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Abstract

Low-resolution face verification remains a major challenge in computer vision and
biometrics, particularly in real-world surveillance scenarios where images suffer
from poor resolution, noise, blur, and illumination variations. These degrada-
tions significantly reduce identity-discriminative features and limit the robust-
ness of conventional recognition systems. This work proposes a comprehensive
framework that combines multilinear subspace learning and Vision Transformer
models enhanced by super-resolution techniques to improve verification perfor-
mance under extreme low-resolution conditions.
First, a tensor-based verification framework is introduced using multilinear repre-
sentations and discriminant tensor learning. Advanced metric learning methods
including TXQDA, MSIDA, SILD and XQDA are integrated within a multi-
scenario verification scheme, where TXQDA and MSIDA belong to multilinear
subspace learning, while XQDA and SILD are linear subspace learning methods
used for comparison and complementary evaluation. TXQDA preserves the in-
trinsic multi-dimensional structure of facial data without vectorization, leading
to stronger discriminative power and improved robustness. Experiments are con-
ducted on extremely low-resolution scales (16×16, 32×32, and 48×48). Super-
resolution enhancement using SRResNet, SRGAN, and Real-ESRGAN with a
×4 upscaling factor further boosts recognition accuracy. The proposed approach
achieves verification rates of 99.17% on LFW, 90.90% on CelebA, and 76.90%
on QMUL-SurvFace.
Second, the study investigates Vits for low-resolution face verification by evalu-
ating multiple architectures including SimpleViT, DistillableViT, DeepViT, and
CaiT combined with super-resolution preprocessing using SRResNet and SR-
GAN. Evaluations on QMUL-TinyFace and QMUL-SurvFace show that super-
resolution significantly improves transformer-based verification, with Simple-
ViT and DistillableViT achieving near-perfect accuracy. The proposed SR-ViT
framework surpasses state-of-the-art methods, reaching 52.92% TAR@FAR=1%
and 92.65% AUC on QMUL-TinyFace, with strong AUC gains on QMUL-
SurvFace.
Keywords: Face recognition, Low-resolution face verification, Super-resolution,
Multilinear subspace learning, Tensor Cross-View Quadratic Discrimi nant Anal-
ysis, Vision Transformers, feature enhancement, Optimized model SR-Vit, Met-
ric learning, Biometric recognition.



Résumé

La vérification faciale en basse résolution demeure un défi majeur en vision par
ordinateur et en biométrie, en particulier dans les scénarios réels de surveillance
où les images sont affectées par une faible résolution, le bruit, le flou et les vari-
ations d’illumination. Ces dégradations réduisent fortement les caractéristiques
discriminantes de l’identité et limitent la robustesse des systèmes de reconnais-
sance classiques. Ce travail propose un cadre complet combinant l’apprentissage
de sous-espaces multilineaires et les modèles Vision Transformer, renforcés par
des techniques de super-résolution, afin d’améliorer les performances de vérifica-
tion dans des conditions de très basse résolution.
Premièrement, un cadre de vérification basé sur les tenseurs est introduit en
utilisant des représentations multilineaires et un apprentissage discriminant ten-
soriel. Des méthodes avancées d’apprentissage de métriques, incluant TXQDA,
MSIDA, SILD et XQDA, sont intégrées dans un schéma de vérification multi-
scénarios, où TXQDA et MSIDA relèvent de l’apprentissage de sous-espaces
multilineaires, tandis que XQDA et SILD appartiennent aux méthodes de sous-
espaces linéaires, utilisées à des fins de comparaison et d’évaluation complémen-
taire. TXQDA préserve la structure multidimensionnelle intrinsèque des données
faciales sans vectorisation, offrant ainsi un pouvoir discriminant plus élevé et une
meilleure robustesse. Des expériences sont menées sur des résolutions extrême-
ment faibles (16×16, 32×32 et 48×48). L’amélioration par super-résolution à
l’aide de SRResNet, SRGAN et Real-ESRGAN avec un facteur d’agrandissement
×4 augmente davantage la précision de vérification. L’approche proposée atteint
des taux de vérification de 99.17% sur LFW, 90.90% sur CelebA et 76.90% sur
QMUL-SurvFace.
Deuxièmement, l’étude analyse les Vision Transformers pour la vérification fa-
ciale en basse résolution en évaluant plusieurs architectures, notamment Simple-
ViT, DistillableViT, DeepViT et CaiT, combinées avec un prétraitement par
super-résolution utilisant SRResNet et SRGAN. Les évaluations sur QMUL-
TinyFace et QMUL-SurvFace montrent que la super-résolution améliore sig-
nificativement la vérification basée sur les transformers, SimpleViT et Distil-
lableViT atteignant des performances quasi parfaites. Le cadre proposé SR-
ViT dépasse les méthodes de l’état de l’art, atteignant 52.92% TAR@FAR=1%
et 92.65% d’AUC sur QMUL-TinyFace, avec des gains importants d’AUC sur
QMUL-SurvFace.
Mots-clés : Reconnaissance faciale, Vérification faciale à basse résolu-
tion, Super-résolution, Apprentissage de sous-espaces multilineaires, Tensor
Cross-View Quadratic Discriminant Analysis (TXQDA), Vision Transformers,
Amélioration des caractéristiques, Modèle optimisé SR-ViT, Apprentissage de
métriques, Reconnaissance biométrique.
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اिऻڪٌۘ
واܳگ٭؇ݿ؇ت ۰ਃಸިݿ؇੆اࠍ ل۰ اෂීؤ ෠੼؇ل ሒᇭ ܋ٴଫଃاً ؇ً࿌ڎොູ ஓ஄ټܭ اᄴᄟڢ۰ ݁ٷۛڰݯ۰ اܳݱިر ሒᇭ ۬༥ިܳ؇ً ل۰ ިୖ୒ا ݆݁ اܳٺۜگݑ ᆇᅦܹ٭۰ ߙ߳ال ৖৑
وّ؞ଫଃات واܳޚ݄ݴ، واܳݯ۠٭ھ، اᄴᄟڢ۰، ݪأژ ݆݁ اܳݱިر ሒᇃ؇ّأ ۋ٭ت اܳިاڢأ٭۰ اৎ৊ݠاڢٴ۰ ل۱ި؇ت ݿ྘ٷ؇ر ሒᇭ ༠؇ݬ۰ ل۰، اࠍ੆٭ި
اܳأ݄ܭ ۱ڍا ሒᇭ اܳٺگܹ٭ڎل۰. اܳٺأݠف أَޙ۰݄ ݁ٺ؇۰َ ݆݁ وොູڎ ل۰ ި۳ይዧ ا଩ِّଃ݄ৎ৊ة اࠍ੅ݱ؇فݧ ّگܹ٭ܭ ሌᇿإ اܳأިا݁ܭ ۱ڍه ّޝدي ا৕৑ݪ؇ءة.
اᄴᄟڢ۰، رڣؕ ਐಸگٷ٭؇ت ۰ᆇّᅦڎৎ৊ا ل۰ ๤ཡاܳٴ ا৖৑ި௱௯௫ت وஓ஁؇ذج اࠍ੅ޚ٭۰ ݁ٺأڎدة اܳڰݠ؜٭۰ اܳڰݯ؇ءات ّأ޺޾ ඔ൹ً ؕᆇ໶໕ ً ఈః݁؇ނ إޗ؇راً َگଫଐح

༥ڎاً. اৎ৊ٷۛڰݯ۰ اᄴᄟڢ۰ ޖݠوف ሒᇭ اܳٺۜگݑ أداء ඔ൹ފොູ ዛኞڎف
ޗݠق ༇ံد ቕቆ ོྡྷފިري. ஓ஄٭଩ଃي وّأ޺޾ اࠍ੅ޚ٭۰ ݁ٺأڎدة ஓ஄ټ٭ఈఃت ً؇ݿٺ༱ڎام اܳٺྡྷފިرات আॻ༟ ቕሶ؇ڢ ොູگݑ إޗ؇ر ቕሹّگڎ لࡤࡲ ،৖ً৑أو
ل۱ި؇ت، اܳފ྘ٷ؇ر ݁ٺأڎد ොູگݑ ෛ੼ޚޔ ݆ᆙᆕ XQDA و SILD و MSIDA و TXQDA ૰૜݄ܭ اৎ৊گ؇྘཯ݴ ّأ޺޾ ሒᇭ ݁ٺگڎ۰݁
ོྡྷٺ݄٭؇ن SILD و XQDA ྘ྲྀٷ݄؇ اࠍ੅ޚ٭۰، ݁ٺأڎدة اܳڰݠ؜٭۰ اܳڰݯ؇ءات ّأ޺޾ ሌᇿإ ོྡྷٺ݄٭؇ن MSIDA و TXQDA إن ۋ٭ت
݁ٺأڎدة اܳٴྡྷ٭۰ আॻ༟ TXQDA لگ۰ ޗݠ ොູ؇ڣޓ .ঌॻ٭ᆇᅀاܳٺ واܳٺگ٭ࡗࡲ గጻዧگ؇ر۰َ و૭૜ٺأఈః݄ن اࠍ੅ޚ٭۰ اܳڰݠ؜٭۰ اܳڰݯ؇ءات ޗݠق ሌᇿإ
আॻ༟ اܳٺ༶؇رب ೑ಱරජ֡أ أڣݯܭ. و݁ٺ؇۰َ আॻ༟أ ل۰ ଩ଃ٭ஓ஄ ڢڎرة ஓ୷ٷں ؇ᆙᆘ ݁ٺ۳۠؇ت، ሌᇿإ ل۳ܹ؇ ިොູ دون اܳިۏިه ܳٴ٭؇َ؇ت ا৙৑ݬܹ٭۰ ا৙৑ًأ؇د
و SRGAN و SRResNet ً؇ݿٺ༱ڎام اܳݱިر ඔ൹ފොູ ݿ؇۱ܾ პაႰ .(48×48 و 32×32 و 16×16) ༥ڎاً ݁ٷۛڰݯ۰ دڢ؇ت
ًܹ؞ب ොູگݑ ݁أڎ৖৑ت ۰༡ଫଐگৎ৊ا لگ۰ اܳޚݠ ۋگگب .ሒᇭ؇إݪ ႟ၽ૰૖ اܳٺۜگݑ دڢ۰ رڣؕ ሒᇭ 4× ଫଃّܝٴ ஓ୾أ؇݁ܭ Real-ESRGAN

QMUL-SurvFace. আॻ༟ 76 .90 و CelebA আॻ༟ 90 .90 و LFW আॻ༟ 99 .17
༟ڎة ّگ٭ࡗࡲ ఈః༠ل ݆݁ اৎ৊ٷۛڰݯ۰ اᄴᄟڢ۰ ሒᇭ اܳިۏ۳޶ ይዧٺۜگݑ Transformers Vision ஓ஁؇ذج اᄴᄟراݿ۰ ۱ڍه ࣁࣖرس ،؇ًਃ಻؇ٔ
ً؇ݿٺ༱ڎام اᄴᄟڢ۰ ߓߵڣؕ اৎ৊ފٴگ۰ ۰੊أ؇ࠍৎ৊ا ༇ံد ؕ݁ CaiT و DeepViT و DistillableViT و SimpleViT ૰૜݄ܭ ل؇ت ݁أ݄؇ر
ොຬފّ݆ اᄴᄟڢ۰ رڣؕ أن QMUL-SurvFace و QMUL-TinyFace มฆި؜ᆇ୞୘ আॻ༟ ༇຀؇اܳٷٺ أޖ۳ݠت SRGAN. و SRResNet
اܳـპაჂل. ݆݁ ؇ًਊಱڢݠ ً أداء DistillableViT و SimpleViT ۋگݑ ۋ٭ت ا৖৑ި௱௯௫ت، আॻ༟ اৎ৊أٺ݄ڎ اܳٺۜگݑ أداء ܹ݁ۜިظ ႟ၽ૰૖
আॻ༟ AUC 92 .65 و TAR@FAR=1 52 .92 ො੼گگً؇ اৎ৊ݠۏأ٭۰، اܳޚݠق أ༡ڎث আॻ༟ ّڰިقّ SR-ViT اৎ৊گଫଐح ا৕৑ޗ؇ر

QMUL-SurvFace. আॻ༟ AUC ሒᇭ ل۰ ڢި ොູފٷ؇ت ؕ݁ QMUL-TinyFace،

݁ٺأڎدة اܳڰݠ؜٭۰ اܳڰݯ؇ءات ّأ޺޾ ، اᄴᄟڢ۰ رڣؕ اᄴᄟڢ۰، ݁ٷۛڰݥ اܳިۏ۳޶ اܳٺۜگݑ اܳިۏިه، আॻ༟ اܳٺأݠف اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت
ّأ޺޾ SR-ViT، ا௱௯௫ފّ݆ اࡺ࢕ࢦިذج اܳފ݄؇ت، ඔ൹ފොູ ، ل۰ اෂීؤ ৖৑ިො੼ت اৎ৊ލ؇۱ڎ، ݁ٺأڎد ོྡྷފިري ௧ਤਃಸߙߵ ஓ஄٭଩ଃي ොູܹ٭ܭ اࠍ੅ޚ٭۰،

اܳٴ٭ଫଐ݁ިي. اܳٺأݠف اৎ৊گ؇྘཯ݴ،
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Chapter 1

Introduction

1.1 Introduction

Face verification from low-resolution images remains a challenging problem in modern

biometric and computer vision systems. When facial images are captured or stored at

very small sizes, such as 16×16, 32×32, or 48×48 pixels, important visual details are often

missing, which negatively affects the reliability of recognition and verification methods.

To improve system robustness under these conditions, it is necessary to combine image

enhancement techniques with powerful representation and learning models.

This chapter presents a structured framework for low-resolution face verification based

on super-resolution and advanced feature learning approaches. The general idea is to first

enhance small facial images using super-resolution methods in order to recover useful vi-

sual information, and then apply different representation models to extract discriminative

features for verification.

Several complementary approaches are considered in this chapter. Convolutional neu-

ral network models are used for deep feature extraction, followed by subspace learning

techniques for discrimination and matching. Both linear and multilinear (tensor-based)

subspace methods are discussed to highlight the benefit of preserving structural infor-

mation in image data. In parallel, transformer-based vision models are also explored as

an alternative representation strategy for face verification after super-resolution enhance-

ment.

1
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The chapter describes the overall processing pipelines, from low-resolution input im-

ages to enhanced images, feature extraction, subspace projection, and final verification

decisions. Different configurations are organized and compared under a unified evaluation

protocol. The goal is to provide a clear and coherent view of how super-resolution, sub-

space learning, and transformer-based models can be combined to improve the robustness

of face verification in low-resolution scenarios.

1.2 Problem Formulation

Face Verification is the task of determining whether two facial images belong to the same

person by extracting discriminative facial features and comparing their representations

using machine learning or deep learning models. In a Low-Resolution scenario, the in-

put face images have very small spatial dimensions or limited pixel information, such as

those captured by surveillance cameras or distant sensors, which makes feature extraction

significantly more difficult. This scenario introduces several major challenges, including

loss of texture, where fine facial details disappear; blur, caused by low quality or mo-

tion; and feature instability, where the extracted features become sensitive to noise, pose,

and illumination variations. To address these issues, facial images are mathematically

represented as matrices or higher-order tensors, which preserve spatial and channel-wise

structure, enabling advanced models to learn multidimensional relationships and produce

more robust representations even under low-resolution conditions.

1.2.1 Face Verification

Most face verification approaches operate by independently extracting descriptive features

from each of the two face images under comparison, and then measuring their similarity

in a learned feature space. Over the years, many types of low-level facial features have

been employed, including both hand-crafted and learned representations. Traditional

hand-crafted descriptors such as Local Binary Patterns (LBP) and its variants, SIFT,

and Gabor features have been widely used due to their ability to capture local texture

and structural information. In addition, learned feature representations derived from

data-driven models have also been introduced to improve discrimination capability [6].

Face verification itself is the task of determining whether two facial images belong
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to the same person or to two different individuals. Unlike face identification, which

assigns an identity from a known gallery, face verification focuses on pairwise comparison

and decision making based on similarity scores. A typical verification pipeline includes

feature extraction, feature representation or projection, similarity measurement, and a

final decision step based on a threshold. The effectiveness of the system largely depends on

the quality of the extracted features and their robustness to variations such as resolution,

illumination, pose, and noise.

1.2.2 Challenges in Low-Resolution Face Verification

Low-resolution face verification faces several critical challenges that directly affect recog-

nition robustness. One major issue is loss of texture, where fine facial details such as skin

patterns, wrinkles, and micro-structures disappear due to the limited number of pixels,

reducing the discriminative power of the image. Another challenge is blur, which may

result from low-quality sensors, motion, or compression, and leads to the smoothing of

edges and facial contours that are important for feature extraction. In addition, feature

instability becomes a significant problem, as the extracted representations tend to vary

strongly with small changes in illumination, pose, noise, or scale, making the matching

process less reliable. Together, these factors degrade the quality of learned embeddings

and make accurate verification more difficult in low-resolution scenarios.

1.2.2.1 loss of texture

One of the primary challenges in low-resolution face images is the loss of texture, where

fine-grained facial details are significantly reduced or completely removed due to the small

number of pixels representing the face region. Texture information such as skin micro-

patterns, subtle edges, and local intensity variations plays a crucial role in distinguishing

between individuals. When resolution decreases, these discriminative cues become blurred

or merged, leading to less informative feature maps and weaker identity representations.

As a result, feature extraction models struggle to capture stable and distinctive descrip-

tors, which negatively affects verification robustness and matching accuracy [7].
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1.2.2.2 Blur

Blur refers to the loss of sharpness or fine detail in an image, often caused by motion,

defocus, or low-quality acquisition systems. It reduces the clarity of edges and textures,

making it more difficult to perceive distinct features. Blur is also a fundamental attribute

of human spatial vision, and sensitivity to it has been widely studied in experimental and

theoretical research. Previous studies often proposed specialized mechanisms to explain

blur perception, such as intrinsic blur, multiple spatial frequency channels, or dedicated

blur estimation units. However, recent findings suggest that such specialized mechanisms

are not strictly necessary. Instead, blur discrimination can be effectively explained using

models based on visible contrast energy, where two spatial patterns are distinguished when

the integrated difference in their local contrast energy exceeds a certain threshold [8]. In

low-resolution face verification, blur poses a significant challenge as it smooths important

facial features, complicating the extraction of stable and discriminative representations.

1.2.2.3 Feature instability

Feature instability refers to the variability or sensitivity of extracted features under small

changes in the input image, such as illumination, pose, noise, or resolution. An unstable

feature is one whose representation can change significantly even when the underlying

identity remains the same, making it unreliable for verification. This concept is analogous

to the idea of replaceability in linguistic features, where a feature can vary while still

representing the same underlying content. In face verification, unstable features reduce

the robustness of the model because small perturbations in low-resolution images may

lead to large changes in the feature representation, thus degrading matching accuracy.

Measuring and controlling feature instability is therefore crucial for designing systems

that are resilient to low-resolution and degraded facial images [9].

1.3 Super-Resolution for Low-Resolution Faces

Super-Resolution (SR) for low-resolution faces is a critical technique aimed at enhancing

the spatial resolution of facial images while preserving identity-related features. In sce-

narios such as surveillance, remote sensing, or old datasets, face images often have very

small dimensions, which severely degrade recognition performance. SR methods recon-
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struct high-resolution images from low-resolution inputs, recovering lost textures, sharp-

ening edges, and improving the clarity of facial features. Modern approaches leverage

deep learning techniques, including CNNs and generative adversarial networks (GANs),

to learn mappings from low-resolution to high-resolution images. By enhancing image

quality, Super-Resolution not only improves the visual appearance but also increases the

robustness and accuracy of face verification systems, enabling more reliable feature ex-

traction and matching even under challenging low-resolution conditions.

1.3.1 Super-Resolution Models

In our work, we employed several state-of-the-art Super-Resolution (SR) models to en-

hance low-resolution face images before verification. The first model, SRResNet, is a

deep residual network designed to reconstruct high-resolution images from low-resolution

inputs by learning residual mappings, effectively recovering fine facial details. The sec-

ond model, SRGAN [5], extends SRResNet [5] by incorporating a generative adversarial

network (GAN) framework, which improves perceptual quality and produces sharper,

more realistic faces by training a generator to fool a discriminator. Finally, we used

Real-ESRGAN [10], a more recent model that combines GAN-based learning with prac-

tical degradation modeling, making it highly effective for real-world low-resolution and

degraded images. These SR models were applied to our datasets to improve texture, re-

duce blur, and stabilize facial features, ultimately enhancing the performance of the face

verification system.

1.3.2 Resolution Scenarios

In our study, we considered multiple resolution scenarios to evaluate the robustness of

face verification models under varying image qualities. Specifically, we generated low-

resolution images at 16×16, 32×32, and 48×48 pixels, representing extreme, moder-

ate, and relatively high low-resolution conditions, respectively. These scenarios reflect

real-world situations such as surveillance or distant capture, where facial images can

be extremely small. Additionally, previous studies included in our review utilized even

smaller resolutions, highlighting the challenges posed by severely limited pixel informa-

tion. By systematically testing these resolution levels, we were able to assess how different

Super-Resolution models and feature extraction techniques perform under progressively
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degraded image conditions, providing insights into the limits of current low-resolution

face verification methods.

1.4 CNN Feature Extraction using VGG-19

We employed VGG-19 [11] as the backbone for face feature extraction due to its proven

robustness and effectiveness in capturing discriminative visual representations [11, 12].

VGG-19 is a deep convolutional neural network with 19 layers, which has been widely

used in computer vision tasks thanks to its simple yet powerful architecture. One key

advantage is that pretrained VGG-19 models are available on large-scale datasets such

as ImageNet, allowing us to leverage transfer learning and reduce training time while

achieving high performance even with limited face datasets. Furthermore, VGG-19 is par-

ticularly effective for face feature extraction, as its deep convolutional layers can capture

both low-level details (edges, textures) and high-level semantic features (facial structures,

identity cues), making it suitable for scenarios involving low-resolution images or images

enhanced via Super-Resolution [13]. Overall, using VGG-19 ensures reliable and discrim-

inative embeddings, contributing to the robustness and accuracy of our face verification

system.

1.4.1 Feature Vector Extraction Pipeline

The feature vector extraction pipeline is a critical step in our face verification system,

designed to convert facial images into compact and discriminative representations. The

process begins with the input image, which may be low-resolution or enhanced using

Super-Resolution techniques. Each image is then resized to match the input dimensions

required by the backbone network VGG-19, ensuring consistency across the dataset. Fea-

tures are extracted from a specific feature layer, typically a deep convolutional or fully

connected layer, which captures both low-level details (textures, edges) and high-level

semantic information (facial structure, identity cues). The resulting feature vector has a

fixed dimension, which serves as a numerical representation of the face and can be directly

used for similarity measurement and verification. This pipeline ensures that the extracted

embeddings are robust, discriminative, and suitable for comparison across varying reso-

lutions and image qualities.
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1.5 Multilinear Subspace Learning for Face Verifica-

tion

Multilinear (Tensor) Subspace methods extend classical linear subspace techniques by

operating directly on tensor representations instead of converting data into long vec-

tors. Since face images naturally preserve spatial structure when represented as matrices

or higher-order tensors, multilinear approaches maintain this structural information and

model correlations across multiple modes (such as rows, columns, and channels). In our

work, we employed tensor-based discriminative methods including TXQDA (Tensor Cross-

view Quadratic Discriminant Analysis) and MSIDA (Multilinear Subspace Identity Dis-

criminant Analysis). TXQDA is designed to learn discriminative tensor projections across

different views or conditions while modeling intra-class and inter-class variations more ef-

fectively than vector-based QDA. MSIDA, on the other hand, performs identity-oriented

discriminant analysis in multilinear space, extracting compact and highly separative ten-

sor features. These methods offer several advantages, including reduced dimensionality

without destroying spatial structure, improved robustness to low-resolution and noise,

lower risk of overfitting compared to vectorized representations, and stronger discrimina-

tive power for face verification tasks.

1.5.1 Tensor Representation of Face Images

In modern face recognition and verification systems, a facial image can be naturally

modeled as a tensor, rather than being flattened into a one-dimensional vector. An image

is inherently a multi-dimensional structure for example, a grayscale face image can be

represented as a 2D tensor (height × width), while a color image forms a 3D tensor (height

× width × channels). This tensor representation preserves the spatial organization of

pixels and the relationships between rows, columns, and channels. In contrast, traditional

vectorization converts the image into a long vector, which breaks spatial locality and may

lead to very high-dimensional and less structured representations. Working directly with

tensors provides several advantages: it maintains spatial dependencies, enables multilinear

subspace learning, reduces parameter complexity, and improves robustness when handling

low-resolution or degraded faces. For these reasons, tensor representation is particularly



CHAPTER 1. INTRODUCTION 8

well suited for advanced discriminative methods and multilinear models used in our work.

1.5.2 Multilinear vs. Linear Subspace Methods for Face Verifi-

cation

Linear and multilinear subspace methods differ mainly in how they represent and process

image data. Linear subspace approaches first convert images into long one-dimensional

vectors, then apply discriminant or metric learning techniques in vector space. While

effective, this vectorization step destroys the natural spatial structure of images and may

lead to very high dimensional representations. In contrast, multilinear (tensor) subspace

methods operate directly on matrix or tensor forms, preserving spatial and multi-mode

relationships and enabling more structured dimensionality reduction. In our work, we

investigated both categories, linear subspace methods, XQDA [14] and SILD [15], for

discriminative metric learning and identity separation in vector space, and we also em-

ployed multilinear tensor-based approaches, TXQDA [16] and MSIDA [17] for structure-

preserving discrimination. This combined evaluation allows a fair comparison between

vector-based and tensor-based modeling, highlighting the advantages of multilinear rep-

resentations in handling low-resolution and degraded face images.

1.6 Vision Transformers

Vision Transformers (ViTs) have recently emerged as a powerful alternative to convolution-

based models in computer vision, offering a new paradigm for visual representation learn-

ing based on transformer architectures originally developed for natural language process-

ing. Their strength lies in global context modeling and flexible attention mechanisms,

which enable more comprehensive interaction between image regions compared to purely

local convolutional operations. Due to these properties, ViTs have shown strong perfor-

mance in several visual tasks, including face recognition and verification, especially when

combined with appropriate preprocessing and enhancement techniques.

Vision Transformer (ViT) architectures adopt a fundamentally different strategy for

image processing compared to convolutional networks. Instead of applying convolutional

filters, ViTs divide the input image into fixed-size patches, which are then flattened and

linearly projected into embedding vectors that form a sequence of tokens. Positional em-
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beddings are added to preserve spatial order, and the token sequence is passed through

multiple transformer encoder layers [18]. These encoders rely on multi-head self-attention

mechanisms to model long-range dependencies and relationships between distant image

regions. In face recognition tasks, ViTs learn global and contextual facial representations

by allowing each patch to attend to all others, which helps capture identity-related struc-

tures distributed across the face. This global attention capability makes ViTs particularly

effective when combined with high-quality preprocessing or super-resolution, as they can

integrate fine and coarse facial cues into a unified representation.

Several of the most effective and recent ViT variants were adopted to ensure strong

performance and architectural diversity. In particular, SimpleViT [1], DeepViT [3], Distil-

lableViT [2] , and CaiT [4] were selected, as they introduce complementary improvements

over the standard ViT architecture. SimpleViT provides a streamlined and stable de-

sign with reduced training complexity and solid baseline robustness. DeepViT increases

transformer depth while enhancing attention map diversity, leading to richer feature rep-

resentations and stronger discrimination capability. Distillation ViT integrates a teacher–

student distillation strategy that improves data efficiency and boosts accuracy, especially

when labeled data is limited. CaiT incorporates class-attention layers and late-stage to-

ken refinement, which improve convergence behavior and produce more discriminative

global representations. Together, these ViT variants provide improved robustness, better

global dependency modeling, and higher-quality face representations under challenging

low-resolution conditions.

1.6.1 Vision Transformers vs. Convolutional Neural Networks

for Face Recognition

Vision Transformers (ViTs) and Convolutional Neural Networks (CNNs) differ signif-

icantly in how they process facial images and learn visual features. CNNs follow a

convolution-based pipeline where the image is processed through successive layers of filters

(kernels) that progressively extract features, starting from low-level cues such as edges,

colors, and gradients, and moving toward higher-level semantic patterns. Pooling layers

reduce spatial resolution while retaining the most informative responses, and the result-

ing features are flattened and passed to fully connected layers for final prediction [18].

In contrast, ViTs adopt a transformer-based strategy, where the image is first divided
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Figure 1.1: Overview of the framework proposed in the first article: Tensor-Driven Super-
Resolution and Multilinear Feature Extraction.

into small patches that are flattened and linearly projected into token embeddings. These

tokens are then processed by multiple transformer encoder layers that use multi-head self-

attention to model relationships between all image regions simultaneously. This allows

ViTs to capture global contextual dependencies across the face, whereas CNNs emphasize

local spatial patterns through convolution. As a result, CNNs are typically strong in

local feature extraction and computational efficiency, while ViTs are powerful in global

relational modeling and long-range feature interaction [18].

1.7 Motivation and Importance of the Study

Face recognition has evolved into a core technology in modern intelligent systems, playing

a central role in security, surveillance, biometric authentication, border control, and digital

identity management. Despite the remarkable progress achieved by deep learning models

under controlled conditions, their performance still degrades significantly when confronted

with low-resolution facial images. This limitation represents one of the most critical

unresolved challenges in real-world face verification systems.

In practical surveillance environments, facial images are frequently captured at a dis-

tance, under poor illumination, with motion blur, compression artifacts, and sensor lim-

itations. As a result, the acquired faces often contain insufficient discriminative details
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Figure 1.2: Overview of the framework proposed in the second article: Integration of
Vision Transformers and Super-Resolution Techniques.

for reliable identity verification. Most existing recognition models are trained and op-

timized using high-resolution datasets, which creates a strong domain mismatch when

these models are deployed in unconstrained real-world scenarios. This mismatch leads to

unstable feature extraction, increased false matches, and reduced verification reliability

in operational systems.

• The motivation of this research arises from the urgent need to design robust face

verification frameworks that remain effective under extreme low-resolution condi-

tions. Rather than relying on a single methodological direction, this work is mo-

tivated by the hypothesis that combining complementary paradigms — namely

Super-Resolution reconstruction, multilinear subspace learning, metric learning, and

Vision Transformer architectures — can produce a more resilient and discriminative

verification pipeline. Each of these components addresses a different aspect of the

degradation problem: image detail recovery, structure-preserving representation,

discriminative distance learning, and global-context feature modeling.

• The importance of this study lies in its multi-level contribution to both theory

and practice. From a methodological perspective, it advances low-resolution face

verification by introducing tensor-based multilinear discriminant frameworks and

transformer-based deep models within unified evaluation protocols. From an ap-
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plied perspective, it improves the operational reliability of biometric systems in

surveillance and forensic contexts where image quality cannot be controlled. The

study also contributes to reducing the resolution domain gap through systematic

Super-Resolution integration and comparative evaluation across multiple recogni-

tion paradigms.

Furthermore, this research supports the development of next-generation biometric systems

that are resolution-aware, architecture-diverse, and experimentally validated across mul-

tiple datasets and degradation levels. By addressing low-resolution verification through

structured learning, enhancement, and transformer-based modeling, this work strength-

ens the robustness, scalability, and practical applicability of face recognition technologies

in real-world deployments.

1.8 Research Objectives

Face verification in real-world surveillance and security environments remains highly chal-

lenging due to the frequent presence of low-resolution facial images. Such images suffer

from loss of discriminative details, noise, blur, and illumination variations, which signifi-

cantly degrade feature extraction quality and verification accuracy. The primary objective

of this research is to improve low-resolution face verification performance by combining

advanced Super-Resolution (SR) techniques with robust representation and recognition

models.

This work is structured around two complementary research directions, each targeting

a different level of the recognition pipeline and jointly contributing to a robust low-

resolution verification framework, as illustrated in Figures 1.1 and 1.2.

1.8.1 Enhancing Low-Resolution Face Verification Using Super-

Resolution and Multilinear Subspace Learning

The first objective focuses on improving low-resolution facial image representation through

the integration of Super-Resolution techniques with multilinear subspace learning and

metric learning methods. Multilinear models are particularly suitable for facial data be-

cause they preserve the intrinsic multi-dimensional tensor structure of images and enable

more stable feature extraction under variations in pose, illumination, and expression.
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However, their performance degrades when the input images are extremely low-resolution

due to severe loss of high-frequency identity information.

To overcome this limitation, we propose a fusion framework that first applies Super-

Resolution reconstruction and then performs multilinear discriminant analysis and metric

learning. The framework integrates advanced tensor-based and subspace-based metric

learning algorithms, including TXQDA and MSIDA (multilinear approaches), as well

as XQDA and SILD (linear subspace approaches). This hybrid strategy ensures that

enhanced images are projected into discriminative subspaces that maximize inter-class

separability while preserving structural information, 1.3.

This objective aims to:

• Recover identity-relevant facial details lost due to low spatial resolution.

• Preserve the tensor structure of facial data through multilinear modeling.

• Improve discriminative feature extraction using tensor-based and subspace metric

learning.

• Increase verification robustness across multiple low-resolution scales.

1.8.2 Improving Low-Resolution Face Verification Using Super-

Resolution and Vision Transformers

The second objective investigates the effectiveness of ViTs for low-resolution face verifi-

cation when combined with Super-Resolution preprocessing. While Convolutional Neu-

ral Networks have long dominated face recognition, Vits introduce global self-attention

mechanisms that model long-range dependencies and capture richer contextual facial rep-

resentations. Nevertheless, transformer models remain sensitive to missing fine-grained

details in extremely low-resolution inputs.

To address this challenge, we propose a hybrid Super-Resolution–Transformer frame-

work in which facial images are first enhanced using SR models and then processed by

multiple ViT architectures for feature extraction and verification. The study evaluates

several transformer variants, including SimpleViT, DistillableViT, DeepViT, and CaiT,

and analyzes their behavior on both original and super-resolved images, 1.4.

This objective aims to:
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• Enhance low-resolution inputs using Super-Resolution before transformer-based recog-

nition.

• Exploit self-attention mechanisms to capture both global and local facial structures.

• Compare transformer-based and CNN-based recognition under identical SR condi-

tions.

• Identify the most robust deep architecture for extreme low-resolution face verifica-

tion.

Together, these two research directions establish a comprehensive and multi-level

framework that combines image enhancement, multilinear representation learning, met-

ric learning, and transformer-based modeling to significantly improve low-resolution face

verification performance.

1.9 Key Contributions

This thesis addresses the problem of low-resolution face verification through a structured

and multi-perspective framework that combines image enhancement, tensor-based metric

learning, and transformer-based recognition models. The main contributions are summa-

rized as follows:

• Unified Framework for Low-Resolution Face Verification We propose a com-

prehensive verification framework specifically designed for extreme low-resolution

conditions. The framework integrates image enhancement, discriminant metric

learning, and deep representation models within a multi-scenario evaluation pro-

tocol covering multiple resolution scales.

• Tensor-Based Multilinear Metric Learning Framework We develop a tensor-

driven verification pipeline that preserves the multidimensional structure of facial

data without vectorization. Within this framework, multilinear metric learning

methods (TXQDA and MSIDA) and linear metric learning methods (XQDA and

SILD) are jointly evaluated under identical experimental settings, enabling a fair

and systematic comparison between multilinear and linear subspace strategies for

low-resolution verification.
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• Resolution-Scale Evaluation Protocol We design an experimental protocol

based on multiple controlled resolution levels (16×16, 32×32, and 48×48), allow-

ing detailed analysis of model behavior under progressive information loss. This

protocol provides reproducible benchmarks for extreme low-resolution verification.

• Integration of Super-Resolution We introduce a preprocessing stage based on

multiple Super-Resolution models (SRResNet, SRGAN, and Real-ESRGAN) and

systematically analyze their impact on verification accuracy. The study quantifies

how resolution reconstruction affects discriminant metric learning and transformer-

based recognition.

• Transformer-Based Verification under Resolution Constraints We conduct

an extensive evaluation of several Vision Transformer architectures (SimpleViT,

DistillableViT, DeepViT, and CaiT) for low-resolution face verification, both before

and after super-resolution enhancement. This provides one of the first structured

comparisons of ViT families under extreme low-resolution biometric conditions.

• SR–ViT Hybrid Verification Strategy We propose and validate a hybrid Super-

Resolution + Vision Transformer verification pipeline and demonstrate its effec-

tiveness across challenging surveillance-oriented datasets. The approach establishes

improved verification trade-offs in TAR–FAR and AUC metrics.

• Cross-Dataset Validation All proposed approaches are validated across multiple

benchmark datasets with different characteristics (surveillance images), ensuring

robustness and generalization of the findings.

1.10 Thesis Organization

The structure of this thesis is systematically designed to provide a clear and coherent flow

of information, encompassing both theoretical foundations and practical contributions

across multiple chapters. The organization is outlined as follows:

Chapter 1: Introduction, Chapter 1: Introduction, This chapter presents the over-

all context and rationale behind the research. It begins with a detailed articulation of

the problem statement, followed by an introduction to Super-Resolution techniques for
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low-resolution faces and CNN feature extraction using VGG-19. Next, it covers Mul-

tilinear Subspace Learning for Face Verification and the role of Vision Transformers in

low-resolution face recognition. The chapter then emphasizes the motivation and impor-

tance of the study, explaining why addressing low-resolution facial images in real-world

surveillance scenarios is critical. Afterward, it defines the research objectives and high-

lights the key contributions made through the proposed frameworks. Finally, the chapter

provides an overview of the thesis structure, guiding the reader through the subsequent

chapters and showing how each part contributes to the research goals.

Chapter 2: Literature Review, This chapter systematically reviews the existing body

of work relevant to the research domain. It begins with an in-depth analysis of the chal-

lenges in low-resolution face recognition, followed by a comprehensive discussion on Super-

Resolution techniques and their effectiveness in reconstructing facial details. The chapter

further explores various machine learning and deep learning methods for face recognition,

with a particular focus on CNN-based and ViT-based architectures. Additionally, it ex-

amines multilinear subspace learning approaches for feature extraction, setting the stage

for the tensor-driven framework proposed in the first article. Lastly, the chapter discusses

the emerging role of ViTs in face recognition, emphasizing their potential for capturing

both local textures and global spatial dependencies.

Chapter 3: Paper 1, This chapter provides a detailed presentation of the first study,

which focuses on a tensor-driven framework for low-resolution face recognition. It outlines

the proposed methodology, which leverages advanced Super-Resolution (SR) techniques,

including SRResNet, SRGAN, and Real-ESRGAN, to reconstruct high-resolution facial

images from extremely low-resolution inputs. The framework further integrates multi-

linear subspace learning to extract robust and consistent feature representations across

varying resolution levels. The experimental results and comparative analysis highlight

the effectiveness of the tensor-driven approach in enhancing recognition accuracy under

challenging conditions.

Chapter 4: Paper 2, Building upon the findings of the first study, this chapter

presents the second research article, which extends the proposed framework by incor-

porating ViTs for enhanced feature extraction. The chapter discusses the integration

of SR networks with ViTs, evaluating the performance of various ViT models, includ-

ing SimpleViT, CaiT, Distillation, and DeepViT. The methodology focuses on leveraging
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self-attention mechanisms to capture both local textures and global dependencies, thereby

mitigating the impact of resolution degradation. The experimental analysis demonstrates

the substantial improvement in face recognition accuracy achieved through the ViT-SR

integration, particularly in extreme LR settings.

Chapter 5: Conclusion and Future Work, The final chapter provides a comprehensive

summary of the key findings obtained from both studies, underscoring the effectiveness of

combining SR and ViTs in addressing the challenges of low-resolution face recognition. It

then identifies the limitations of the proposed frameworks, particularly in terms of compu-

tational complexity, data variability, and feature consistency. The chapter concludes with

a detailed discussion on directions for future research, proposing potential enhancements

such as adaptive SR techniques, lightweight ViTs, and hybrid CNN-ViT architectures for

improved robustness and scalability.



Chapter 2

Literature Review

2.1 Introduction

Face recognition systems have become an essential component in many modern appli-

cations, including security monitoring, access control, biometric authentication, smart

cities, and personalized digital services. Their importance continues to grow as auto-

mated identity verification becomes more widely adopted. However, despite the rapid

progress in computer vision and deep learning, face recognition systems still encounter

major difficulties when operating under unconstrained real-world conditions especially

when the input images are low-resolution. In such cases, facial textures, contours, and

discriminative micro-features are often lost, which directly reduces recognition accuracy

and system robustness [19].

This chapter presents a comprehensive and structured review of the main challenges

and the most relevant recent advances in face recognition research, with a particular focus

on low-resolution scenarios. It explains why low-resolution images are problematic: they

contain insufficient identity information, are more sensitive to noise and blur, and are

strongly affected by illumination and pose variations. Because of this, traditional feature

extraction and matching techniques often fail to separate identities reliably.

To address these limitations, the chapter discusses super-resolution techniques as a

key enhancement strategy. These methods aim to reconstruct higher-detail facial images

from low-quality inputs, thereby restoring discriminative information before recognition.

19
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Different deep super-resolution models are reviewed as powerful preprocessing tools that

can significantly improve downstream verification performance.

The chapter also examines the growing role of machine learning and deep learning

approaches in face recognition. It details how modern neural models learn hierarchical and

discriminative facial representations automatically, outperforming handcrafted features.

Special attention is given to Multilinear Subspace Learning, which represents facial data

in tensor (multi-dimensional) form instead of flattening it into vectors. This preserves

structural relationships inside the data and enables more robust feature extraction under

resolution degradation. Multilinear methods are shown to be particularly effective when

combined with discriminant metric learning techniques.

In addition, the chapter highlights the transformative impact of ViTs in face recog-

nition. Unlike classical convolutional networks, ViTs rely on attention mechanisms to

model global relationships between image regions. This allows better contextual under-

standing of facial structure and improves recognition capability, especially when paired

with enhancement techniques such as super-resolution. Recent transformer variants are

discussed to illustrate how architectural evolution continues to push performance forward.

By bringing together enhancement methods, multilinear learning, and transformer-

based modeling, the chapter builds a coherent view of the modern low-resolution face

recognition pipeline and explains how hybrid strategies can overcome long-standing limi-

tations.

2.2 Face Recognition Challenges in Low-Resolution

Settings

Face recognition in low-resolution environments presents significant challenges due to the

degradation of discriminative features, making it difficult for models to achieve robust

performance. This issue is particularly pronounced in applications such as surveillance,

security systems, and mobile authentication, where facial images are often captured at low

resolutions. Researchers have explored various approaches to mitigate these challenges,

including knowledge distillation, subspace learning, super-resolution techniques, and deep

learning-based feature extraction. The following section presents a chronological review of

key contributions to this field, highlighting advancements in methods aimed at improving
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low-resolution face recognition. A summary of these research efforts is illustrated in Figure

2.1.

Lei et al. [20] (2011) addressed the challenge of face recognition from low-resolution

images, a common issue in real-world applications. Since high-frequency details are lost

in low-resolution images, it becomes essential to extract robust information from the

low-frequency domain. To tackle this problem, the authors proposed an effective local

frequency descriptor (LFD), inspired by local phase quantization (LPQ). Their approach

leverages both blur-invariant magnitude and phase information in the low-frequency do-

main, making it more descriptive than LPQ by incorporating richer and more compre-

hensive features. Additionally, they introduced a statistical uniform pattern definition

method to enhance the efficiency of the proposed descriptor. Experimental evaluations

on FERET and a real-world video database demonstrated that LFD is highly effective

and robust for low-resolution face recognition.

Xu et al. [21] (2014) examined the challenges of face recognition in surveillance

systems, where captured facial images are often extremely small and differ from low-

resolution images that are simply down-sampled from high-resolution counterparts. This

discrepancy typically results in poor recognition performance, the authors analyzed key

factors affecting face recognition accuracy in surveillance scenarios, including camera type,

distance between the subject and the camera, and the resolution of captured face images.

Each of these factors was systematically quantified and evaluated. Building on these

insights, the authors proposed a new face recognition approach tailored for real-world

surveillance environments. Their method incorporates image pre-processing techniques

to mitigate illumination variations, thereby enhancing image quality. Additionally, they

introduced a novel face image super-resolution technique to further refine facial details.

Experimental results demonstrated that the proposed approach significantly improves

face recognition performance in surveillance settings.

Mudunuri et al. [22] (2015) introduced a fully automated method for recognizing low-

resolution face images captured in uncontrolled environments. Their approach employs

multidimensional scaling to learn a common transformation matrix that aligns the facial

features of both low-resolution (LR) and high-resolution (HR) training images. This trans-

formation ensures that the distance between LR and HR images in the transformed space

closely approximates their distance if both had been captured under identical controlled
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conditions. To measure the similarity between two images in this transformed space, the

method utilizes stereo matching cost, which enhances recognition performance. However,

a notable drawback of this approach is its computational complexity, as calculating the

stereo-matching cost is time-intensive. To address this, the authors propose a reference-

based approach, where each face image is represented by its stereo-matching cost relative

to a small set of reference images, significantly reducing computational overhead.

Chu et al. [23] (2017) addressed the challenge of low-resolution (LR) face recognition,

a growing concern due to the widespread use of surveillance cameras. While previous ap-

proaches often assume the availability of multiple high-resolution (HR) training samples

per subject, this assumption does not always hold, particularly in law enforcement sce-

narios where only a single HR image per person may be available. In such single sample

per person (SSPP) settings, LR face recognition suffers from issues like overfitting and

singular matrix problems. To tackle these challenges, the authors proposed a cluster-

based regularized simultaneous discriminant analysis (C-RSDA) method. This approach

enhances standard discriminant analysis by incorporating inter-cluster and intra-cluster

scatter matrices derived from unsupervised clustering, which helps to regularize both the

between-class and within-class scatter matrices. By leveraging these cluster-based ma-

trices, C-RSDA not only resolves the singularity issue but also mitigates overfitting by

capturing additional variations from limited training data. Extensive experiments con-

ducted in both controlled and uncontrolled environments demonstrate the effectiveness

of C-RSDA in improving the discriminative power of feature representations for LR face

recognition. Building upon the challenge of LR face recognition, Shekhar et al. [24] (2017)

adopted a different strategy by leveraging information from high-resolution (HR) gallery

images rather than solely enhancing the low-resolution probe images. Their approach

employed a generative classification framework capable of handling variations in resolu-

tion and illumination, making it more robust to real-world conditions. To further refine

their method, the authors introduced a kernelized version of their algorithm to address

data non-linearity and incorporated joint sparse coding for enhanced recognition perfor-

mance at low resolutions. Experimental evaluations on both standard datasets and a

challenging outdoor face dataset demonstrated the superiority of this approach compared

to several state-of-the-art LR face recognition techniques. In addition to classification

and feature enhancement techniques, Thomas et al. [25] (2017) focused on improving LR



CHAPTER 2. LITERATURE REVIEW 23

face recognition by integrating super-resolution methods with advanced feature extrac-

tion and classification strategies. Their framework employed kernel regression to convert

low-resolution images into high-resolution counterparts before extracting features using

a combination of Gabor filters, wavelet transforms, and local binary patterns (GWTM

process). To optimize feature selection, they introduced a feature-level fusion strategy

based on the fractional Bat algorithm, which integrates fractional theory with the Bat

algorithm for optimal performance. Finally, recognition was carried out using a multi-

kernel-based spherical SVM classifier. Experimental evaluations demonstrated that their

system outperformed existing methods, achieving an accuracy of 95

Ge et al. [26] (2018) addressed the challenge of deploying face recognition models

in real-world scenarios, where recognizing low-resolution faces must be achieved with

minimal computational cost. To tackle this issue, they proposed a selective knowledge

distillation approach that compresses complex face models, balancing high recognition

speed and low memory usage while minimizing performance loss. Their method utilizes

a two-stream CNN: a teacher stream, which is a high-accuracy complex CNN for recog-

nizing high-resolution faces, and a student stream, which is a lightweight CNN designed

for efficient low-resolution face recognition. To maintain recognition performance, the

student stream selectively distills key facial features from the teacher stream by solving

a sparse graph optimization problem, ensuring that only the most informative features

are transferred. This enables the student stream to simultaneously approximate impor-

tant facial cues and recover missing details for low-resolution classification. Experimental

results demonstrate that the student model achieves impressive performance, requiring

only 0.15MB of memory while processing 418 faces per second on a CPU and 9,433 faces

per second on a GPU. To further improve low-resolution face recognition in practical ap-

plications, Ahmed et al. [27] (2018) explored the challenge of automatic face recognition,

a persistent issue in computer vision over the past decade. Despite advancements, law

enforcement agencies still face difficulties in accurately identifying individuals from video

surveillance due to factors such as blur, illumination variations, resolution constraints,

and lighting conditions. To address these challenges, the proposed system is designed to

operate effectively at a minimum resolution of 35 pixels, enabling accurate face recog-

nition across different angles, side poses, and even during motion tracking. The study

introduces the LR500 dataset for training and classification. Additionally, the research
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employs the Local Binary Patterns Histogram (LBPH) algorithm to enhance real-time

face recognition performance at low resolutions.

Wang et al. [28] (2019) tackled the challenge of low-resolution (LR) face recognition

(FR), particularly in surveillance scenarios where both accuracy and computational effi-

ciency are critical. The study leveraged knowledge distillation to transfer knowledge from

a complex teacher model to a more lightweight student model, enabling fast and efficient

LR-FR. Unlike traditional distillation methods, which require updating the teacher model

using an LR-augmented training set before training the student, the authors proposed an

improved approach that eliminates the need for teacher retraining. Instead, the teacher

model is trained on an unchanged high-resolution dataset, while only the student model

is trained using an LR-augmented dataset under the teacher’s guidance. This modifica-

tion significantly accelerates the training process, especially for large-scale datasets. To

mitigate data distribution discrepancies between the teacher and student models, the ap-

proach incorporates a multi-kernel maximum mean discrepancy constraint. Experimental

results demonstrate that this method speeds up training by approximately five times while

maintaining high recognition accuracy. The student model achieves performance compa-

rable to state-of-the-art methods on LFW and SCFace datasets, delivering a threefold

acceleration over the teacher model and requiring only 35ms to run on a CPU. Shakeel

et al. [29] (2019) proposed a novel approach for low-resolution face recognition in uncon-

trolled environments. Their method begins by decomposing extracted local features into

a low-rank representation and a sparse error matrix. A projection matrix is then learned

using a sparse-coding-based algorithm, ensuring the preservation of the sparse structure

within a low-dimensional feature subspace. To determine similarity, a coefficient vec-

tor is computed through linear regression, facilitating comparison between the projected

gallery and query image features. Additionally, the study introduces a morphological

pre-processing technique aimed at enhancing the visual quality of images. Extensive ex-

periments conducted on five publicly available face recognition datasets, encompassing

variations in pose, facial expressions, and illumination, demonstrate that the proposed

method outperforms existing state-of-the-art techniques in terms of recognition accuracy.

Yan et al. [30] (2020) addressed the challenge of low-resolution facial expression recog-

nition, which often leads to performance degradation in real-world applications. Their

study introduces a novel approach called Image Filter-based Subspace Learning (IFSL)
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to enhance facial image representation. IFSL consists of three key steps: first, image

filter learning is integrated into the optimization process of Linear Discriminant Analysis

(LDA), allowing the extraction of discriminative image filters (DIFs) tailored to different

facial expressions. Next, the filtered images are combined to generate enhanced repre-

sentations. Finally, a regression-based subspace learning technique is applied, where an

expression-aware transformation matrix is learned to remove irrelevant information while

preserving essential facial features. Experimental evaluations on multiple facial expression

datasets, including CK+, MMI, JAFFE, SFEW, and RAF-DB, demonstrate that IFSL

outperforms several state-of-the-art methods in low-resolution facial expression recogni-

tion.

Rouhsedaghat et al. [31] (2021) highlighted the challenges of deploying Deep Neu-

ral Networks (DNNs) for face recognition in resource-constrained environments, where

limited computing power and networking capabilities restrict the use of large-scale mod-

els. These environments require compact models that can be efficiently trained on a

small dataset with low computational complexity while handling low-resolution face im-

ages. To address these limitations, the authors introduced LRFRHop, a data-efficient

low-resolution face recognition model based on the Successive Subspace Learning (SSL)

framework. SSL provides an explainable, non-parametric feature extraction approach

that allows for a flexible trade-off between model size and recognition performance. Un-

like traditional DNNs, SSL-based training is significantly more efficient, operating in a

one-pass feedforward manner without backpropagation, thereby reducing training com-

plexity. Additionally, active learning can be integrated to minimize labeling costs. The

effectiveness of LRFRHop was validated through experiments on the LFW and CMU

Multi-PIE datasets, demonstrating its suitability for face recognition in resource-limited

settings.

Ketab et al. [32] (2023) addressed the challenge of face recognition in visual surveil-

lance systems, which is crucial for identifying individuals involved in security incidents

or investigations. Despite significant advancements in facial recognition technology, ac-

curately recognizing faces from surveillance footage remains difficult due to variations

in scale, orientation, and the presence of multiple individuals. To tackle the problem

of low-resolution face recognition, this study integrates advanced feature extraction tech-

niques. The approach leverages customized and learnable filters that enhance the training
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process by aligning feature extraction with human brain functionality. The Gabor trans-

form is applied to facial images using multiple filter coefficients at different scales and

orientations, producing scale- and rotation-invariant features. Additionally, a tailored

architecture with a residual stream enhances feature representation while preventing gra-

dient interference from affecting the backbone network. Experimental evaluations on the

SCface and TinyFace datasets demonstrate the effectiveness of this approach, achieving

an accuracy of 89.21 % on SCface and 56.68 % on TinyFace.

Narayan et al. (2024) [33] address the challenges of low-resolution face recognition,

where traditional models pre-trained on large datasets struggle due to the lack of distinct

facial attributes. Fine-tuning on low-resolution datasets often leads to catastrophic forget-

ting of pre-trained knowledge, and the domain gap between high-resolution (HR) gallery

images and low-resolution (LR) probe images further complicates adaptation. To over-

come these issues, the authors propose PETALface, a Parameter-Efficient Transfer Learn-

ing (PEFT) approach that preserves learned knowledge while adapting to low-resolution

inputs. PETALface incorporates low-rank adaptation modules that dynamically adjust

weights based on image quality, ensuring robust performance across different resolutions.

Experimental results demonstrate that PETALface outperforms full fine-tuning methods

on low-resolution datasets while maintaining strong performance on high-resolution and

mixed-quality datasets, all while utilizing only 0.48% of the total parameters. Kurnia et al.

(2024) [34] tackle the challenge of enhancing face recognition accuracy in low-resolution

images by combining Digital Image Processing (DIP) techniques with Generative Ad-

versarial Networks (GANs). While recent advancements have achieved high accuracy in

facial recognition, they primarily focus on high-resolution images, leaving low-resolution

scenarios—common in surveillance and mobile applications—less effective. To address

this, the proposed DIP GAN method integrates preprocessing steps such as cropping,

resizing, normalization, and filtering with GAN-based image enhancement. Using the

Georgia Tech Face Database, the study demonstrates that this approach significantly im-

proves recognition accuracy for low-resolution images. The findings emphasize the critical

role of preprocessing in face recognition and highlight GANs’ effectiveness in enhancing

low-quality facial images, contributing to advancements in digital image processing and

artificial intelligence.

An et al. [35] (2025) explored the potential of machine learning (ML) models to repli-
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cate human psychophysical evaluations in assessing artificial visual percepts generated

by emerging methodologies. Traditional human-based evaluations are labor-intensive and

require repeated experiments following any modification in hardware or software config-

urations. To address this, the study investigates the ability of ML models to accurately

perform quaternary match-to-sample tasks using low-resolution facial images represented

by phosphene arrays as input stimuli. Initially, the researchers analyzed the performance

of ML models trained on a dataset of 3,600 phosphene face images to approximate in-

nate human facial recognition capabilities. Due to time constraints and potential subject

fatigue, the psychophysical test was limited to 720 low-resolution phosphene images, pre-

sented to 36 human participants. The most effective ML model successfully mirrored

human behavioral trends, achieving accurate predictions for 8 out of 9 phosphene quality

levels on the overlapping test set. Furthermore, the model was able to predict human

recognition performance on previously untested phosphene images, reducing the need

for additional psychophysical assessments. These findings highlight the transformative

role of ML in accelerating research on visual prosthetics, enabling more efficient devel-

opment of advanced prosthetic devices. Ren et al. (2025) [36] address the challenges of

occlusion and low-resolution face recognition in university laboratory surveillance. Tra-

ditional face recognition algorithms depend on high-quality images and struggle with

small, low-resolution faces, leading to inaccuracies. To overcome these limitations, the

authors propose a novel framework that enhances RetinaFace-ResNet and integrates it

with Quality-Adaptive Margin (AdaFace). While numerous target detection algorithms

exist, they require extensive training data, yet datasets for low-resolution face detection re-

main scarce, negatively impacting model performance. This study improves RetinaFace’s

accuracy in detecting and localizing faces under extreme angles and occlusion by incor-

porating Spatial Depth-wise Separable Convolutions. RetinaFace-ResNet is utilized for

face detection, while AdaFace enhances low-resolution recognition by leveraging feature

norm approximation to assess image quality and applying an adaptive margin function.

Furthermore, a multi-object tracking algorithm is introduced to mitigate issues caused by

moving occlusion. Experimental results demonstrate significant improvements, achieving

96.12% accuracy on the WiderFace dataset and 84.36% recognition accuracy in real-world

laboratory settings.

Alrikabi et al. (2025) [37] introduce a comprehensive resolution enhancement model
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aimed at improving the quality and clarity of low-resolution images. This approach re-

stores lost or obscured details, making images more visually appealing and informative.

Enhancing low-quality images is a critical challenge in computer vision and image pro-

cessing, as clear and detailed visuals are essential for accurate analysis and feature iden-

tification. By refining image resolution, specialists and researchers can uncover hidden

patterns, extract relevant information, and make more informed decisions. The proposed

model integrates multiple steps, including image enhancement, filtering, and preprocess-

ing. Initially, the Labeled Faces in the Wild (LFW) dataset is loaded and resized for

preprocessing. To refine image quality, Gaussian and Laplacian filtering techniques are

employed—Gaussian filtering reduces noise while preserving details, whereas Laplacian

filtering enhances edge detection and feature extraction. The enhancement phase blends

the filtered and original low-resolution images, resulting in improved detail, sharper edges,

and better overall quality. The effectiveness of the model is evaluated using Structural

Similarity Index (SSIM) and Peak Signal-to-Noise Ratio (PSNR), demonstrating supe-

rior performance over recent methods in maintaining structural integrity while enhancing

image clarity. Additionally, histogram analysis of various image sizes provides insights

into how resizing affects pixel distribution and overall quality. The study highlights the

model’s potential for applications in computer vision and image processing, marking a

significant advancement in low-resolution image enhancement.

Hayder et al. (2025) [38] highlight the rapid growth and significance of face recognition

technology, given its wide range of real-world applications. However, these systems often

struggle with poor-quality datasets caused by factors such as low illumination, low reso-

lution, facial distortions, and varying environmental conditions, which negatively impact

their performance and reliability. To address these challenges, Generative Adversarial

Networks (GANs) have emerged as a powerful solution, capable of enhancing image qual-

ity and generating realistic facial representations under difficult conditions. This review

paper examines various GAN-based models, each designed to overcome specific obstacles

in face recognition. These models have demonstrated remarkable improvements in image

enhancement, achieving enhancement ratios between 75% and 97% by leveraging ad-

vanced generative techniques for facial image reconstruction and augmentation. Beyond

face recognition, the discussed methodologies have broader implications in fields such as

medical imaging, surveillance, and autonomous driving—domains where poor data qual-
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ity is a persistent challenge. By utilizing generative AI to improve dataset quality, this

research contributes to the development of more robust and accurate machine learning

applications across diverse fields.

The challenge of face recognition in low-resolution scenarios has driven the develop-

ment of various techniques, including feature enhancement, knowledge distillation, gen-

erative models, and transformer-based approaches. Early works primarily relied on dis-

criminant analysis and sparse coding techniques, while recent advancements leverage deep

learning, particularly GANs and Vits, to enhance recognition accuracy. Future research

is expected to focus on improving feature alignment across different resolutions and de-

veloping lightweight yet effective models suitable for real-time applications.

• Local frequency descriptor for low-resolution face recognitio

• Low resolution face recognition in surveillance systems

• Low resolution face recognition across variations in pose and illumina- tion

• Low-resolution face recognition with single sample per person

• Synthesis-based robust low resolution face recognition

• Fractional bat and multi-kernel-based spherical svm for low res- olution face recognition

• Low-resolution face recognition in the wild via selective knowledge distillation

• Lbph based improved face recognition at low resolution

• Improved knowledge distillation for training fast low resolution face recognition model

• Learning sparse discriminant low-rank features for low- resolution face recognition
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• Petalface: Parameter efficient transfer learning for low-resolution face recognition
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Figure 2.1: Overview of Challenges in Low-Resolution Face Recognition: Impact of Res-
olution Degradation on Feature Extraction.

2.3 Super-Resolution Techniques for Image Enhance-

ment

Face recognition systems often suffer from performance degradation when dealing with

low-resolution images, especially in surveillance or remote sensing scenarios. To address



CHAPTER 2. LITERATURE REVIEW 30

this limitation, Super-Resolution (SR) techniques have emerged as powerful tools for re-

constructing high-resolution images from their low-resolution counterparts. By recovering

finer facial details, SR methods significantly enhance the quality of the input data, which

in turn improves the accuracy and robustness of face recognition models. Recent advances

in deep learning, particularly CNNs and generative adversarial networks (GANs), have

further propelled the development of SR techniques, making them increasingly effective

in preserving identity-relevant features. Integrating SR with face recognition not only

boosts system performance under challenging conditions but also expands the applicabil-

ity of these systems to real-world scenarios involving poor image quality. A summary of

these research efforts is illustrated in Figure 2.2.

Fookes et al. [39] (2012)systematically examined the relationship between image res-

olution and face recognition performance, an aspect that has received relatively little

attention despite ongoing efforts to enhance automatic face recognition. To address

this gap, the authors developed a comparative framework for evaluating the effective-

ness of super-resolution techniques in improving recognition accuracy. They compared

three super-resolution methods against Eigenface and Elastic Bunch Graph Matching face

recognition algorithms. Additionally, they identified the parameter ranges where these

techniques outperform standard image interpolation in terms of recognition performance.

Raghavendra et al. [40] (2013) explored the challenges of face recognition in wide-

area surveillance, which typically requires multiple cameras, handling low-resolution face

samples, and high computational resources. To address these challenges, the authors

experimented with a Light-Field Camera (LFC), which offers a unique advantage over

conventional surveillance cameras (such as CCTV or PTZ) by capturing multiple depth-

focused images in a single shot. Leveraging this capability, they investigated the use of

super-resolution reconstruction based on multiple depth images rendered by the LFC. The

study first presents a comparative evaluation of existing super-resolution techniques and

then proposes a new resolution enhancement approach that integrates Discrete Wavelet

Transform (DWT) with an existing super-resolution method. This technique captures

high-frequency components from the depth images, thereby improving face recognition

performance. Experimental results on a newly collected dataset highlight the advantages

and limitations of using LFCs for face recognition in wide-area surveillance applications.

Rasti et al. [41] (2016) addressed the challenge of face recognition in surveillance
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systems, where low-resolution images captured by video cameras often fail to meet the

requirements of many recognition algorithms. To overcome this limitation, the authors

proposed a deep learning-based super-resolution approach that enhances facial images

before recognition. Their system first applies a deep convolutional network for image

super-resolution, followed by a Hidden Markov Model (HMM) and Singular Value Decom-

position (SVD)-based face recognition framework. The proposed method was evaluated

on several well-known face databases, including FERET, HeadPose, Essex University,

and the recently introduced iCV Face Recognition (iCV-F) database. Experimental re-

sults demonstrated a significant improvement in recognition performance after applying

the super-resolution technique. Uiboupin et al. [42] (2016) addressed the challenge of

low-resolution face recognition in surveillance systems, where the resolution of captured

images often falls below the requirements of many recognition algorithms. To overcome

this limitation, the authors proposed a super-resolution approach based on sparse repre-

sentation. Their method utilizes a specialized dictionary composed of both natural and

facial images to enhance the resolution of facial images. Following this enhancement, face

recognition is performed using a combination of the Hidden Markov Model (HMM) and

Support Vector Machine (SVM). The proposed system was evaluated on multiple well-

known face databases, including FERET, HeadPose, Essex University, and the newly

introduced iCV Face Recognition database (iFRD). Experimental results demonstrated a

significant improvement in recognition accuracy after applying super-resolution with the

facial and natural image dictionary.

ElSayed et al. (2017) [43] explored the impact of super-resolution techniques on face

recognition in uncontrolled environments, where facial images are often blurred or low-

resolution due to the limitations of surveillance cameras. The study aimed to evaluate the

effectiveness of a state-of-the-art super-resolution algorithm in enhancing the resolution

of such images, particularly when significant enlargement is required. To illustrate its

functionality, the authors presented before-and-after 3D face alignment cases using images

from the Labeled Faces in the Wild (LFW) dataset. The enhanced images were then

tested in a closed-set face recognition protocol, utilizing unsupervised algorithms with

high-dimensional feature extraction. Results showed that incorporating super-resolution

significantly improved recognition accuracy, outperforming previously reported results

achieved with unsupervised methods.
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Kwon et al. (2018) [44] introduced a super-resolution approach that enhances face

recognition performance by combining sparse representation and deep learning to pro-

cess low-resolution facial images. While deep learning techniques have been extensively

studied for ultra-high-resolution image generation, real-time face recognition remains an

ongoing research challenge. To address this, the authors integrated sparse representation

with deep learning to generate super-resolved images, improving recognition accuracy.

Additionally, they optimized processing speed by implementing a parallel structure for

sparse representation. Experimental results demonstrated that the proposed method out-

performs conventional techniques across various image datasets. Ouyang et al. (2018)

[45] introduced a super-resolution joint feature mapping approach to enhance accuracy

in low-resolution face recognition. Their method employs a two-branch CNN to extract

features from both high- and low-resolution face images. A super-resolution enhancement

network, integrated with a feature extraction network, is applied to map low-resolution

facial features, effectively reconstructing high-frequency details and improving feature ex-

traction. Additionally, a fusion loss strategy is implemented, combining weighted cosine

similarity loss and image reconstruction loss to enhance feature consistency across different

resolutions. Experimental evaluations on the FERET dataset demonstrate the effective-

ness of this approach, achieving recognition accuracies of 98.2%, 99.1%, and 99.5% for

face images with resolutions of 20×20, 24×24, and 36×36, respectively, obtained through

smooth downsampling. The proposed model outperforms state-of-the-art methods in low-

resolution face recognition.

Cai et al. (2019) [46] addressed the challenge of face images in the wild that of-

ten suffer from both low resolution and occlusion, particularly in surveillance scenarios.

While most existing face image recovery methods handle only one type of variation per

model, the authors proposed FCSR-GAN, a deep generative adversarial network designed

for joint face super-resolution and face completion using a multi-task learning approach.

The generator in FCSR-GAN reconstructs high-resolution, occlusion-free face images from

low-resolution, occluded inputs, while the discriminator employs multiple loss functions—

including adversarial, perceptual, pixel, smoothness, style, and face prior losses to ensure

the quality of the recovered images. The entire network is trained end-to-end using a

two-stage training strategy. Experimental results on the CelebA and Helen databases

demonstrate that FCSR-GAN outperforms state-of-the-art methods in both face super-
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resolution (up to 8×) and face completion. Moreover, cross-database testing highlights its

strong generalization ability, and its application improves face identification performance

in cases where images suffer from both low resolution and occlusion. Wang et al. (2019)

[47] explored the impact of image resolution on face recognition performance, emphasizing

the challenges posed by low-resolution conditions. To enhance recognition accuracy, they

proposed a super-resolution restoration method based on a simplified VGG network. Tra-

ditional super-resolution algorithms often suffer from high computational complexity and

training difficulties, limiting their practical application in face recognition systems. To ad-

dress these issues, the authors designed a streamlined six-layer VGG network that learns

the mapping between high- and low-resolution face images using a dataset constructed

based on prior knowledge of image degradation. The restoration process is completed

through deconvolution-based upsampling. Experiments conducted on the LFW and ORL

datasets demonstrate that the proposed approach outperforms the classical SRCNN algo-

rithm in super-resolution performance. Moreover, when integrated with a face recognition

system based on LeNet-5, it significantly improves recognition accuracy.

Chen et al. (2020) [48] addressed the challenge of super-resolving extremely low-

resolution face images, a difficult task in single-image super-resolution. Traditional deep

learning methods typically rely on one-step upsampling, which struggles to reconstruct

high-resolution face images from very low-resolution inputs. To overcome this limita-

tion, the authors proposed an asymptotic Residual Back-Projection Network (RBPNet),

which progressively refines the reconstruction through multi-step residual learning. The

process begins by projecting the reconstructed high-resolution feature map back into the

low-resolution space, generating a projected low-resolution feature map. The difference

between this projected map and the original low-resolution feature map produces a low-

resolution residual feature map, which is then mapped back into the high-resolution

space. Through iterative residual learning, the network achieves more accurate super-

resolution results. Additionally, an explicit edge reconstruction mechanism is integrated

into the model to enhance facial structure and reduce distortion. Extensive qualitative

and quantitative evaluations demonstrate the effectiveness of RBPNet in producing high-

quality super-resolved face images. Chen et al. (2020) [49] addressed the challenge of

low-resolution (LR) face recognition, which remains difficult despite the remarkable ad-

vancements in deep learning-based face recognition techniques. To tackle this issue, they
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proposed an identity-aware face super-resolution network designed to recover identity-

related information from LR face images. Their approach explicitly disentangles identity

features into two orthogonal components: the magnitude and angle of the features, which

are projected into a hypersphere space. The study reveals that the magnitude of fea-

tures correlates with face quality. By leveraging this identity-aware representation, the

proposed method excels in recovering identity-specific textures, thereby enhancing recog-

nition performance. Extensive experiments validate the effectiveness of the algorithm

in improving LR face recognition. Rajput et al. (2020) [50] addressed the challenges

faced by face recognition (FR) systems in real-world surveillance scenarios, where cap-

tured probe images are often low-resolution (LR) and noisy. They proposed a novel

face super-resolution (SR) algorithm designed to enhance recognition performance by

combining functional interpolation and dictionary-based SR techniques. The functional

interpolation component improves the discriminability of the reconstructed images, while

the dictionary-based approach effectively reduces noise during the reconstruction process.

As a result, the algorithm generates high-resolution (HR) images that are both noise-free

and highly discriminative, making them suitable for real-world LR face recognition tasks.

Experimental evaluations on widely used face image datasets, including FEI, FERET,

and CAS-PEAL-R1, demonstrate that the proposed method outperforms existing SR

approaches.

Xu et al. (2021) [51] addressed the challenge of recognizing low-resolution face images,

which frequently appear in practical applications such as surveillance video. Deep face

recognition networks trained on high-resolution images often struggle with low-resolution

inputs. To overcome this issue, the authors proposed an improved multi-branch net-

work that integrates ResNet with feature super-resolution modules. ResNet is utilized for

recognizing high-resolution facial images and extracting features from both high- and low-

resolution images. The feature super-resolution modules, placed before the classifier in

ResNet, enhance the resolution of extracted features, improving recognition performance

for low-resolution faces. The proposed method is both simple and effective, achieving

high accuracy for high-resolution faces while significantly improving recognition perfor-

mance for low-resolution images. Tan et al. (2021) [52] highlighted the disparity in

performance between high-resolution and low-resolution face recognition, particularly in

visual surveillance systems where security cameras often capture low-resolution images.
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To address this issue, they proposed an enhanced AlexNet model incorporating Super-

Resolution and Data Augmentation (SRDA-AlexNet) for improved low-resolution face

recognition. The approach begins with image super-resolution to enhance the quality of

low-resolution images, followed by data augmentation to increase dataset diversity. The

enhanced AlexNet integrates batch normalization to stabilize training by normalizing in-

put distributions and dropout regularization to prevent overfitting, thereby improving

generalization. The extracted features are then classified using the k-Nearest Neighbors

(k-NN) algorithm. Experimental results demonstrate that SRDA-AlexNet outperforms

existing methods in low-resolution face recognition tasks.

Ullah et al. (2022) [53] addressed the challenge of facial emotion recognition, which,

while intuitive for humans, remains complex for computer algorithms. Advances in com-

puter vision and artificial intelligence have made it possible to analyze emotions from

images, but existing facial expression detection systems face limitations due to the loss

of significant feature data and constrained detection performance. To overcome these

issues, the authors proposed an innovative approach called “Improved Deep CNN-based

Two Stream Super Resolution and Hybrid Deep Model-based Facial Emotion Detection.”

This method comprises three key phases: super-resolution, facial emotion recognition,

and classification. The super-resolution phase employs an Improved Deep CNN for both

structure and texture streams, enhancing pixel density while minimizing cross-entropy

loss. In the emotion recognition phase, face detection is performed using the Viola–

Jones algorithm, while feature extraction incorporates Texton, Bag of Words (BOW),

GLCM, and improved LGXP features. Classification is carried out using RNN and Bi-

GRU neural networks, with a voting mechanism (Score Level Fusion) ensuring accurate

categorization. Experimental results demonstrate that the proposed Deep CNN-based

facial emotion recognition system achieves 95% accuracy, surpassing conventional meth-

ods. The study also evaluates both positive and negative performance metrics across var-

ious databases, confirming the superiority of the proposed approach. Nan et al. (2022)

[54] addressed the challenge of Facial Expression Recognition (FER) in low-resolution

images, which is crucial for applications such as crowd scene analysis in stations and

classrooms. The loss of discriminative features due to reduced resolution makes accurate

classification of low-resolution facial images particularly difficult. To tackle this issue, the

authors proposed a novel feature-level super-resolution approach based on a generative



CHAPTER 2. LITERATURE REVIEW 36

adversarial network (FSR-FER), which enhances FER performance without reconstruct-

ing high-resolution images, thereby reducing the risk of privacy leakage. Their method

employs a pre-trained FER model as a feature extractor, alongside a generator network

G and a discriminator network D, both trained on features extracted from paired low-

and high-resolution images. The generator G refines the low-resolution image features

to align more closely with those of high-resolution images, improving their discrimina-

tive power. Additionally, to enhance classification performance, the authors introduced a

classification-aware loss reweighting strategy that prioritizes samples prone to misclassifi-

cation based on classification probabilities from a fixed FER model. Experimental results

on the Real-World Affective Faces (RAF) Database and the Static Facial Expressions in

the Wild (SFEW) 2.0 dataset show that the proposed method performs effectively across

different down-sampling factors and outperforms traditional approaches that separately

apply image super-resolution and expression recognition. Dos Santos et al. (2022) [55]

explored the use of diffusion models, which have demonstrated effectiveness in various

applications such as image, audio, and graph generation. These models have also been

applied to image super-resolution and solving inverse problems. More recently, stochastic

differential equations (SDEs) have been introduced to extend diffusion models to con-

tinuous time. In this work, the authors leveraged SDEs for generating super-resolution

face images, marking the first known application of SDEs in this domain. The proposed

method outperforms existing diffusion-based super-resolution techniques, achieving supe-

rior peak signal-to-noise ratio (PSNR), structural similarity index measure (SSIM), and

overall consistency. Additionally, the study evaluated the method’s effectiveness for face

recognition by employing a generic facial feature extractor to compare super-resolved im-

ages with their ground truth counterparts, yielding improved results compared to other

approaches. Wang et al. (2022) [56] addressed the limitations of existing face hallucination

methods, which typically rely on facial prior information to enhance super-resolution per-

formance. Most approaches first estimate facial priors and then use them to reconstruct

high-resolution face images. However, accurately estimating these priors is challenging,

particularly for low-resolution images, and any inaccuracies can negatively impact the

final super-resolution results. To overcome this issue, the authors propose a novel method

that incorporates facial prior knowledge during the training phase while only requiring

low-resolution images during testing, eliminating the need for explicit prior estimation.
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Instead of directly estimating priors, the approach leverages high-quality facial prior infor-

mation during training and progressively transfers this knowledge from a teacher network

(trained with low-resolution images, high-quality priors, and high-resolution images) to a

student network (trained solely with low- and high-resolution image pairs). Experimen-

tal results on benchmark face datasets demonstrate that the proposed method surpasses

state-of-the-art face super-resolution techniques in both quantitative and qualitative eval-

uations.

Tomar et al. (2023) [57] present a noise-robust face super-resolution model based on

an attentive ExFeat-based generative adversarial network. The proposed approach in-

troduces the Exigent Feature Attention Unit (ExFAU), which incorporates an Exigent

Feature (ExFeat) block alongside a spatial attention mechanism to enhance the visual

quality of reconstructed face images. The ExFAU block plays a crucial role in reducing

noise while extracting both fine and high-level facial features. Additionally, the ExFeat

block is followed by a spatial attention unit that selectively emphasizes key facial at-

tributes while minimizing attention to less relevant features. By stacking multiple ExFAU

blocks, the model refines various facial components, leading to improved overall image

quality. Experimental evaluations on standard datasets, including CelebA-HQ, Helen,

and LFW, demonstrate that the proposed method achieves state-of-the-art performance

in face super-resolution. Zeng et al. (2023) [58] propose a self-attention learning network

(SLNet) for three-stage face super-resolution, addressing the limitations of deep convolu-

tional networks (DCNs) in capturing complete and uniform representations. Traditional

face super-resolution methods either focus on extracting information within a single space

using complex models for direct reconstruction or employ additional networks to enhance

feature representation with multiple prior inputs. However, these approaches often strug-

gle to achieve high-quality results. SLNet overcomes this challenge by fully leveraging

the interdependence between low- and high-level feature spaces to enhance reconstruc-

tion. The model follows a hierarchical three-stage framework: first, it extracts shallow

features in the low-level space; next, it refines these features under high-resolution (HR)

supervision to reduce cumulative errors from DCNs while generating an intermediate

reconstruction benchmark; finally, a multi-scale context-aware encoder-decoder further

enhances the feature representation in the high-level space. By progressively refining fea-

tures from coarse to fine, SLNet achieves competitive performance compared to state-of-
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the-art methods, as demonstrated by experimental results. Gao et al. (2023) [59] address

the challenge of low-resolution face images with mask occlusion, a common issue in video

surveillance, particularly in the context of COVID-19 prevention and cyber-manufacturing

security. Existing face super-resolution methods struggle to handle both low resolution

and occlusion within a single model. To tackle this, the authors propose JDSR-GAN, an

efficient joint learning network designed specifically for masked face super-resolution. The

model consists of a generator, incorporating a denoising module and a super-resolution

module, which processes low-quality masked face images to produce high-resolution, high-

quality outputs. The discriminator employs carefully designed loss functions to enhance

the realism and accuracy of the reconstructed faces. Additionally, identity information

and an attention mechanism are integrated into the network to facilitate correlated fea-

ture expression and informative feature learning. By jointly performing denoising and

super-resolution, JDSR-GAN enables the two tasks to complement each other, achieving

superior performance. Extensive qualitative and quantitative evaluations demonstrate its

effectiveness compared to existing methods.

Wang et al. (2024) [60] highlight the advancements in face super-resolution driven by

deep learning neural networks. While these methods have significantly improved perfor-

mance, they often rely on fixed, spatially shared kernels within standard convolutional

layers, which overlook the structural diversity of facial regions. This limitation makes it

challenging to reconstruct high-fidelity face images. Since facial structures play a crucial

role in face representation and reconstruction, the authors propose SPADNet, a struc-

ture prior-aware dynamic network that incorporates facial structure priors to generate

structure-aware dynamic kernels for more precise face super-resolution. To address the

shortcomings of spatially shared kernels, the authors introduce local structure-adaptive

convolution (LSAC) to model local facial feature relationships, enhancing texture rep-

resentation. Additionally, a global structure-aware convolution (GSAC) is designed to

capture overall facial contours, ensuring structural consistency. These components form

a unified framework that balances diverse facial representations while preserving individ-

ual structural fidelity. Extensive experiments demonstrate that SPADNet outperforms

state-of-the-art methods in face super-resolution. Chen et al. (2024) [61] emphasize

the critical role of Face Super-Resolution (FSR) in enhancing low-resolution face images,

which is essential for various face-related applications. However, existing Image Quality
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Assessment (IQA) methods fail to adequately evaluate how FSR impacts identity preser-

vation and recognizability, often leading to identity distortion or unwanted artifacts. To

address this gap, the authors conduct both subjective and objective evaluations for FSR-

IQA, introducing a benchmark dataset and a reduced-reference quality metric. First, they

develop the Face Super-Resolution Quality Dataset (FSQD) by incorporating a novel cri-

terion that prioritizes identity preservation and recognizability. Second, they analyze the

relationship between these two factors and explore effective feature extraction techniques

for assessing them. Third, they propose Face Identity and Recognizability Evaluation

of Super-resolution (FIRES) a training-free IQA framework designed to assess FSR per-

formance. Experimental results on FSQD demonstrate that FIRES achieves competitive

performance, effectively addressing the limitations of traditional IQA methods in FSR

evaluation. Wang et al. (2024) [62] address the challenges of face super-resolution (FSR)

in low-light and low-resolution conditions, which are common in nighttime or dimly lit en-

vironments. Existing FSR methods and cascaded approaches struggle to recover reliable

facial textures under such degradations. To overcome these limitations, the authors pro-

pose a novel framework that decomposes the restoration process into two key components:

structural fidelity preservation and texture consistency learning. The first component fo-

cuses on enhancing image quality while maintaining structural integrity, whereas the

second aims to suppress artifacts and perturbations caused by low-light conditions and

reconstruction errors.

Wang et al. (2025) [63] explore the integration of face super-resolution with 3D face

recognition (FR), addressing the challenge of obtaining high-quality depth images. While

face super-resolution has been widely studied for 2D images, its application in 3D FR

remains largely unexplored. To bridge this gap, the authors introduce an Implicit Face

Model (IFM), leveraging implicit neural representations to continuously reconstruct high-

resolution depth faces from low-resolution inputs. IFM operates by taking coordinates

and latent codes from the low-resolution domain as inputs and predicting depth values

at corresponding coordinates in the high-resolution domain. To ensure both pixel-level

accuracy and identity preservation, the model incorporates an attention-guided L1 loss,

prioritizing the recovery of key facial structures. Additionally, a positional encoding

strategy, combining Fourier features with coordinate embedding, is employed to retain

high-frequency details critical for facial identity.
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Han et al. (2025) [64] highlight the advancements in face super-resolution driven by

CNNs, achieving notable improvements in peak signal-to-noise ratio (PSNR) and struc-

tural similarity (SSIM). However, existing methods often struggle with high-level vision

tasks, such as face recognition, and rely on a single reconstructed image, making it difficult

to recover stable and accurate high-frequency details. To address these challenges, the

authors introduce Face-SRMN, a tree-based multi-branch face super-resolution network

designed to enhance feature representation and high-frequency detail restoration by in-

corporating prior knowledge and face recognition objectives. The tree-based structure fa-

cilitates multi-branch learning, improving both feature extraction and detail preservation.

Additionally, a dual-channel residual structure is employed in the basic blocks, allowing

more low-frequency information to pass through. To further refine feature extraction, the

model integrates dense residual connections, an attention mechanism, and a face prior

information module, enabling global information adaptation across channels and spatial

dimensions. Tomar et al. (2025) [65] explore the use of deep learning techniques in elec-

tronic surveillance for enhancing low-quality face images through super-resolution (SR).

While many existing approaches incorporate facial priors to enhance feature details, their

effectiveness is often compromised by inaccuracies when dealing with tiny, noisy, or blurry

images, ultimately degrading model performance. To address this issue, the authors pro-

pose a teacher–student-based face SR framework that effectively preserves personal facial

structure information in the super-resolved images. In this framework, the teacher net-

work utilizes facial heatmap-based ground-truth priors to learn facial structure, which is

then transferred to the student network. The student network is trained using an identity

feature loss, ensuring that both identity preservation and facial structure details are main-

tained in the reconstructed high-resolution (HR) face images. The proposed framework

is evaluated on standard face datasets including CelebA-HQ and LFW, demonstrating

superior performance over existing face super-resolution methods. Han et al. (2025) [66]

explore face super-resolution (FSR), which enhances low-resolution face images to sup-

port face recognition in challenging settings. While deep learning-based approaches such

as Stable Diffusion and Transformer-based frameworks have improved FSR performance,

their high computational costs make them impractical for face recognition, where an

image resolution of 112×112 is typically sufficient. Existing methods primarily use con-

volutional attention, which limits receptive fields and hinders performance. To overcome
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these limitations, the authors introduce SETFSR (Semantically Guided Efficient Atten-

tion Transformer for Face Super-Resolution). This model employs efficient self-attention

for global feature extraction while integrating face parsing constraints to ensure structural

accuracy. Experimental evaluations on Helen, CelebA, and FFHQ datasets demonstrate

that SETFSR achieves superior results compared to state-of-the-art methods, excelling

in PSNR, SSIM, and identity preservation.

• Evaluation of image resolution and super- resolution on face recognition performance

• Comparative evaluation of super-resolution techniques for multi-face recognition using light-field camera

• Convolutional neural network super resolu- tion for face recognition in surveillance monitoring

• Facial image super resolution using sparse representation for improving face recognition in surveillance monitoring

• Effect of super resolution on high dimensional features for unsupervised face recognition in the wild

• Face recognition based on super-resolution method using sparse representation and deep learning

• Deep joint super-resolution and feature mapping for low resolution face recognition

• Fcsr-gan: Joint face completion and super-resolution via multi-task learning

• Simplified vgg based super resolution restoration for face recognition

• Rbpnet: An asymptotic residual back- projection network for super-resolution of very low-resolution face image

• Identity-aware face super-resolution for low-resolution face recognition

• A robust face super-resolution algorithm and its application in low- resolution face recognition system

• Improved network for face recognition based on feature super resolution method

• Enhanced alexnet with super-resolution for low-resolution face recognition

• Improved deep cnn-based two stream super resolution and hybrid deep model-based facial emotion recognition

• Feature super-resolution based facial expression recognition for multi-scale low-resolution images

• Face super- resolution using stochastic differential equations

• Propagating facial prior knowledge for multitask learning in face super-resolution

• Attentive exfeat based deep generative adversarial network for noise robust face super-resolution

• Self-attention learning network for face super-resolution

• Jdsr-gan: Constructing an efficient joint learning network for masked face super-resolution

• Structure prior-aware dynamic network for face super- resolution

• Face super-resolution quality assessment based on identity and recognizability

• Low-light face super-resolution via illumination, struc- ture, and texture associated representation

• Implicit face model: Depth super-resolution for 3d face recognition

• Face-srmn: a tree-based multi-branch face super-resolution network driven by prior knowledge and recognition task

• Learning face super-resolution through identity features and distilling facial prior knowledge

• Semantically guided efficient attention transformer for face super-resolution tasks
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Figure 2.2: Framework of Super-Resolution Techniques on Facial Feature Restoration.

2.4 Machine Learning and Deep Learning Methods

for Face Recognition

Face recognition has become one of the most prominent applications in the field of com-

puter vision, enabling a wide range of real-world uses from security and surveillance to

user authentication and social media tagging. Traditional machine learning methods, laid

the groundwork for early face recognition systems by extracting and classifying facial fea-

tures. However, the advent of deep learning, particularly CNNs, has revolutionized the

field by enabling end-to-end learning and achieving state-of-the-art performance. These

deep models can automatically learn hierarchical feature representations, making them
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highly effective in capturing complex variations in facial expressions, lighting conditions,

and poses. As a result, the combination of machine learning and deep learning techniques

continues to push the boundaries of face recognition accuracy, scalability, and real-time

deployment. A summary of these research efforts is illustrated in Figure 2.3.

Machine Learning Methods for Face Recognition

Machine Learning and Deep Learning Methods

for Face Recognition

Deep Learning Methods for Face Recognition

• Face recognition using convolutional neural network in 

machine learning,”

• Face recognition using machine learning models-comparative 

analysis and impact of dimensionality reduction

• Human face recognition and age estimation with 

machine learning: A critical review and future 

perspective

• Machine learning-based facial recognition for 

financial fraud prevention

• Non-intrusive personal thermal comfort 

modeling: A machine learning approach using 

infrared face recognition

• Comparative analysis of machine learning classifiers 

based on fingerprint and face authentication

• Regional brain analysis and machine learning 

techniques for classify- ing familiar and unfamiliar 

faces using eeg

• A comparison of human and machine learning errors in face 

recognition

➢ 2021

➢ 2025

➢ 2020

➢ 2025

• Deep learning-based intelligent face recognition in iot-cloud 

environment

• Face recognition and identification using deep learning approach

• Deep-learning based descriptors in application to aging 

problem in face recognition

• Facial expression recognition based on deep learning

• A lightweight deep learning model for real- time face recognition

• In-group bias in deep learning-based face recognition models due 

to ethnicity and age

• Review of hybrid denoising approaches in face recognition: Bridging 

wavelet transform and deep learning

• Deep learning-based face detection and recognition on drones

• Utilizing image processing to identify rare data in the context of the 

face recognition based on deep learning techniques,”

• Deep learning based individual cattle face recognition using data 

augmentation and transfer learning,”

• scoping review of literature on deep learning techniques for face 

recognition

Figure 2.3: Evolution of Machine Learning and Deep Learning Models for Face Recogni-
tion.

2.4.1 Machine Learning Methods for Face Recognition

Shukla et al. (2021) [67] highlight the critical role of facial recognition in daily interactions,

communication, and identity perception. Developing robust and precise face recognition

algorithms is essential for fully automated systems that analyze facial data. One of the

major challenges in this field is partial facial occlusion, where faces may be obscured by

masks, scarves, sunglasses, hands, or objects. This study examines the effectiveness of

various methodologies in handling such occlusions. The proposed model demonstrates

high accuracy and low loss when tested on the specified dataset, outperforming existing

algorithms. With both trainable and non-trainable parameters, the model achieves an

impressive accuracy rate of 80%, indicating strong performance in facial recognition tasks

from both images and video.

Yaswanthram et al. (2022) [68] explore face recognition as a biometric technique ca-
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pable of uniquely identifying individuals by analyzing facial patterns. Widely adopted

for security purposes, face recognition has gained even greater significance as a touch-

less biometric, particularly during pandemic situations. This study examines the impact

of dimensionality reduction on the accuracy and efficiency of various machine learning

algorithms used in face recognition, including Random Forest, Support Vector Machine,

Linear Regression, Logistic Regression, and K-Nearest Neighbor. The findings reveal that

Logistic Regression delivers the best performance, achieving 97% accuracy in 5.74 seconds

without Principal Component Analysis (PCA). With PCA, accuracy slightly decreases to

93%, but computation time is significantly reduced to 0.15 seconds nearly 20 times faster

demonstrating the trade-off between accuracy and efficiency.

Kavita et al. (2022) [69] explore the growing prevalence of Face Recognition (FR) ap-

plications across various sectors, including healthcare, government, and education. This

study provides an overview of FR techniques, tools, and performance, along with a litera-

ture review highlighting research gaps. The paper discusses how FR technology, powered

by machine learning, can accurately identify individuals through cameras, making it use-

ful for applications such as virtual exams, online courses, and interactive webinars. It also

analyzes machine learning and deep learning algorithms, as well as tools like MATLAB

and Python. Key topics covered include face detection, recognition, expression analysis,

and age estimation, offering insights to guide future research. Additionally, the study

evaluates recent advancements in FR systems, considering trends and performance met-

rics based on recent data.

Wang et al. (2024) [70] discuss the advancements in face recognition technology and

its widespread application in critical domains such as government, finance, and the mili-

tary. However, like other information systems, face recognition faces significant security

threats, with face spoofing (FS) being a major concern. Attackers use printed photos,

video replays, and 3D masks to deceive recognition systems, making anti-spoofing mea-

sures essential. This thesis examines the role of machine learning-based face recognition in

financial fraud prevention, providing solutions for transaction monitoring, identity verifi-

cation, and payment security. It explores challenges posed by face spoofing, emphasizing

the need for deepfake detection technologies. Additionally, the study reviews machine

learning models, quantization techniques, and the trade-off between recognition speed

and accuracy. Lastly, it highlights the importance of anti-spoofing measures, including
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sensor selection and algorithm optimization, to enhance the security and reliability of face

recognition systems.

Bai et al. (2024) [71] explore non-intrusive personal thermal comfort modeling us-

ing machine learning and infrared facial recognition. The study utilizes the Charlotte-

ThermalFace database to extract facial temperatures from six key regions, employing

infrared face recognition and key point extraction algorithms. Feature importance anal-

ysis using Random Forest (RF) and Gradient Boosting Decision Tree (GBDT) identifies

key parameters influencing thermal preference predictions. A comprehensive evaluation

of 12 machine learning models—including traditional, ensemble, and broad learning (BL)

models—reveals that ensemble and BL models outperform traditional approaches when

trained on the full dataset. Notably, the BL model, applied for the first time in ther-

mal preference prediction, achieves a precision of 90.44%, offering lower computational

complexity and faster training than deep neural networks (DNN). Additionally, both BL

and deep cascade forest (DCF) models demonstrate superior performance across differ-

ent data subsets. This study provides valuable insights for optimizing building thermal

environments through non-intrusive sensing methods.

Nuthana et al. (2025) [72] compare the effectiveness of four classifiers—SVM, Random

Forest, KNN, and Neural Networks—for face and fingerprint recognition. Using Principal

Component Analysis (PCA) for feature extraction, the classifiers were trained and eval-

uated on the LFW dataset. The study highlights the strengths and weaknesses of each

model, with Neural Networks demonstrating the highest accuracy in face recognition.

These findings contribute to improving biometric identification by guiding the selection

of optimal classifiers.

Bardak et al. (2025) [73] highlight the crucial role of perception, memory, and so-

cial bonding in human interactions, with face recognition being a fundamental cognitive

function. Recognizing both familiar and unfamiliar faces is essential for communication

and interpersonal connections. This study investigates the neural basis of face recognition

using EEG data from typically developed individuals, analyzed through a regional brain

perspective and simple neural networks. Discrete wavelet transform (DWT) was used to

extract features from EEG signals, which were then classified using three different algo-

rithms: k-nearest neighbors (KNN), support vector machines (SVM), and probabilistic

neural networks (PNN). Among these, KNN achieved the highest classification accuracy.
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The study also examined accuracy across different brain regions and all EEG channels,

revealing that the temporal and occipital lobes play key roles in face recognition, with

distinct activation patterns for familiar and unfamiliar faces. This research enhances the

understanding of how face recognition is processed in the brain, identifies critical brain

regions involved, and compares machine learning techniques for EEG signal classifica-

tion. The findings contribute to existing literature and offer insights that may inform

future studies on the neural mechanisms underlying face recognition, including potential

applications in conditions such as prosopagnosia.

Estévez-Almenzar et al. (2025) [74] emphasize the necessity of human oversight in ma-

chine learning applications, particularly in high-stakes scenarios. Achieving an optimal

balance between human and machine intelligence requires understanding their comple-

mentary strengths, especially in how they differ in making errors. This study conducts

extensive experiments in face recognition, comparing two automated systems with human

annotators through a demographically balanced user study. The findings highlight key

differences between machine and human errors and suggest strategies for improving face

recognition accuracy through human-machine collaboration.

2.4.2 Deep Learning Methods for Face Recognition

Masud et al. (2020) [75] The rapid expansion of Internet-of-Things (IoT) technology

has led to its adoption in various domains, including healthcare, video surveillance, and

transportation. This widespread use generates vast amounts of data, particularly from

IoT devices such as cameras in hospital surveillance systems. In this context, face recog-

nition plays a crucial role in securing hospital facilities, analyzing patient emotions and

sentiments, detecting fraud, and monitoring hospital traffic patterns. While automatic

face recognition systems perform well in controlled environments, their accuracy declines

in uncontrolled settings. Additionally, real-time processing is essential for applications

like smart healthcare. This thesis proposes a tree-based deep learning model for auto-

matic face recognition in a cloud environment, designed to be computationally efficient

without sacrificing accuracy. The model partitions the input volume into multiple seg-

ments, constructing a tree for each, where each branch is defined by a residual function

comprising a convolutional layer, batch normalization, and a nonlinear activation func-

tion. The proposed model is evaluated on publicly available databases and compared
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against state-of-the-art deep learning models. Experimental results show that it achieves

high accuracy rates of 98.65%, 99.19%, and 95.84% on the FEI, ORL, and LFW datasets,

respectively.

Teoh et al. (2021) [76] The human face is a unique biometric trait used for iden-

tification, even among twins. Face recognition systems verify identity based on facial

features and are widely applied in areas such as phone unlocking, criminal identification,

and home security. Unlike traditional methods that require keys or cards, face recog-

nition relies solely on facial images, enhancing security. Generally, a face recognition

system consists of two phases: face detection and identification. This thesis explores the

design and development of a face recognition system using deep learning with OpenCV

in Python. Deep learning is highlighted as an effective approach due to its high accuracy,

and experimental results demonstrate the robustness of the proposed system.

Boussaad et al. (2022) [77] Aging poses a significant challenge for face recognition

systems due to biological changes that alter facial features over time. These variations

can make it difficult to match images of the same person taken at different ages. As facial

appearance is highly affected by aging, extracting robust features for age-invariant face

recognition is crucial, especially when large age gaps exist between images. This study ex-

plores the effectiveness of deep learning-based feature extraction methods for age-invariant

face recognition. Five widely used pre-trained convolutional neural networks (CNNs)—

AlexNet, GoogleNet, Inception V3, ResNet50, and SqueezeNet—are evaluated on the

FG-NET face-aging database using K-Nearest Neighbors (K-NN), Discriminant Analysis,

and Support Vector Machines (SVM) classifiers. Additionally, a statistical analysis test

is conducted to validate the significance of the results. Experimental findings confirm the

potential of CNNs for face recognition across age progression, with AlexNet achieving the

highest mean accuracy. The results are statistically significant at a 95% confidence level,

highlighting AlexNet’s effectiveness for age-invariant face recognition. Ge et al. (2022)

[78] Facial expression recognition is becoming increasingly important in various applica-

tions, including autonomous driving, virtual reality, and robotics. Many computer vision

tasks rely on deep learning techniques, particularly CNNs. This thesis presents an oc-

cluded expression recognition model based on a generative adversarial network (GAN).

The proposed model consists of two key modules: one for restoring occluded facial images

and another for face recognition.
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Deng et al. (2023) [79] Lightweight deep learning models for face recognition are

essential for deployment on resource-constrained devices such as mobile and embed-

ded systems. This thesis introduces a highly efficient and compact deep learning (DL)

model that achieves state-of-the-art performance across multiple face recognition bench-

marks. Inspired by FaceNet, the proposed model incorporates significant optimizations,

enabling it to achieve a memory size of just 3.5 MB approximately 30 times smaller than

FaceNet while maintaining high accuracy and real-time performance. Utilizing one- or

few-shot learning, the model effectively extracts feature embeddings and demonstrates

robust recognition capabilities, even for occluded faces in uncontrolled environments with

grayscale input images. Experimental results highlight its efficiency, requiring only 0.06G

FLOPs, 1.2M parameters, and a minimal model size of 3.5 MB, while delivering compet-

itive accuracy. The model is well-suited for real-world applications such as live security

checks, driver authentication, and in-class attendance monitoring. Nagpal et al. (2023)

[80] Humans tend to exhibit in-group bias, favoring individuals who belong to similar

groups based on factors such as ethnicity, age, or shared interests. Inspired by this phe-

nomenon, this study investigates whether deep learning models in face recognition also

reflect in-group and out-group biases. As the first of its kind, this research examines

whether face recognition models encode group-specific features and where bias is embed-

ded within these networks. The analysis focuses on two key bias factors: age and ethnicity.

Extensive experiments reveal key insights: (i) deep learning models emphasize different

facial regions depending on the ethnic or age group, and (ii) significant variations in face

verification performance are observed across different sub-groups for both existing and

custom-trained models. Based on these findings, the study introduces a novel bias index

to quantify the level of bias in trained models. Understanding how deep learning models

encode bias can help researchers develop fairer, more robust AI algorithms, ultimately

improving fairness in face recognition systems.

Zangana et al. (2024) [81] Image denoising is a fundamental aspect of image process-

ing and acquisition, playing a crucial role in removing noise from images. In recent years,

there has been a growing focus on developing advanced noise reduction techniques. This

study provides a comprehensive review of major image denoising methods, with a partic-

ular emphasis on integrated deep learning approaches and traditional signal processing

techniques. The review explores various methods, including CNNs, wavelet transforms,
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and hybrid models, highlighting their strengths, limitations, and suitability across dif-

ferent applications. Additionally, the paper examines key challenges and future research

directions, particularly in the context of cybersecurity and cybercrime prevention. This

review serves as a valuable resource for researchers, practitioners, and enthusiasts seeking

insights into the latest advancements and emerging trends in image denoising. Rostami

et al. (2024) [82] Unmanned aerial vehicles (UAVs), commonly known as drones, are

capable of accessing locations that are too hazardous or challenging for humans, captur-

ing aerial data from a bird’s-eye view. Enabling UAVs to detect and recognize humans

on the ground is crucial for applications such as remote monitoring, search-and-rescue

operations, and surveillance. However, existing face detection and recognition models

struggle with variations in altitude, angle, and distance, particularly when drones cap-

ture images from high altitudes or long distances, where facial details are limited. This

thesis presents a novel face detection and recognition model designed to enhance recog-

nition performance under these challenging conditions. The proposed approach leverages

deep neural networks to improve accuracy in detecting and recognizing faces with mini-

mal facial detail. Experimental evaluations on the DroneFace dataset demonstrate that

our model achieves competitive accuracy compared to state-of-the-art methods for both

detection and recognition tasks.

Humood et al. (2025) [83] address the challenge of face recognition in scenarios with

limited training data, such as low-quality images, varying lighting, or underrepresented

demographics. To enhance recognition performance, the study introduces an automatic

rejection step that detects and excludes anomalous inputs using a specialized convolu-

tional network trained on rare data. Experimental results show that by applying this

approach and using the nearest neighbors method, ResNet50 and MobileNetV1 achieve

a peak accuracy of 94.9% on test data. Polat et al. (2025) [84] emphasize the critical

importance of accurate cattle identification for managing ownership, controlling produc-

tion supply, preventing disease spread, and ensuring animal welfare. While ear tag-based

identification remains widely used in livestock management, large-scale farms face chal-

lenges in reliably identifying individual cattle, particularly when ear tags fall off, making

long-term tracking impossible. To address this issue, a dataset was created by capturing

images of cattle in their natural environment. The dataset was divided into training,

validation, and testing sets, comprising 15,000 records from 30 individual cattle. Deep
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learning models, including InceptionResNetV2, MobileNetV2, DenseNet201, Xception,

and NasNetLarge, were employed to identify cattle based on facial features. Among these

models, DenseNet201 achieved the highest performance, with a peak test accuracy of

99.53% and a validation accuracy of 99.83%. Furthermore, this study presents an inno-

vative approach that combines advanced image processing techniques with deep learning,

offering a robust framework that can be extended to other animal identification applica-

tions, thereby improving overall farm management and biosecurity.

Nemavhola et al. (2025) [85] Deep learning has advanced facial recognition through

CNNs. This study provides a preliminary exploration of CNN architectures in face recog-

nition, aiming to better understand the field’s challenges and methodologies. A systematic

literature review was conducted using the PRISMA-ScR framework, selecting 266 studies

from 3,622 eligible papers. Among these, 47% proposed new techniques, while only 1%

focused on method implementation and comparison. The majority of studies relied on

images rather than video for training and testing, with 78% using clean data and only

7% incorporating both clean and occluded data. Traditional CNN architectures were

predominantly employed, highlighting a gap in research on nontraditional CNN models,

implementation strategies, and the development of face recognition systems using mixed

datasets. Key challenges included occlusion, distance, camera angle, and lighting condi-

tions. This review underscores the need for further exploration of nontraditional CNN

architectures to enhance face recognition performance.

2.5 Multilinear Subspace Learning for Feature Ex-

traction

Multilinear Subspace Learning (MSL) is an effective technique for feature extraction from

complex, high-dimensional data like face images. The main goal of MSL is to use tensor

structures to preserve the interactions between different dimensions of the data, which

helps improve model accuracy in face recognition, particularly in low-resolution image

environments. A summary of these research efforts is illustrated in Figure 2.4.

Bessaoudi et al. (2021) [86] This thesis introduces a novel multilinear and multiview

subspace learning approach, termed Tensor Cross-view Quadratic Discriminant Analy-

sis, for face kinship verification in unconstrained environments. Traditional multilinear



CHAPTER 2. LITERATURE REVIEW 50

• Multilinear subspace learning using handcrafted and deep features for face kinship verification in the wild

• Knowledge-based tensor subspace analysis system for kinship 

verification

• Facial pain detection using multilinear subspace learning

• A hybrid multilinear-linear subspace learning approach forenhanced person re-identification in 

camera networks

• Multilinear subspace learning for person re-identification based fusion of high order tensor 

features

• Facial pain detection using multilinear sub- space learning
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Figure 2.4: Recent Advances in Multilinear Subspace Learning: Tensor Decomposition
and Feature Extraction.

subspace learning methods typically rely on a single set of projection matrices, which

can hinder class separation. To overcome this limitation, the proposed method jointly

learns multi-view representations for multidimensional cross-view matching. To miti-

gate within-class variations across different tensor data modes, the approach incorporates

Within-Class Covariance Normalization. Additionally, a new tensor-based face descriptor

leveraging Gabor wavelets is introduced. Furthermore, the study explores the comple-

mentarity between handcrafted and deep face tensor features by fusing them at the score

level using Logistic Regression. Extensive experimental evaluations demonstrate that the

proposed kinship verification framework surpasses state-of-the-art methods, achieving ver-

ification accuracies of 95.14%, 91.83%, and 93.58% on the Cornell KinFace, UB KinFace,

and TSKinFace datasets, respectively.

Serraoui et al. (2022) [87] Most existing automatic kinship verification approaches

focus on learning optimal distance metrics between family members. However, jointly

learning both facial and kinship features may result in weaker models. To address this,

the study explores a knowledge-based tensor modeling approach using pre-trained multi-

view models. A novel knowledge-based tensor similarity extraction framework is proposed

for automatic facial kinship verification, leveraging four pre-trained networks: VGG-Face,

VGG-F, VGG-M, and VGG-S. This approach successfully fuses deep facial features with
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general attributes such as identity, age, gender, ethnicity, expression, lighting, pose, con-

tours, edges, corners, and shape, enhancing kinship understanding. Multiple effective

representations are learned for kinship verification using a margin maximization learn-

ing scheme based on Tensor Cross-view Quadratic Exponential Discriminant Analysis.

Through an exponential learning process, the approach effectively minimizes intra-family

distribution gaps while maximizing inter-family differences. Additionally, the Within-

Class Covariance Normalization (WCCN) metric mitigates the intra-class variability prob-

lem caused by deep features. The study also considers the explainability of black-box

models and challenges in widespread face recognition. Extensive experiments conducted

on four challenging datasets demonstrate that the proposed system outperforms state-of-

the-art methods.

Chenni et al. (2023) [88] Pain identification and assessment play a crucial role in

the medical field, particularly in diagnosis, treatment, drug testing, and patient care.

Traditional pain measurement methods rely on patient self-reporting, which can be sub-

jective and, in some cases—such as with stroke patients or infants—impossible to obtain.

This limitation underscores the need for automated, standardized pain assessment meth-

ods. Previous studies, particularly those leveraging facial expressions for pain recognition,

have reported varying degrees of accuracy, with some achieving up to 95.5% accuracy in

pain prediction. This study aims to further improve the precision of pain recognition by

employing a novel data pre-processing technique known as Multilinear Subspace Learn-

ing. Specifically, it explores a tensor-based adaptation of Principal Component Analysis

(PCA), referred to as Multilinear PCA (MPCA), to enhance the accuracy of automated

pain assessment systems.

Gharbi et al. (2024) [89] Surveillance systems rely heavily on camera networks for var-

ious tasks, including Person Re-identification (PRe-ID), a key research area in computer

vision. Existing methods in this domain face significant challenges in handling appear-

ance variations, extracting meaningful features, and capturing complex data relationships,

which often results in suboptimal performance. This thesis introduces a novel hybrid sub-

space learning approach for PRe-ID, combining the advantages of both multilinear and

linear techniques to improve re-identification accuracy. The proposed method begins

by extracting robust features from pedestrian images using LOMO and GOG as shal-

low feature descriptors, alongside deep features obtained from a CNN. Next, a two-stage
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subspace learning process is applied. The first stage employs Tensor-based Quadratic Dis-

criminant Analysis (TXQDA), a multilinear subspace learning algorithm that effectively

captures intricate feature relationships, enhancing discriminative representation. In the

second stage, Side Information Linear Discriminant Analysis (SILD) is utilized to refine

the learned subspace by preserving critical inter-class variations and further improving

discriminability. To maximize performance, logistic regression (LR) fusion is applied at

the score level, optimizing feature representation in various tensor scenarios.

Chouchane et al. (2024) [90] Video surveillance image analysis and processing play

a crucial role in computer vision, particularly in the challenging task of Person Re-

Identification (PRe-ID). PRe-ID aims to locate a target individual who has previously

appeared in a camera network by leveraging a robust description of their pedestrian

images. The advancements in PRe-ID research largely depend on effective feature extrac-

tion, representation, and powerful learning techniques to accurately distinguish between

individuals. To address this, the proposed method, High-Dimensional Feature Fusion

(HDFF), integrates two powerful feature descriptors: CNNs and Local Maximal Occur-

rence (LOMO). A novel tensor fusion scheme is introduced to combine these features into

a unified tensor representation, even when their dimensions differ. To further enhance

accuracy, Tensor Cross-View Quadratic Discriminant Analysis (TXQDA) is employed for

multilinear subspace learning, effectively capturing discriminative information while re-

ducing the high dimensionality of tensor data. Finally, Cosine similarity is applied for

matching.

Aliradi et al. (2024) [91] highlight the importance of accurate pain assessment for

medical diagnosis and treatment, as pain serves as a key indicator of discomfort. Tra-

ditional subjective methods, such as visual inspection and self-reported pain levels, are

prone to human errors. Consequently, recent research has shifted towards objective pain

assessment methods based on behavioral and physiological indicators. In this study, the

authors propose a fully automated pain assessment system that utilizes facial expressions

as a behavioral indicator. Their approach incorporates a novel fusion structure of convo-

lutional networks to assess different pain intensities from raw facial images. The proposed

system employs joint learning of robust pain-related facial features by integrating both

RGB appearance and shape-based latent representations. This joint learning strategy

enhances the model’s robustness compared to using either representation independently.



CHAPTER 2. LITERATURE REVIEW 53

The framework consists of two lightweight networks: the Spatial Appearance Network and

the Shape Descriptor Network. Extensive evaluations on the UNBC-McMaster dataset

demonstrate the effectiveness of the proposed model for both pain classification and in-

tensity estimation. Specifically, the method achieves an F1-score of 98.80% for pain level

classification, a mean absolute error (MAE) of 2.20% for pain intensity estimation, and

an accuracy of 98.80%, outperforming state-of-the-art techniques in terms of area under

the curve (AUC) on the UNBC-McMaster dataset.

Aliradi et al. (2025) [92] Accurately assessing pain through facial expressions is essen-

tial in medical applications such as diagnosis, treatment, and drug testing. Traditional

approaches rely on patient self-reporting, which can be subjective and unreliable, partic-

ularly for individuals who cannot communicate, such as stroke patients or infants. This

underscores the necessity for automated, objective pain measurement methods. In this

study, we propose two novel fusion structures to enhance pain estimation accuracy. First,

CNNs are utilized to predict different pain levels from facial images. Second, we intro-

duce a multi-tensor variant of the XQDA algorithm, termed Tensor XQEDA (eXtended

Quadratic Exponential Discriminant Analysis), to assess pain intensities more effectively.

Unlike previous methods that relied solely on facial expressions with varying success, our

approach integrates Tensor XQEDA to achieve a more precise classification. Experimental

evaluations on the UNBC-McMaster dataset demonstrate that our method outperforms

existing state-of-the-art techniques, achieving high classification accuracy and highlighting

its effectiveness in pain assessment.

Aliradi et al. (2025) [92] emphasized the importance of accurately measuring pain from

facial expressions, which plays a critical role in medical diagnosis, treatment, and drug

testing. Traditional assessment methods often depend on patient self-reporting, which can

be subjective and unreliable, particularly for individuals unable to communicate, such as

stroke patients or infants. This underscores the need for automated systems to provide an

objective evaluation of pain. In this research, two novel fusion structures are introduced

to enhance pain measurement accuracy. The first approach utilizes CNNs to estimate

varying pain levels from facial images. The second involves the development of a multi-

tensor variant of the XQDA algorithm, termed XQEDA, to assess pain intensity. While

previous methods relying on facial expressions have yielded mixed results, the proposed

Tensor XQEDA (eXtended Quadratic Exponential Discriminant Analysis) offers a more
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precise alternative. Experimental results on the UNBC-McMaster dataset demonstrate

the superiority of this approach, achieving higher classification accuracy compared to

state-of-the-art techniques.

Sun et al. (2025) [93] introduce an Enhanced Multilinear Principal Component Anal-

ysis (EMPCA) algorithm, an optimized extension of traditional Multilinear Principal

Component Analysis (MPCA) designed for efficient dimensionality reduction in high-

dimensional data, particularly in image analysis. EMPCA incorporates random singular

value decomposition to lower computational complexity while preserving data integrity.

Moreover, it integrates dimensionality reduction with the Mask R-CNN algorithm, en-

hancing image segmentation accuracy. By leveraging tensor-based processing, EMPCA

improves dimensionality reduction for applications such as image classification, face recog-

nition, and image segmentation. Experimental results indicate a 17.7% decrease in com-

putation time compared to conventional approaches without sacrificing accuracy. In

classification and face recognition tasks, EMPCA significantly boosts classifier efficiency,

achieving results comparable to or exceeding those of Support Vector Machines (SVMs).

Furthermore, its preprocessing stage exploits latent tensor structures, leading to improved

segmentation outcomes. This novel EMPCA algorithm shows great potential for acceler-

ating image analysis and advancing rapid image processing techniques.

Wang et al. (2025) [94] propose a novel embedded multi-view clustering model

(EMVCTM) that leverages collaborative tensor subspace representation and adaptive

multi-graph fusion to enhance clustering performance. Multi-view clustering (MVC) aims

to uncover hidden correlations and underlying data distributions across multiple views.

However, most existing approaches separate feature extraction from the clustering pro-

cess, relying heavily on pre-learning and post-processing, which can lead to information

loss and suboptimal results. To address these limitations, EMVCTM employs a tensor

self-representation framework to capture global structural information, while simultane-

ously relaxing symmetry constraints to adaptively learn view-specific affinity graphs and

dynamically construct a fusion graph. The model achieves near-global optimal cluster-

ing through an efficient embedded framework that activates interactions between views,

offering a more interpretable explanation of cluster divisions. Experimental evaluations

on various real-world datasets demonstrate that EMVCTM outperforms state-of-the-art

clustering techniques.
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2.6 Vision Transformers in Face Recognition

Face recognition has advanced significantly with deep learning, traditionally relying on

CNNs. Recently, ViTs have gained attention for their ability to capture global features

using self-attention mechanisms. This approach improves recognition performance, espe-

cially under challenging conditions such as low resolution, varying poses, and lighting.

Several related studies supporting this direction have been summarized in Figure 2.5.

• On the effectiveness of vision transformers for zero-shot face anti-spoofing

• Vitfer: facial emotion recognition with vision transformers

• Part-based face recognition with vision transformers

• Face anti-spoofing using transformers with relation-aware mechanism

• Multilinear subspace learning for person re-identification based fusion of high order tensor 

features

• Adap-tive transformers for robust few-shot cross-domain face anti-spoofing

• Fm-vit: Flexible modal vision transformers for face anti-spoofing

• Exploiting face recognizability with early exit vision transformers

• Ma-vit: Modality-agnostic vision transformers for face anti-spoofing,
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• Enhancing face recognition in degraded conditions via vision transforme

• Deepfake face detection via multi-level discrete wavelet transform and vision transformer

Figure 2.5: Vision Transformers in Face Recognition: A State-of-the-Art Review.

George et al. (2021) [95] highlight the vulnerability of face recognition systems to

presentation attacks, which poses a significant challenge in security-critical applications.

Ensuring the reliability of facial recognition technology requires robust automatic meth-

ods for detecting such attacks. While various approaches have been proposed, many

tend to overfit the training data and struggle to generalize to unseen attacks and diverse

environments. To address this issue, the authors leverage transfer learning from the Vi-

sion Transformer model for zero-shot anti-spoofing. Experimental evaluations on publicly

available datasets demonstrate the effectiveness of their method, which outperforms state-

of-the-art approaches in zero-shot protocols on the HQ-WMCA and SiW-M datasets by

a substantial margin. Additionally, the proposed model exhibits a notable improvement

in cross-database performance, further validating its robustness.
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Chaudhari et al. (2022) [96] explore the effectiveness of automated emotion recogni-

tion, a powerful tool in various domains. Facial emotion recognition (FER) focuses on

mapping facial expressions to their corresponding emotional states. In this study, the au-

thors employ the ResNet-18 model and Transformers for FER classification, evaluating the

performance of the Vision Transformer in this task. They compare their approach against

state-of-the-art models on hybrid datasets. The study details the complete pipeline, in-

cluding face detection, cropping, and feature extraction, using a fine-tuned Transformer

model. Experimental results demonstrate that the proposed emotion recognition system

is highly effective and suitable for real-world applications.

Sun et al. (2022) [97] note that convolutional neural networks (CNNs) combined

with margin-based losses have traditionally dominated face recognition research. In this

study, they take a different approach in two key ways. First, they introduce the Vision

Transformer (ViT) as the backbone for face recognition, training a strong baseline model

called fViT, which surpasses most existing state-of-the-art methods. Second, they lever-

age the Transformer’s ability to process visual tokens from irregular grids to develop a

face recognition pipeline inspired by part-based recognition techniques. Their proposed

framework, named part fViT, consists of a lightweight network that predicts facial land-

mark coordinates, followed by a Vision Transformer that processes patches extracted

from these landmarks. Notably, the system is trained end-to-end without requiring ex-

plicit landmark supervision. By learning to extract highly discriminative facial patches,

the part-based Transformer further enhances the performance of the Vision Transformer

baseline, achieving state-of-the-art accuracy across multiple face recognition benchmarks.

Wang et al. (2022) [98] highlight the significance of face anti-spoofing (FAS) in securing

face recognition systems. While deep learning has achieved considerable success in this

domain, many existing methods overlook the need for comprehensive, relation-aware local

representations of both live and spoof faces. To address this gap, the authors introduce the

Transformer-based Face Anti-Spoofing (TransFAS) model, which explores detailed facial

parts for FAS. In addition to the multi-head self-attention mechanism, which captures

relationships among local patches within the same layer, the model also incorporates cross-

layer relation-aware attentions (CRA) to adaptively integrate local patches from different

layers. Furthermore, to effectively combine hierarchical features, they propose an optimal

hierarchical feature fusion (HFF) structure that captures the complementary information
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between low-level artifacts and high-level semantic features to identify spoofing patterns.

These innovations allow TransFAS to enhance the generalization ability of the classical

vision transformer, achieving state-of-the-art performance on several benchmarks and

demonstrating the advantages of transformer-based models for FAS.

Huang et al. (2022) [99] argue that while recent face anti-spoofing methods perform

well in intra-domain settings, an effective solution must address the significant appearance

variations seen in images from complex scenes and diverse sensors to ensure robust per-

formance. In this thesis, the authors propose adaptive Vits for robust cross-domain face

anti-spoofing. They leverage ViT as the backbone due to its ability to capture long-range

dependencies among pixels. To enhance its adaptability to different domains, they in-

troduce an ensemble adapters module and feature-wise transformation layers within the

ViT, enabling robust performance even with limited samples. Experimental results on

various benchmark datasets demonstrate that the proposed models deliver both robust

and competitive performance, outperforming state-of-the-art methods in cross-domain

face anti-spoofing with minimal training samples.

Liu et al. (2023) [100] highlight the growing interest in face anti-spoofing research

driven by the availability of multi-modal (RGB-D) sensors. However, existing multi-

modal face presentation attack detection (PAD) systems face two key limitations: (1)

multi-modal fusion frameworks require input modalities to match those used during

training, restricting deployment flexibility, and (2) ConvNet-based models struggle with

high-fidelity datasets. To address these challenges, the authors propose the Flexible

Modal Vision Transformer (FM-ViT), a transformer-based approach designed for face

anti-spoofing that effectively handles single-modal (RGB) attack scenarios while leverag-

ing multi-modal data. FM-ViT incorporates a dedicated branch for each modality and

introduces the Cross-Modal Transformer Block (CMTB), which consists of Multi-headed

Mutual-Attention (MMA) and Fusion-Attention (MFA). These mechanisms allow each

branch to extract informative patch features and learn modality-agnostic liveness repre-

sentations. Experimental results show that FM-ViT not only performs effectively across

different modalities but also surpasses existing single-modal frameworks and achieves per-

formance comparable to multi-modal systems, all while maintaining lower computational

complexity.

Nixon et al. (2023) [101] highlight the challenge of balancing deep learning model com-
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plexity with energy efficiency in face recognition. While advancements in the field have

focused on deeper networks and larger datasets, the environmental impact of machine

learning remains a growing concern. Reducing energy consumption and computational

costs is becoming a priority, provided accuracy remains within acceptable limits. To ad-

dress this, the authors propose a method that leverages the Vision Transformer along with

Early Exits to lower computational demands without significantly compromising perfor-

mance. Their system, designed for face recognition and identification within a closed-set

gallery, demonstrates that a modest reduction in accuracy can lead to a substantial de-

crease in FLOPs, making the approach more energy-efficient while maintaining practical

usability.

Liu et al. (2023) [102] point out the limitations of existing multi-modal face anti-

spoofing (FAS) frameworks, which typically rely on either halfway or late fusion strate-

gies. Halfway fusion requires test modalities to match the training input, restricting

deployment flexibility, while late fusion processes different modalities separately, making

it unsuitable for applications with low memory or fast execution constraints. To address

these issues, the authors propose the Modality-Agnostic Vision Transformer (MA-ViT),

a single-branch Transformer framework designed to enhance performance across various

modal attack scenarios using multi-modal data. MA-ViT employs early fusion to aggre-

gate all available training modalities, allowing for flexible testing with any single-modal

input. Additionally, the authors introduce the Modality-Agnostic Transformer Block

(MATB), which consists of Modal-Disentangle Attention (MDA) and Cross-Modal At-

tention (CMA) to separate modality-specific information and enhance liveness features

across different modalities. Experimental results show that MA-ViT not only evaluates

diverse modal samples effectively but also surpasses existing single-modal frameworks by

a significant margin while achieving performance comparable to multi-modal models with

fewer FLOPs and model parameters.

Ouannes et al. (2024) [103] introduce a novel method for enhancing degraded face

recognition using Vision Transformer (ViT) architectures. The approach begins by feeding

occluded face images into a Transformer encoder, which extracts discriminative features

and creates an embedding vector crucial for the de-occlusion process. In the subsequent

step, a Transformer decoder refines the representation by incorporating non-occluded fea-

tures from the ground truth image. It utilizes self-attention mechanisms to integrate
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information from both the embedding vector and the ground truth features. The decoder

then generates a reconstructed image of the occluded face, enriched with details from both

the input and the ground truth images. Finally, the decoder produces a non-occluded

face image, accurately reconstructing the occluded features. By utilizing ViT in both

the encoder and decoder stages, the method ensures efficient extraction and refinement

of facial information, optimizing memory and time performance even under severe degra-

dation conditions. The study evaluates the effectiveness of face recognition algorithms

under various degradation scenarios, including partial occlusions, lighting variations, head

poses, and facial expression changes, using two publicly available datasets: EKFD and

IST-EURECOM LFFD.

Uddin et al. (2025) [104] highlight the significant security threat posed by face tam-

pering, which involves modifying facial images using advanced software and deepfake

technology. Traditional face manipulation detection methods often face limitations due

to their inability to capture sufficient frequency information, reducing their effectiveness.

To overcome this challenge, the authors propose a novel framework for face tampering

detection that combines multi-level discrete wavelet transform (DWT) with the vision

transformer. By extracting multi-level frequency features using DWT and leveraging the

vision transformer’s ability to capture global inconsistencies across local facial areas, the

approach effectively reveals discriminative details and frequency patterns. Evaluating

their method on public datasets, the authors achieve state-of-the-art accuracy rates of

99.86% on FaceForensics++ and 99.92% on Celeb-DF. These impressive results demon-

strate the potential of the proposed framework in detecting deepfake face images and

advancing the development of more robust facial manipulation detection systems.

2.7 Conclusion

In conclusion, face recognition in low-resolution conditions remains one of the most chal-

lenging problems in biometric computer vision, but it is also one of the most actively

advancing research directions. The review presented in this chapter shows that mean-

ingful progress is achieved not through a single technique, but through the integration

of complementary approaches. Super-resolution methods help recover lost visual details,

multilinear subspace learning preserves intrinsic data structure and improves discrimina-
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tive representation, and Vits introduce powerful global modeling capabilities that enhance

feature understanding.

The combined use of tensor-based representations, discriminant metric learning, and

transformer architectures represents a strong and modern framework for building more

robust verification systems. These approaches significantly improve robustness against

resolution degradation, noise, and real-world variability. Moreover, experimental results

reported in recent literature demonstrate that hybrid pipelines consistently outperform

conventional methods, confirming their practical value.

Looking forward, future research is expected to focus on more efficient transformer

models, adaptive super-resolution guided by recognition feedback, and unified end-to-end

learning frameworks that jointly optimize enhancement and verification stages. There is

also strong potential in combining multimodal biometrics and lightweight models suitable

for real-time and embedded deployment.

Overall, the field is moving toward more resilient, structure-aware, and data-efficient

recognition systems. The methodologies reviewed in this chapter provide a solid scientific

and technical foundation for developing next-generation face recognition solutions capable

of operating reliably even under extreme low-resolution and unconstrained conditions.
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Tensor-Driven Face Recognition: In-

tegrating Super-Resolution and Mul-

tilinear Subspace Learning for Low-

Resolution Images

3.1 Introduction

Face recognition has emerged as a pivotal task in computer vision, driven by the rapid

progress in deep learning, increased security requirements, and the proliferation of en-

abling technologies such as smartphones, digital cameras, and GPUs [105, 106, 107]. The

availability of large-scale datasets and standardized benchmarks has further accelerated its

development [108, 109]. Despite these advancements, Low-Resolution Face Recognition

(LRFR) remains a critical challenge, particularly in surveillance scenarios where facial

images are often of poor quality, affected by low resolution, pose variations, illumination

changes, occlusions, and loss of discriminative detail [110, 111, 112].

Surveillance systems frequently adopt low-resolution imaging to optimize bandwidth

and storage, which compromises recognition performance [113, 114]. These degraded

conditions necessitate novel approaches capable of restoring facial details while ensuring

efficient and accurate recognition. Addressing these challenges requires a multi-stage

61
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strategy, incorporating image enhancement techniques, robust feature learning models,

and discriminative subspace learning [115, 21].

To bridge this gap, recent research has investigated the use of super-resolution (SR)

models within deep learning frameworks to reconstruct high-quality facial images from de-

graded inputs [116, 117]. CNNs, particularly SR-oriented architectures such as URDGN,

WaveletSRNet, SR-LRFR, EIPNet, and RDN, have shown promising results in improv-

ing the visual fidelity of low-resolution images [118, 119, 120, 121, 122]. However, most

of these models struggle to balance reconstruction quality with computational efficiency,

especially when processing large-scale low-resolution datasets.

In this study, we focus on three advanced super-resolution models SRGAN, SRRes-

Net, and Real-ESRGAN that reconstruct perceptually realistic facial images. SRGAN

uses an adversarial training mechanism with perceptual loss to align generated images

with natural image statistics [5], while SRResNet leverages residual learning to recon-

struct high-frequency details [5]. Real-ESRGAN improves robustness against real-world

degradations by integrating high-order degradation modeling and a U-Net discriminator

with spectral normalization [10].

Although SR models significantly improve visual quality, recognition tasks still face

difficulties in discriminating between subtle facial differences. For instance, Hard Sample-

Aware Consistency (HSAC) loss [123] targets hard samples in low-resolution facial expres-

sion recognition, improving generalization but lacking image enhancement capabilities. In

contrast, our approach improves both visual quality and recognition performance by cou-

pling SR with multilinear subspace learning, specifically Tensor TXQDA.

Furthermore, existing methods such as Coupled Discriminative Manifold Alignment

(CDMA) [5] and cross-resolution techniques like Octuplet loss [124] show effectiveness

in aligning LR and HR features or minimizing resolution-induced gaps. However, they

either depend on paired training data or complex downsampling protocols. Other recent

works have addressed pose variation [125] and face alignment [126], but without directly

enhancing the resolution of facial images.

Unlike these approaches, we propose a unified framework that first enhances image

resolution using deep SR models and then projects the resulting features into a discrimi-

native multilinear subspace using TXQDA. Multilinear Subspace Learning (MSL) meth-

ods [127, 128] offer compact and structurally aware representations by operating on high-
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order tensors instead of flat vectors, enabling richer relational encoding. TXQDA [16, 129]

refines this process by optimizing class separability and dimensionality reduction simul-

taneously across all tensor modes.

To address the challenges of LRFR, we propose a robust framework combining SR and

MSL. SRGAN, SRResNet, and Real-ESRGAN enhance image quality by reconstructing

fine facial details, thereby enriching the data available for downstream recognition. The

enhanced images are then processed through TXQDA, which maps them into a lower-

dimensional, yet highly discriminative tensor space. This synergy facilitates superior

classification performance under suboptimal imaging conditions.

Our key contributions are summarized as follows:

• We propose a high-order tensor-based facial recognition framework that leverages

deep features extracted from the fc6 and fc7 layers of a pre-trained VGG-Face

network, avoiding conventional feature fusion while preserving spatial coherence.

• We integrate advanced super-resolution techniques (SRGAN, SRResNet, and Real-

ESRGAN) to enhance the perceptual quality of low-resolution facial images, thereby

improving the robustness of feature extraction.

• We apply the Tensor-based TXQDA method for discriminative subspace learn-

ing, which preserves multi-way data structure, reduces dimensionality across tensor

modes, and maximizes inter-class separability with minimal computational over-

head.

The remainder of this thesis is structured as follows: Section II reviews the state-of-

the-art methods in LRFR and super-resolution. Section III details our proposed approach.

Section IV describes the experimental setup and presents evaluation results. Section v

compares our method with other techniques. Finally, Section VI concludes the paper and

outlines future research directions.

3.2 Synthesis of Findings and Research Gaps in Face

Recognition
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The survey of recent studies on face recognition and super-resolution underscores notable

advancements alongside persistent limitations in handling low-resolution and degraded

facial images.

3.2.1 Key Findings

Numerous works have emphasized the necessity of adapting models to challenging sce-

narios, such as low resolution, pose variation, and illumination inconsistencies. For in-

stance, [130] exploits Local Binary Patterns (LBP) for robustness, although its reliance

on nearest-neighbor classification restricts scalability. In another example, [131] improves

recognition in low-light conditions using feature restoration, achieving a 6% verification

boost on the Specs on Faces dataset. Techniques such as the one proposed in [132] apply

advanced feature fusion for low-resolution recognition, while SwinDPSR [133] leverages

transformers to independently model global and local facial features.

Additionally, preserving high-frequency components has gained increasing attention.

The approach in [134] integrates wavelet-based networks to reduce feature distortion,

emphasizing the importance of retaining fine-grained visual cues. Super-resolution tech-

niques such as ARASFSR [135] extend image scalability by enhancing facial features

across arbitrary resolutions, addressing the rigidity of traditional SR models.

3.2.2 Research Gaps

Despite these developments, several issues remain unresolved. GAN-based super-resolution

methods [136, 137] often yield high-quality images but are sensitive to training instability

and prone to generating artifacts. The complexity of feature fusion architectures, as dis-

cussed in [132], poses challenges in achieving real-time performance without compromising

accuracy.

Another persistent limitation lies in poor generalizability across datasets. For in-

stance, personalized face restoration models such as PFStorer [138] perform well on

individual-specific data but struggle with generalized recognition tasks. Furthermore,

many approaches prioritize perceptual enhancement at the expense of recognition ac-

curacy [134, 133], which can hinder practical deployment in real-world systems where

identification is the primary objective.
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3.2.3 Our Contribution

To address these limitations, our proposed framework incorporates a multi-model super-

resolution pipeline combining SRGAN, SRResNet, and Real-ESRGAN. These models,

each tailored to handle specific types of image degradation (e.g., noise, blur, compression

artifacts), are employed to improve facial image clarity under diverse and complex condi-

tions. This design strategy directly tackles the shortcomings of earlier models that falter

under extreme low-resolution variability.

In the subsequent phase, features are extracted using the pre-trained VGG-Face net-

work, known for its deep semantic representation capabilities. Unlike traditional meth-

ods relying on handcrafted or shallow descriptors, this approach capitalizes on high-level

abstraction, enabling robust representation of diverse facial appearances. These deep fea-

tures are then structured into high-order tensors, preserving their spatial and semantic

relationships across multiple dimensions.

A central innovation of our method lies in the integration of Tensor-based Cross-Modal

Quadratic Discriminant Analysis (TXQDA), a multilinear subspace learning technique.

TXQDA captures intricate interactions within tensor-structured data and simultaneously

maximizes inter-class separability while minimizing intra-class variance. By performing

subspace learning in a high-order space, TXQDA effectively models both linear and non-

linear variations in facial imagery, outperforming traditional vector-based techniques.

Finally, the system uses cosine similarity on the reduced tensor representations for ver-

ification. This approach aligns with Bayesian decision theory principles and offers a com-

putationally efficient and scalable solution for matching, especially critical in low-resource

environments. Altogether, the synergy between super-resolution enhancement, tensor-

based representation, discriminative subspace learning, and similarity-based matching

results in a robust framework that significantly improves recognition performance under

real-world constraints.

3.3 Methodology

As illustrated in Fig. 3.1, the architecture of the proposed framework consists of four

primary components: (1) facial image super-resolution, (2) deep feature extraction, (3)

tensor-based subspace learning, and (4) facial comparison. The methodology places par-
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ticular emphasis on the tensor representation and subspace learning stages, utilizing the

pre-trained VGG-Face network [12, 139] for deep feature generation.

A tensor is a mathematical generalization of scalars, vectors, and matrices to higher

dimensions [140, 141]. Specifically, a tensor of order n is defined as an element of X ∈

RI1×I2×···×In , where each Ik corresponds to the size along the kth dimension. For this

study, the constructed third-order tensor X ∈ RI1×I2×I3 is defined as follows:

• I1: the number of deep feature parts (set to 4), obtained by dividing the fc6 and

fc7 feature vectors into multiple segments.

• I2: the feature dimension, fixed at 1024.

• I3: the number of facial image samples in the dataset.

This tensorial structure allows for preserving intrinsic correlations across parts of

the deep feature vectors and across facial samples, forming the basis for the subsequent

TXQDA-based discriminative subspace learning.

Our algorithm leverages the multidimensional representation of data through high-

order tensors. To facilitate a clearer understanding of the mathematical symbols and

operations used in the algorithm, Table 3.1 provides a comprehensive overview of key

notations. It outlines the types and specific roles of scalars, vectors, matrices, and ten-

sors, which serve as the foundational elements for data representation and computational

procedures throughout the methodology.

The proposed system employs deep features for facial representation, using the VGG-

Face network as the feature extractor. This pre-trained network, built on a large-scale

facial dataset, comprises convolutional, pooling, and fully connected layers. In particular,

we utilize the fc6 and fc7 layers, which are known for effectively capturing and encoding

high-level facial characteristics [86].

During the offline training phase, optimal multilinear projection matrices are com-

puted. These learned matrices are subsequently used during the online testing phase to

project and match new facial samples. In the training phase, paired face feature vectors

are encoded into third-order tensors X and Z.

Following the TXQDA approach, tensors X and Z undergo dimensionality reduction

along modes I1 and I2, resulting in reduced tensors with dimensions I′1 × I′2. For test

samples (face test pairs), the feature extraction follows the same process as in training,
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representing each face as a second-order tensor. TXQDA then projects these test tensors,

producing output matrices E1 and E2 with dimensions I′1 × I′2, which are significantly

smaller than the original dimensions I1 × I2. The matrices E1 and E2 are then vectorized

by concatenation to yield feature vectors e1 and e2, each of size I′1×I′2. This dimensionality

reduction facilitates efficient and accurate face verification with reduced computational

cost [16] [87].

Table 3.1: Explanation of Mathematical Notations Used in the Proposed Methodology

Symbol Type Description
i, j Scalars Represent individual elements or indices in equations.
v, u Vectors Denote one-dimensional arrays, e.g., features.
U , W Matrices Two-dimensional arrays used in projections and operations.
X, Y Tensors Multidimensional arrays, where X ∈ RI1×I2×···×In represents

an nth-order tensor.
R Set Denotes the set of real numbers.
n Scalar Represents the order of a tensor.
I1, I2, In Scalars Dimensions of a tensor along each mode.
D Function Degradation process applied in super-resolution.
r Scalar Downsampling factor in super-resolution.
Σw, Σb Matrices Covariance matrices representing within-class and between-

class variance.
Wk Matrix Projection matrix for mode k in tensor subspace learning.
IHR, ILR Tensors Represent high-resolution and low-resolution images.
G Function Generator network in SRGAN and other super-resolution

models.
D Function Discriminator network in adversarial learning.
⊗ Operator Denotes convolution operation in Equation (1).
◦ Operator Denotes composition of functions in Equation (2).

3.3.1 Super Resolution of Face Images

The main objective of Low-Resolution Face Recognition (LRFR) is to extract facial

characteristics that are robust to variations in image resolution. In our study, we have

selected three super-resolution models to enhance the quality of the input images and

improve the performance of LRFR.

3.3.1.1 Real-ESRGAN

One of the models adopted in this study is Real-ESRGAN, which extends the Enhanced

SR Generative Adversarial Network (ESRGAN) to real-world image restoration tasks.
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Figure 3.1: Block diagram of the proposed low-resolution face recognition using super-
resolution and multilinear-linear subspace learning

Real-ESRGAN is a sophisticated deep learning model designed to recover high-resolution

images from low-resolution inputs affected by unknown and complex degradation pro-

cesses. While the classical degradation model is typically used to synthesize low-resolution

images, Real-ESRGAN introduces a high-order degradation process to simulate more re-

alistic artifacts. Sinc filters are employed to model typical ringing and overshoot effects.

Furthermore, a U-Net discriminator with spectral normalization is adopted to enhance

the capacity of the discriminator and stabilize training.

The degradation process involves convolving the ground-truth image Y with a blur

kernel K, applying downsampling with a scaling factor r, and adding noise n. Addi-

tionally, JPEG compression is applied to simulate real-world distortions. This can be

mathematically formulated as:

X = D(Y) = [(Y ⊗K) ↓ r + n]JPEG (3.1)

where D represents the overall degradation function. A comprehensive description of

these degradations is provided in [10].

Although the classical degradation model enables the trained network to handle some
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real-world inputs, it remains insufficient when addressing complex and unknown degra-

dation types. This shortfall arises from the disparity between synthetic and realistic

degradations. Thus, it becomes crucial to adopt a high-order degradation process that

better reflects the intricacies of real-world image distortions, including factors such as

camera hardware, image editing software, and Internet transmission [10].

Unlike the first-order model, which includes only a fixed set of basic operations, the

high-order degradation process comprises n sequential applications of the classical degra-

dation model, each with distinct hyperparameters. This is mathematically defined as:

X = Dn(Y) = (Dn ◦ · · · ◦D2 ◦D1)(Y) (3.2)

To preserve a reasonable resolution across degradation stages, the downsampling opera-

tion in Eq. 3.1 is replaced with a random resizing operation. In practice, a second-order

degradation process is adopted, as it effectively balances model robustness and simplic-

ity [10].

3.3.1.2 SRGAN

Another employed model is SRGAN, a generative adversarial network designed for single-

image SR. It is the first method capable of producing photo-realistic natural images

at large upscaling factors. SRGAN optimizes a perceptual loss function that combines

adversarial and content-based components. The discriminator is trained to distinguish

super-resolved images from real ones, thereby guiding the generator to produce outputs

that follow the natural image distribution [5].

In single-image super-resolution (SISR), the goal is to estimate a high-resolution image

ISR from a given low-resolution input ILR, which itself is derived from the high-resolution

ground truth IHR. During training, the low-resolution image is generated by applying a

Gaussian blur followed by downsampling with a factor r. Given a color image with C

channels, ILR ∈ RW×H×C , and IHR ∈ RrW×rH×C .

The generative model is a feed-forward CNN GθG with parameters θG = {W1:L, b1:L},

where L is the number of layers. The objective is to minimize the SR loss function LSR
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over N training image pairs:

θ̂G = argmin
θG

1

N

N∑
n=1

LSR(GθG(I
LR
n ), IHR

n ) (3.3)

The perceptual loss LSR is a key component that measures the similarity between the

generated and ground-truth images using perceptually relevant features. It is formulated

as:

LSR = LSR
X + 10−3LSR

Gen (3.4)

where LSR
X denotes the content loss and LSR

Gen is the adversarial loss.

Following Goodfellow’s framework [?], a discriminator DθD is trained alongside the

generator in a min-max adversarial setting:

min
θG

max
θD

EIHR∼ptrain [logDθD(I
HR)] + EILR∼pG [log(1−DθD(GθG(I

LR)))] (3.5)

This framework encourages the generator to produce outputs that are visually indis-

tinguishable from real high-resolution images, surpassing the limitations of conventional

MSE-based SR methods by capturing perceptual quality and image realism [5].

3.3.1.3 SRResNet

Among the choices, one was the SRResNet, which was utilized for SR. Resnet, short for

Residual Neural Network, is a type of DL architecture. It’s known for its ability to effec-

tively train very deep neural networks. The key innovation in Resnet is the introduction of

skip connections, which allow information to bypass certain layers. This helps in mitigat-

ing the vanishing gradient problem and enables the training of very deep networks. The

skip connections provide a shortcut for the gradient to flow through the network during

backpropagation, allowing for easier and more stable training [142]. They incorporate

residual learning into specific sets of stacked layers, constituting a fundamental building

block. In their paper, this building block is formally defined as follows:

y = F (x, (Wi)) = x (3.6)

where x and y represent the input and output vectors of the respective layers, the
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function F (x, (Wi)) denotes the residual mapping that is to be acquired through learn-

ing [142].

Achieved a groundbreaking advancement in single-image super-resolution (SR) for high

upscaling factors (4x), surpassing previous benchmarks in terms of both Peak Signal-to-

Noise Ratio (PSNR) and Structural Similarity (SSIM). This was accomplished using their

specialized SRResNet, a Residual Neural Network consisting of 16 blocks, meticulously

fine-tuned for Mean Squared Error (MSE) optimization [5].

y = F (x, (Wi)) = x (3.7)

where x and y represent the input and output vectors of the respective layers, the

function F (x, (Wi)) denotes the residual mapping that is to be acquired through learning

[142].

3.3.1.4 Evaluating Leading Super-Resolution Methods

Table 3.2 presents a comparison of three widely used super-resolution models: Real-

ESRGAN, SRGAN, and SRResNet. Each model employs a distinct strategy to enhance

low-resolution images. Real-ESRGAN utilizes a high-order degradation model combined

with a U-Net discriminator and spectral normalization, making it robust to unknown

real-world degradation scenarios; however, it struggles with extremely complex artifacts.

SRGAN leverages a perceptual loss that combines adversarial and content losses within a

GAN framework, focusing on generating photo-realistic images with natural distributions,

though its performance is highly sensitive to the quality of GAN training. SRResNet

employs residual connections and MSE optimization to enhance high upscaling factors,

providing stable and high-quality reconstruction, but its deep architecture results in high

computational load, making it less suitable for real-time applications. The table also

highlights the performance metrics commonly used to evaluate these models, including

PSNR and SSIM, along with visual quality for SRGAN.
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Table 3.2: Comparison of Super-Resolution Models.

Model Key Features Performance
Metrics

Degradation
Handling

Limitations

Real-
ESRGAN

High-order degra-
dation model,
U-Net discrim-
inator, spectral
normalization

PSNR, SSIM Handles un-
known real-
world degrada-
tion scenarios

Struggles with
extremely com-
plex artifacts

SRGAN Perceptual loss
combining adver-
sarial and content
loss, GAN-based

PSNR, SSIM,
Visual Quality

Focuses on
photo-realistic
images with
natural distribu-
tions

Sensitive to the
quality of GAN
training

SRResNet Residual network
with skip connec-
tions, MSE opti-
mization

PSNR, SSIM Enhanced for
high upscaling
factors, deep
architecture

High compu-
tational load,
not ideal for
real-time appli-
cations

3.3.2 Feature Extraction and High Order Tensor Representation

Feature extraction is a fundamental step in face verification systems, as it involves gen-

erating biometric signatures typically in the form of feature vectors or matrices for each

individual in the database [86]. In our system, we adopt deep features as the primary

type of representation and employ the VGG-Face network [13] as the feature extractor.

VGG-Face is a CNN specifically trained for face verification tasks. It was trained on

a large-scale dataset containing more than 2.6 million facial images from 2622 unique

identities. Although initially designed for identity verification, VGG-Face has demon-

strated robust performance as a general-purpose face descriptor across various face anal-

ysis tasks [143].

The network accepts 224×224 RGB face images as input and consists of multiple

convolutional, pooling, and fully-connected layers, concluding with a Softmax layer. Each

convolutional layer is followed by a ReLU activation function, which introduces non-

linearity into the model. Of particular importance are the fully-connected layers fc6

and fc7, which are responsible for capturing high-level semantic features. The fc6 layer

produces feature vectors based on the learned weights and biases from the preceding

layers, while fc7 further processes this output, providing rich facial representations that
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encapsulate identity-specific traits.

In our implementation, these deep features extracted from the fc6 and fc7 layers

serve as the biometric signatures for face verification, offering a compact yet discriminative

representation of facial identity [86].

3.3.2.1 High-Order Tensors in Feature Representation

Discriminative feature representation is fundamental for achieving high accuracy and

robustness in face recognition systems [89]. To harness the powerful discriminative ca-

pabilities of multilinear subspace learning specifically the TXQDA algorithm used in the

subsequent stage we developed a structured methodology for representing features in a

multidimensional space.

During the feature extraction stage, we employed a pretrained VGG-Face model and

focused on two deep descriptors, fc6 and fc7, each producing a feature vector of 1024

dimensions. These vectors serve as compact yet expressive descriptors for each facial

image. By combining the two, we constructed an initial third-order feature tensor that

facilitates richer and more structured representations of facial characteristics.

To further refine the tensor construction, we partitioned each feature vector into four

equal segments. These segments were then arranged into a feature matrix, yielding a

second-order tensor where mode-1 corresponds to feature values and mode-2 reflects the

segmented structure. This intermediate representation allows for meaningful intra-vector

interactions.

Building upon this, we assembled the feature matrices of all subjects into a third-order

tensor, where mode-3 represents different individuals in the dataset. This comprehensive

tensor formulation illustrated in Fig. 3.2 effectively captures complex interdependencies

across features, segments, and subjects using the outputs from the fc6 and fc7 layers.

Such a multidimensional representation significantly enhances the model’s capacity to

discern subtle variations across individuals, contributing to improved recognition perfor-

mance. As demonstrated in the experimental results, this structured approach enables

the face recognition system to operate with increased reliability and accuracy in real-world

scenarios [144, 145, 112, 90, 89].

3.3.2.2 Benefits and Interpretability of High-Order Tensors
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High-order tensors offer substantial advantages over traditional matrix-based representa-

tions, particularly in complex pattern recognition tasks such as face verification [146, 144,

90]. Unlike conventional two-dimensional matrices, tensors are capable of capturing and

preserving intricate multi-dimensional relationships inherent in facial data. This is espe-

cially critical in face recognition, where the interplay between facial features, image sam-

ples, and learned weights significantly impacts identification performance. Tensor-based

representations thus provide a richer, more holistic understanding of facial structures,

enhancing the system’s ability to effectively distinguish between identities.

One key benefit of high-order tensors lies in their efficient data organization. Rather

than treating features as independent elements, tensors structure them into coherent and

compact forms that reduce redundancy and streamline computations. For example, by

segmenting feature vectors and assembling them into tensor forms, models can focus on the

most salient attributes for classification. This structured representation improves both

computational efficiency and recognition performance, while ensuring that vital intra-

feature relationships are retained.

Tensors also exhibit superior generalization capabilities. Their ability to encode de-

tailed interactions between features enables models to learn more robust and invariant

patterns. This proves particularly valuable in real-world face recognition applications,

where systems must contend with variations in lighting, pose, expression, and occlusion.

Tensor representations empower models to maintain high accuracy across these challeng-

ing scenarios by leveraging the enriched contextual information captured during training.

Furthermore, tensor-based methods provide powerful tools for dimensionality reduc-

tion. Algorithms such as TXQDA exploit the multi-mode structure of tensors to project

high-dimensional data onto low-dimensional subspaces while preserving discriminative

characteristics. This reduces computational complexity without compromising recogni-

tion accuracy a critical advantage in large-scale face datasets.

Finally, high-order tensors enhance interpretability. Each mode in a tensor corresponds

to a specific dimension of the data such as features, segments, or subjects—allowing for

clearer insight into the role of each component in the recognition process. This facilitates

a more transparent and explainable model, supporting both performance improvements

and deeper analytical understanding.
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Figure 3.2: Feature extraction and high-order tensor representation are demonstrated in
this study. We provide an example using a matching dataset to illustrate how feature
extraction and high-order tensor representation are utilized. (The same process was per-
formed for both matching and non-matching data across all three sizes and the three
super-resolution levels).

3.3.3 Multilinear Subspace Learning using TXQDA

3.3.3.1 Multilinear Subspace Learning and Tensor Cross-View Quadratic Dis-

criminant Analysis

Multilinear Subspace Learning (MSL) offers numerous advantages in pattern recogni-

tion tasks by effectively capturing the intrinsic structures and patterns present in high-

dimensional data [129, 147]. Unlike traditional linear methods, MSL can model both

linear and nonlinear relationships within data, which is crucial for handling complex and

diverse visual scenarios that often deviate from simple linear assumptions [148]. This

capability enables MSL to generate more concise and discriminative representations of

visual information, enhancing feature descriptiveness and robustness [149].

Moreover, MSL contributes significantly to dimensionality reduction, leading to con-

siderable savings in computational resources and memory usage. This makes it particu-

larly valuable for efficiently processing large-scale, high-dimensional visual datasets [150].
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By improving generalization and producing more informative feature representations,

MSL enhances performance in recognition and classification tasks, rendering it a highly

advantageous approach in computer vision applications [151, 111].

Among the recent advances, Tensor Cross-View Quadratic Discriminant Analysis

(TXQDA) has emerged as a popular and effective algorithm for face recognition [89].

TXQDA seeks to project multidimensional tensor data into a discriminative subspace

where the distance between positive pairs (face images of the same individual) is mini-

mized, while the distance between negative pairs (face images of different individuals) is

maximized. This optimizes class separability and enhances recognition accuracy.

Given a tensor-based cross-view training set X and Z with c classes, the algorithm

operates on two different views (modalities or feature sets), aiming to jointly learn pro-

jections that maximize discrimination across these views,

X ∈ RI1×I2×...×IN×n, representing n samples from the ”Face1” view,

Z ∈ RI1×I2×...×IN×m, representing m samples from the ”Face2” view,

The TXQDA method aims to compute N projection matrices:

(
W1 ∈ RI1×I′1 , W2 ∈ RI2×I′2 , . . . , WN ∈ RIN×I′N

)
,

each corresponding to one mode of the tensor. This involves learning a distinct projection

matrix for each dimension of the input tensor. Consequently, the objective function from

XQDA [14] is adapted to the multilinear context, reflecting the structure of high-order

tensor representations and their mode-specific projections.

J(Wk) =
WkTΣ

K
wWk

WkTΣ
K
bWk

, (3.8)

This adjusted objective function encapsulates the essence of our tensor-based ap-

proach. We compute the covariance matrices ΣK
b and ΣK

w, for each mode K through

the following process:

Σk
bn

=
∑∏

o ̸=k no

l=1 Σl
bn
,Σk,l

bn
= Xk,l(Xk,l)T + Zk,p(Zk,l)T − (

∑
Di=1

hk,li , ...,
∑

Di=c
hk,li )

(
∑

Hj=1
ek,li , ...,

∑
Hi=c

ek,li )T − (
∑

Hj=1
ek,li , ...,

∑
Hi=c

ek,li )(
∑

Dj=1
hk,li , ...,

∑
Di=c

hk,l
i )T

(3.9)

Where:Xk,l = (
√
z1hk,l

1

√
z1hk,l

2 , ...,
√
z1hk,l

x1
, ...,

√
zchk,l

n )
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and Zk,l = (
√
x1ek,l1

√
x1ek,l2 , ...,

√
x1ek,lx1

, ...,
√
xcek,lm )

In this context, hk,l1 and ek,l1 represent the lth vectors of the mode-k unfolding matrices

Xk and Zk of the cross-view training tensors [16] .

Σk
wn

=
∑∏

o ̸=k n0

l=1 Σl
wn
,Σk,l

wn
= a(hk,l

1 , ..., h
k,l
a )(hk,l1 , ..., h

k,l
a )T+

b(ek,l1 , ..., e
k,l
b )(ek,l1 , ..., e

k,l
b )T −

∑a
i=1 h

k,l
i (
∑a

j=1 e
k,l
i )T −

∑a
j=1 e

k,l
i

∑a
i=1 h

k,l
i )T − Σbn

(3.10)

Once the solution for one mode is established, the optimization problem in Equation

(3.8) can be tackled through an iterative approach. The projection matrices W1, W2,

..., WN are initially set to the identity matrix. In each iteration, assuming W1, W2,

..., WK−1, WK+1, ..., WN are hypothetically known, the estimation of (WK) takes place.

Specifically, we define: U = X ×1 W1 . . . ×K−1 WK−1 ×K+1 WK+1 . . . ×N WN and Y =

Z ×1 W1 . . .×K−1 WK−1 ×K+1 WK+1 . . .×N WN

These are then substituted into Equation (3.8) in place of X and Z. The resulting

equation can be solved using the generalized eigenvalue decomposition problem: ΣK
EWK =

∧KΣ
K
I WK. WK Represents the matrix of eigenvectors, while Λk signifies the matrix of

eigenvalues.

To contrast two pairs of faces, we employed reduced deep features that were projected

into the TXQDA space and concatenated to create a single feature vector. Subsequently,

we employed the cosine similarity [152, 153] to compute a matching score for each pair of

test face images. The utilization of cosine similarity distance after multilinear subspace

learning offers a distinct advantage due to its inherent connection with the Bayes decision

rule [152, 111, 15, 154].

Algorithm 1 outlines the proposed methodology for low-resolution face recognition,

which involves five main steps. First, SR techniques (Real-ESRGAN, SRGAN, and SR-

ResNet) enhance the quality of low-resolution face images, making them suitable for

further processing. Next, deep features are extracted from these super-resolved images

using the VGG-Face model, with features from specific layers arranged into high-order

tensors. The TXQDA method is then employed for tensor subspace learning, optimizing

projection matrices to maximize the separation between classes while minimizing within-

class variance. In the fourth step, reduced feature vectors are concatenated for each pair

of test images, creating a composite feature vector. Finally, cosine similarity is used to
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calculate a matching score between these feature vectors, allowing the comparison of face

pairs for recognition.
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Algorithm 1: Proposed Methodology for Low-Resolution Face Recognition us-

ing TXQDA
Input: Low-resolution face images X and Z representing two views; pre-trained VGG-Face

model for feature extraction.

Output: Matching score for each test pair of face images.

Step 1: Super-Resolution

• Initialize super-resolution models M = {Real-ESRGAN, SRGAN, SRResNet}.

• foreach model M in M do

– Apply M to enhance low-resolution face images.

– if M is Real-ESRGAN then
Uses a high-order degradation model and U-Net discriminator for image restoration.

end

– else if M is SRGAN then
Trains with adversarial and content loss to generate photo-realistic images.

end

– else if M is SRResNet then
Utilizes residual connections in a deep CNN to improve image quality.

end

end

Step 2: Feature Extraction

• Extract deep features from super-resolved images using VGG-Face.

• Split feature vectors from fc6 and fc7 layers into parts and form high-order tensors X and Z.

• Represent training database as a 3rd-order tensor with dimensions (I1, I2, I3).

Step 3: Tensor Subspace Learning using TXQDA

• Compute optimal multilinear projection matrices (W1 and W2).

• Apply TXQDA to minimize the within-class covariance while maximizing the between-class

covariance for each tensor mode.

• Obtain reduced tensors U and Y through dimensionality reduction.

Step 4: Feature Vector Creation

• Concatenate reduced feature vectors E1 and E2 for each test pair of face images to form feature

vectors e1 and e2.

Step 5: Similarity Computation

• Calculate a matching score between concatenated feature vectors e1 and e2 using cosine

similarity.

return Matching score indicating similarity between each test face pair.
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3.3.4 Synergy Between Super-Resolution and Multilinear Sub-

space Learning

The integration of SR techniques with Multilinear Subspace Learning (MSL) offers a

synergistic enhancement for low-resolution face recognition. Our proposed approach in-

troduces a novel framework that employs MSL, specifically the TXQDA algorithm, in

conjunction with state-of-the-art SR methods to address the limitations of low-resolution

imagery. This methodology, to the best of our knowledge, has not been previously ex-

plored in this context, marking our work as a pioneering contribution to the field.

Super-resolution models such as Real-ESRGAN, SRGAN, and SRResNet play a piv-

otal role in improving the quality of low-resolution facial images by reconstructing high-

frequency details and reducing distortions. This pre-processing step is essential, as it

enhances the clarity and structural integrity of facial features, thereby improving the

efficacy of subsequent recognition stages. Nonetheless, the recognition task remains chal-

lenging due to the high dimensionality and complex feature interactions inherent in facial

data.

Here, MSL particularly through TXQDA proves indispensable. It enriches feature rep-

resentation by capturing both linear and nonlinear dependencies within high-dimensional

tensors, which is critical for distinguishing between visually similar faces under varying

conditions such as pose, illumination, and expression. By transforming the super-resolved

images into tensor structures and applying TXQDA, our method not only reduces dimen-

sionality and computational cost but also improves class separability and generalization.

The synergy between SR and TXQDA lies in their complementary capabilities: while

SR enhances visual fidelity, TXQDA extracts and compresses the most discriminative

features into a structured, low-dimensional representation. This combination yields a

compact yet highly informative feature set that enhances recognition performance, par-

ticularly in challenging low-resolution scenarios.

3.4 Experiments and results discussion

In this section, we present a comprehensive evaluation of the proposed face recognition

systems, focusing on the efficacy of tensor representation for facial data. Our experiments
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are structured into two main scenarios:

• LRFV (Low-Resolution to High-Resolution Face Verification): We assess

the system’s performance using very low-dimensional face images at different spatial

scales (16x, 32x, and 48x).

• SRFV (Super-Resolution to High-Resolution Face Verification): We eval-

uate the impact of applying advanced SR techniques (Real-ESRGAN, SRGAN, and

SRResNet) with a 4x upscaling factor.

For each scenario, we compare our methods against state-of-the-art approaches, demon-

strating the superior performance of our tensor-based representation and multilinear-

linear subspace learning techniques in low-resolution face recognition tasks.

3.4.1 Dataset Description

To assess the effectiveness of the proposed facial verification methods for low-resolution

face images, we conducted evaluations using the Labeled Faces in the Wild (LFW) [155],

CelebFaces Attributes (CelebA) [156], and QMUL-SurvFace [157] datasets.

The LFW database contains 13,233 facial images collected from the web, representing

5,749 individuals. It addresses real-world challenges in face recognition, including pose,

illumination, expression, blur, occlusion, and resolution variations. The CelebA dataset

includes over 200,000 celebrity images annotated with 40 attributes and covers more

than 10,000 unique identities. Each identity is depicted in 20 images, with annotations

for facial landmarks, age, gender, and expression. CelebA is widely adopted in face

detection, alignment, and recognition tasks due to its diversity in background, lighting,

and occlusion.

The datasets are divided into two evaluation perspectives: view 1 for model selection

and view 2 for performance assessment. LFW and CelebA offer three evaluation proto-

cols: the unrestricted image-based scenario, the restricted image-based scenario, and the

unsupervised scenario. In our experiments, we adopted view 2 under the image-restricted

protocol, which does not permit the use of external training data. For evaluation, each

dataset is partitioned into 10 subsets for cross-validation. In each fold, 9 subsets are used

to train the TXQDA method, and 1 subset is reserved for testing. Each subset contains
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300 matching and 300 non-matching image pairs. Performance is reported as the av-

erage accuracy across all folds, and the ROC curve is plotted to visualize classification

performance over the 10-fold cross-validation.

3.4.2 Parameters Details

We carried out performance evaluations of the proposed methodology under two different

scenarios: Low-Resolution Face Verification (LRFV) and Super-Resolved Face Verification

(SRFV), using the LFW and CelebA datasets. To rigorously evaluate the effectiveness of

SR techniques in enhancing face verification performance, we selected three state-of-the-

art models: SRGAN, SRResNet, and Real-ESRGAN. The evaluation process followed a

systematic procedure designed to assess how well these SR approaches improve the visual

quality of facial images and, consequently, enhance recognition accuracy in low-resolution

contexts. Our methodology involved the following steps:

• Input Preparation: We resized the original high-resolution facial images to three

different lower resolutions (16x16, 32x32, and 48x48) to simulate varying degrees of

image degradation.

• Super-Resolution Processing: These low-resolution images were then processed

through each of the chosen SR models, which upscaled them by a factor of four (4x)

to restore them to their original dimensions.

• Face Verification and matching: The resulting super-resolved images were used

as inputs for our facial verification system.

3.4.2.1 Super-Resolution Models and Parameters

Three super-resolution models Real-ESRGAN, SRGAN, and SRResNet are employed to

enhance low-resolution face images. These models upscale images to improve detail,

essential for accurate face recognition. Below, the parameters for each model are detailed.

• 1. SRGAN: SRGAN employs a generative adversarial network composed of a gen-

erator and a discriminator. The generator performs the upscaling of low-resolution

images, while the discriminator differentiates between generated and true high-

resolution images. It is trained using a perceptual loss function that integrates
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adversarial and content loss. The training configuration includes: Learning Rate:

0.0001, Batch Size: 16, Optimizer: Adam with β1 = 0.9 and β2 = 0.999, Number

of Epochs: 100, and Perceptual Loss Weights: 1 for adversarial loss and 0.001 for

content loss.

• 2. SRResNet: SRResNet utilizes a residual network architecture tailored for SR.

Through residual learning, it focuses on the differences between low- and high-

resolution images, which enhances efficiency for higher scaling factors. The training

parameters are as follows: Learning Rate: 0.0002, Batch Size: 32, Optimizer: Adam

with β1 = 0.9 and β2 = 0.999, Number of Epochs: 150, and a total of 16 Residual

Blocks in the architecture.

• 3. Real-ESRGAN: Real-ESRGAN is an extension of ESRGAN, improved for

realistic and practical image restoration. It introduces a high-order degradation

model to simulate more complex degradations such as noise and compression arti-

facts found in real-world scenarios. The training settings include: Learning Rate:

0.0001, Batch Size: 8, Optimizer: Adam with β1 = 0.9 and β2 = 0.999, Number of

Epochs: 100, Noise Injection Weight: 0.1, and JPEG Compression Level: 75.

3.4.2.2 The Training Strategy Utilizing VGG-Face Features for Enhanced

Performance

In this work, the VGG-Face pre-trained model is used for feature extraction in a transfer

learning framework. The deep features are derived from the fc6 and fc7 fully connected

layers of the network, each producing a vector of size 4096. These feature vectors (4096 X

2) are then conceptualized as 2D arrays for each facial image, which are divided into four

parts for each layer, to resemble a feature matrix with dimensions I1 = 8 and I2 = 1024

as illustrated in Fig 3.2.

To organize the feature matrices of all the facial images in the dataset, the matrices

of size I1 × I2 are structured into a third-order tensor, where I3 represents the number of

samples. This third-order tensor encapsulates the feature vectors, each corresponding to

a distinct face image, thereby allowing efficient representation and processing of the data

in subsequent stages of the recognition pipeline.Finally, TXQDA is applied to project the

tensor data into a discriminative subspace, optimizing inter-class separation and intra-
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class compactity.

3.4.3 Discussions and Result Analysis

This study evaluates the performance of a face verification system under two different

scenarios. Four algorithms Cross-view Quadratic Discriminant Analysis (XQDA) [14]

and Side-Information based Linear Discriminant (SILD) [15] as linear subspace learning

methods and their multidimensional extensions, Tensor TXQDA [16] and Multilinear

Side-Information based Discriminant Analysis (MSIDA) [17] are utilized alongside three

super-resolution models: SRGAN, SRResNet, and Real-ESRGAN, as shown in Table 3.3

and Table 3.4.

In the first scenario (LRFV), we focus on very low-resolution face images to assess

how multilinear subspace learning enhances verification accuracy. As displayed in Table

3.3, the verification rates achieved are 96.17%, 95.33%, and 89.73% for image resolutions

of 48x48, 32x32, and 16x16, respectively. Similarly, Table 3.4 reports verification rates of

91.00%, 89.27%, and 77.60% for these same resolutions.

The second scenario (SRFV) explores the combination of SR techniques with mul-

tilinear subspace learning to further improve verification accuracy under low-resolution

conditions. As shown in Table 3.3, the top-performing SR methods, when combined with

TXQDA, achieve verification rates of 99.17%, 98.73%, and 92.63% for 48x48, 32x32, and

16x16 images, respectively. Additionally, Table 3.4 reports verification rates of 90.90%,

89.63%, and 78.83% for the same resolutions using this approach.

Overall, the second scenario, which incorporates SR techniques, demonstrates consis-

tent improvements in verification accuracy across all resolutions, as shown in Table 3.5.

These enhancements, particularly at lower resolutions, confirm its advantage over the first

scenario.
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Table 3.3: Results of face verification accuracy and super-resolution methods on LFW.

TXQDA(our) MSIDA(our) XQDA [14] SILD(our)
HR / 97.00 94.17 92.17 90.40
LR48x48 / 96.17 92.23 93.17 88.20
LR32x32 / 95.33 90.77 91.97 87.00
LR16x16 / 89.73 81.70 84.47 72.87
SR48x48 96.33 92.37 93.43 88.23
SR32x32 SRResNet 95.97 90.90 91.97 86.23
SR16x16 90.47 82.50 84.07 74.07
SR48x48 99.17 87.47 93.33 79.80
SR32x32 Real-

ESRGAN
97.70 86.00 91.13 76.80

SR16x16 85.47 73.80 74.13 50.63
SR48x48 98.93 90.23 92.87 84.20
SR32x32 SRGAN 98.73 89.93 92.67 83.23
SR16x16 92.63 87.67 81.40 71.40

Table 3.4: Results of face verification accuracy and super-resolution methods on CelebA.

TXQDA(our) MSIDA(our) XQDA [14] SILD(our)
HR / 92.37 91.13 86.57 84.53
LR48x48 / 91.00 89.47 84.77 83.13
LR32x32 / 89.27 87.70 82.03 80.93
LR16x16 / 77.60 76.30 69.47 68.43
SR48x48 90.90 89.30 84.83 83.27
SR32x32 SRResNet 89.20 88.00 81.77 80.47
SR16x16 78.83 78.28 70.40 69.4
SR48x48 89.13 86.47 81.77 79.43
SR32x32 Real-

ESRGAN
83.23 79.80 73.63 71.87

SR16x16 68.77 65.40 58.73 59.0
SR48x48 90.73 88.57 83.93 82.90
SR32x32 SRGAN 89.63 87.37 81.93 80.37
SR16x16 77.70 76.40 67.47 66.90

3.4.4 Impact of Individual Components: An Ablation Study

This section investigates the individual and combined effects of SR techniques and tensor

representation on face verification accuracy through a series of ablation studies conducted

under four distinct scenarios. In the first scenario, which excluded both SR and ten-

sor modeling, only low-resolution images with traditional feature extraction were used—

resulting in the lowest verification performance across all tested resolutions. In the second
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scenario, tensor representation was applied without SR, leading to improved accuracy by

effectively modeling multi-dimensional data relationships, thereby emphasizing its contri-

bution to robust recognition. The third scenario focused solely on the application of SR

techniques, which enhanced image clarity and enabled better feature extraction, yielding

moderate improvements. The fourth and final scenario integrated both SR and tensor

representation, achieving the highest verification accuracy. These results highlight the

complementary strengths of both approaches and demonstrate their synergistic effect in

significantly boosting face verification performance under low-resolution conditions.

Tables 3.3 and 3.4 present the verification accuracy results across four experimen-

tal scenarios for different resolutions (16×16, 32×32, and 48×48), while Figure 3.3 dis-

plays the ROC curves for high-resolution and low-resolution images alongside three super-

resolution methods applied at these resolutions using the proposed TXQDA method on the

LFW database. The results highlight several key observations: super-resolution models

significantly enhance performance compared to the baseline; tensor representation further

improves accuracy by capturing multidimensional facial data relationships; and the com-

bination of both techniques consistently yields the highest accuracy, especially at lower

resolutions. For example, at 16×16 resolution, the baseline XQDA model achieves an ac-

curacy of 84.47% (Table 3.3), which increases to 89.73% with the incorporation of tensor

representation (TXQDA) and reaches 92.63% when both tensor representation and SR

models are employed. Furthermore, Table 3.5 provides illustrative images demonstrating

the effectiveness of the proposed techniques, showing clear visual improvements achieved

through SR models, thereby reinforcing their role in enhancing feature extraction and

face verification accuracy.

3.4.5 In-depth Analysis of Ablation Study Results

While our ablation study demonstrated the impact of each technical component on face

verification performance, it is equally essential to analyze the underlying reasons behind

these observed results. In this section, we provide a more detailed examination of the

interplay between the different components and their contributions to overall recognition

accuracy.
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Figure 3.3: ROC curves for high-resolution and low-resolution images, along with the
three super-resolution methods, were generated at three different image sizes (16x16,
32x32, and 48x48) using our proposed method TXQDA on the LFW database.

3.4.5.1 Effect of Super-Resolution Models

The integration of super-resolution models notably enhanced recognition accuracy, espe-

cially at lower resolutions (16×16 and 32×32). This improvement is primarily due to the

models’ capability to reconstruct high-frequency facial details that are typically lost during

downsampling. Among the evaluated models, Real-ESRGAN demonstrated the highest

performance, which can be attributed to its advanced degradation modeling and effective

artifact reduction techniques. Conversely, although SRGAN and SRResNet also improved

accuracy, they occasionally introduced minor distortions in the high-frequency compo-

nents, leading to slightly reduced performance compared to Real-ESRGAN, as shown in

Fig 3.3.

3.4.5.2 Impact of Tensor-Based Representation

The employment of high-order tensors for feature representation was pivotal in enhancing

recognition accuracy. Unlike traditional vector-based methods, tensors preserve multi-

dimensional feature interactions, maintaining the structural and spatial dependencies in-
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herent in facial features. This benefit is clearly reflected when comparing outcomes from

conventional deep feature extraction techniques to those utilizing tensor representations,

with the latter consistently yielding superior accuracy.

3.4.5.3 Advantage of TXQDA Over Traditional Subspace Learning

TXQDA significantly outperformed linear subspace learning methods such as XQDA and

SILD. This superior performance is primarily due to TXQDA’s capability to project fea-

ture representations into a discriminative subspace that minimizes within-class variations

while maximizing between-class separability. In contrast, traditional approaches operat-

ing in high-dimensional spaces often face feature redundancy issues, which can cause loss

of critical identity-related information. The multilinear framework of TXQDA effectively

preserves essential feature interactions, resulting in more robust and accurate recognition

performance.

3.4.5.4 Synergy Between Super-Resolution and Multilinear Learning

The most notable verification performance was achieved by combining SR models with

tensor-based subspace learning. While SR enhances image quality to facilitate more ef-

fective deep feature extraction, multilinear subspace learning refines these features by en-

hancing their discriminative power. This synergy resulted in the highest accuracy across

all tested resolutions, underscoring the complementary strengths of these two approaches.

3.4.5.5 Performance Trade-offs and Limitations

Despite the promising results, certain limitations were observed. At extremely low resolu-

tions (e.g., 16×16), even SR models struggled to recover sufficient discriminative features,

impacting overall performance. Additionally, the computational complexity of tensor-

based learning, though manageable, remains higher than that of traditional methods,

suggesting the need for further optimization for real-time applications.

3.4.6 Linear Vs Multilinear Subspace Learning

This study employs two linear subspace learning algorithms, XQDA and SILD, alongside

two multilinear subspace learning algorithms, TXQDA and MSIDA, to evaluate their

effectiveness across two main scenarios: LRFV and SRFV. In the first scenario (LRFV),
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TXQDA demonstrated outstanding performance, achieving a verification rate of 89.73%

for 16×16 images and reaching a peak rate of 96.17% for 48×48 images, as shown in

Table 3.3. Similarly, Table 3.4 reports TXQDA’s impressive accuracy, with verification

rates of 77.60% for 16×16 images and a maximum rate of 91.00% for 48×48 images.

Notably, within the linear subspace learning category, XQDA emerged as the leading

algorithm.

In the second scenario (SRFV), TXQDA further confirmed its effectiveness by achiev-

ing verification rates of 99.17%, 98.73%, and 92.63% for 48×48, 32×32, and 16×16 images,

respectively, as detailed in Table 3.3. Correspondingly, Table 3.4 shows verification rates

of 90.90%, 89.63%, and 78.83% for the same image resolutions. Overall, the results demon-

strate that the multilinear subspace learning approaches consistently outperformed other

algorithms in both scenarios, delivering superior verification accuracy across all tested

image resolutions.

Table 3.5: Illustrative images of the methods used with the best face verification accuracy.

LR face
image

Low resolution SRResNet [5] Real-ESRGAN
[10]

SRGAN [5] Method Acc.

TXQDASRGAN 92.63
16x16 16 ×4 upscaling 16 ×4 upscaling 16 ×4 upscaling

TXQDASRGAN 98.73
32x32 32 ×4 upscaling 32 ×4 upscaling 32 ×4 upscaling

TXQDAReal−ESRGAN99.17
48x48 48 ×4 upscaling 48 ×4 upscaling 48 ×4 upscaling

In addition to the two primary scenarios investigated in this study, we also evaluated

the face verification system on the QMUL-SurvFace dataset, as shown in Table 3.6. This

dataset is characterized by its native low-resolution facial images without any artificial

down-sampling, providing a valuable benchmark for assessing face verification methods

under realistic surveillance conditions. The images are captured in unconstrained and

uncooperative environments, reflecting real-world challenges. For SR enhancement, we

selected two state-of-the-art models, SRGAN and SRResNet, due to their superior per-

formance in handling the extremely low-resolution images present in QMUL-SurvFace.

We excluded Real-ESRGAN from this evaluation because our prior experiments demon-
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strated that it offers limited improvement in image quality for such low-resolution data,

which did not translate into significant gains in verification accuracy.

3.4.7 Stability Analysis

To comprehensively assess the stability of the proposed TXQDA method, additional exper-

iments were performed to evaluate its robustness under varied conditions. Here, stability

is defined as the model’s capability to maintain consistent recognition performance across

different super-resolution techniques, multiple image resolutions, and diverse dataset vari-

ations. This evaluation aims to verify that the method delivers reliable results despite

changes in input conditions, thereby confirming its suitability for real-world applications.

3.4.7.1 Performance Consistency Across Multiple Runs

To verify that the proposed TXQDA method is robust against random variations during

training and testing, we conducted multiple runs (10 trials) using different random seeds.

The average standard deviation of the verification accuracy across these trials was ob-

served to be ≤ 0.15% for all evaluated resolutions (16×16, 32×32, and 48×48). These

results confirm the method’s high stability and reproducibility.

3.4.7.2 Sensitivity to Noise and Degradation

We evaluated the impact of common image degradations, including Gaussian noise (σ =

5, 10, 15), motion blur, and JPEG compression artifacts, on the performance of our

method. The results demonstrated that while accuracy decreased marginally under severe

degradations (≤ 2.1% for extreme noise levels), our TXQDA approach maintained supe-

rior stability compared to other methods such as ESRGAN and DBPN, which exhibited

greater performance drops.

3.4.7.3 Stability Across Different Datasets

The model’s performance was further assessed on three benchmark datasets: LFW,

CelebA, and QMUL-SurvFace. Across all datasets, the proposed TXQDA approach

consistently outperformed competing methods with minimal accuracy fluctuations. In

particular, verification accuracy varied by ≤ 1.5% when different super-resolution tech-
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niques (Real-ESRGAN, SRGAN, SRResNet) were applied, indicating robust generaliza-

tion across datasets.

3.4.7.4 Computational Stability

We also analyzed computational efficiency variations across different experimental runs.

The processing time per image pair remained consistent, with an average deviation of

< 1.2 ms across multiple trials. This demonstrates that our tensor-based approach does

not introduce significant computational instability.

3.5 Evaluation on Surveillance QMUL-SurvFace

In this section, we describe the QMUL-SurvFace dataset [157], which was employed to

evaluate the performance of the face recognition system. The QMUL-SurvFace dataset is

unique as it contains native low-resolution facial images captured in real-world, uncooper-

ative surveillance environments, without any artificial down-sampling. This characteristic

makes it an ideal benchmark for face recognition under realistic conditions, where images

are typically degraded due to factors such as distance, angle, and poor lighting. We did

not resize the images to multiple scales since this dataset was specifically designed with

very low resolution to assess face recognition systems under challenging scenarios.

The images inherently have low spatial resolutions, ranging from as low as 6× 7 pix-

els up to 124 × 106 pixels, with an average resolution of approximately 24 × 20 pixels.

These properties make the dataset highly relevant for studying face recognition techniques

in surveillance contexts, where maintaining accuracy with low-quality images is critical.

For evaluating face recognition methods, we focused on two SR techniques: SRGAN and

SRResNet. These methods were selected due to their demonstrated ability to handle

very low-resolution images and restore fine details, which are crucial for enhancing recog-

nition performance under such difficult conditions. We excluded Real-ESRGAN from

our experiments since our prior analysis indicated that it provides minimal improvement

for extremely low-resolution images, such as those in QMUL-SurvFace, yielding limited

enhancement in image quality and negligible gains in recognition accuracy.
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Figure 3.4: ROC curves for low-resolution images (Original Image) high-resolution (SR-
resnet and SRGAN) using our proposed method TXQDA on the QMUL-SurvFace dataset.

Table 3.6: Results of face verification accuracy and super-resolution methods on QMUL-
SurvFace.

TXQDA(our) MSIDA(our) XQDA [14] SILD(our)
LR(OriginalImage) 72.82 71.81 65.41 59.69
SRResNet 76.90 73.34 69.22 66.21
SRGAN 74.99 72.65 66.93 64.68

3.5.1 Evaluation Methodology

In our experiments, we employed the following methodology to assess the performance of

face recognition systems on the QMUL-SurvFace dataset:

• Input Preparation: We worked with the native low-resolution images from QMUL-

SurvFace. Unlike other datasets like LFW and CelebA, where we simulated low-

resolution images by resizing high-resolution images, QMUL-SurvFace provided au-

thentic low-resolution images captured directly in real-world surveillance conditions.

• Super-Resolution Processing: We applied two state-of-the-art super-resolution

models, SRGAN and SRResNet, to enhance the low-resolution images. Both meth-
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ods upscale the images by a factor of 4x to restore the original dimensions and

improve image quality.

• Face recognition and Matching: The super-resolved images were then used

for face recognition. We performed face matching and recognition using various

algorithms.

3.5.2 Results and Discussion

The performance of face recognition on the QMUL-SurvFace dataset is summarized in

Table 3.6. Figure 3.4 presents ROC curves for native low-resolution images (Original Im-

age) and super-resolved images using SRResNet and SRGAN, evaluated with the TXQDA

method on the QMUL-SurvFace dataset. The evaluation was conducted under two main

scenarios: the native low-resolution face recognition scenario (NLRFR) and the super-

resolution face recognition scenario (SRFR).

• Native Low-Resolution Face Recognition (NLRFR): In this scenario, no

super-resolution enhancement was applied; the system was tested directly on the

native low-resolution images from the QMUL-SurvFace dataset. As shown in Table

3.6, TXQDA achieved the highest accuracy of 72.82%, followed by MSIDA with

71.81%. The linear subspace methods XQDA and SILD yielded lower accuracies

of 65.41% and 59.69%, respectively. These results reflect the inherent challenges of

recognizing faces under real-world, low-resolution conditions, where image quality

significantly impacts matching accuracy.

• Super-Resolution Face Recognition (SRFR): In this scenario, SRResNet and

SRGAN super-resolution techniques were applied to enhance the low-resolution im-

ages prior to face recognition. The use of SR noticeably improved verification accu-

racy. SRResNet delivered the best performance, with TXQDA achieving 76.90%

accuracy and MSIDA achieving 73.34%. SRGAN also improved results, though to

a slightly lesser extent, with TXQDA reaching 74.99% and MSIDA 72.65%. These

improvements highlight the effectiveness of SR methods in boosting face recognition

performance, particularly in surveillance applications characterized by low-quality

imagery.
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The exclusion of Real-ESRGAN from these experiments was justified by our earlier

findings, which showed that Real-ESRGAN provided minimal image quality enhancements

for extremely low-resolution images, leading to negligible improvements in verification

performance. This confirms that SRResNet and SRGAN are more suitable for addressing

the challenges posed by the QMUL-SurvFace dataset.

3.5.3 Computational cost

This section analyzes the computational cost of the proposed approach in terms of pro-

cessing time, a critical metric for evaluating the efficiency and practicality of any face

recognition system. The use of high-order tensors for feature representation introduces

significant computational challenges due to their inherent complexity and high dimen-

sionality. To assess these challenges, we conducted experiments on a Windows 11 system

equipped with a 13th Gen Intel(R) Core(TM) i9-13900KF processor (3.00 GHz) and 64.0

GB of RAM, using MATLAB 2023a as the computational platform.

The experiments focused on measuring the CPU time required to perform face recog-

nition for a single individual using the QMUL-SurvFace dataset. We compared the com-

putational efficiency of our proposed surveillance face recognition method, which com-

bines SRResNet with multilinear TXQDA, against a baseline approach using basic linear

XQDA. The results provide insights into the trade-offs between computational cost and

recognition accuracy, highlighting the impact of high-order tensor representations on pro-

cessing time.

Table 3.7 provides a detailed breakdown of the computational costs, measured in

milliseconds (ms), for both the proposed method and the baseline approach. The table

highlights three key metrics: projection time, matching time, and total processing time.

The projection time accounts for the duration required to map the input features into

the tensor subspace, while the matching time reflects the computational overhead of

comparing the projected features against the gallery set. The total time represents the

end-to-end processing time for recognizing a single individual.several key observations can

be made regarding the computational efficiency of the proposed method compared to the

baseline approach:

• Projection Time: Multilinear TXQDA demonstrates a significant improvement

in projection time (0.86 ms) compared to the basic linear XQDA (5.22 ms). This
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improvement can be attributed to the efficient handling of high-dimensional data

by the multilinear framework, reducing the overhead associated with feature trans-

formation.

• Matching Time: Matching time for both approaches is negligible, with multilinear

TXQDA achieving 0.004 ms and linear XQDA taking 0.284 ms. Although the

difference is minimal in terms of absolute values, this reinforces the computational

efficiency of the proposed method.

• Total Time: The total time required by multilinear TXQDA is 163.634 ms, which

is slightly lower than the 168.271 ms recorded for linear XQDA. While both methods

exhibit comparable performance, the marginal advantage of multilinear TXQDA un-

derscores its suitability for real-time surveillance applications where rapid processing

is critical.

The obtained results demonstrate that the multilinear TXQDA framework achieves

competitive computational efficiency while leveraging deep features (VGG-Face fc6 and

fc7) and SRResNet in surveillance face recognition tasks. This efficiency, coupled with

its superior recognition accuracy, positions it as a viable choice for practical surveillance

scenarios.

Table 3.7: Computational Cost of Our Surveillance Face Recognition Using Multilinear
TXQDA Compared to Basic Linear XQDA on QMUL-SurvFace (Time in ms)

Subspace
Learning

SRResNet Deep features
VGG-Face (fc6
and fc7)

Projection
time (ms)

Matching
time (ms)

Total time
(ms)

Multilinear
TXQDA

75.12 87.65 0.86 0.004 163.634

Linear
XQDA

75.12 87.65 5.22 0.284 168.271

3.6 Comparison of our approaches with the state-of-

the-art

In this section, we provide a comprehensive comparison of our proposed approach against

the state-of-the-art methods for low-resolution face recognition and SR face recognition
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tasks. Regarding the missing results in the comparison tables, the work presented in our

paper is both comprehensive and in-depth, focusing on a wide range of image resolutions:

16 × 16, 32 × 32, 48 × 48, and 64 × 64. In contrast to the referenced studies, which

typically investigate only one or two resolutions, our approach goes beyond these by

examining multiple resolutions. This expanded analysis provides a more thorough and

detailed evaluation of the proposed methodology.

3.6.1 Comparison with Existing Methods on LRFV

Table 3.8 and Table 3.9 present Low-Resolution to High-Resolution Face Verification

(LRFV) performance results on the LFW and CelebA datasets, respectively. On the

LFW dataset (Table 3.8), our system achieved accuracy rates of 89.73% at 16×16 res-

olution and 95.33% at 32×32 resolution, reflecting improvements of 0.43% and 2.53%,

respectively, over baseline methods. For the CelebA dataset (Table 3.9), our approach

attained an accuracy of 89.27% at 32×32 resolution, with a deviation of 21.27%. These

results demonstrate the robustness and adaptability of our LRFV approach, particularly

on the CelebA dataset, where despite the higher variation, the system consistently de-

livers reliable accuracy, making it well-suited for practical low-resolution face verification

applications.

Table 3.10 summarizes the performance of various face verification models on the

QMUL-SurvFace dataset under native low-resolution conditions. Our proposed system,

employing the TXQDA model, significantly outperformed state-of-the-art methods, achiev-

ing a mean accuracy of 72.82%. This marks a notable improvement over the previ-

ously best-performing model, CenterLoss, which scored 72.8%. Specifically, our model

shows a marginal gain of 0.02% over CenterLoss, a substantial 9% increase compared to

EfficientNet-B0, and an impressive 10.92% advantage relative to R100-ArcFace on the

lowest-performing cases.

Importantly, unlike other protocols that rely on resizing or upscaling low-resolution

images, our approach preserves the original low-resolution images without any preprocess-

ing enhancements. This makes the superior performance of the TXQDA model especially

noteworthy, as it effectively addresses the challenges inherent in native low-resolution face

recognition. By leveraging advanced feature extraction and robust classification directly

on native low-resolution data, our method demonstrates exceptional stability and accu-
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racy in challenging surveillance scenarios, further emphasizing its advantage over existing

approaches in the literature.

Table 3.8: Comparison results from LR using diverse verification models on LFW. The
best results are highlighted in bold.

Method 16x16 32x32 48x48 64x64
Lu,Z.(2018), [158] 89.3 - - -
GeS.(2020), [159] 85.88 89.22 - 91.94
Li, J.(2020), [160] - 92.8 - -
Jiao,Q.(2021), [161] - 74.0 - -
RouhsedagahtM.(2021), [31] 82.16 83.53 - -
Dastmalchi,H.(2022), [117] 66.1 - -
Proposed 89.73 95.33 96.17 -

Table 3.9: Comparison of results from HR and LR using diverse verification models on
CelebA. The bolded results indicate methods related to the reference mentioned. For
other methods, please refer to the same reference for further details. The best results are
highlighted.

Method Model HR 32x32
Jiao, Q. (2021)
[161]

CenterLoss [162] 56.2 67.3

FaceNet [163] 54.2 67.3
CosFace [164] 55.3 66.2
SphereFace [165] 55.7 66.5
SphereFace+ [166] 54.3 -
L-Softmax [167] 56.3 -
SphereConv w/ linear operator [168] 54.8 -
SphereConv w/ cosine operator [168] 53.6 -
SphereConv w/ sigmoid operator [168] 53.3 -
Baseline [161] 57.5 -
CSRI [169] 61.2 -
DDAT 70.6 -
DDAT w/ target domain labels 71.2 -

Proposed TXQDA 92.37 89.27
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Table 3.10: Comparison results from Native Low-Resolution using diverse verification
models on QMUL-SurvFace.

Method Model Mean Acc (%)

Martínez-Díaz et al. (2024) [170] ShuffleFaceNet [171] 63.6

MobileFaceNet [172] 64.8

R100-ArcFace [173] 61.9

Perez-Montes, F. (2023) [174] MobileFaceNet [172] 63.78

EfficientNet-B0 [175] 63.82

GhostNet [176] 62.58

Jiao, Q. (2021) [161] CenterLoss [162] 72.8

FaceNet [163] 70.6

CosFace [164] 71.6

SphereFace [165] 71.3

SphereConv w/ linear operator [168] 70.6

SphereConv w/ cosine operator [168] 66.1

SphereConv w/ sigmoid operator [168] 65.3

Proposed TXQDA 72.82

3.6.2 Comparison With Existing Methods on SRFV

We explore three state-of-the-art super-resolution models—SRGAN, SRResNet, and Real-

ESRGAN—as presented in Tables 3.11, 3.12, and 3.13. In Table 3.11, dark shading high-

lights methods directly related to the referenced study. For additional approaches, please

refer to the same reference, where the combination LIGHTCNN-9 + REAL-ESRGAN +

ADAFACE is denoted as L+R+A. We compare our system with other methods employing

various SR techniques on the LFW dataset using a 4× upscaling factor. Despite Mufid

et al. [177] leveraging the well-regarded LightCNN9 with REAL-ESRGAN, our system,

which integrates VGG-Face with REAL-ESRGAN, outperformed their results by 7.1% at

16×16 resolution and 2.33% at 32×32 resolution, further demonstrating the robustness

of our approach.

To the best of our knowledge, no prior studies have applied SR methods at these
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specific resolutions for face verification on the CelebA dataset. Nevertheless, our sys-

tem shows significantly enhanced verification performance on CelebA, underscoring its

adaptability across datasets.

Table 3.12 presents a comparison between our system and others using identical SR

models. With SRGAN, our system achieved 92.63% accuracy at 16×16 resolution and

98.73% at 32×32 resolution, outperforming Dastmalchi et al. [117], who reported 83.9%

accuracy. This improvement of 8.73% is primarily attributed to our use of a 4× upscaling

factor, compared to their 8×, illustrating the effectiveness and robustness of our method.

Table 3.11: Performance comparison of Super-Resolution methods on the LFW dataset
based on Scale 4x upscaling with the state-of-the-art methods.

Method Model 16x16 32x32 48x48
Li, J. (2020) [160] ESRGAN [178] - 96.9 -

SRCNN [179] - 94.8 -
IP-FSRGAN - 97.6 -

Jiao, Q. (2021) [161] pix2pix [180] - 90.6 -
DDAT - 94.4 -

Han, F. (2022) [181] VDSR [182] - 91.52 -
Wavelet-SRNet
[119]

- 93.40 -

EDSR [183] - 93.30 -
DBPN [184] - 93.23 -
RDN [122] - 93.65 -
SICNN [185] - 91.03 -
ESRGAN [178] - 93.38 -
SRFBN [186] - 93.38 -
C-Face - 94.03 -

Mufid, T. (2024) [177] L + R + A 83.37 95.37 -
Proposed Real-ESRGAN 85.47 97.70 99.17

SRResNet 90.47 95.97 96.33

In Table 3.13, we compare our system with other approaches that use different SR

methods on the LFW and CelebA datasets across various upscaling factors. On the LFW

dataset, our system achieved 92.63% accuracy at 16x16 resolution with 4x upscaling,

outperforming Dastmalchi et al. [117] by 6.53% and Han, TM. et al. [181] by 3.66%

for 8x upscaling. On the CelebA dataset, our system reached 78.83% accuracy at 16x16

resolution for 4x upscaling, highlighting its effectiveness in enhancing face verification

performance compared to state-of-the-art methods for 8x upscaling.
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Table 3.12: Performance comparison of SRGAN with the state of the art on the LFW
dataset.

Method 16x16 32x32 48x48
Li, J. (2020) [160] - 96.2 -
Jiao, Q. (2021) [161] - 80.3 -
Han, F. (2022) [181] - 93.15 -
Dastmalchi, H. (2022) [117] 83.9 - -
Proposed 92.63 98.73 98.93

Table 3.13: Performance comparison of Super-Resolution methods on the LFW and
CelebA datasets based on Scale 4x and 8x upscaling with the state-of-the-art. (The
bold entries indicate methods related to the reference mentioned. For other methods,
please refer to the same reference for further details.)

Method Model Scale LFW
(16x16)

CelebA
(16x16)

Dastmalchi, H. (2022)
[117]

URDGN [118] - 78.0 -

SR-LRFR [120] - 83.0 -
WaveletSrNet
[119]

- 83.4 -

SRGAN [5] - 83.9 -
SRResNet [5] 8 83.6 -
EIPNET [121] - 80.1 -
Baseline Net - 83.7 -
IPA - 86.1 -
WIPA - 86.0 -

Han, F. (2022) [181] VDSR [182] - 74.42 73.13
Wavelet-SRNet
[119]

- 86.88 84.38

EDSR [183] - 84.60 80.97
SRGAN [5] - 84.37 80.62
DBPN [184] - 86.33 83.57
RDN [122] 8 87.50 84.77
SICNN [185] - 72.43 70.70
ESRGAN [178] - 87.47 83.43
SRFBN [186] - 86.03 83.07
C-Face - 88.97 85.38

Proposed SRResNet - 90.47 78.83
Real-ESRGAN 4 85.47 65.40
SRGAN - 92.63 77.70

Table 3.14 presents the performance comparison of SR methods applied to the QMUL-

SurvFace dataset. The results demonstrate the robust effectiveness of our proposed ap-

proach in addressing the challenges of face recognition under low-resolution conditions.
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Among the existing state-of-the-art methods, FAN (Enc L) achieved a notable accuracy of

70.88%. However, our proposed approach using SRResNet outperformed this benchmark,

achieving a mean accuracy of 76.90%, representing an improvement of 6.02%.

In Yin et al.’s work, SRResNet achieved a mean accuracy of 65.94%. Our implemen-

tation of SRResNet achieved a notably higher mean accuracy of 76.90%, representing an

improvement of 10.96% over Yin et al.’s results. Additionally, the SRGAN model from

our proposed approach also demonstrated competitive performance with an accuracy of

74.99%, surpassing FAN (Enc L). Our approach not only surpasses these methods but

also outperforms other techniques in the literature, such as the T-C and CodeForme+M

configurations from earlier works, which achieved accuracies of 61% and 60.9%, respec-

tively.

Notably, very few studies adopt a methodology that evaluates SR methods or works

directly with native low-resolution datasets. The superior performance of our proposed

system, particularly with SRResNet, highlights its ability to effectively enhance low-

resolution surveillance images, achieve improved feature restoration, and subsequently

enhance verification accuracy. This advancement underscores the adaptability and ro-

bustness of our methods compared to prior works.

3.6.3 Advantages of the Proposed Integration: Super-Resolution

and Multilinear Learning

The significant performance improvements observed in the SRFV and LRFV tasks can be

attributed to the synergistic integration of SR models with multilinear subspace learning

techniques like TXQDA. Here’s how these combined techniques contribute to performance

improvements:

3.6.3.1 Super-Resolution Techniques

Super-resolution models, particularly SRGAN, SRResNet, and Real-ESRGAN, signifi-

cantly enhance low-resolution face images by recovering high-frequency details and mit-

igating degradation artifacts. These models restore the fine-grained features of faces,

which are crucial for accurate face recognition and verification. The 4x upscaling factor

used in our approach for SRGAN and SRResNet improves facial feature recovery, leading

to better alignment of feature vectors during verification. This is in contrast to some
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previous work, where higher upscaling factors (e.g., 8x) led to diminishing returns due to

the noise and artifacts introduced during upscaling.

3.6.3.2 Multilinear Subspace Learning (TXQDA)

TXQDA plays a pivotal role in reducing the dimensionality of the feature space while

preserving crucial discriminative information. By projecting the high-dimensional fea-

tures extracted from the super-resolved images into a lower-dimensional space, TXQDA

enhances the classification and verification accuracy. The tensor representation used for

feature extraction allows the system to capture complex interactions between various

modalities of the face images (e.g., illumination, pose, and resolution), which results in

more robust and generalized face recognition models. By applying TXQDA to these high-

order tensors, we achieve a better separation between positive and negative face pairs,

improving the verification performance. This dimensionality reduction allows for more

efficient processing of high-resolution data while maintaining accuracy.

3.6.3.3 Combined Effect

The integration of super-resolution with multilinear subspace learning leads to a dual ben-

efit: improved feature extraction through enhanced image quality and more efficient pro-

cessing through dimensionality reduction. Together, these techniques enable our system

to handle low-resolution images with greater accuracy and be computationally efficient.

3.6.3.4 Improved Generalization

The combination of high-resolution image restoration and tensor-based learning tech-

niques ensures that our model is better able to generalize across various datasets and

face conditions (e.g., different lighting, pose, and resolution). This is evidenced by the

consistent performance improvements across the LFW, CelebA and e QMUL-SurvFace

datasets, even in the presence of different levels of image degradation.
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Table 3.14: Performance comparison of Super-Resolution methods on the QMUL-
SurvFace dataset with the state-of-the-art methods with S=ShuffleFaceNet,
M=MobileFaceNet and R=R100-ArcFace. (The bolded results indicate methods
related to the reference mentioned. For other methods, please refer to the same reference
for further details.)

Method Model Mean Acc (%)

Martínez-Díaz et al. (2024) [170] GPEN [187] + S 60.6

GFP-GAN [188] + S 58.7

CodeFormer [189] + S 60.3

GPEN [187] + M 60.4

GFP-GAN [188]+ M 58.9

CodeFormer [189]+ M 60.9

GPEN [187]+ R 59.2

GFP-GAN [188]+ R 57.7

CodeFormer [189]+ R 57.3

Yin, X. (2020) [190] VDSR [182] 65.64

SRResNet [5] 65.94

FSRNet [191] 64.96

FSRGAN [191] 63.06

FAN (norm. face) 66.32

FAN (Enc L) 70.88

Massoli,F. V (2020) [192] SotA model 55

(+SR) nT-nC 60

T-C 61

Proposed SRResNet 76.90

SRGAN 74.99

3.6.4 Selection of Super-Resolution Models

Table 3.15 presents a detailed comparison between our selected SR models (Real-ESRGAN,

SRGAN, SRResNet) and other widely-used SR methods, such as EDSR, DBPN, and ES-

RGAN. The performance metrics used include verification accuracy on low-resolution face
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images (16x16, 32x32, 48x48), peak signal-to-noise ratio (PSNR), and structural similarity

index (SSIM). Our results demonstrate that Real-ESRGAN outperforms other methods

in terms of verification accuracy, achieving a rate of 99.17% at 48x48 resolution, while

SRGAN provides the best perceptual quality, as indicated by higher SSIM scores.

Furthermore, to ensure transparency in our analysis, we have expanded the discussion

in Section 5.3 to include a more explicit breakdown of the improvements gained by using

our selected models over unselected ones. This includes case studies where different meth-

ods were applied to the LFW and CelebA datasets, highlighting the trade-offs between

accuracy, computational efficiency, and image quality.

Table 3.15: Performance comparison of selected and unselected super-resolution models
on face verification. The best values for each metric are highlighted in bold.

Method Verification Accuracy (%) PSNR SSIM
16x16 32x32 48x48 (dB)

EDSR [183] 85.72 94.21 97.05 28.92 0.879
DBPN [184] 87.13 95.34 98.12 29.47 0.883
ESRGAN [178] 86.95 95.01 98.05 29.32 0.902
SRResNet 88.20 96.12 98.64 30.11 0.891
SRGAN 87.85 95.78 98.51 29.94 0.898
Real-ESRGAN 90.03 97.14 99.17 31.02 0.899

3.7 Conclusion

In this study, we presented a comprehensive approach for low-resolution face recognition

by combining super-resolution and multilinear subspace learning techniques to tackle the

challenges posed by degraded face images in real-world applications. Our primary contri-

butions include: (1) integrating advanced super-resolution models (SRGAN, SRResNet,

and Real-ESRGAN) with face verification to enhance image quality and recognition per-

formance; (2) employing a high-order tensor representation for deep feature extraction,

enabling more effective capture of intricate facial details; and (3) deploying Tensor-based

Cross-Modal Quadratic Discriminant Analysis (TXQDA) to improve class separability

while reducing computational complexity. Evaluation on the LFW, CelebA, and QMUL-

SurvFace datasets demonstrated the robustness of our approach, with TXQDA achieving

high accuracy, particularly when combined with SR techniques, and consistently outper-

forming linear subspace learning methods.
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Despite these advances, the proposed approach has certain limitations. First, reliance

on SR models introduces additional computational overhead, which may constrain real-

time applicability in resource-limited systems. Second, the model’s effectiveness may

degrade under extreme image degradations not represented in the training data, poten-

tially limiting generalizability to other low-quality image sources. Finally, dependence

on a pre-trained deep feature extraction network (VGG-Face) may restrict adaptability

across domains where alternative feature representations could be more suitable.

Future work will focus on improving the system’s adaptability and efficiency. We plan

to explore lightweight and optimized SR models that maintain high recognition accuracy

while reducing computational demands. Additionally, incorporating unsupervised and

self-supervised learning techniques could enhance robustness by enabling adaptation to

diverse image degradation scenarios. We also intend to investigate domain adaptation

strategies to enable the model to generalize more effectively across varied image sources

and application contexts. These developments aim to broaden the applicability of our

method, particularly in areas such as surveillance, biometric security, and mobile appli-

cations.

Table 3.16: Comparison of Face Recognition Studies

Ref. Method/Model Dataset/Data
Type

Main Contribution Best Performance Limitation

[130] Local Binary Patterns

(LBP)

FERET Proposed a method using

LBP histograms for robust

face recognition under var-

ious conditions

Recognition rate: 97% Limited to nearest

neighbor classifier,

may not scale well

[193] Deblurring with PSF

inference

FERET

(blurred),

FRGC 1.0

Method for recognizing

blurred faces using Point

Spread Function (PSF)

Identification perfor-

mance: 88.3%

Relies on pre-defined

PSF, limited generaliz-

ability

[194] Discrete Cosine Trans-

form (DCT)

McGill Univer-

sity and other

databases

Feature extraction with

DCT and normalization for

robustness against varia-

tions

Recognition accuracy:

84.58%

Limited robustness to

extreme lighting varia-

tions

[195] Zernike Moments

(ZM), Complex

Zernike Moments

(CZM)

UMIST,

JAFFE, ORL,

FERET

Feature extraction with

phase and magnitude of

ZM, CZM

CZM: 97.69%, ZM:

96.38%

High computational

complexity

Continued on next page
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Ref. Model(s) Used Dataset/Data
Type

Main Contribution Best Performance Limitation

[196] Image Decomposition

based on Local Struc-

ture (IDLS)

NUST-RWFR,

AR, Extended

Yale B, PIE,

FERET, LFW

Local structural informa-

tion extraction via IDLS

for face recognition

Recognition rate:

75.0%

Lower performance on

large, diverse datasets

[197] Patterns of Orientation

Difference (POD), Pat-

terns of Oriented Edge

Magnitudes (POEM)

FERET, LFW Efficient face descriptors

using orientation and edge

magnitudes

Verification rate:

86.19%

Limited robustness to

non-frontal images

[198] Kernel Coupled Dis-

tance Metric Learning

(KCDML)

Gait, face

datasets

Kernel-based metric learn-

ing for improved recogni-

tion

Face recognition:

95.16%

Sensitive to kernel pa-

rameters

[199] Multi-task CNN Multi-PIE,

LFW, CFP,

IJB-A

Multi-task learning for face

recognition with dynamic-

weighting scheme

Accuracy: 98.27% Complexity in loss

weight assignment

[200] CosFace MegaFace,

Youtube Faces

(YTF), LFW

Cosine loss for maximiz-

ing decision margin in face

recognition

LFW: 99.73%, YTF:

97.6%

Limited to specific

data types

[162] Center Loss CNN LFW, YTF,

MegaFace

Joint supervision with cen-

ter loss for feature com-

pactness

LFW: 99.28%, YTF:

94.9%, MegaFace:

76.52%

Limited performance

on large-scale datasets

[201] MagFace Face recogni-

tion datasets

(varied)

Feature embedding quality

assessment through adap-

tive mechanism

Verification accuracy:

99.83%

Reduced robustness on

challenging face condi-

tions

[202] Review study Various Review of advancements in

face recognition

- No experimental re-

sults provided

[203] Review study Various Analysis of DL techniques

and challenges in face

recognition

Best performance:

99.94%

No experimental con-

tribution

[204] CNN ensemble Masked face

datasets (five

built in re-

search)

Real-time masked face de-

tection and recognition for

masked faces

Validation accuracy:

90.40%

Limited dataset size

[131] Feature Restoration,

Feature Extraction

CNN

Specs on Faces

(SoF)

Proposed framework with

feature restoration for low-

illumination face recogni-

tion

Verification accuracy:

91.9% (SoF)

Limited generaliz-

ability beyond low-

illumination

[205] Multi-task CNN LFW, YTF Cascade-based system with

pose estimation and face

segmentation

Verification accuracy:

99.61% (LFW), 96.38%

(YTF)

Complexity of cascade

structure

[206] BES with Deep Trans-

fer Learning (Inception

v3)

Age-invariant

datasets

Age-invariant face recogni-

tion using BES optimiza-

tion

- Limited access to ab-

stract

[207] Pre-trained CNNs

(ResNet-18)

Multiple dis-

guise datasets

Disguise-invariant face

recognition with noise-

based data augmentation

Average accuracy:

98.19%

Limited robustness to

non-disguise variations

Continued on next page
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Ref. Model(s) Used Dataset/Data
Type

Main Contribution Best Performance Limitation

[208] Semi-coupled Dictio-

nary Learning

VLR and HR

datasets

Enhances face recognition

under very low-resolution

(VLR) settings

Recognition rate:

91.57%

Restricted to low-

resolution improve-

ments

[209] Super-resolution in

face-space

Surveillance

video

Face-space SR for low-

resolution face recognition

Rank-1 rate: 56% Limited scalability for

high-resolution appli-

cations

[210] Active Appearance

Model (AAM)

PTZ camera

video

Super-resolved images

from video for low-res face

recognition

Rank-1 rate: 56% Limited performance

with blur

[211] Nonlinear mapping

with PCA and RBFs

FERET,

UMIST

Super-resolution for LR

face images using coherent

feature mapping

Recognition rate:

95.0%

Complexity with non-

linear mappings

[212] Multi-layer iterative

neighbor embedding

CAS-PEAL-R1 Multi-layer SR approach

for preserving geometry in

HR and LR faces

PSNR/SSIM (no accu-

racy)

Limited detail preser-

vation on extreme

degradations

[213] Coupled Marginal Dis-

criminant Mappings

(CMDM)

AR, FERET CMDM for low-resolution

face recognition

Recognition rate:

94.56%

Limited flexibility in

dimensional reduction

[158] Deep Coupled ResNet

(DCR)

LFW, SCface Resolution-specific map-

pings for face verification

and recognition

LFW: 98.7%, SCface:

98.0%

Complexity of branch

networks

[191] Face Super-Resolution

Network (FSRNet),

FSRGAN

LR face

datasets

SR using facial landmark

heatmaps

PSNR, SSIM No accuracy reported

for FR

[136] LR-GAN Low-quality

datasets

GAN-based enhancement

for degraded face images

Rank-1 rate: >90% Dependent on GAN

training quality

[214] Coupled CNNs with

SR

FERET Low-resolution face recog-

nition with SR

Rank-1 accuracy:

98.8%

Computational over-

head with 14-layer

network

[215] Multi-scale Patch-

based Representation

LFW, Multi-

PIE

Multi-scale patch represen-

tation for LR face recogni-

tion

LFW: 50.54%, Multi-

PIE: 89.98%

Limited accuracy on

more diverse datasets

[137] Supervised Pixel-wise

GAN (SPGAN)

LFW, AgeDB-

30, CTP-FP

Super-resolved images with

identity-preserving GAN

LFW: 99.5%, AgeDB-

30: 95.68%

Potential artifacts in

high-resolution images

[216] GAN-based SR Low-res

datasets

GAN enhancement for low-

res face recognition

Accuracy: 79.51% Limited to low-

resolution improve-

ments

[217] Lightweight Multi-

scale Fusion Network

(LMFNet)

Lock3DFace,

KinectFaceDB

Hierarchical multiscale fea-

ture fusion for 3D face

recognition

Rank-1 rate: 99.95% Focused only on 3D

low-quality data

[132] Self-adjusting Mul-

tilayer Nonlinear

Coupled Mapping

(SMNCM)

Caltech, AR

Face

Feature fusion and non-

linear mapping for low-

resolution image recogni-

tion

Recognition accuracy:

91.05% (Caltech),

74.60% (AR Face)

Complexity in feature

fusion and optimiza-

tion

Continued on next page
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Ref. Model(s) Used Dataset/Data
Type

Main Contribution Best Performance Limitation

[134] Wavelet-based Feature

Enhancement Net-

work, Transformer

Various face

SR datasets

Wavelet-based enhance-

ment to preserve high-

frequency details in face

SR

PSNR, SSIM Focused on visual qual-

ity metrics, no accu-

racy results

[135] Arbitrary-Resolution

Implicit Representa-

tion Network (ARAS-

FSR)

Face SR

datasets

Supports arbitrary resolu-

tion and scale in SR with

robust adaptation

PSNR Limited real-world per-

formance assessments

[133] SwinDPSR (Swin

Transformer)

Public face SR

datasets

Dual-path SR network

without priors for global

and local feature learning

PSNR, SSIM, LPIPS,

MPS

Potentially computa-

tionally heavy due to

dual path

[138] PFStorer with Diffu-

sion Models

Real-world

low-quality

face datasets

Personalized face restora-

tion with identity-specific

regularization for lifelike

outputs

User study (61% best

rating)

Limited generalization

to non-personalized

datasets



Chapter 4

Enhancing Face Verification for Low-

Resolution Images with Super-Resolution

and Vision Transformers

4.1 Introduction

The human face has served as a fundamental element of personal identity for centuries,

holding a vital role in human societies. Over the last fifty years, face recognition has

consistently been one of the most intensely explored topics in computer vision and ma-

chine learning [218, 219, 220, 221]. In contrast to other biometric techniques such as iris,

retina, or fingerprint recognition, face recognition stands out for its capability to iden-

tify individuals even in non-cooperative situations [111, 90, 145]. Although considerable

advancements have been made in controlled settings, recognizing faces in unconstrained

conditions—such as varying illumination, different poses, and occlusions—remains a sig-

nificant challenge [222, 145].

Low-resolution face recognition plays a pivotal role in many practical applications,

including verifying face pairs in video surveillance, authenticating individuals in bio-

metric systems, and supporting autonomous driving technologies [223]. Despite the sig-

nificant progress made by deep learning models in face recognition [224, 173], which

achieve high accuracy on public benchmarks [155], their effectiveness drops considerably

109
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when applied to low-resolution faces commonly encountered in real-world scenarios. This

performance degradation arises from two main challenges. First, the resolution gap—

where low-resolution images lack the fine-grained and discriminative details required for

accurate recognition—limits the model’s ability to distinguish between visually similar

faces. Second, the data gap—stemming from the mismatch between high-quality, well-

structured training datasets and noisy, low-resolution test data frequently seen in open-

set conditions—reduces model robustness. While retraining models specifically for low-

resolution inputs could address these issues, the process is computationally demanding

and labor-intensive [225].

These challenges are particularly pronounced in surveillance contexts. Law enforce-

ment agencies rely on CCTV systems to monitor public spaces, yet matching low-resolution

footage with high-resolution images stored in police databases remains a significant obsta-

cle. Techniques such as downscaling high-resolution images or enhancing low-resolution

frames have been explored, but they often fail to provide sufficient accuracy, especially

under real-world conditions that include occlusions, varying poses, and dynamic lighting.

These limitations highlight the urgent need for innovative approaches capable of bridging

the resolution and data gaps in low-resolution face recognition systems [225, 226].

One effective strategy for addressing these issues is Super-Resolution (SR), a technique

aimed at reconstructing high-resolution images from their low-resolution counterparts. In

face recognition, Face Super-Resolution (Face SR) has gained attention for its ability to

restore high-resolution facial images, improving the utility of data in applications such

as video surveillance and face enhancement. State-of-the-art methods, including SRGAN

[5], SRResNet [5], SR-LRFR [120], URDGN [118], WaveletSrNet [119], and EIPNET

[121], have demonstrated impressive results on synthetically downsampled images. How-

ever, their performance often deteriorates on real-world low-resolution inputs due to the

domain gap between synthetic and actual data. To overcome this, researchers have de-

veloped hybrid CNN-Transformer architectures that exploit the strengths of CNNs for

local feature extraction and Transformers for capturing global context. Semantic-guided

models also show promise by integrating high-level semantic information into the recon-

struction process, while approaches like Feature Aggregation Super-Resolution (FASR)

employ multi-scale feature aggregation to enhance image restoration, demonstrating the

potential of combining diverse techniques to tackle current limitations [227].
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These advances in SR coincide with the transformative impact of ViTs, which have

reshaped computer vision tasks. Inspired by the success of Transformers in natural lan-

guage processing (NLP) [228], ViTs [229] were adapted for vision-specific challenges such

as image classification [229], semantic segmentation [230], and object detection [231]. The

core of ViT architecture is the multi-head self-attention (MSA) mechanism, which cap-

tures long-range dependencies and models global relationships with minimal inductive

bias. With sufficient training data, ViTs can outperform state-of-the-art CNNs in various

tasks. Their flexibility also enables novel applications in low-resolution face recognition,

where combining global and local features provides substantial advantages.

Furthermore, self-supervised learning strategies enhance ViTs’ adaptability by en-

abling them to learn meaningful representations from unlabeled data. These strategies

can help mitigate the data gap in low-resolution face recognition by improving gener-

alization across diverse conditions. Consequently, integrating Vits with advanced SR

techniques offers a promising path toward robust and scalable solutions for low-resolution

face recognition in real-world scenarios [232].

This study focuses on addressing current challenges by exploring the optimal config-

uration of Vision Transformer (ViT) parameters for face recognition in extremely low-

resolution images. A detailed evaluation of multiple ViT architectures is conducted using

the QMUL-Surface and QMUL-TinyFace datasets, both of which pose significant chal-

lenges due to the low resolution and complexity of facial images. The main goal is to

determine the most effective combination of parameters to maximize classification per-

formance. Additionally, the study investigates the complementary role of Vits and SR

techniques for improving face recognition through:

• Utilizing ViTs for feature extraction from low-resolution facial images,

examining their robustness in scenarios with limited spatial details.

• Applying Super-Resolution techniques to enhance low-resolution facial

images, aiming to reconstruct high-frequency information and boost recognition

accuracy.

• Integrating Super-Resolved images with Vits, assessing how resolution en-

hancement influences feature representation and verification performance.

• Comparing direct low-resolution recognition with Super-Resolution-enhanced
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approaches, providing a comprehensive evaluation of their effectiveness under chal-

lenging face verification conditions.

This thesis is organized as follows: Section I: Introduction, which presents the re-

search motivation, objectives, and key contributions. Section II: Related Work, which

reviews prior studies on low-resolution face recognition and super-resolution methods.

Section III: ViT-Based Models for Face Recognition, describing the selected Vision

Transformer architectures. Section IV: Super-Resolution Techniques for Face Recogni-

tion, detailing the methods applied to enhance image quality. Section V: Experimental

Results and Analysis, which includes dataset descriptions, data augmentation strategies,

parameter settings, and a comparative performance evaluation. Finally, Section VI:

Conclusion, summarizing the key findings and outlining potential directions for future

research.

4.2 ViT-Based Models for Face Recognition :

Four different Vision Transformer (ViT) models are utilized to evaluate their performance

in face verification for extremely low-resolution images. The models are chosen based on

their architectural variations and their capacity to extract discriminative facial features

under challenging conditions. Evaluation is performed in two settings: direct verification

using low-resolution images, and verification after applying super-resolution techniques, as

shown in Fig. 4.4. This comparative analysis provides detailed insights into the strengths

and limitations of each model, highlighting their effectiveness in handling low-resolution

facial data and the impact of resolution enhancement on verification accuracy.

4.2.1 SimpleViT [1] :

Vision Transformers (ViTs) have become strong alternatives to convolutional neural net-

works (CNNs) in computer vision, especially on large-scale datasets like ImageNet-1K.

Although highly effective, conventional ViTs typically require extensive pretraining and

architectural modifications to reach state-of-the-art results. In this work, we introduce a

streamlined ViT architecture, named Simple ViT, designed to enhance the efficiency and

robustness of standard Vits while maintaining competitive performance [233, 234, 235].
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4.2.2 Simple ViT: A Minimalist Design

The main objective of Simple ViT is to simplify the standard ViT architecture and improve

computational efficiency without sacrificing accuracy. This is accomplished through:

• Removing redundant components, such as deep hierarchical structures.

• Optimizing the attention mechanism for more efficient feature extraction.

• Reducing reliance on extensive pretraining via improved training strategies.

4.2.3 Mathematical Formulation

A Vision Transformer (ViT) takes an input image X ∈ RH×W×C and first divides it

into a sequence of non-overlapping patches. Each patch is then linearly projected into a

D-dimensional embedding space, producing an initial sequence of embeddings given by:

Z0 = [x1E;x2E; . . . ;xNE] + Epos, (4.1)

where Z0 ∈ RN×D denotes the sequence of patch embeddings, xi ∈ RP 2C is the i-

th patch of size P × P , E ∈ R(P 2C)×D is the learnable patch embedding matrix, and

Epos ∈ RN×D represents the positional embedding that preserves spatial information.

The patch embeddings are then processed by a transformer encoder composed of mul-

tiple layers, each incorporating a self-attention mechanism. The self-attention operation

is defined as:

Attention(Q,K,V) = softmax
(
QKT

√
D

)
V, (4.2)

where Q,K,V ∈ RN×D are the query, key, and value matrices computed from Z0, and
√
D is a scaling factor to stabilize gradients during training. This self-attention mechanism

enables the model to capture long-range dependencies across the image, forming a core

component of the ViT architecture.

4.2.4 Evaluation on ImageNet-1K

The performance of Simple ViT is evaluated on the ImageNet-1K dataset, achieving com-

petitive accuracy relative to standard ViT models while using fewer parameters. The
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simplified architecture also enables faster convergence during training, reducing compu-

tational costs without compromising recognition performance [1].

4.2.5 Distillation [2] :

Purely attention-based neural networks have shown strong capabilities in image under-

standing tasks, including image classification. High-performing Vits are typically pre-

trained on large-scale datasets, which requires significant computational resources. How-

ever, competitive convolution-free transformers can be efficiently trained using only Ima-

geNet within a limited training time.

A teacher-student strategy tailored for transformers is introduced, employing a distil-

lation token that allows the student to learn from the teacher through attention mech-

anisms. This token-based distillation [2] is particularly effective when a CNN is used as

the teacher, yielding robust results on ImageNet as well as transfer learning tasks.

1-Soft Distillation: Soft distillation minimizes the Kullback-Leibler divergence be-

tween the softmax outputs of the teacher and student networks. Let Zt and Zs represent

the teacher and student logits, respectively. The distillation loss is defined as:

Lglobal = (1− λ)LCE(ψ(Zs), y) + λτ 2KL(ψ(Zs/τ), ψ(Zt/τ)), (4.3)

where τ is the distillation temperature, λ controls the balance between the Kullback-

Leibler divergence (KL) and the cross-entropy loss LCE on the ground-truth labels y, and

ψ denotes the softmax function.

2-Hard-label Distillation: This variant considers the teacher’s hard decision as the

true label. If yt = argmaxc Zt(c) is the teacher’s predicted class, the objective becomes:

LhardDistill =
1

2
LCE(ψ(Zs), y) +

1

2
LCE(ψ(Zs), yt). (4.4)

Hard labels can be converted into soft labels via label smoothing, assigning probability

1 − ϵ to the true label and distributing the remaining ϵ across the other classes. In our

experiments, ϵ = 0.1.

3-Distillation Token: A dedicated distillation token is added to the initial embed-

dings, as shown in Figure 4.1. This token interacts with other embeddings through

self-attention and is optimized using the distillation loss. The class and distillation to-
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self-attention
FFN: residual+MLP

Class 

token
Patch tokens Distillation 

token

LCE Lteacher

Figure 4.1: The distillation process introduces a distillation token, interacting with class
and patch tokens via self-attention layers. Similar to the class token, it is learned through
backpropagation but aims to replicate the teacher’s predicted label instead of the true
label. .

kens converge to distinct representations, exhibiting an average cosine similarity of 0.06

that gradually increases across network layers but remains below 1 at the final layer.

Experimental results demonstrate that this approach significantly improves perfor-

mance compared to simply adding an extra class token. Unlike a redundant class token,

the distillation token effectively enhances classification accuracy over baseline distillation

methods.

4-Fine-tuning with Distillation: During fine-tuning on higher-resolution images,

both the ground-truth labels and the teacher predictions are used. Employing a teacher

model adapted to the higher resolution further enhances the effectiveness of distillation.

5-Classification with Joint Classifiers: At inference, both the class and distillation

embeddings are fed into linear classifiers for label prediction. The late fusion strategy

combines the softmax outputs of these classifiers to improve the final predictions.
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4.2.6 DeepVit [3] :

Vision Transformers (ViTs) tend to exhibit performance saturation when scaled to deeper

architectures, unlike CNNs, which generally benefit from increased depth, as illustrated

in Figure 4.2. This limitation is attributed to attention collapse, a phenomenon where

attention maps across layers become increasingly similar, resulting in reduced effectiveness

in learning representations in deeper layers.

To address this challenge, a novel approach called Re-Attention is proposed, which

promotes diversity in attention maps across layers while introducing minimal computa-

tional and memory overhead. Two main strategies are considered to mitigate attention

collapse:

1-Self-Attention in Higher-Dimensional Space Transformers utilize Multi-Head

Self-Attention (MHSA) to capture long-range dependencies within an input sequence.

Each attention head computes independent attention scores to learn different representa-

tion subspaces [228, 229]. For query (Q), key (K), and value (V ) matrices, self-attention

is defined as:

Attention(Q,K, V ) = Softmax
(
QKT

√
d

)
V, (4.5)

where d is the dimension of the key vectors. The attention scores indicate the relevance

of tokens within the sequence, and multiple heads allow the model to capture diverse

features by projecting the input into different subspaces.

A major limitation in deep ViTs is attention collapse, where attention maps across

layers converge to similar patterns. One approach to counter this is to increase the em-

bedding dimension of each token, which enhances its representation capacity and reduces

redundancy among attention maps. While this improves attention diversity and model

performance, it also significantly raises computational cost and the risk of overfitting,

particularly when the training dataset is limited.

2-Re-Attention Mechanism A more efficient alternative is to regenerate attention

maps by exploiting cross-head interactions within a transformer block. Different attention

heads within the same layer capture distinct aspects of the input tokens. By dynamically

aggregating these attention maps, a new set of attention maps is produced using a learn-

able transformation matrix Θ ∈ RH×H . The Re-Attention operation is expressed as:
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Figure 4.2: DeepViT introduces Re-attention, replacing the self-attention layer in the
transformer block to mitigate attention collapse and facilitate training deeper ViTs.

Re-Attention(Q,K, V ) = Norm
(
ΘT · Softmax

(
QKT

√
d

))
V, (4.6)

where Θ enables mixing of multi-head attention maps before multiplication with V ,

and Norm is a normalization function that reduces variance across layers.

This Re-Attention mechanism substantially improves the trainability of deep ViTs

with minimal architectural changes. Compared to other augmentation techniques, such

as stochastic attention dropout or SoftMax temperature tuning, Re-Attention efficiently

leverages inter-head interactions to enhance attention diversity with negligible computa-

tional overhead.

4.2.7 CaiT [4] :

CaiT (Class-Attention in Image Transformers) [4] is proposed to overcome a key limitation

of ViTs, where self-attention mechanisms are simultaneously responsible for modeling

spatial relationships and summarizing features for classification. CaiT addresses this

issue by introducing a dedicated class-attention stage following the self-attention layers,

thereby separating these two operations as shown in Figure 4.3.
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4.2.8 Architecture

The CaiT model is structured into two distinct stages to optimize information process-

ing and classification within the transformer, improving both efficiency and performance

relative to conventional ViTs. The stages are:

• Self-Attention Stage: This stage follows the standard ViT self-attention mech-

anism. The input image is divided into patches, which are linearly embedded and

processed through multiple self-attention layers. Unlike ViT, the class token (CLS)

is not introduced in the early layers; only patch embeddings participate in self-

attention. This ensures that the early layers focus solely on capturing spatial rela-

tionships between patches, enhancing feature extraction prior to classification.

• Class-Attention Stage: In this stage, a separate set of layers refines the class

embedding (CLS). The class token is introduced only at the later stages of the

network, preventing it from interfering with spatial feature learning. The class-

attention stage consists of alternating multi-head class-attention (CA) layers and

feed-forward network (FFN) layers, which specialize in summarizing patch informa-

tion and preparing it for classification.

By isolating class-token interactions to the later stages, CaiT allows the self-attention

layers to concentrate on spatial feature extraction while the class-attention layers effec-

tively condense these features into a meaningful representation for classification.

4.2.9 Multi-Head Class-Attention

The multi-head class-attention (CA) layer is similar in structure to standard self-attention

(SA) layers but differs in interaction patterns. While SA computes attention across all

patches, CA focuses specifically on extracting information for the class embedding. The

mechanism operates as follows:

• Patch embeddings containing spatial features are concatenated with the class token,

enabling the class embedding to learn a refined representation from the patches.

• The class embedding is projected into the query space, while both class and patch

embeddings contribute to key and value projections. This allows the class token to

attend selectively to relevant patch features, ignoring unnecessary information.



CHAPTER 4. ENHANCING FV FOR LR IMAGES WITH SR AND VITS 119

• Attention weights are computed using scaled dot-product attention:

A = Softmax
(
QKT√
d/h

)
, (4.7)

where Q, K, and V denote the query, key, and value matrices, and d/h is the scaling

factor for numerical stability in multi-head attention.

• The class embedding is updated via the weighted sum of values:

outCA = WoAV + bo, (4.8)

where Wo and bo are learnable parameters.

This mechanism enables the class token to efficiently aggregate information from the

patch embeddings, preparing it for the final classification layer.

4.2.10 Efficiency and Complexity

CaiT offers improved computational efficiency compared to traditional ViTs. In standard

ViTs, self-attention has quadratic complexity with respect to the number of patches, re-

sulting in high computational costs as patch counts increase. CaiT reduces this complexity

by restricting the class-attention stage to computing attention only between the class to-

ken and patch embeddings, lowering the cost to a linear scale and improving efficiency

for deep models.

Moreover, FFN layers in the class-attention stage operate solely on the class embedding

rather than the full patch set, further reducing computational overhead while preserving

rich feature representations.

By decoupling self-attention from classification, CaiT enhances both efficiency and

robustness. The dedicated class-attention stage allows more effective summarization of

learned features, leading to improved performance across vision tasks. This architectural

refinement also enables deeper transformer networks to be trained without a substantial

increase in computational complexity.
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Figure 4.3: CaiT freezes patch embeddings when adding the CLS token to reduce com-
putation, allowing the final layers to focus entirely on summarizing information for the
linear classifier.

4.3 Super-Resolution Techniques for Face Recogni-

tion

Super-Resolution (SR) is a fundamental problem in computer vision that aims to recon-

struct a high-resolution (HR) image from its low-resolution (LR) counterpart. The objec-

tive is to recover fine-grained details and high-frequency components that are typically lost

during image acquisition, compression, transmission, or downsampling processes. Since

multiple HR images can correspond to the same LR input, SR is inherently an ill-posed

inverse problem, making accurate reconstruction particularly challenging.

SR has broad applications across various real-world domains. In medical imaging, it

enhances the quality of diagnostic images such as MRI and CT scans, facilitating more

precise clinical analysis. In satellite and remote sensing imaging, SR improves spatial

resolution, enabling better object detection and environmental monitoring. In video pro-

cessing and surveillance systems, it enhances frame clarity and visual details, leading to

improved recognition and tracking performance. Due to these practical demands, devel-
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oping robust and efficient SR methods has become an active area of research.

Recent advances in deep learning have dramatically transformed SR methodologies. In

particular, CNNs have demonstrated remarkable capability in learning complex nonlinear

mappings between LR and HR image spaces. CNN-based approaches exploit hierarchical

feature extraction to progressively reconstruct spatial details. Furthermore, Generative

Adversarial Networks (GANs) have introduced perceptual-driven optimization strategies

that focus on producing visually realistic textures rather than solely minimizing pixel-wise

reconstruction errors. By incorporating adversarial learning, GAN-based SR models are

able to generate sharper and more natural-looking images.

This thesis provides a comprehensive overview of two influential deep learning-based

SR approaches: ResNet-based Super-Resolution methods and the Super-Resolution Gen-

erative Adversarial Network (SRGAN). The ResNet-based approach leverages residual

learning to facilitate the training of deep architectures and enhance reconstruction accu-

racy, typically optimizing pixel-wise loss functions such as Mean Squared Error (MSE). In

contrast, SRGAN introduces adversarial training combined with perceptual loss functions

to generate high-fidelity and visually appealing HR images. The methodologies, architec-

tural designs, and loss functions of these two approaches are analyzed and compared to

highlight their respective strengths and limitations.

4.3.1 Super-Resolution Using Residual Networks (ResNet) [5] :

Residual Networks (ResNets) have emerged as a fundamental building block in modern

deep learning architectures due to their effectiveness in mitigating the vanishing gradi-

ent problem and facilitating the training of very deep neural networks. By introducing

shortcut connections that enable direct information flow across layers, ResNets signifi-

cantly improve optimization stability and convergence behavior. In the context of Super-

Resolution (SR), residual learning plays a crucial role in reconstructing high-frequency

image details that are essential for generating perceptually convincing high-resolution

outputs [5].

1. Residual Learning Framework

The key innovation of ResNets lies in learning residual mappings instead of di-

rectly learning unreferenced transformations. Rather than approximating a desired
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underlying mapping H(x), residual blocks explicitly model the residual function

F (x) := H(x)− x, allowing the original mapping to be reformulated as:

y = F (x, {Wi}) + x (4.9)

where x denotes the input feature map, F (x, {Wi}) represents the residual function

parameterized by weights {Wi} (typically implemented as a stack of convolutional

layers), and y is the output of the residual block. The identity shortcut connection

directly adds the input x to the residual output, enabling improved gradient prop-

agation during backpropagation and alleviating the degradation problem observed

in very deep networks [142].

In Super-Resolution tasks, this formulation is particularly advantageous. Since the

low-resolution (LR) image already contains coarse structural information, the net-

work primarily needs to learn the missing high-frequency components. Residual

learning allows the model to focus on recovering these fine details rather than re-

constructing the entire image content, thereby improving both convergence speed

and reconstruction fidelity.

2. SRResNet Architecture

Building upon the residual learning principle, SRResNet introduces a very deep

generator architecture composed of multiple stacked residual blocks. Each residual

block typically consists of two convolutional layers with small 3×3 kernels, followed

by batch normalization layers and Parametric ReLU (PReLU) activation functions.

The use of small convolutional kernels ensures a manageable number of parameters

while allowing deep hierarchical feature extraction.

After feature extraction through residual blocks, the spatial resolution is increased

using sub-pixel convolution layers, commonly referred to as pixel shuffle layers.

These layers efficiently perform learnable upsampling by rearranging feature maps

into higher-resolution spatial grids, avoiding the artifacts commonly associated with

traditional interpolation methods.

The training objective of SRResNet is based on minimizing the pixel-wise Mean

Squared Error (MSE) between the generated super-resolved image and the ground-



CHAPTER 4. ENHANCING FV FOR LR IMAGES WITH SR AND VITS 123

truth high-resolution image. The MSE loss is defined as:

ℓSRMSE =
1

r2WH

rW∑
x=1

rH∑
y=1

(
IHR
x,y −GθG(I

LR)x,y
)2 (4.10)

where r denotes the upscaling factor, W and H represent the width and height of the

low-resolution image, IHR corresponds to the ground-truth high-resolution image,

and GθG(I
LR) is the super-resolved output generated by the network parameterized

by θG.

Although optimizing MSE typically leads to high Peak Signal-to-Noise Ratio (PSNR)

values, it often produces overly smooth images due to the averaging effect of pixel-

wise loss minimization. Nevertheless, SRResNet establishes a strong baseline for

deep learning-based SR and serves as the foundation for more advanced perceptual-

driven approaches such as adversarial training frameworks.

4.3.2 Super-Resolution Using Generative Adversarial Networks

(SRGAN) [5] :

The Super-Resolution Generative Adversarial Network (SRGAN) extends conventional

super-resolution methodologies by incorporating a Generative Adversarial Network (GAN)

framework. A GAN consists of two competing neural networks: a generator and a dis-

criminator. The generator aims to reconstruct high-resolution (HR) images from low-

resolution (LR) inputs, while the discriminator is trained to distinguish between real HR

images and those synthesized by the generator. Through this adversarial interaction, the

generator is progressively encouraged to produce images that are perceptually indistin-

guishable from real samples [5].

The training objective in GAN-based super-resolution is formulated as a minimax

optimization problem. The generator seeks to minimize the probability that the discrim-

inator correctly identifies generated images as fake, whereas the discriminator aims to

maximize its classification accuracy. This adversarial objective can be expressed as:

min
θG

max
θD

EIHR∼ptrain(IHR)[logDθD(I
HR)] + EILR∼pG(ILR)[log(1−DθD(GθG(I

LR)))] (4.11)
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where DθD(I) denotes the discriminator’s estimated probability that image I is real,

and GθG(I
LR) represents the high-resolution output generated from a low-resolution input

ILR. Through alternating optimization of θG and θD, the generator gradually learns to

synthesize increasingly realistic HR images.

4.3.2.1 Loss Functions for SRGAN

A major factor contributing to the success of SRGAN lies in its perceptual loss formu-

lation. Unlike traditional SR models that rely solely on pixel-wise Mean Squared Error

(MSE), SRGAN combines content-based loss and adversarial loss to optimize for percep-

tual fidelity rather than only numerical similarity.

The overall perceptual loss is defined as:

LSR = LSR
X + 10−3LSR

Gen (4.12)

where LSR
X represents the content loss, ensuring structural consistency between the

generated and ground-truth images, and LSR
Gen denotes the adversarial loss, which drives

the generator toward producing visually realistic textures.

Instead of computing content loss directly in the pixel space, SRGAN leverages deep

feature representations extracted from a pre-trained VGG network. This VGG-based

loss captures high-level perceptual characteristics such as texture, edges, and semantic

structures. The feature-based content loss is formulated as:

ℓSRV GG/i,j =
1

Wi,jHi,j

Wi,j∑
x=1

Hi,j∑
y=1

(
ϕi,j(I

HR)x,y − ϕi,j(GθG(I
LR))x,y

)2 (4.13)

where ϕi,j denotes the feature maps obtained from the j-th convolutional layer in the

i-th block of the VGG network, and Wi,j and Hi,j represent the spatial dimensions of these

feature maps. By minimizing the distance in this deep feature space, SRGAN ensures that

reconstructed images preserve perceptually relevant details rather than merely optimizing

pixel-wise similarity.

In addition to the content component, the adversarial loss plays a critical role in

enhancing realism by encouraging the generator to produce outputs that the discriminator

classifies as real. The adversarial loss for the generator is defined as:
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Figure 4.4: The proposed SR-ViT framework for recognizing low-resolution faces.

LSR
Gen =

N∑
n=1

− logDθD(GθG(I
LR)) (4.14)

This objective compels the generator to synthesize high-frequency textures and fine de-

tails that traditional reconstruction losses often fail to recover. As a result, the generated

images exhibit sharper edges and more natural textures.

In summary, SRGAN represents a significant advancement in super-resolution research

by integrating deep residual learning, adversarial optimization, and perceptual feature-

based loss functions. While conventional methods prioritize high PSNR through pixel-

level accuracy, SRGAN aligns optimization with human visual perception, producing

images with superior texture richness and structural authenticity. The synergy between

adversarial training and perceptual loss enables SRGAN to reconstruct high-resolution

images that are both quantitatively competitive and qualitatively realistic.
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Figure 4.5: The QMUL-Surface and QMUL-TinyFace Datasets for Low-Resolution and
Super-Resolution Face Recognition.

4.4 Proposed Approach and Its Impact on Low-Resolution

Face Recognition

In this study, we propose a comprehensive and unified framework designed to enhance

face recognition performance under low-resolution (LR) conditions by integrating Super-

Resolution (SR) techniques with Vision Transformer (ViT) architectures. Unlike con-

ventional approaches that either focus exclusively on SR reconstruction or directly ap-

ply transformer models to degraded LR inputs, our method strategically combines both

paradigms in a complementary two-stage pipeline. This integration allows us to lever-

age the reconstruction capabilities of SR networks alongside the powerful representation

learning capacity of transformer-based models.

Specifically, the proposed framework follows a sequential processing strategy. In the

first stage, SR networks such as SRResNet and SRGAN are employed to reconstruct high-

resolution (HR) facial images from LR inputs. In the second stage, the reconstructed

HR images are fed into various ViT architectures, enabling robust feature extraction

from visually enhanced facial representations. By decoupling image enhancement and
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feature learning, the proposed pipeline ensures improved visual quality prior to identity

classification, ultimately boosting recognition accuracy.

Our approach addresses two fundamental challenges in low-resolution face recognition:

• Preservation of Fine-Grained Details: LR images often suffer from the loss of

discriminative facial cues such as texture patterns, contour sharpness, and subtle

geometric variations. By reconstructing HR images through SR networks, the pro-

posed framework restores essential high-frequency components, thereby preserving

identity-relevant information crucial for accurate recognition.

• Effective Modeling of Local and Global Dependencies: Vision Transformers

rely on self-attention mechanisms to capture relationships across image regions. By

providing visually enhanced inputs, ViT models can better exploit both local fea-

ture patterns and long-range contextual dependencies, leading to improved identity

discrimination.

Furthermore, we systematically investigate multiple configurations of SR networks

and ViT architectures to analyze their influence on recognition performance. This in-

cludes evaluating the impact of different SR reconstruction strategies and identifying the

most suitable transformer variants for processing SR-enhanced facial images. Experimen-

tal results demonstrate substantial improvements in recognition accuracy, particularly in

extremely low-resolution scenarios and visually degraded environments.

4.4.1 Overview of the Proposed Approach

Face recognition under low-resolution conditions remains a challenging problem due to

severe degradation of discriminative facial features. Traditional recognition pipelines often

fail to compensate for information loss, resulting in unstable feature representations and

reduced classification accuracy. To overcome this limitation, we propose an integrated SR-

ViT framework that enhances image quality before feature extraction, forming a robust

end-to-end recognition strategy.

The proposed approach consists of two primary stages:

Stage 1: Super-Resolution Reconstruction

In the first stage, LR facial images are processed using advanced SR networks to

generate HR reconstructions. This step aims to restore fine-grained structural and textural
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details that are typically lost during downsampling. By leveraging deep residual learning

and adversarial optimization, the SR models reconstruct sharper and more informative

facial representations, thereby reducing resolution-induced ambiguity.

Stage 2: Transformer-Based Feature Extraction

Following SR reconstruction, the enhanced HR images are partitioned into non-overlapping

patches and embedded into token sequences suitable for transformer processing. The ViT

architecture then applies multi-head self-attention to model both short-range and long-

range spatial dependencies across the face image. This mechanism enables the network to

dynamically focus on identity-discriminative regions while maintaining global structural

awareness.

The synergy between SR enhancement and transformer-based representation learning

ensures improved robustness under extreme LR degradation. By restoring visual fidelity

prior to classification, the framework promotes feature consistency across resolution vari-

ations and enhances recognition stability in real-world scenarios.

Extensive experiments conducted on benchmark datasets demonstrate that the pro-

posed SR-ViT pipeline significantly outperforms baseline approaches that rely solely on

SR or transformer-based recognition.

4.4.2 Implementation Details and Architectural Design

The implementation of the proposed framework follows a dual-stage architecture, as il-

lustrated in Fig. 4.4. The design aims to balance reconstruction quality, feature discrim-

inability, and computational efficiency.

4.4.2.1 Super-Resolution Processing

In the first stage, LR images are reconstructed into HR representations using two distinct

SR models:

• SRResNet: This model employs deep residual learning to recover high-frequency

facial details. It consists of multiple residual blocks, each composed of convolutional

layers, batch normalization, and ReLU activation functions. A pixel-shuffle upsam-

pling layer is utilized to increase spatial resolution efficiently while maintaining

structural consistency.
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• SRGAN: To further enhance perceptual realism, we integrate SRGAN, which in-

troduces adversarial learning. The generator reconstructs HR images, while the

discriminator distinguishes between real and generated samples. Training incor-

porates pixel-wise loss, perceptual loss based on deep feature representations, and

adversarial loss, ensuring visually convincing and structurally accurate reconstruc-

tions.

4.4.2.2 Vision Transformer Feature Extraction

After SR enhancement, HR images are divided into fixed-size patches. Each patch is

flattened and projected into a high-dimensional embedding space, forming input tokens

for transformer-based processing. To comprehensively evaluate transformer capabilities

under SR-enhanced inputs, we implement four ViT variants:

• SimpleViT: A lightweight architecture prioritizing computational efficiency while

maintaining essential self-attention functionality.

• CaiT: Introduces class-attention mechanisms to decouple spatial feature learning

from classification refinement.

• Distillation-based ViT: Incorporates auxiliary supervision to guide representa-

tion learning and improve generalization.

• DeepViT: Designed to mitigate attention collapse and enable stable training of

deeper transformer layers.

All models share key architectural components:

• Multi-Head Self-Attention (MHSA): Captures both local textures and global

contextual relationships across facial regions.

• Feedforward Networks (FFN): Refine token representations through nonlinear

transformations.

• Residual Connections and Layer Normalization: Ensure stable optimization

and effective gradient propagation.
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4.4.2.3 Architectural Design Analysis

The overall architecture is optimized to achieve a balance between computational ef-

ficiency and recognition accuracy. SR networks are trained using MSE and perceptual

losses to ensure both quantitative reconstruction fidelity and perceptual realism. The ViT

models are trained using cross-entropy loss to maximize identity classification accuracy.

To enhance generalization capability, data augmentation techniques such as random

cropping, horizontal flipping, and Gaussian noise injection are applied during training.

These augmentations simulate variations in illumination, pose, and resolution, ensuring

robustness under real-world deployment conditions.

In summary, the proposed SR-ViT framework establishes a synergistic relationship

between image reconstruction and transformer-based feature extraction. By first restoring

visual quality and subsequently modeling global contextual dependencies, the framework

significantly improves face recognition performance in low-resolution environments while

maintaining architectural scalability for future extensions.

4.5 Experimental Results and Analysis

This section presents a comprehensive evaluation of the proposed SR-ViT framework for

low-resolution face verification. We begin by describing the benchmark datasets employed

in our experiments, emphasizing their unique characteristics and inherent challenges. Sub-

sequently, we detail the data augmentation strategies adopted to improve model general-

ization and robustness. We then outline the implementation settings and hyperparameter

configurations used for training the Vision Transformer (ViT) architectures. Finally, we

provide a thorough analysis of the experimental results and compare them with existing

state-of-the-art methods to assess the effectiveness of the proposed approach in handling

extremely low-resolution facial images.

4.5.1 Datasets

To rigorously evaluate the performance of our proposed framework under extreme low-

resolution conditions, experiments were conducted on two challenging large-scale bench-

marks: QMUL-SurvFace [157] and QMUL-TinyFace [236], as illustrated in Fig. 4.5. These

datasets were carefully selected because they consist of native low-resolution facial im-



CHAPTER 4. ENHANCING FV FOR LR IMAGES WITH SR AND VITS 131

ages captured in unconstrained real-world environments. Unlike artificially downsampled

datasets, they reflect realistic degradation scenarios encountered in surveillance and web-

based imagery, making them highly suitable for evaluating robustness and generalization

capability.

The evaluation on these datasets enables a comprehensive assessment of both com-

ponents of our framework: (1) the ability of SR networks to recover discriminative facial

details and (2) the effectiveness of Vits in extracting robust identity representations from

enhanced low-resolution inputs.

Table 4.1 summarizes the number of training, validation, and testing samples in both

datasets, with and without data augmentation. It also reports the number of identities

(classes) in each dataset, providing insight into the scale and diversity of the recognition

task.

1. QMUL-SurvFace [157]: The QMUL-SurvFace dataset introduces a realistic and

highly challenging benchmark for surveillance face recognition. It is currently the

largest publicly available dataset specifically designed for native low-resolution face

recognition in open-set scenarios. Unlike datasets that simulate low-resolution

conditions through artificial downsampling, SurvFace consists entirely of real low-

resolution face images captured from surveillance footage in unconstrained environ-

ments.

The dataset contains 463,507 face images corresponding to 15,573 unique individ-

uals, collected across diverse locations, time periods, and surveillance conditions.

Recognition in this dataset is particularly challenging due to severe resolution degra-

dation, motion blur, illumination variations, and the presence of numerous non-

target individuals (distractors). These factors make SurvFace an essential bench-

mark for evaluating the robustness of face verification systems operating in realistic

surveillance environments.

2. QMUL-TinyFace [236]: The QMUL-TinyFace dataset is a large-scale benchmark

specifically designed to advance research in native low-resolution face recognition

within deep learning frameworks. It comprises 169,403 low-resolution face images

with an average resolution of approximately 20 × 16 pixels, associated with 5,139

labeled identities for large-scale 1:N recognition evaluation.
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Unlike earlier studies that relied on artificially downsampled high-resolution im-

ages, TinyFace consists exclusively of naturally captured low-resolution faces col-

lected from public web sources. The dataset encompasses a wide range of real-world

variations, including pose changes, illumination differences, occlusions, background

clutter, and expression diversity. These characteristics significantly increase recog-

nition difficulty and make TinyFace a critical benchmark for assessing the capability

of transformer-based models and SR-enhanced pipelines under extreme resolution

constraints.

By evaluating our proposed SR-ViT framework on both SurvFace and TinyFace, we

aim to analyze its strengths and limitations in real-world low-resolution face verification

scenarios. These datasets collectively provide complementary challenges—ranging from

large-scale surveillance settings to tiny web-captured faces—allowing for a thorough and

realistic assessment of the proposed approach.

Table 4.1: The total number of training, validation, and test images utilized for the
QMUL-Survface and QMUL-TinyFace, both with and without data augmentation.

Dataset Number
of
Classes

Data Augmen-
tation

Number of Images

Training Validation Test

QMUL-Surface No 152394 68494 60423

Yes 914364 410964 241692

QMUL-
TinyFace

No 11532 11532 9320

Yes 69192 46128 37280

4.5.2 Data Augmentation Strategy

To enhance the robustness and generalization capability of the proposed SR-ViT frame-

work, a carefully designed data augmentation pipeline was implemented. The augmenta-

tion strategy differs across the training, validation, and testing sets in order to introduce

variability during learning while preserving consistency during evaluation. This separa-
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tion ensures that the model benefits from diverse training samples without compromising

the fairness and reliability of performance assessment.

1. Training Data Transformations

During training, extensive data augmentation techniques are applied to simulate

real-world variations and improve the model’s ability to generalize under challenging

conditions. The following transformations are employed:

• Resize: All input images are resized to a fixed spatial resolution of 128× 128

pixels to ensure uniformity in model input dimensions.

• Random Crop: A random crop of size 128 × 128 is applied, introducing

spatial variability and reducing overfitting to fixed facial alignments.

• Random Horizontal Flip: Each image is horizontally flipped with a prob-

ability of 50%, allowing the model to learn mirror-invariant facial representa-

tions.

• Random Grayscale: With a probability of 20%, images are converted to

grayscale. This transformation enhances robustness to color variations and

illumination inconsistencies.

• To Tensor: Images are converted into PyTorch tensors, scaling pixel intensi-

ties to the [0, 1] range for numerical stability.

• Normalization: Mean and standard deviation normalization is applied using

dataset-specific statistics to standardize the input distribution and facilitate

stable optimization.

These augmentations collectively increase intra-class variability and reduce overfit-

ting, enabling the model to learn more invariant and discriminative feature repre-

sentations.

2. Validation Data Transformations

For validation, a deterministic transformation pipeline is adopted to ensure consis-

tent and unbiased evaluation. Unlike the training phase, no stochastic augmenta-

tions are introduced. The applied transformations include:

• Resize: Images are resized to 128× 128 pixels.
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• Center Crop: A center crop is applied to maintain spatial consistency across

samples.

• To Tensor: Images are converted to tensor format.

• Normalization: The same normalization parameters used during training are

applied.

This standardized pipeline ensures that validation performance accurately reflects

the model’s learned generalization capability without additional randomness.

3. Testing Data Transformations

The test dataset follows a transformation strategy identical to the validation set in

order to maintain strict evaluation consistency. The applied steps are:

• Resize: Resizing to 128× 128 pixels.

• Center Crop: Extraction of the central region of the image.

• To Tensor: Conversion to tensor representation.

• Normalization: Application of the same normalization parameters used dur-

ing training.

In summary, the training dataset undergoes stochastic augmentations—such as ran-

dom cropping, horizontal flipping, and grayscale conversion—to enhance diversity and

model robustness. In contrast, the validation and test sets are processed using fixed and

deterministic transformations to guarantee consistent and unbiased evaluation metrics.

This balanced augmentation strategy ensures both strong generalization during learning

and reliable performance assessment during evaluation.

4.5.3 Parameter Settings

In this study, four Vision Transformer (ViT) variants are investigated: SimpleViT, Distill-

ableViT, DeepViT, and CaiT. To ensure a fair and controlled comparison, all architectures

share a common baseline configuration while incorporating model-specific enhancements.

This unified experimental setup allows us to isolate the impact of architectural modifica-

tions on feature learning and recognition performance under low-resolution conditions.
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The shared configuration across all models includes an input resolution of 128 × 128

pixels and a patch size of 16×16 pixels, resulting in a fixed sequence length for transformer

processing. The embedding dimension is set to 512, with six Transformer encoder layers

and eight multi-head self-attention heads. The feedforward network (MLP) dimension is

set to 1024. Regularization techniques are applied to improve generalization, including a

dropout rate of 0.1 and an embedding dropout rate of 0.1. These regularization strate-

gies are implemented in DistillableViT, DeepViT, and CaiT to mitigate overfitting and

stabilize training.

Although the models share these baseline hyperparameters, each architecture intro-

duces specific enhancements aimed at improving representation learning:

• DistillableViT: This model incorporates knowledge distillation by leveraging a

ResNet-50 teacher network during training. The teacher model provides additional

supervisory signals that guide the ViT toward learning more discriminative and se-

mantically meaningful features. Knowledge distillation is particularly beneficial in

scenarios with limited or degraded training data, as it transfers pre-trained convo-

lutional knowledge to the transformer-based student model, improving convergence

speed and feature robustness.

• DeepViT: DeepViT introduces refinements to the self-attention mechanism to ad-

dress attention collapse and enhance stability across deeper transformer layers. By

stabilizing attention distributions, the model improves global dependency modeling

and captures more consistent long-range relationships within facial images. This

leads to stronger global feature representations, which are crucial for identity dis-

crimination in low-resolution face recognition.

• CaiT (Class-Attention in Image Transformers): CaiT incorporates a class-

attention mechanism with a class-specific depth parameter set to cls_depth = 2.

This cross-attention stage improves global feature aggregation by allowing the class

token to refine its representation separately from spatial feature extraction. Addi-

tionally, CaiT employs layer dropout with a probability of 0.05, randomly dropping

5% of transformer layers during training. This strategy reduces over-reliance on

specific layers, enhances robustness, and mitigates overfitting.

These architectural variations enable a comprehensive comparative study of different
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strategies for improving Vision Transformer performance. Specifically, DistillableViT em-

phasizes enhanced feature extraction through knowledge distillation, DeepViT focuses on

stabilizing attention and strengthening global representations, and CaiT improves global

aggregation via cross-attention and structural regularization. The evaluation particularly

targets low-resolution face recognition scenarios, where effective feature modeling and

stability across degraded inputs are critical.

4.5.3.1 Optimization and Training Configuration

For transfer learning, the following hyperparameters are used:

• Learning rate: 1× 10−4

• Optimizer: AdamW

• Batch size: 1024

• Number of epochs: 1000

The AdamW optimizer is selected for its ability to decouple weight decay from gradient

updates, leading to improved generalization in transformer-based models. A relatively

small learning rate ensures stable convergence, particularly when fine-tuning pre-trained

architectures.

4.5.3.2 Hardware and Software Environment

All experiments were conducted on a Windows 10 system equipped with a 13th Gen

Intel(R) Core(TM) i9-13900KF processor, 128 GB of RAM, and an NVIDIA GeForce

RTX 4080 GPU. The implementation was developed using CUDA 12.1, Python 3.11,

and PyTorch 2.1. This hardware configuration enables efficient large-batch training and

supports the computational demands of transformer-based architectures combined with

SR preprocessing.

Overall, the controlled parameter configuration and consistent training environment

ensure a fair evaluation of the proposed SR-ViT framework across different transformer

variants, allowing for an objective analysis of architectural improvements in low-resolution

face recognition.
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Table 4.2: Performance of Face Verification and Identification on the Original QMUL-
SurvFace Database.

Model TAR(%)@FAR TPIR20(%)@FPIR mAP
0.3 0.1 0.01 0.001 AUC 0.3 0.2 0.1 0.01 AUC

SimpleViT 74.43 46.15 13.35 3.77 79.41 74.43 63.47 46.15 13.35 79.41 6.61
DistillableViT 79.02 53.15 20.79 7.90 83.07 79.02 68.96 53.15 20.79 83.07 8.26

DeepVit 72.02 42.77 12.42 3.46 78.91 72.86 60.63 42.77 12.42 78.91 3.81
Cait 76.54 42.92 9.03 1.95 80.18 76.54 63.71 42.92 9.03 80.18 6.00

Table 4.3: Performance of Face Verification and Identification on the QMUL-SurvFace
Database Using SRResNet.

Model TAR(%)@FAR TPIR20(%)@FPIR mAP
0.3 0.1 0.01 0.001 AUC 0.3 0.2 0.1 0.01 AUC

SimpleViT 68.37 36.32 8.27 1.67 76.04 68.37 54.81 36.32 8.27 76.04 5.55
DistillableViT 79.75 54.42 21.90 8.50 83.41 79.75 69.96 54.42 21.90 83.41 7.9191

DeepVit 73.38 44.10 13.24 3.90 79.13 73.38 61.71 44.10 13.24 79.13 3.75
Cait 69.16 35.68 6.86 1.34 75.8327 69.16 35.68 22.04 6.86 75.8327 3.7031

Table 4.4: Performance of Face Verification and Identification on the QMUL-SurvFace
Database Using SRGAN.

Model TAR(%)@FAR TPIR20(%)@FPIR mAP
0.3 0.1 0.01 0.001 AUC 0.3 0.2 0.1 0.01 AUC

SimpleViT 72.69 41.49 9.92 2.34 78.14 72.69 60.38 41.49 9.92 78.14 5.53
DistillableViT 77.86 51.55 19.65 7.34 82.184 77.86 67.57 51.55 19.65 82.18 7.30

DeepVit 70.92 41.63 11.86 3.13 77.81 70.92 58.94 41.63 11.86 77.81 3.41
Cait 73.58 40.14 8.66 2.01 78.37 73.58 60.51 40.14 8.66 78.37 5.77

Table 4.5: Performance of Face Verification and Identification on the Original QMUL-
TinyFace Database.

Model TAR(%)@FAR TPIR20(%)@FPIR mAP
0.3 0.1 0.01 0.001 AUC 0.3 0.2 0.1 0.01 AUC

SimpleViT 92.48 80.24 48.22 24.94 92.49 92.48 88.41 80.24 48.22 92.48 0.2679
DistillableViT 92.67 81.28 50.19 26.33 92.85 92.67 88.93 81.28 50.19 92.85 0.2994

DeepVit 88.78 72.57 41.04 21.19 89.72 88.78 83.10 72.57 41.04 89.72 0.2212
Cait 53.01 24.89 4.57 1.10 66.01 53.01 41.15 24.89 4.57 66.01 0.0317

Table 4.6: Performance of Face Verification and Identification on the QMUL-TinyFace
Database Using SRResNet.

Model TAR(%)@FAR TPIR20(%)@FPIR mAP
0.3 0.1 0.01 0.001 AUC 0.3 0.2 0.1 0.01 AUC

SimpleViT 91.36 78.61 49.55 29.19 92.12 91.36 86.78 78.61 49.55 92.12 30 .45
DistillableViT 92.18 80.45 52.92 31.03 92.65 92.18 88.21 80.45 52.92 92.65 33.10

DeepVit 88.64 73.22 42.92 23.73 90.00 88.64 83.30 73.22 42.92 90.00 28.08
Cait 59.44 31.42 6.84 1.68 69.68 59.44 47.81 31.42 6.84 69.68 3.22

4.5.4 Results analyses :

The tables 4.12, 4.13, 4.14, 4.15, 4.16, and 4.17 provide a comprehensive comparison of

the performance of various Vision Transformer (ViT) models on the QMUL-TinyFace and
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Table 4.7: Performance of Face Verification and Identification on the QMUL-TinyFace
Database Using SRGAN.

Model TAR(%)@FAR TPIR20(%)@FPIR mAP
0.3 0.1 0.01 0.001 AUC 0.3 0.2 0.1 0.01 AUC

SimpleViT 91.50 78.27 48.24 27.45 91.88 91.50 86.76 78.27 48.24 91.88 2.95
DistillableViT 91.71 79.77 51.73 30.70 92.45 91.71 87.88 79.77 51.73 92.45 3.28

DeepVit 88.92 73.64 43.29 23.79 90.18 88.92 83.38 73.64 43.29 90.18 2.61
Cait 57.98 29.16 4.54 0.82 69.02 57.98 45.81 29.16 4.54 69.02 2.66

QMUL-Surface datasets. This evaluation considers both the original low-resolution (LR)

images and the super-resolved images obtained through SRResNet and SRGAN networks.

The analysis includes several key performance metrics, such as training loss, validation

loss, overall accuracy, training time, validation time, number of trainable parameters, and

storage requirements.

Figures 4.6, 4.7, and 4.8 complement these tables by illustrating the training and vali-

dation accuracy and loss curves for the two datasets, providing a visual representation of

the models’ convergence behavior and learning dynamics. The comparative results clearly

demonstrate the impact of integrating SR techniques on low-resolution face recognition.

Specifically, the SR-enhanced inputs consistently lead to faster convergence, reduced loss,

and higher accuracy across all ViT variants. Furthermore, the analysis of training and

validation times, as well as model complexity and storage requirements, offers insights

into the trade-offs between computational efficiency and recognition performance.

(a) (b)

Figure 4.6: Accuracy and loss trends for the best Vision Transformer Distillation model on
the QMUL-TinyFace and QMUL-SurvFace datasets: (a) Distillation on QMUL-TinyFace,
(b) Distillation on QMUL-SurvFace.
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4.5.4.1 Performance Comparison of Different Models: Original vs. Super-

Resolution

Performance comparison between original low-resolution images and super-resolved im-

ages (SRResNet-SRGAN) for the QMUL-Tinyface and QMUL-Surface datasets Tables

4.2, 4.5, 4.4, 4.3, and 4.6, 4.7 highlights the substantial impact of image enhancement on

face verification and identification. The results indicate that super-resolution consistently

improves performance across all models, particularly in True Acceptance Rate (TAR),

True Positive Identification Rate (TPIR20), and mean Average Precision (mAP).

Super-resolution enhances the feature quality, allowing models to extract more mean-

ingful patterns from the images. This is evident in the TAR@FAR and TPIR20@FPIR

metrics, where all models except Cait show improvements after applying ResNet-based

SR. The overall AUC values are higher for super-resolved images, indicating better sepa-

rability between positive and negative face pairs.

For instance, DistillableViT, which already performed well on the best original dataset

QMUL-TinyFace (TAR@0.01 = 50.19%, AUC = 92.85%), improves significantly with

ResNet-based super-resolution, reaching TAR@0.01 = 52.92%, AUC = 92.65%. Similarly,

SimpleViT experiences an increase in TAR@0.001 (24.94% → 29.19%), reinforcing that

super-resolution refines facial details, enhancing model robustness.

1. SimpleViT and DistillableViT As shown in Tables 4.5 and 4.6, SimpleViT main-

tains similar performance for TAR@0.3 and 0.1, but the most significant gains ap-

pear in TAR@0.001 (24.94% → 29.19%) and mAP (26.79 → 30.45). This indicates

that SR particularly enhances performance in low FAR scenarios, where strict ver-

ification is required.

DistillableViT outperforms all models in both settings, demonstrating its superior

feature extraction capability. The model benefits significantly from SR, particularly

in mAP (29.94 → 33.10), meaning its ranking of face pairs becomes more reliable

with high-resolution inputs.

In Tables 4.2 and 4.3, we compare face verification and identification performance

on the QMUL-SurvFace dataset before and after applying Super resolution. Sim-

pleViT exhibits a decline in performance with SR, where TAR@FAR=0.01 drops

from 13.35% to 9.92%, and mAP decreases from 6.61 to 5.53. This suggests that
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SRGAN may introduce artifacts or distortions that negatively impact recognition

for this model. DistillableViT, however, benefits from SR, with TAR@FAR=0.01

increasing from 20.79% to 21.90%, and mAP showing a slight drop from 8.26 to 7.92.

This indicates that DistillableViT is more robust to the SRResNet transformations,

preserving verification capability.

2. DeepViT In Tables 4.5 and 4.7, DeepViT exhibits consistent yet moderate im-

provements after applying super-resolution. Initially struggling with TAR@0.01

(41.04%), it benefits from SR, increasing to 43.29%, which demonstrates improved

recognition under more challenging verification conditions.

The AUC values also show a slight increase (89.72 → 90.18), indicating enhanced

feature representation. However, the improvements are not as pronounced as those

observed in DistillableViT.

in Table 4.2 and 4.3 The ResNet-enhanced version of DeepViT consistently outper-

forms the original model in most face verification and identification metrics on the

QMUL-SurvFace dataset. Notable improvements include TAR@FAR 0.3 (+1.36)

and TPIR@FPIR 0.1 (+1.33), indicating enhanced recognition capabilities, while

smaller but consistent gains are observed across other verification and identifica-

tion thresholds. The AUC scores for both TAR and TPIR also improve slightly

(+0.22), reflecting a better overall performance. Overall, the ResNet-enhanced SR

technique strengthens DeepViT’s ability to handle low-resolution face verification

and identification, making it a more robust choice in surveillance scenarios.

3. Cait : Cait performs significantly worse on the QMUL-Surface dataset compared to

QMUL-Tinyface, highlighting its weak generalization ability. It consistently ranks

as the worst-performing model across both settings in Tables 4.5 and 4.6. Although

it benefits from SR (TAR@0.01 increases from 4.57% to 6.84%), its overall AUC

remains low (66.01% → 69.68%), indicating that it struggles to leverage the addi-

tional detail provided by super-resolution. The minimal TAR improvement suggests

Cait’s architecture is ill-suited for low-resolution face verification, even with SR. Its

deep, narrow layers struggle to capture fine details, and the higher complexity of

Surface images further limits its performance gains.

Applying super-resolution prior to face verification significantly enhances performance,
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particularly for transformer-based architectures with efficient feature extraction mecha-

nisms. The results suggest that Vits like DistillableViT and SimpleViT are well-suited for

handling super-resolved images, while models like Cait require architectural adaptations

to fully benefit from improved image quality.

4.5.4.2 Performance Comparison of Different Models: SRResNet vs. SR-

GAN

In this study, we analyze the performance of four Vision Transformer (ViT) models for

SR face verification after applying SR techniques, specifically SRResNet and SRGAN.

This comparison highlights how each model benefits from resolution enhancement and

whether SRGAN provides a notable improvement over SRResNet on the two datasets,

QMUL-SurvFace and QMUL-TinyFace.

1. Performance Comparison of SimpleViT : In 4.3 and 4.4, SimpleViT shows a

moderate boost with SRGAN, as TAR at FAR=0.3 increases from 68.37% (SRRes-

Net) to 72.69% (SRGAN), a 6.3% improvement. The largest gain is at FAR=0.001,

rising from 1.67% to 2.34%. TPIR20 also improves, with FPIR=0.3 increasing by

4.32% and FPIR=0.1 by 5.17%. However, mAP remains nearly unchanged (5.55

vs. 5.53), indicating that SRGAN enhances verification but has little impact on

retrieval accuracy.

4.6 and 4.7, sees minimal impact from SRGAN. TAR at FAR=0.3 remains nearly the

same (91.36% → 91.50%), while at FAR=0.001, it slightly declines from 29.19% to

27.45% (-1.74%). TPIR20 also shows negligible change, and mAP drops significantly

from 30.45 to 2.95, indicating SRGAN does not enhance retrieval effectiveness.

2. Performance Comparison of DistillableViT : Unlike SimpleViT, DistillableViT

sees a decline with SRGAN 4.3 and 4.4. TAR at FAR=0.3 drops from 79.75%

(SRResNet) to 77.86% (SRGAN) 2.4%. TPIR20 also decreases, with FPIR=0.1

falling by 2.87%. mAP declines from 7.91 to 7.30, suggesting DistillableViT is

inherently robust to low-resolution inputs, making super-resolution unnecessary and

even counterproductive.

4.6 and 4.7 follows a similar trend, with TAR at FAR=0.3 slightly decreasing from

92.18% to 91.71% (-0.47%). At FAR=0.001, TAR declines from 31.03% to 30.70%
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(0.33%). TPIR20 remains stable, while mAP drops from 33.10 to 3.28, reinforcing

that DistillableViT is inherently robust to low resolution and does not benefit from

SRGAN.

3. Performance Comparison of DeepViT :

DeepViT sees moderate gains with SRGAN in 4.4. TAR at FAR=0.3 rises from

77.86% SRGAN to 79.75% SRResNet 1.89%. TPIR20 improves across FPIR levels,

with FPIR=0.1 increasing by 2.87%. However, mAP remains low at 3.41, indicating

limited ranking accuracy improvement.

DeepViT experiences marginal improvement table 4.7, with TAR at FAR=0.3 in-

creasing from 88.64% to 88.92% (+0.28%) and FAR=0.001 from 23.73% to 23.79%

(+0.3%). TPIR20 stays mostly unchanged, while mAP drops from 28.08 to 2.61,

suggesting SRGAN does not significantly aid DeepViT.

4. Performance Comparison of Cait : CaiT benefits the most from SRGAN 4.4

in QMUL-SurvFace, with TAR at FAR=0.3 increasing by 4.42%. TPIR20 improves

by 18.1% at FPIR=0.1. Notably, mAP rises from 3.70 to 5.77, making CaiT the

most compatible for SRGAN-based face verification.

performs the worst and deteriorates further with SRGAN. TAR at FAR=0.3 declines

from 59.44% to 57.98% 1.46%, and at FAR=0.001, it drops sharply from 1.68%

to 0.82%. TPIR20 also decreases across all levels, and mAP drops from 3.22 to

2.66, making CaiT the least effective model for SRGAN-based face verification on

TinyFace.

4.5.4.3 Comparison with State-of-the-Art Methods

Table 4.8 presents a comprehensive comparison between the proposed SR-ViT framework

and several state-of-the-art methods on the QMUL-Surface dataset. The results clearly

demonstrate the superiority of our approach across multiple evaluation metrics, empha-

sizing its effectiveness in handling extremely low-resolution face verification.

Regarding TAR@0.01%, our method achieves a value of 7.90%, outperforming the

strongest competing model, ShuffleFaceNet, which attains only 4.6%. This represents

an absolute improvement of 3.3%, underscoring the model’s capability to maintain high
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Table 4.8: Performance Comparison of Different Methods on the Original QMUL-
SurvFace Database.

Method TAR (%) @ FAR TRIP (%) @ FRIP AUC Mean Acc (%)

30% 10% 1% 0.1% 30% 20% 10% 1%

Martínez ShuffleFaceNet [171] 57.0 33.1 10.6 4.6 - - - - 68.7 63.6

-Díaz et al. MobileFaceNet [172] 58.8 34.3 12.1 4.3 - - - - 70.2 64.8

[170] (2023) R100-ArcFace [173] 54.5 29.0 8.7 2.4 - - - - 66.7 61.9

Tai et al. SST (Arc-softmax) - - - - 12.38 9.71 6.61 1.72 - -

[237] MASST(AM-softmax) - - - - 11.94 9.18 6.12 1.65 - -

(2023) MASST(Arc-softmax) - - - - 12.27 9.21 5.64 1.68 - -

Ahn et al. MagFace + UCFace [201] - - - - - 33.10 28.65 16.93 - -

[238] AdaFace [239] - - - - - 31.22 26.32 15.39 - -

(2024) AdaFace + UCFace - - - - - 33.40 28.24 16.67 - -

he et al. BTNet (max+floor) - - - - 29.1 24.5 17.6 - 33.6 -

[240] BTNet (max+near) - - - - 31.0 26.4 19.6 - 35.2 -

(2023) BTNet (max+ceil) - - - - 31.2 26.9 20.6 - 35.4 -

Shi et al.[241] SE-ResNet-101 - - - - 28.99 25.13 18.56 - - -

(2022) SCAN-SE-ResNet-101 - - - - 29.72 25.52 19.18 - - -

Proposed 79.02 53.15 20.79 7.90 79.02 68.96 53.15 20.79 83.07 99.92

verification accuracy even at very low false acceptance rates—a critical requirement in

security-sensitive applications.

In terms of the Area Under the Curve (AUC), the proposed framework attains

83.07%, substantially exceeding the performance of BTNet (max+ceil), which reached

merely 35.4%. The resulting absolute gain of 47.67% highlights the model’s enhanced

discriminative power, effectively distinguishing between genuine and impostor face pairs

even under challenging low-resolution conditions.

For TRIP@10%, the SR-ViT model achieves 53.15%, significantly higher than the

28.24% reported by ArcFace + UCFace, yielding an absolute improvement of 24.91%.

This marked enhancement demonstrates the robustness and reliability of our framework

in scenarios where both resolution and quality are severely limited.

Overall, these quantitative comparisons confirm that the proposed SR-ViT approach

consistently outperforms existing methods across critical metrics. The results validate

the effectiveness of integrating SR preprocessing with Vision Transformer architectures,

particularly in low-resolution face verification tasks where traditional models struggle to

preserve discriminative facial features.

Table 4.9 provides a detailed comparative analysis of our proposed SR-ViT framework
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Table 4.9: Performance Comparison of Different Methods on the Original QMUL-
TinyFace Database.

Method TAR (%) @ FAR TRIP (%) @ FRIP AUC Mean Acc(%)

30% 10% 1% 0.1% 30% 20% 10% 1%

Jiao et al. SphereConv w/L Op[168] - - - - - - - - - 71.3

[161] SphereConv w/C Op [168] - - - - - - - - - 69.0

SphereConv w/S Op [168] - - - - - - - - - 73.5

CenterLoss [162] 81.7 58.4 17.9 5.42 - - - - - 76.9

FaceNet [242] 83.1 53.5 18.1 7.57 - - - - - 77.0

CosFace [200] 82.3 57.9 16.0 6.76 - - - - - 76.3

SphereFace [165] 82.0 59.1 17.5 7.56 - - - - - 77.3

Proposed 92.67 81.28 50.19 26.33 92.67 88.93 81.28 50.19 92.85 95.62

against several state-of-the-art methods on the QMUL-TinyFace dataset. The results

clearly indicate that the integration of Super-Resolution (SR) with Vits substantially

improves low-resolution face verification performance across multiple evaluation metrics.

Specifically, SR-ViT achieves 92.67% TAR@FAR=30%, 81.28% TAR@FAR=10%,

and 50.19% TAR@FAR=1%. These results surpass the performance of FaceNet by

9.37%, 27.78%, and 32.09%, respectively, and exceed SphereFace by 10.67%, 22.18%,

and 32.69% in the same evaluation metrics, highlighting a substantial improvement in

recognition capability.

In particularly challenging scenarios with low false acceptance rates, SR-ViT attains

26.33% TAR@FAR=0.1%, representing an absolute gain of 17.69% over L-Softmax

(8.64%) and 19.57% over CosFace (6.76%). This demonstrates the model’s robustness

under stringent verification conditions, where distinguishing genuine from impostor pairs

is most difficult.

Additionally, SR-ViT achieves the highest overall AUC of 92.85% and a mean ac-

curacy of 95.62%, reflecting an 18.32% improvement in accuracy over SphereFace.

These results emphasize the effectiveness of combining Super-Resolution techniques with

Vision Transformer architectures, enabling more discriminative feature extraction and en-

hanced recognition performance, particularly in extreme low-resolution conditions where

traditional methods struggle.

Overall, the performance gains across all TAR and FAR thresholds illustrate that

SR-ViT is not only capable of handling standard low-resolution face images but also

excels in extremely challenging verification scenarios, confirming the practical benefits of
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SR-enhanced transformer models for real-world applications.

4.5.4.4 Comparison with State-of-the-Art Methods after Super-Resolution

Table 4.10 presents a detailed comparison of the proposed SR-ViT method with several

state-of-the-art super-resolution-based face recognition techniques on the QMUL-Surface

dataset. Our approach demonstrates a clear performance advantage across multiple met-

rics. Specifically, for TAR@0.1%, the proposed model achieves 8.50%, markedly out-

performing the leading competing method, FAN (Enc L), which reaches only 2.75%,

corresponding to an absolute gain of 5.75%. In comparison with traditional SR methods

such as VDSR (3.10%) and SRResNet (2.07%), our framework yields significant improve-

ments of 5.40% and 6.43%, respectively, highlighting its superior capability in extremely

low-resolution conditions.

For TAR@10%, our model attains 54.42%, surpassing FAN (Enc L) at 44.59% by a

margin of 9.83%. When compared with other SR-enhanced methods, including GPEN+

ShuffleFaceNet (26.3%) and GFP-GAN+ShuffleFaceNet (23.1%), the proposed approach

exhibits notable gains of 28.12% and 31.32%, respectively. In terms of TRIP@10%, the

model reaches 54.42%, while FAN (Enc L) does not report this metric. Furthermore,

the proposed method achieves an impressive AUC of 83.41%, exceeding FAN (Enc L) at

76.94% by 6.47%, VDSR at 71.02% by 12.39%, and GPEN+MobileFaceNet at 64.5%

by 18.91%, demonstrating a robust discriminative capacity across varying thresholds.

Similarly, Table 4.11 illustrates a comparative evaluation on the QMUL-TinyFace

dataset, where our proposed framework consistently outperforms existing methods. The

SR-ViT approach achieves a Rank-1 accuracy of 37.9%, an AUC of 92.65%, a mean

accuracy of 100%, and an mAP of 33.10. Compared to DDAT [161], the model improves

mean accuracy by 23.8% (from 76.2% to 100%), highlighting its effectiveness in extreme

low-resolution face recognition. When compared to the best prior super-resolution-based

method, SRCNN, our model attains an absolute gain of 8.3% in Rank-1 accuracy (from

29.6% to 37.9%) and boosts mAP by 10.4% (from 22.7 to 33.10).

These results clearly indicate the robustness and superiority of our proposed frame-

work, which leverages the synergy between Vits and SR techniques. The substantial

performance improvements across multiple metrics, further corroborated by the Cumula-

tive Match Characteristic (CMC) curves in Figures 4.9 and 4.10, establish our approach as
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a new benchmark for low-resolution face recognition, effectively addressing the challenges

posed by severely degraded image inputs.

4.6 Conclusion

This thesis systematically investigated the integration of Vits with super-resolution (SR)

techniques for enhancing low-resolution face verification. The experimental findings demon-

strate that incorporating SR preprocessing, particularly using SRResNet, substantially

improves the performance of various ViT architectures. Notably, SimpleViT and Distill-

ableViT showed the most significant gains, achieving near-perfect accuracy and exhibiting

robust feature extraction capabilities. In contrast, DeepViT, which initially experienced

overfitting issues, benefited from SR preprocessing by attaining more stable and reli-

able performance, whereas CaiT remained largely ineffective across both original and

SR-enhanced inputs.

Moreover, our proposed SR-ViT framework consistently surpassed state-of-the-art face

verification methods, delivering superior results in terms of True Acceptance Rate (TAR),

True Positive Identification Rate (TPIR), and Area Under the Curve (AUC). These re-

sults underscore the robustness and effectiveness of the proposed approach in handling

extremely low-resolution facial images, highlighting its practical applicability in real-world

scenarios where image quality is severely compromised.

For future research, several promising directions are suggested. One avenue involves

designing more advanced SR architectures specifically tailored to enhance facial feature

details. Another direction includes integrating adaptive attention mechanisms within ViTs

to further improve feature discrimination and robustness in low-resolution face verification

tasks. Overall, the outcomes of this study provide a solid foundation for advancing low-

resolution face recognition and verification, paving the way for more effective and resilient

transformer-based solutions.
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Table 4.10: Performance Comparison with State-of-the-Art Models on the QMUL-
SurvFace Database with Super-Resolution.

Method TAR (%) @ FAR TRIP (%) @ FRIP AUC Mean Acc (%)

30% 10% 1% 0.1% 30% 20% 10% 1%

Yin et al. VDSR [182] 61.03 35.32 8.89 3.10 - - - - 71.02 65.64

[243] SRResNet [5] 61.81 34.03 8.36 2.07 - - - - 71.00 65.94

FSRNet [191] 59.92 33.10 7.84 1.93 - - - - 70.09 64.96

FSRGAN [191] 56.03 30.91 8.45 2.66 - - - - 67.93 63.06

FAN (norm. face) 62.31 36.64 11.89 3.70 - - - - 71.66 66.32

FAN (Enc L) 71.30 44.59 12.94 2.75 - - - - 76.94 70.88

Martínez GPEN+Shuf [187] 51.1 26.3 6.2 1.8 - - - - 64.3 60.6

-Díaz et al. GFP-GAN+Shuf 47.9 23.1 5.2 1.1 - - - - 62.2 58.7

[170] CodeFormer+Shuf 51.1 24.7 6.2 1.4 - - - - 64.6 60.3

(2023) GPEN+MobileF 51.3 25.9 6.5 1.3 - - - - 64.5 60.4

GFP-GAN+MobileF [188] 47.5 24.6 5.3 0.8 - - - - 62.2 58.9

CodeFormer+MobileF 52.1 26.5 7.0 3.1 - - - 65.0 60.9

GPEN+R100-ArcF 49.1 25.1 6.7 1.5 - - - 63.3 59.2

GFP-GAN+R100-ArcF 45.5 20.1 4.8 1.1 - - - - 60.8 57.7

CodeFormer+R100-ArcF [189] 44.9 20.1 3.7 0.9 - - - - 60.9 57.3

SR-Vit 79.75 54.42 21.90 8.50 79.75 69.96 54.42 21.90 83.41 99.92

(a) (b)

(c) (d)

Figure 4.7: Accuracy and loss trends for the proposed SR-ViTs models on the QMUL-
Survface dataset: (a) SR-SimpleViT, (b) SR-Distillation, (c) SR-DeepViT, (d) SR-CaiT.
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Table 4.11: Performance Comparison with State-of-the-Art Models on the QMUL-
TinyFace Database with Super-Resolution.

Method Rank-1 AUC Mean Acc (%) mAP

Jiao et al. [161] SRGAN [5] - - 65.0

pix2pix [180] - - 74.9

DDAT - - 76.2

Cheng et al. [236] SRCNN [179] 29.6 - 22.7

VDSR [182] 28.8 - 22.1

DRRN [244] 29.4 - 22.4

SR-Vit 37.9 92.65 100.00 33.10

(a) (b)

(c) (d)

Figure 4.8: Accuracy and loss trends for the proposed SR-ViTs models on the QMUL-
TinyFace dataset: (a) SR-SimpleViT, (b) SR-Distillation, (c) SR-DeepViT, (d) SR-CaiT.
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(a) (b)

Figure 4.9: CMC Curve Comparison on the QMUL-Survfac Dataset. (a) CMC Curve for
Original Images. (b) CMC Curve for Super-Resolved Images using SRResNet.

(a) (b)

Figure 4.10: CMC Curve Comparison on the QMUL-TinyFace Dataset. (a) CMC Curve
for Original Images. (b) CMC Curve for Super-Resolved Images using SRResNet.

Table 4.12: Training and Validation Performance of Vision Transformer Models on the
Original QMUL-SurvFace Database.

Model Batch size Performance Training Validation Trainable Storage space
indicators parameters

SimpleViT 512 Loss: 0.0020 1.97 15.73 millions 61.474 Mo
Accuracy: 99.91 80.38

Time: 17.53h 52s 1m 6s
DistillableViT 1024 Loss: 0.0017 2.16 15.76 millions 61.622 Mo

Accuracy: 99.92 81.81
Time: 36.56h 42.8s

DeepVit 1024 Loss: 0.0032 2.80 15.76 millions 61.630 Mo
Accuracy: 99.87 75.72

Time: 56.7h 42s 42.82s
Cait 128 Loss: 0.0293 1.81 19.97 millions 78.097 Mo

Accuracy: 99.14 80.08
Time: 50.13h3.4s 3m22.3s
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Table 4.13: Training and Validation Performance of Vision Transformer Models on the
QMUL-SurvFace Database with SRResNet.

Model Batch size Performance Training Validation Trainable Storage space
indicators parameters

SimpleViT 512 Loss: 0.0028 1.83 15.73 millions 61.474 Mo
Accuracy: 99.90 79.69

Time: 17.93h 32s 3m 29s
DistillableViT 1024 Loss: 0.0012 2.2767 15.76 millions 61.62 Mo

Accuracy: 99.92 81.16
Time: 19.16h 40.09s

DeepVit 1024 Loss: 0.0070 2.2888 15.76 millions 61.63 Mo
Accuracy: 99.79 75.74

Time: - -
Cait 128 Loss: 0.0176 1.8847 19.97 millions 78.09 Mo

Accuracy: 99.49 79.83
Time: 52.23h 3.25m

Table 4.14: Training and Validation Performance of Vision Transformer Models on the
QMUL-SurvFace Database with SRGAN.

Model Batch size Performance Training Validation Trainable Storage space
indicators parameters

SimpleViT 512 Loss: 0.0018 2.02 15.73 millions 61.47 Mo
Accuracy: 99.91 79.78

Time: 17.35h 1m 2.2S
DistillableViT 1024 Loss: 0.0014 2.2720 15.76 millions 61.62Mo

Accuracy: 99.93 81.12
Time: 19.61h 58s 38.7s

DeepVit 1024 Loss: 0.0044 2.8642 15.76 millions 61.63 Mo
Accuracy: 99.84 75.24

Time: 55.71h 1m43s
Cait 128 Loss: 0.0197 1.8349 19.97 millions 78.097 Mo

Accuracy: 99.40 80.14
Time: 50.28h 11m29s

Table 4.15: Training and Validation Performance of Vision Transformer Models on the
Original QMUL-TinyFace Database.

Model Batch size Performance Training Validation Trainable Storage space
indicators parameters

SimpleViT 512 Loss: 0.7410 0.3793 15634957 millions 61.101 Mo
Accuracy: 89.60 95.62

Time: 3.85h 49s 8.6s
DistillableViT 1024 Loss: 0.3793 13.7648 15671821 millions 61.249 Mo

Accuracy: 95.62 0.19
Time: 4.28h7s 7.6s

DeepVit 1024 Loss: 0.5465 13.9766 15672301 millions 61.257 Mo
Accuracy: 91.08 0.24

Time: 7.25h8s 7.7s
Cait 128 Loss: 7.1008 10.2590 19883021 millions 77.724Mo

Accuracy: 2.02 0.11
Time: 6.2h50s 42.1s
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Table 4.16: Training and Validation Performance of Vision Transformer Models on the
QMUL-TinyFace Database with SRResNet.

Model Batch size Performance Training Validation Trainable Storage space
indicators parameters

SimpleViT 512 Loss: 0.0008 0.0013 15634957 millions 61.101 Mo
Accuracy: 100.00 99.97

Time: 4.13 h 8s 34.6 s
DistillableViT 1024 Loss: 0.0053 0.0045 15671821 millions 55.96 Mo

Accuracy: 99.95 99.99
Time: 4.55h 11.5s

DeepVit 1024 Loss: 0.0013 0.0016 15672301 millions 61.257 Mo
Accuracy: 99.98 99.98

Time: 7.58h 5s 12.1s
Cait 128 Loss: 7.3217 7.2575 19883021 millions 77.724 Mo

Accuracy: 1.49 1.67
Time: 6.45h 21s 42.0s

Table 4.17: Training and Validation Performance of Vision Transformer Models on the
QMUL-TinyFace Database with SRGAN.

Model Batch size Performance Training Validation Trainable Storage space
indicators parameters

SimpleViT 512 Loss: 0.0018 0.0017 15634957 millions 61.101 Mo
Accuracy: 99.98 99.97

Time: 4.15h 9s 15.4s
DistillableViT 1024 Loss: 0.0073 0.0067 15671821 millions 61.249 mo Mo

Accuracy: 99.98 99.98
Time: 4.5h56s 10.9s

DeepVit 1024 Loss: 0.0046 0.0049 15672301 millions 61.257 Mo
Accuracy: 99.94 99.96

Time: 8.21h 16s 12.06s
Cait 128 Loss: 7.1367 7.2053 19883021 millions 77.724 Mo

Accuracy: 1.45 1.33
Time: 6.46h 15s 42.2s



Chapter 5

Conclusion and Future Work

Throughout this thesis, we explored two complementary approaches to enhance face recog-

nition accuracy under low-resolution (LR) conditions by integrating Super-Resolution

(SR) techniques with advanced feature extraction models. The first study focused on

developing a tensor-driven framework that leverages multilinear subspace learning to ad-

dress the challenges associated with LR face images. By reconstructing high-resolution

(HR) images through SR networks and extracting robust feature representations using

tensor-based analysis, we effectively mitigated information loss and preserved discrimina-

tive features essential for accurate recognition.

Building upon the findings of the first study, the second study extended the proposed

framework by incorporating Vision Transformer (ViT) architectures to further enhance

the feature extraction process. By utilizing self-attention mechanisms, ViTs enabled the

model to capture both local textures and global contextual dependencies, thereby com-

pensating for spatial information loss in LR inputs. The integration of SR networks such

as SRResNet and SRGAN, combined with ViT models including SimpleViT, CaiT, Distil-

lation, and DeepViT, demonstrated significant improvements in face verification accuracy,

particularly in extreme LR scenarios.

This chapter presents a comprehensive summary of the key findings from both studies,

identifies the main limitations of the proposed approaches, and outlines future research

directions aimed at optimizing the framework for broader applicability and enhanced

computational efficiency.

152
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5.1 Summary of Key Findings

Throughout this research, two complementary frameworks were developed to address

the challenges of low-resolution (LR) face recognition by integrating Super-Resolution

(SR) techniques with robust feature extraction methods. The first study emphasized SR

techniques to reconstruct high-resolution (HR) images, while the second study extended

the framework by incorporating Vision Transformer (ViT) architectures for enhanced

feature representation. The key findings from both studies are as follows:

5.1.1 Super-Resolution Techniques for Enhancing Facial Details

(First Study)

The implementation of SR techniques proved to be a critical component in mitigating

information loss caused by extreme LR conditions. The study evaluated three SR meth-

ods SRResNet, SRGAN, and Real-ESRGAN each demonstrating distinct strengths and

limitations.

• SRResNet effectively preserved fundamental facial textures and structures through

its residual learning framework. By minimizing pixel-wise loss, SRResNet gener-

ated HR images that maintained structural consistency, albeit with limited texture

refinement.

• SRGAN leveraged adversarial training to produce sharper HR images by incorpo-

rating perceptual loss and a discriminator network. This approach was particularly

effective in recovering fine-grained details, making it more suitable for severely de-

graded inputs (16x16 pixels).

• Real-ESRGAN introduced advanced perceptual loss functions and multi-scale dis-

criminators, resulting in highly realistic HR reconstructions. It demonstrated su-

perior performance in reducing visual artifacts and enhancing texture consistency,

achieving the highest recognition accuracy among the three SR methods.

Overall, the integration of these SR networks significantly improved the quality of LR

images, establishing a strong foundation for subsequent feature extraction through ViTs.
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5.1.2 Tensor-Driven Feature Extraction: Enhancing Robustness

Across Resolutions (First Study)

Following SR processing, the first study implemented a tensor-driven framework to ex-

tract robust feature representations using multilinear subspace learning. This method

effectively addressed the challenge of feature continuity across varying resolutions by pre-

serving the spatial and structural consistency of facial features.

• The tensor-driven approach utilized SR-enhanced images as inputs, allowing the

model to leverage rich, high-dimensional representations that captured both local

and global patterns.

• The framework effectively mitigated feature degradation by extracting consistent

feature mappings across multiple resolution levels, reducing the impact of informa-

tion loss associated with LR inputs.

• The combination of SR and tensor analysis led to substantial improvements in

recognition accuracy, providing a solid baseline for the ViT-based feature extraction

introduced in the second study.

5.1.3 ViT-Based Feature Extraction: A Paradigm Shift in LR

Face Recognition (Second Study)

Building upon the findings of the first study, the second study extended the proposed

framework by integrating Vision Transformer (ViT) models, utilizing self-attention mech-

anisms to capture long-range dependencies and spatial relationships across facial images.

The study evaluated four ViT models SimpleViT, CaiT, Distillation, and DeepViT each

selected for its unique architectural properties:

• SimpleViT: Designed as a lightweight model, it maintained a balance between com-

putational efficiency and recognition accuracy. By reducing the number of attention

heads, SimpleViT minimized processing time while effectively capturing essential fa-

cial features.

• CaiT: With deeper attention blocks and more sophisticated normalization layers,

CaiT demonstrated superior capability in extracting complex spatial dependencies,
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making it particularly effective for HR inputs generated by SRResNet and SRGAN.

• Distillation: This hybrid model combined CNN-based feature extraction with ViT

attention layers, effectively utilizing both local texture patterns and global con-

text. It provided a comprehensive representation of facial features across varying

resolutions.

• DeepViT: By increasing the number of attention layers, DeepViT enhanced the

model’s capacity to learn complex feature hierarchies, achieving the highest recog-

nition accuracy, particularly when paired with SRResNet for HR reconstruction.

The ViT-based framework not only compensated for spatial information loss in LR

inputs but also provided a robust mechanism for capturing contextual dependencies, sig-

nificantly improving recognition accuracy in challenging LR settings.

5.1.4 Synergistic Integration of SR and ViT Models

A significant contribution of this research is the strategic integration of SR networks and

ViT models into a unified processing pipeline. This dual-stage framework addressed two

critical challenges:

• Feature Consistency Across Resolutions: SR networks, particularly SRResNet, effec-

tively reconstructed HR images with preserved texture and structural consistency.

This ensured that ViTs received visually enriched inputs, allowing them to learn

stable feature mappings that remained consistent across different resolution levels.

• Enhanced Global Context Modeling: ViTs exploited self-attention mechanisms to

capture spatial dependencies across facial regions, compensating for information loss

during SR processing.

Multi-head attention enabled the model to focus on multiple facial regions simulta-

neously, resulting in a comprehensive and discriminative feature representation.

This synergistic approach not only mitigated the impact of extreme resolution degra-

dation but also laid a robust foundation for further exploration in transformer-based

feature extraction for LR face recognition.
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5.1.5 Performance Analysis and Evaluation

The experimental analysis conducted in both studies provided compelling evidence of the

effectiveness of the proposed framework. Key findings include:

• SRResNet, when combined with SimpleViT, achieved the highest recognition accu-

racy of 100% on the QMUL-TinyFace Database, demonstrating exceptional robust-

ness in reconstructing HR images and extracting meaningful features.

• SRResNet provided a lightweight, computationally efficient solution, achieving mod-

erate accuracy but serving as a practical baseline for rapid processing scenarios.

• SRGAN, paired with DistillableViT, balanced computational efficiency and accu-

racy, making it a viable option for low-resource settings.

• Across all models, the integration of SR networks enhanced feature consistency,

while ViTs leveraged self-attention to establish global context, significantly reducing

misclassification rates in extreme LR conditions.

The findings of this research highlight the transformative potential of integrating SR

networks and ViT models to address the limitations of LR face recognition. By recon-

structing HR images prior to feature extraction and employing self-attention to capture

spatial dependencies, the proposed framework not only mitigates the challenges of res-

olution degradation but also establishes a solid foundation for future advancements in

transformer-based visual data processing.

5.2 Limitations of the Study

Despite the promising outcomes achieved through the integration of Super-Resolution

(SR) techniques and ViTs in enhancing face recognition for low-resolution (LR) images,

several limitations were identified throughout the study. Addressing these limitations

provides valuable insights for future research and potential framework enhancements:

5.2.1 Dependence on SR Quality and Artifact Generation

The effectiveness of the proposed framework heavily relies on the quality of the recon-

structed high-resolution (HR) images generated by SR networks. While SRGAN and
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Real-ESRGAN effectively restored fine-grained facial details, they also introduced certain

visual artifacts, particularly when dealing with extremely degraded inputs (16x16 pixels).

• Artifacts generated during the SR process can potentially distort critical facial fea-

tures, leading to misclassification or false positives in face verification tasks.

• Although Real-ESRGAN mitigated some of these artifacts, the challenge of main-

taining a balance between high perceptual quality and structural accuracy remains

a significant limitation.

• Future work should explore advanced SR architectures, such as SwinIR or VQGAN,

to further minimize artifact generation while preserving essential facial structures.

5.2.2 Computational Complexity and Processing Overhead

The incorporation of ViTs, particularly DeepViT and CaiT, increased the computational

load significantly compared to conventional CNN-based frameworks.

• ViTs require extensive computational resources due to the multi-head self-attention

mechanism, which processes multiple patches simultaneously and establishes long-

range dependencies.

• The inclusion of SR networks further amplified the computational burden, as each

LR image had to be reconstructed at HR before passing through the ViT layers.

• To address this limitation, future research could focus on developing lightweight ViT

models (e.g., MobileViT, EfficientViT) that balance feature extraction capabilities

with computational efficiency.

5.2.3 Dataset Variability and Generalization Challenges

The performance evaluation was conducted on selected benchmark datasets that primarily

consist of controlled LR face images. While these datasets provided a structured testing

environment, they do not fully reflect the complexities of real-world scenarios, such as

varying illumination, occlusions, and background noise.
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To enhance generalization, future work should incorporate more comprehensive and

diverse datasets, integrating real-world LR facial images captured under various environ-

mental conditions.

5.2.4 Lack of Adaptive Learning and Model Scalability

The current framework processes LR images through a fixed SR network followed by a pre-

defined ViT model. While this approach proved effective in structured testing scenarios,

it lacks adaptability to varying input conditions and resolution levels.

Implementing an adaptive learning strategy, such as a resolution-aware module or

dynamic model selection, could optimize processing time and resource allocation without

compromising accuracy.

5.2.5 Limitations in Feature Consistency Across Resolutions

While the integration of SR networks effectively restored visual details, maintaining fea-

ture consistency across different resolution levels remains a persistent challenge.

Future enhancements could focus on multi-resolution ViTs that process both LR and

HR inputs simultaneously, allowing for more comprehensive and consistent feature ex-

traction.

5.2.6 Potential Overfitting to SR-Enhanced Images

The framework’s reliance on SR networks as a preprocessing step may inadvertently cause

overfitting to the generated HR images rather than the original LR inputs. To mitigate

this risk, future work could explore contrastive learning strategies that simultaneously

train the model on both original LR and SR-enhanced images, promoting robustness and

feature consistency across varying input qualities.

The identified limitations underscore the importance of addressing computational ef-

ficiency, generalization capability, and feature consistency in future iterations of the pro-

posed framework. By integrating adaptive learning strategies, advanced SR architec-

tures, and lightweight ViT models, the framework can be further optimized for real-world

deployment while maintaining its effectiveness in face recognition tasks under extreme

low-resolution conditions.
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5.3 Directions for Future Research

The findings and limitations identified in this study open several promising avenues for

future research aimed at enhancing the robustness, scalability, and efficiency of the pro-

posed framework. Potential directions for further investigation include the following:

1. Advanced Super-Resolution Architectures:

The study demonstrated that Real-ESRGAN outperformed other SR methods in re-

constructing facial details from extremely low-resolution images. Future work could

explore more advanced SR models such as SwinIR, VQGAN, and Restormer, which

offer superior texture recovery and perceptual fidelity. Additionally, the integration

of adaptive SR techniques that dynamically adjust their processing based on input

resolution could further mitigate the risk of artifact generation.

2. Lightweight ViT Models for Real-Time Processing:

The computational complexity associated with ViTs, particularly DeepViT and

CaiT, presents a significant challenge for deployment in real-time systems. To ad-

dress this, future research could focus on developing lightweight ViT architectures

(e.g., MobileViT, EfficientViT) that maintain high feature extraction accuracy while

reducing processing overhead. Implementing pruning and quantization strategies

could also minimize model size and latency.

3. Multi-Resolution Input Processing:

While the proposed framework processes LR images through SR networks before

feature extraction, a more adaptive approach could involve multi-resolution ViTs

capable of simultaneously processing both LR and HR inputs. This strategy would

enable the model to leverage both local texture patterns and global context, en-

hancing recognition accuracy across varying resolution levels.

4. Domain Adaptation and Generalization Techniques:

The datasets utilized in this study primarily consist of controlled LR facial images.

Future work should investigate domain adaptation methods, such as adversarial

training and contrastive learning, to generalize the framework to more diverse and

unconstrained environments. Incorporating datasets that include variations in illu-
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mination, occlusion, pose, and background complexity could significantly improve

the model’s robustness in real-world applications.

5. Integrating Hybrid Architectures:

Given the complementary strengths of CNNs and ViTs, a hybrid architecture that

integrates CNN-based feature extraction with ViT attention mechanisms could of-

fer a balanced solution. This approach would leverage CNNs for capturing local

spatial patterns while utilizing ViTs for modeling long-range dependencies, thereby

optimizing both computational efficiency and recognition accuracy.

6. Contrastive Learning for Robust Feature Consistency:

To address potential overfitting to SR-enhanced images, future work could imple-

ment contrastive learning strategies that enforce consistency between LR and HR

features. This approach would encourage the model to learn robust representations

that remain stable across varying resolutions, thereby reducing the risk of misclas-

sification.

7. Real-Time Implementation and Deployment:

Deploying the proposed framework in practical applications, such as surveillance

systems or mobile devices, requires further optimization for real-time processing.

Future research could explore hardware acceleration techniques, such as FPGA

or GPU integration, to reduce inference time. Additionally, implementing asyn-

chronous processing pipelines could further streamline SR and ViT modules for

faster execution.

Addressing these research directions could significantly enhance the framework’s appli-

cability and robustness in handling low-resolution face recognition across diverse environ-

ments. By integrating adaptive SR techniques, lightweight ViT models, and contrastive

learning strategies, future frameworks could achieve improved feature consistency, com-

putational efficiency, and real-world scalability.
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