD-GAN large mask facial region Not explicitly addressed Places2, CelebA PSNR :29.8 dB,
[66] . SSIM: 0.92
reconstruction
Lictal 2024) | Identity-Guided | \dentity —embedding-guided | CNN-based face recognition | py  cpp.pp | pSNR:30.7dB,
. GAN inpainting to reconstruct | using reconstructed identity
[64] Inpainting . . masked LFW SSIM : 0.94
occluded facial regions features
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Source: Authors, (2026).

GAN based models exhibit a wide range of strategies, such as spatial attention mechanisms, multi-resolution learning, and hybrid
pipelines combining reconstruction with identity classification [75]. Region-Attentive GAN demonstrates the highest performance with
95.3% accuracy, closely followed by Two-Stage GAN and HiMFR. The Unmasking the Potential framework reports the best recognition
performance (96.1%) using a VGG-based evaluation on the MaskedFace-CelebA dataset. These findings highlight the superiority of
GAN-integrated pipelines over traditional recognition approaches under occluded scenarios.

11.4 DIFFUSE MODELS FOR FACE RESTORATION

Rebuilding high-quality facial images from degraded inputs impacted by occlusion, noise, blur, compression artifacts, or low
resolution is the goal of facial restoration. Convolutional neural networks (CNNs) and Generative Adversarial Networks (GANs), which
use supervised learning to learn mappings from images with defects to clean outputs, have historically been the foundational tools of
facial restoration. Due to adversarial training that enforces perceptual realism, GAN-based techniques—in particular, models like
StyleGAN [76-79] variants and face-specific GAN restorers—have shown a strong ability to recover realistic textures and facial details.
Recently, diffusion models have emerged as a powerful alternative for image restoration due to their iterative denoising mechanism and
stable training dynamics. Saharia et al. [80] introduced an iterative refinement strategy for image super- resolution using diffusion
processes, laying the foundation for diffusion-based restoration tasks. Building upon this, Lugmayr et al. [81] proposed RePaint, which
applies denoising diffusion probabilistic models to image inpainting, demonstrating strong structural consistency in reconstructed regions.
Diffusion models have also been specifically adapted for blind face restoration. Wang et al. [82] presented DR2, a diffusion-based robust
degradation remover that explicitly models unknown real-world degradations, achieving superior restoration quality on severely corrupted
face images. Further advancing this line of work, Yue and Loy [17] proposed DifFace, which introduces diffused error contraction to
progressively reduce restoration errors, resulting in highly realistic facial details. In particular, Saharia et al. demonstrated that a diffusion-
based approach can achieve state-of-the-art performance for image super-resolution by refining images through multiple denoising steps,
progressively restoring fine details and reducing artifacts [16]. Unlike single-pass methods such as convolutional or adversarial net-
works, diffusion models like SR3 leverage a stochastic refinement process that learns to reverse a gradual noise perturbation, resulting in
superior perceptual quality and structural similarity.
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Despite their superior visual fidelity, diffusion-based facial restoration methods typically require multiple sampling steps, leading
to high computational overhead and limiting their applicability in real-time or resource-constrained environments. In contrast, lightweight
GAN-based models remain attractive for edge devices and real-time recognition systems, offering faster inference at the cost of a modest
reduction in restoration quality.

I1.5 TRANSFORMER-BASED METHODS FOR IMAGE AND FACE RESTORATION

In recent years, transformer architectures have been increasingly adopted in image and face restoration tasks due to their strong
ability to model long-range dependencies and global contextual information. Unlike conventional convolutional neural networks that
focus primarily on local features, trans- formers leverage self-attention mechanisms to capture relation- ships across the entire image,
which is particularly beneficial for restoring complex structures such as human faces. Liang et al. [83] introduced SwinIR, which adapts
the Swin Transformer architecture for image restoration tasks including super-resolution and denoising. By using window-based self-
attention, SwinlIR achieves a good balance between restoration performance and computational efficiency, making it a strong baseline for
transformer-based restoration methods. Similarly, Zamir et al. [84] proposed Restormer, an efficient transformer specifically designed
for high-resolution image restoration, demonstrating improved performance while reducing computational overhead. To further enhance
restoration quality, Wang et al. [85] presented Uformer, a U-shaped transformer architecture that combines hierarchical encoding and
decoding with self-attention, enabling effective modeling of both local and global features. These general image restoration models have
inspired several face-specific transformer-based approaches. In the context of face restoration and super-resolution, Wang et al. [86]
proposed TANet, which integrates transformers with CNNs to capture global facial structures while preserving fine-grained local details.
Building on this hybrid design, Tiwari et al. [87] introduced CCTFaceNet, which employs a cascaded CNN—Transformer architecture and
dual-path feature fusion to enhance facial detail reconstruction. Furthermore, Li et al. [88] proposed FaceFormer, a scale-aware blind face
restoration model that uses transformers to adaptively handle varying degradation levels across facial regions. A comprehensive overview
of transformer-based restoration techniques is provided by Ali et al. [89], who surveyed the application of vision transformers across
multiple image restoration tasks. Their analysis highlights the growing importance of transformer components in modern restoration
pipelines and supports the transition beyond traditional CNN- or GAN-only categorizations.Table 4 summarizes a modern taxonomy of
face restoration methods, highlighting architectural characteristics, datasets, and performance trade-offs across different model categories.

Different restoration architectures exhibit clear performance trade-offs between reconstruction quality and computational
efficiency. GAN-based models typically rely on a single forward pass, enabling fast inference and making them suitable for real-time and
edge-device deployment. However, their re- construction quality, measured by metrics such as SSIM, may be slightly lower compared to
more computationally intensive models. Diffusion-based models adopt an iterative denoising process that progressively refines the
restored image, leading to state-of-the-art perceptual quality and higher SSIM scores. Despite their superior visual fidelity, diffusion
models incur substantial inference latency due to multiple sampling steps, which limits their applicability in time-sensitive or resource-
constrained environments. Hybrid approaches, which combine adversarial learning with transformer components or diffusion- inspired
priors, aim to balance these trade-offs. Such models achieve improved structural consistency and perceptual quality compared to
conventional GANs, while maintaining significantly lower inference time than full diffusion-based methods. Consequently, hybrid
architectures represent a practical com- promise between quality and efficiency for real-world applications. Table 5 depicts the
performance of various architectures on different aspects. Figure 1 shows a comparison of different face restoration models based on two
important quality measures: PSNR and SSIM. The horizontal axis (PSNR) represents how much noise is reduced and how close the
restored image is to the original image in terms of pixel accuracy. Higher PSNR means better reconstruction quality. The vertical axis
(SSIM) shows how well the restored image preserves structural details like edges, textures, and facial features. Higher SSIM means the
image looks more natural and structurally accurate. Models that appear in the top-right corner of the graph achieve both high PSNR and
high SSIM, which means they provide better overall restoration quality. For example, transformer-based models such as Restormer and
SwinlR are positioned in this region, indicating strong performance. Models located more toward the middle region provide moderate
performance. These methods still produce good results but may not achieve the highest fidelity compared to top-performing models.
Overall, the figure clearly shows how different architectures perform in terms of reconstruction accuracy and structural similarity, helping
us understand which models offer better image restoration quality.
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Figure 1: Scatter comparison of deep learning-based face Figure 2: Architecture—performance trade-offs in face restoration
restoration models across PSNR and SSIM (approximate mid- models.
range values). Source: Authors, (2026).

Source: Authors, (2026).
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Figure 2 illustrates the trade-off between inference time and structural similarity (SSIM) performance across different deep
learning architectures used in face restoration. The horizontal axis represents computational cost (from low to very high inference time),
while the vertical axis indicates the achieved image quality in terms of SSIM (from low to very high).

Table 4: Extended taxonomy of deep learning-based face restoration methods with architectural characteristics, datasets, and
performance indicators.

Model Category Characteristics Strengths Limitations Datasets Performance Indicators
Deterministic feed-
CNN-based forward Very fast mferen(?e, low leltgd global context Moderate PSNR/SSIM
convolutional memory footprint, modeling and reduced LFW, CelebA, T
Models [38, 42, . . . . values; limited identity
networks with suitable for real-time perceptual realism under FFHQ .
46, 48, 53-55, 87] . . preservation accuracy
single- pass deployment severe degradation
inference
Adversarial learnin High visual realism; Training instability;
GAN-based . J strong identity g o t; CelebA-HQ, High perceptual quality;
with perceptual and . . . potential artifacts; slight
Models [3, 18, 19,| . . preservation; lightweight . . LFW, Masked Rank-1 Accuracy up to
identity-aware loss . . quality trade-off in
26, 68, 71,76, 77] functi variants suitable for edge . Face Datasets 96%
nctions . compact de- signs
devices
Self-attention
Transformer- mechanisms for Improved structural High computational and | FFHQ, CelebA- Improved PSNR/.SSUVI
. . . o and structural similarity
Based Models modeling long-range | consistency and fine-detaill memory cost; limited real-| HQ, Helen Face
. . . - compared to CNN and
[83-89] dependencies and reconstruction time applicability Dataset
. GAN methods
global facial structure
Diffusion- lterative denoisin State-of-the-art realism; Very sl:\;/;g.ference Best perceptual metrics
Based Models SN | robust restoration under . peed, FFHQ, CelebA- | (LPIPS); strong identity
through probabilistic high computational over- .
[16,17,64,78— o unknown and complex ) . HQ, WebFace preservation but low
diffusion processes . head; unsuitable for real- .
81] degradations . inference speed
time systems
Source: Authors, (2026).
Table 5: Architecture—performance trade-offs in face restoration models.
Architecture Representative Methods In;feil;zl;ce SSIM Deployment Suitability
Lightweight GAN-Based Image Fusion [18], MAGAN-RT [19], Real-time deplovment on
Context-Aware GAN Inpainting [68], GAN-based Face Recon- o dp o Y
GAN-based struction for Masked Faces [71], Masked Face Image Inpainting GAN Low | Medium devi bfgl latf
[3], CR-GAN [26] ,Lightweight Edge GAN Survey [77], Efficient eV‘geS’ m‘.’nl ¢ pa t"rms’
Secure GAN Survey [76] and surveillance systems
Restormer [84], Uformer [85], SwinIR [83], FaceFormer [88], TANet . . High-resolution restoration
Transformer-based L Medium | High on
[86], Vision Transformers [89] .
GPUgs, near real-time inference
SwinlIR [83], TANet [86], CCTFaceNet [87], FaceFormer [88],
Hvbrid CNN— Lightweight CNN [54], Hybrid CNN + Decision Matrix [53], Hybrid Balanced systems offering
T};ans former CNN (Detection + Recognition) [S5], CNN with Feature Embedding | Medium | High improved perceptual quality
(LLE-CNN) [48] , CNN-based Multi-task System [46] , Vision- with acceptable latency
based CNN Pipeline [42] , Classical CNN-based Detection [38]
Diffusion-based SR3 [16], DifFace [17], RePaint [81], Identity-Guided Inpainting | Very | Very Ol;?é‘;eap“l’f:;sﬁqgs’ server:
4 [64], StyleGAN [79], Text-driven 3D Avatar Generation [78] High High PP i .
research-focused scenarios

Source: Authors, (2026).

GAN-based models, such as those reported in [18], are positioned in the low inference time region with moderate SSIM
performance. This indicates that GAN architectures are well suited for real-time or edge-device applications where speed is a priority.
Transformer-based models [84] and hybrid CNN-Transformer approaches [87] occupy the medium in- ference time and high SSIM
region. These models provide a balanced trade-off between computational efficiency and restoration quality, making them practical for
GPU-supported deployments. Diffusion-based methods [16], including DifFace [17], appear in the very high inference time and very high
SSIM region. Although these models deliver superior perceptual realism and structural consistency, they require significantly higher
computational resources due to iterative sampling. Overall, the figure highlights a clear architectural trend: as model complexity increases,
restoration quality improves, but at the cost of increased inference time. This demonstrates the fundamental performance—efficiency trade-
off in modern face restoration systems.

I1.6 ETHICAL AND REGULATORY CHALLENGES

The rapid advancement of facial recognition technologies has generated significant ethical debate, particularly regarding
surveillance, accountability, and regulatory governance. Almeida et al. [90] conducted a comparative analysis of regulatory frameworks
in the United States, European Union, and United Kingdom, examining how different jurisdictions approach the governance of facial
recognition systems.
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Their study highlights variations in legal safeguards, enforcement mechanisms, and data protection standards, emphasizing that
regulatory fragmentation creates challenges for consistent ethical deployment. The authors argue that stronger accountability structures
and clearer compliance guidelines are essential to prevent misuse and protect civil liberties. However, while the paper provides a
comprehensive legal comparison, it does not deeply examine the technical dimensions of facial recognition or masked face unmasking
systems. Smith and Miller [91] focused on the ethical application of biometric facial recognition technology, proposing normative
principles grounded in fairness, transparency, and public interest. Their work underscores the importance of responsible innovation,
particularly in high-stakes contexts such as law enforcement and border security. The authors advocate for human oversight, ethical
auditing, and clear justification of use cases before deployment. Although their framework offers valuable ethical guidance, it remains
largely conceptual and does not provide empirical validation or quantitative metrics for evaluating ethical compliance within technical
models. More recently, Wang et al. [92] examined privacy risks, ethical dilemmas, and regulatory developments surrounding facial
recognition technologies in the era of big data. Their study expands the discussion beyond surveillance concerns, addressing issues such
as biometric data permanence, informed consent, and algorithmic bias. The authors call for privacy-by-design principles, transparent
governance policies, and international cooperation in regulatory standards. While the paper comprehensively addresses ethical and
regulatory considerations, it primarily focuses on general facial recognition systems and does not specifically analyze emerging face
unmasking techniques under occlusion scenarios. From a technical standpoint, Mahmoud et al. [93] provided a comprehensive survey of
masked face detection, recognition, and unmasking techniques. Their study systematically reviews deep learning architectures, benchmark
datasets such as MAFA and RMFD, and evaluation metrics including accuracy, PSNR, and SSIM. The survey identifies challenges related
to occlusion, dataset imbalance, and robustness under real-world conditions, while also outlining future research directions in masked
face analysis.

II1. DATASETS FOR MASKED FACE INPAINTING AND RECOGNITION

Masked face recognition and inpainting systems have become increasingly important, especially in the context of global events
such as the COVID-19 pandemic. These models aim to either recognize identities from partially occluded faces or reconstruct missing
facial regions (e.g., mouth, nose) using generative methods. A foundational aspect of evaluating and benchmarking such models lies in
the diversity and realism of the datasets used for training and testing. A wide spectrum of datasets has been curated or modified to simulate
both real-world and synthetic mask occlusions. These datasets vary in size, resolution, subject diversity, mask types, and the method of
mask application (real or artificial). Proper dataset selection significantly influences the generalizability and robustness of MFR
algorithms.The CelebFaces Attributes Dataset (CelebA) is one of the most extensively utilized benchmarks in face analysis tasks.
Comprising over 200,000 celebrity images with rich attribute annotations, it serves as a common training corpus for in- painting models.
The dataset does not originally include masked samples, but synthetic occlusions can be algorithmically overlaid to simulate masked
conditions. Many studies, including [94], have adopted CelebA with artificial masks to train and evaluate GAN-based inpainting models.
The dataset’s large scale and high variability across poses and illumination conditions make it ideal for learning generalized
representations.

Labeled Faces in the Wild (LFW) is another seminal dataset, comprising face images collected from the internet for
unconstrained face verification. While not initially designed for MFR, it is often repurposed by overlaying masks either manually or
through automated methods. The inclusion of both synthetic and real masked versions allows for comparative evaluation. Its widespread
usage, as reported in [95], stems from its realistic distribution and historical relevance in face verification benchmarks. Because LFW
features in-the-wild images with substantial variability, it introduces useful challenges in masked face analysis. The Flickr-Faces-HQ
(FFHQ) dataset contains over 70,000 high-resolution face images with diverse variations in age, ethnicity, lighting, and expression. While
FFHQ does not include real-world masked samples, it is a preferred base for synthetic mask overlays due to its image quality. Recent
studies such as [96] utilize FFHQ for training face reconstruction and inpainting systems. The dataset supports learning finer details,
which is crucial in scenarios where GAN-based models aim to restore occluded facial components while preserving identity-related
features. Masked Face Dataset (MAFA) is a real-world masked face dataset containing over 30,000 images annotated for mask presence
and location.

Designed specifically for mask detection and recognition, it represents one of the few datasets with native mask occlusions. Used
in studies like [97], MAFA bridges the gap between simulated conditions and real- world deployment. It introduces challenges such as
occlusion variance, complex backgrounds, and mask style diversity that are hard to simulate synthetically.The Public Figures dataset,
also known as PubFig83, is com- posed of images of 83 celebrities captured under diverse conditions. While not originally containing
masked faces, it has been repurposed in the MFR domain with synthetic mask applications. Its value lies in the inherent difficulty
introduced by pose variation, low resolution, and lighting diversity. As seen in [98], it provides a semi-realistic yet controlled environment
for testing model robustness against visual noise and occlusion. MaskedFace-CelebA dataset is a synthetically modified version of
CelebA, where masks are digitally applied to the original faces to simulate pandemic-era conditions. It aims to maintain identity
information while offering occlusion realism. The dataset is often employed as a testbed for evaluating models trained on CelebA or other
synthetic sources. The work in [99] demonstrates its effectiveness in assessing how well models can adapt to real-world masked conditions
based on synthetic training. Figure 3 demonstrates few samples from prominent face datasets.
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Face5 is a hybrid dataset constructed by merging real and simulated masked facial samples. It allows for studying the
generalization capabilities of MFR systems when subjected to a mixture of mask types and occlusion styles.

Proposed in studies such as [101], the hybrid nature of FaceS makes it an important bridge for transition between purely synthetic
and completely real-world datasets. SyntheticMaskSet is explicitly designed to support benchmarking of face inpainting and recognition
systems under controlled synthetic conditions. By applying diverse types of digitally generated masks to faces, it enables standardized
evaluation across multiple models. For instance, the Region-Attentive GAN proposed in [102] demonstrated strong performance on this
dataset due to the consistent and controllable occlusion levels. SimulMaskDB is a synthetically generated dataset that varies mask styles,
occlusion levels, and facial expressions in a controlled fashion. It is primarily used for stress-testing recognition and inpainting algorithms
under artificial yet di- verse conditions. As highlighted in [103], this dataset enables fine-grained performance analysis, especially for
lightweight architectures and constrained environments. Also, studies review face recognition techniques, focusing on feature extraction
methods and key challenges affecting system performance and accuracy [104], [105]. Table 6 highlights the demographic diversity and
dataset characteristics used to evaluate different masked face inpainting models. Clear reporting of age groups, gender balance, and

ethnicity ensures fair comparison and helps identify potential dataset bias in GAN-based recognition systems.

Table 6: Summary of Datasets Characteristics and Demographic Parameters Used in Masked Face Inpainting and Recognition.

. Gender Ethnicity / Other ..
Study Database| Sample Size | Age Groups Distribution Factors Description of Database
Synthetic
Mahmoud and GAN- dataset o Two-stage GANTbased masked face .removal
(based on Adult . Artificially dataset combining real and synthetically
Kang (2023) Masker . Mixed gender . .
CelebA and subjects masked faces generated masked face images for restoration
[102] Dataset e
other and recognition research.
sources)
Wide age Diverse ethnicities: High-resolution (1024x1024) face dataset
Tero Karras et al. FFHQ 70,000 Range Balanced hieh-qualit ’ curated for GAN training; diverse in age,
(2019) [96] images (children to male/female ngh-quaiity ethnicity, and accessories, commonly used in
aligned images . .
elderly) generative modeling research.
Masked faces in Dataset focused on masked face detection
himi 1. 11 . i i i
Shiming Ge et a MAFA .30,8 Adult Mixed gender | the wild: occlusion with varying mask types, oc<_:lus1on levels,
(2017) [97] images subjects D and complex backgrounds in real-world
variations .
conditions.
202,599 Youn to Celebrities: laroe Large-scale face attributes dataset collected
Ziwei Liu et al. CelebA images d dgl Male and ation i [arg from the internet with 40 annotated facial
(2015) [94] (10,177 mé de_lt Female varéabmrll(m posg attributes; widely used for face recognition
identities) aged adufts and backgroun and attribute prediction tasks.
) Hyperparameter Study emphasizes hyperparameter
Bergstra et al. PubFig83 Not da.taset Not specified| Not specified | optimization optimization for vision architectures rather
(2013) [98] specific . ) .
focus than introducing a specific face database.
13,233 Unconstrained Unconstrained face dataset designed for
Gary B. Huang et LEW images Adult Male-dominant|  environments; studying face recognition under real-world
al. (2008) [95] (5,749 subjects distribution real-world conditions including variations in pose,
identities) variations illumination, and expression.

Source: Authors, (2026).

Synthetic datasets, such as CelebA, FFHQ, and SyntheicMaskSet, are instrumental in benchmarking inpainting models due to
their controlled conditions. In contrast, real-world datasets like MAFA and RMFD provide essential realism for evaluating system
generalizability. Among these, CelebA and LFW emerge as the most recurrently utilized in synthetic masked face inpainting tasks. For
instance, the RegionAttentive GAN introduced and demonstrated high reconstruction fidelity when evaluated on the SyntheticMaskSet.
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Figure 4: Comparison of dataset sample size and gender distribution across commonly used face datasets.
Source: Authors, (2026).

In Figure 4 (a), the bar chart shows the number of images available in each dataset. CelebA clearly has the largest number of
images, making it very useful for large-scale training. FFHQ also contains a good number of high-quality images. MAFA has a moderate
dataset size focused on masked faces, while LFW contains the smallest number of images among the four. This comparison helps us
understand which datasets are large enough for deep learning experiments. In Figure 4 (b), the chart shows the gender distribution within
selected datasets. FFHQ appears balanced, with nearly equal numbers of male and female images. However, CelebA and LFW show
noticeable imbalance, with a higher percentage of male images compared to female images. This imbalance is important because it may
affect model fairness and performance. Overall, the figure helps us understand both the size and diversity of these datasets, which are
important factors when selecting data for face restoration and recognition research.

IV. CONLUSIONS

Masked face restoration using Generative Adversarial Networks (GANs) has emerged as a vital research area in response to the
challenges posed by real-world occlusions such as face masks. Through this survey, we examined state-of-the- art methods addressing
detection, inpainting, and recognition under mask occlusion. While existing methods demonstrate significant progress in restoring visually
plausible and identity- preserving face images, several limitations and open challenges remain. First, most current models rely heavily on
synthetic masks or artificially generated occlusions during training, which of- ten fail to fully represent the diversity and irregularity of
real-world mask usage. Consequently, generalization to real masked faces remains inconsistent across datasets and do- mains. Second,
although recent GAN models incorporate identity and perceptual constraints, maintaining fine-grained facial details—particularly in
highly occluded or low-quality images—remains a bottleneck for both recognition and down- stream biometric tasks. In terms of detection
and inpainting performance, many models are not jointly optimized for both tasks, leading to cascaded error propagation. Moreover,
evaluation metrics such as PSNR and SSIM, while useful for measuring image similarity, do not always correlate with recognition
accuracy or semantic identity preservation. Therefore, more robust and identity-aware metrics, including perceptual loss functions and
recognition-oriented benchmarks, are required. Furthermore, the integration of multimodal data, temporal consistency (for video-based
restoration), and domain adaptation for unseen environments represents fertile ground for future work. Lightweight architectures that
balance inference speed and accuracy are also needed for deployment in real-time or edge devices.
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