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Abstract

This thesis investigates the influence of sophisticated denoising techniques
on the efficacy of face recognition systems, particularly in environments character-
ized by substantial image noise. Considering the dependency of face recognition
algorithms on the quality of input images, this research conducts a comprehensive
evaluation of various denoising strategies, ranging from conventional filters like
Median, Bilate-ral, and Gaussian, to advanced deep learning approaches, exem-
plified by the Deep Convolutional Neural Network (DnCNN). The Extended Yale
B dataset, augmented with synthetically introduced noise, provides the basis for
this empirical study. Employing quantitative metrics such as Peak Signal-to-Noise
Ratio (PSNR) and Structural Similarity Index (SSIM), coupled with qualitative
evaluations, this dissertation quantifies the enhancements in image quality and
recognition precision afforded by each denoising method. The findings affirm that
the integration of advanced denoising algorithms markedly improves the accuracy
of face recognition systems, highlighting the efficacy of adaptive deep learning so-
lutions in addressing the complexities introduced by noisy visual environments.
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Аннотация

В этой диссертации исследуется влияние сложных методов шумоподавления
на эффективность систем распознавания лиц, особенно в средах, характеризу-
ющихся значительным шумом изображения. Учитывая зависимость алгорит-
мов распознавания лиц от качества входных изображений, в этом исследова-
нии проводится всесторонняя оценка различных стратегий шумоподавления,
начиная от обычных фильтров, таких как Медианный, Гауссовский и Дву-
сторонний, и заканчивая передовыми подходами глубокого обучения, приме-
ром которых является Глубокая сверточная нейронная сеть. (DnCNN). Расши-
ренный набор данных Yale B, дополненный синтетически введенным шумом,
обеспечивает основу для этого эмпирического исследования. Используя коли-
чественные показатели, такие как пиковое отношение сигнал/шум (PSNR) и
индекс структурного сходства (SSIM), в сочетании с качественными оценками,
в этой диссертации количественно оцениваются улучшения качества изобра-
жения и точности распознавания, обеспечиваемые каждым методом шумопо-
давления. Результаты подтверждают, что интеграция передовых алгоритмов
шумоподавления заметно повышает точность систем распознавания лиц, под-
черкивая эффективность адаптивных решений глубокого обучения в решении
сложностей, связанных с шумной визуальной средой.
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Аңдатпа

Бұл диссертация беттi тану жүйелерiнiң тиiмдiлiгiне, әсiресе кескiннiң ай-
тарлықтай шуылымен сипатталатын орталарда күрделi деносизация әдiстерi-
нiң әсерiн зерттейдi. Беттi тану алгоритмдерiнiң кiрiс кескiндерiнiң сапасына
тәуелдiлiгiн ескере отырып, бұл зерттеу Median, Gauss және Bilateral сияқты
кәдiмгi сүзгiлерден бастап терең конволюционды нейрондық желi мысалында
терең оқытудың жетiлдiрiлген тәсiлдерiне дейiнгi әртүрлi деноизация стра-
тегияларын жан-жақты бағалауды жүргiзедi. (DnCNN). Синтетикалық түрде
енгiзiлген шумен толықтырылған кеңейтiлген Yale B деректер жинағы осы эм-
пирикалық зерттеуге негiз бередi. Сигнал-шудың шыңына қатынасы (PSNR)
және құрылымдық ұқсастық индексi (SSIM) сияқты сандық көрсеткiштердi,
сапалы бағалаулармен бiрге пайдалана отырып, бұл диссертацияда әр дено-
эзия әдiсiмен қамтамасыз етiлген кескiн сапасы мен тану дәлдiгiндегi жақ-
сартулар сандық сипатталады. Нәтижелер дыбыссыздандырудың жетiлдiрiл-
ген алгоритмдерiн бiрiктiру шулы визуалды орталар енгiзетiн күрделiлiктердi
шешуде бейiмделген терең оқыту шешiмдерiнiң тиiмдiлiгiн көрсете отырып,
тұлғаны тану жүйелерiнiң дәлдiгiн айтарлықтай жақсартатынын растайды.
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Abbreviations

DnCNN - Deep Convolutional Neural Network

PSNR - Peak Signal-to-Noise Ratio

SSIM - Structural Similarity Index

CNNs - Convolutional Neural Networks

BM3D - Block-matching 3D Filtering

DSDSA - Deep Stacked Denoising Sparse Autoencoders

DeLFN - Denoising of Low-Frequency Noise

GANs - Generative Adversarial Networks

RNNs - Recurrent Neural Networks

LDA - Linear Discriminant Analysis

EBGM - Elastic Bunch Graph Matching

SAE - Stacked Autoencoder

PCA - Principal Component Analysis

SVM - Support Vector Machines

dNS - Nearest Subspace

SRC - Sparse Representation Classification

LBP - Local Binary Patterns

vii



Table of Contents

Declaration i

Acknowledgements ii

Dedication iii

Abstract iii

List of Abbreviations vii

1 Background and motivations 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 Literature Review 4
2.1 Face Recognition Techniques . . . . . . . . . . . . . . . . . . . . . . 11

2.1.1 Classical approaches . . . . . . . . . . . . . . . . . . . . . . 11
2.1.2 Modern approaches . . . . . . . . . . . . . . . . . . . . . . . 13
2.1.3 Hybrid Approaches . . . . . . . . . . . . . . . . . . . . . . . 14

3 Denoising Methods 16
3.1 Classical denoising methods . . . . . . . . . . . . . . . . . . . . . . 16
3.2 Transform techniques in image denoising . . . . . . . . . . . . . . . 22
3.3 BM3D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.4 Deep learning-based denoising methods . . . . . . . . . . . . . . . . 24

4 Experiments 26
4.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
4.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

5 Results and Analysis 29
5.1 Performance Comparison . . . . . . . . . . . . . . . . . . . . . . . . 29
5.2 Impact of Denoising on Recognition Accuracy . . . . . . . . . . . . 30

6 Conclusion 33
6.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

viii



Chapter 1

Background and motivations

In recent years, face recognition systems have grown in significance. They serve
the purposes of biometrics, security, surveillance, and human-computer interac-
tion. These systems use a person’s facial features to automatically identify or
validate them. Managing undesired changes in facial pictures is a major problem.
Numerous factors, such as dim illumination, subpar cameras, motion blur, ob-
structions, and sensor problems, can cause noise in face recognition. The quality
of facial photographs can be lowered by this noise, which can raise false positives
or negatives and reduce the accuracy of recognition. Thus, denoising techniques
are essential for boosting overall face recognition accuracy and the quality of facial
images [1].

There are several main reasons why it is vital to research denoising in face
recognition systems. The main objective is to lessen or completely remove the
influence of noise, which is essential for efficient recognition in difficult circum-
stances. Face recognition systems can perform better in real-world scenarios by
strengthening and resolving noise-related problems.Secondly, denoising assists in
reducing undesired fluctuations in facial photographs, including variations in light-
ing, shadows, and image capture or transmission artefacts [2]. It helps to improve
facial feature alignment and matching, which enhances identification accuracy, by
minimising these variances [2]. Furthermore, low-quality photos can occasionally
cause face recognition to struggle. Denoising techniques assist in resolving this
issue and enhance the identification system’s overall effectiveness. In real life, we
frequently see pixelated, distorted, or fuzzy photos. These images can be improved
with denoising algorithms to improve recognition precision. They ”clean up” the
picture by bringing back the details and eliminating visual noise. Also a tonne
of visual data is captured by contemporary cameras. Excessive detail is produced
by high-resolution photos and 3D scans, but noise is also increased [3]. Therefore,
specific denoising techniques are essential for facial recognition technology. They
preserve crucial facial information while filtering out unwanted noise.
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1.1 Introduction
The main goal of a denoising face recognition system is to improve the quality

of facial images before the recognition process. By removing unwanted flaws and
distortions caused by factors like camera noise or environmental conditions, de-
noising algorithms aim to make the facial features more accurate and reliable for
the recognition system to work with.

Face recognition systems use two types of denoising methods: non-learning
and learning-based. Non-learning methods use signal processing like filtering,
smoothing, and image restoration algorithms. They assume properties about noise
and use filters such as Gaussian, median, or bilateral to reduce noise while keeping
facial details [4]. In contrast, learning-based methods rely on machine learning
models to map noisy and clean facial images. Deep learning models like convo-
lutional neural networks (CNNs) have shown promising denoising results. They
capture complex image structures and noise patterns, and are trained on large
datasets to remove noise while preserving facial features [5].

Face recognition systems can greatly be improved by denoising techniques.
These techniques enhance the precision and dependability of essential facial feature
extraction. As a result, recognition performance is more reliable and consistent,
even when noise or other environmental influences are present. Denoising methods
contribute to more consistent facial representations by mitigating variances caused
by noise. Thus, the accuracy of matching faces is improved [6]. Furthermore, in
real-world deployment scenarios with fluctuating image quality, effective denoising
enables face recognition systems to generalise better and perform more consis-
tently.In conclusion, improving the clarity of face pictures and lowering ”noise”
are essential for face recognition systems to function well. The issues brought on
by noise can be helped by denoising algorithms that are both learning-based and
non-learning-based. The accuracy of facial recognition systems is much increased
when such denoising techniques are incorporated. It also makes them more reliable
and effective across different industries and situations. When denoising is used,
the systems get stronger and are able to handle more situations. Thus, denoising
algorithms improve overall performance of face recognition systems [7].

1.2 Problem Statement
The paper investigates the issue of face recognition performance deteriorating

due to noise and unwanted variations in facial images. While face recognition sys-
tems have demonstrated remarkable effectiveness in numerous applications, factors
like poor lighting, motion blur, obstructions, and sensor noise often compromise
their accuracy and reliability [8]. These elements introduce variations into facial
images, which can impact the overall performance of face recognition systems by
increasing the rates of false acceptance or rejection.

The current denoising methods have provided useful insights for addressing
image processing issues connected to noise. Facial images, however, have cer-
tain characteristics and needs. Therefore, applying these methods straight to face
recognition algorithms might not produce the optimum results [9, 10, 11]. As a
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result, specific denoising techniques created to satisfy the particular requirements
of face recognition scenarios are required.

This thesis looks into, assesses, and improves methods for reducing noise and
unwanted fluctuations in face photos used for facial recognition. Enhancing face
recognition’s accuracy and resilience is the aim. The unique characteristics of fa-
cial photographs, such as facial features, lighting fluctuations, and the variability
of facial expressions, will be taken into account by the suggested denoising algo-
rithms. Standard datasets and pertinent indicators will be utilised to evaluate
the efficacy of the proposed methods. To assess the efficacy and efficiency of the
suggested methods in boosting face recognition performance and increasing facial
picture quality, a comparison with existing denoising techniques will be made.
By tackling the denoising issues in face recognition systems, the results of this
work will improve biometric technologies and their practical applications, such as
identity verification, security systems, and surveillance [12]. The proposed facial
image denoising algorithms have the potential to enhance the accuracy and relia-
bility of face recognition systems, hence enabling their successful use in real-world
scenarios characterised by varying noise levels and unwanted alterations in facial
representations.
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Chapter 2

Literature Review

In the realm of digital imaging, noise is characterized as random variations in
brightness or color information that appear in images, serving as an unwanted
byproduct that obscures the true content. This visual distortion degrades the
quality of the data, impacting the accuracy of subsequent analyses in applications
ranging from basic photo editing to advanced computer vision tasks [13].

Noise can originate from a variety of sources, each contributing differently to the
degradation of image quality. Electronic noise is primarily caused by the camera’s
sensor and circuitry, which is more pronounced under low light conditions or when
the sensor overheats during extended use. This includes read noise, thermal noise,
and quantization noise, all of which are intrinsic to the electronic nature of image
capturing devices [13].

Photon noise, also known as shot noise, arises from the quantum nature of light
itself and the inherent variations in the number of photons that hit the sensor
[14]. This type of noise is fundamentally unavoidable and is tied to the statistical
nature of light photons and their interaction with the image sensor [15].

Environmental factors also contribute to noise through external conditions that
affect light capture, such as atmospheric interference or fluctuations in lighting
conditions. Additionally, compression noise may occur during the image com-
pression process, particularly with lossy algorithms like JPEG, where important
information is discarded to reduce file size[16].

Processing noise may be introduced during image enhancements such as sharp-
ening, where the intent to clarify image details can inadvertently amplify existing
noise or generate new artifacts.

The manifestation of noise in images can vary, presenting several common types
that affect image processing differently. Gaussian noise, often modeled by a normal
distribution, affects every pixel in the image with a constant variance, typically
introduced by the electronic components of the camera. Salt-and-pepper noise, or
impulse noise, randomly turns pixels black or white, resulting in sharp and sudden
disturbances in the image signal [17].

Speckle noise is another variant, most commonly encountered in modalities like
radar, ultrasound, and laser imaging, where the coherent nature of the imaging
process leads to interference patterns that degrade image clarity [18].

The presence of noise reduces detail and texture clarity, affects the sharpness,
and complicates tasks such as image segmentation and recognition in computer
vision applications. To mitigate these effects, various noise reduction techniques
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are employed. Spatial filtering methods like median filtering and Gaussian blurring
are commonly used to reduce noise while preserving edges. Frequency domain
filtering involves applying specific filters in the frequency domain, such as Wiener
or Gaussian filters, to clean up the image [19].

Wavelet transforms offer a means to separate noise from image content by dis-
tinguishing between the frequency characteristics, effectively isolating and remov-
ing noise components [20]. In more advanced applications, deep learning models
such as Deep Convolutional Neural Networks (DnCNN) are employed [21]. These
models use machine learning to adaptively learn how to remove noise from im-
ages based on extensive training datasets, providing a powerful tool for improving
image quality.

In the comprehensive survey ”Brief review of image denoising techniques”[22]
authors elaborate on a wide array of methodologies for image denoising. The paper
is structured to first define the problem of image denoising where the objective is
to recover a clean image from its noisy counterpart, described mathematically as

y = x + n (2.0.1)
, n representing additive white Gaussian noise.

The discussion extends to spatial domain methods where the focus is on spa-
tial filtering, encompassing both linear approaches like mean and Wiener filters
and non-linear techniques such as median and bilateral filters. These methods
aim to mitigate noise while striving to preserve crucial image features like edges
and textures. Additionally, variational denoising techniques are explored, which
involve the minimization of an energy function that incorporates predefined image
priors, with methods such as total variation regularization and non-local means
highlighted for their ability to maintain image integrity while reducing noise.

By the same token , the paper delves into transform domain methods, notably
wavelet transforms and block-matching 3D filtering (BM3D), which process images
in a domain where noise characteristics are distinctly separable from the signal,
facilitating more effective noise reduction.

Figure 1 - Visual comparisons of denoising results on Lena image corrupted by
additive white Gaussian noise with standard deviation 30: a. Wiener filtering;
b. Bilateral filtering; c. PCA method; d. Wavelet transform domain method; e.
BM3D [22]

The narrative progresses to cover machine learning approaches, with a par-
ticular emphasis on the use of convolutional neural networks (CNNs) for image
denoising. These networks are trained to learn optimal denoising filters directly

5



from data, showcasing robustness across various levels of noise contamination.
The document synthesizes findings across these techniques, noting that methods

like BM3D and CNN-based denoising often outperform others in both quantitative
metrics such as PSNR and SSIM, and in visual quality assessments. It acknowl-
edges, however, that real-world applications continue to pose significant challenges
due to the complex nature of noise beyond laboratory settings.

Briefly to conclude, the review underscores the evolution from traditional fil-
tering techniques to sophisticated machine learning models in image denoising. It
emphasizes the need for continued research aimed at developing methods tailored
to specific, real-world noise types and suggests a potential shift towards more adap-
tive and unsupervised learning models that do not rely on clean data for training.
This perspective points towards future directions where image denoising can adapt
more dynamically to the varying conditions encountered in practical applications.

In this work [23], the authors developed a framework to improve face recog-
nition performance by denoising probe face images using quality assessment-based
parameter selection. The paper starts by identifying the common issue in face
recognition systems where probe face images may be contaminated with noise due
to various factors like environmental conditions, sensor errors, and transmission
errors. Such noise significantly degrades the performance of face recognition algo-
rithms.

The authors propose a framework that selects optimal parameters for de-
noising techniques based on quality assessment of the images. The idea is that by
improving the quality of the image through denoising, the recognition performance
can be enhanced.

They employed quality assessment algorithms to evaluate the level of noise
and other distortions in the images. These assessments help in determining the
most suitable parameters for denoising each specific image. A Support Vector
Machine (SVM) classifier is used within the framework to learn the relationship
between the quality assessment scores and the optimal denoising parameters. This
method allows for an automated and intelligent selection of denoising parameters
that are most likely to improve image quality and thus recognition accuracy.

The proposed framework was tested on the AR face dataset. The authors con-
ducted experiments to show how the denoising parameters selected by their frame-
work affect the recognition performance. They demonstrated that their method
improves both the accuracy and computational efficiency of face recognition sys-
tems under noisy conditions.

Their results include detailed analyses of how different denoising parame-
ters influenced the recognition rates. They also presented a correlation study to
ascertain the relationship between the quality scores and the recognition rate,
confirming that their quality assessment-based parameter selection can effectively
enhance face recognition performance.

The authors of the research created a facial recognition system that makes use
of autoencoders and deep learning techniques. They designed a face recognition
system based on deep stacked denoising sparse autoencoders. This system incor-
porates deep neural network technologies, sparse autoencoders, and a denoising
task within the autoencoder framework. The system uses autoencoders to learn a
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Figure 2 - The training scheme of the proposed assessment based denoising
framework.[23]

representation of face images by extracting salient features automatically. These
features are intended to reduce dimensionality and improve the representativeness
of raw face data. For the classification task, they utilized two types of classifiers:
a multi-class Support Vector Machine (SVM) and a Softmax classifier, to enhance
the decision-making process in recognizing different faces.

They conducted extensive experiments on several known face databases, such
as ORL, Yale, Caltech, and a subset of PubFig. These experiments demonstrated
the effectiveness of the DSDSA system in face recognition tasks, showing promis-
ing performance and competitive accuracy. Their system is designed to handle
various challenges associated with face recognition, such as differences in poses,
illumination, expressions, and occlusion. By employing a denoising process in the
autoencoder, their method enhances the robustness of the feature extraction pro-
cess, enabling the system to perform well even with noisy or imperfect data inputs.
They meticulously evaluated and optimized the system’s parameters through ex-
periments to find the best settings for achieving high accuracy in face recognition.

Generally, their work represents a significant contribution to the field of face
recognition by integrating advanced deep learning techniques with traditional face
recognition challenges. This integration aims to enhance the accuracy and relia-
bility of face recognition systems in diverse and challenging environments.

Yimei Kang and Wang Pan, the authors of the research paper [24], created
a novel technique for enhancing facial recognition efficacy through the process of
denoising low-light photos.
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Extensive experiments were carried out to analyze the distribution of noise
frequencies in low-light images, revealing a significant presence of low-frequency
noise. A new denoising approach named DeLFN (Denoising of Low-Frequency
Noise) (Fig. 3 -) was introduced, functioning on three distinct levels. First, applies
histogram equalization to boost overall image contrast and reduce assorted noise
forms. Second, uses logarithmic transformation to refine image details, particularly
targeting low-frequency noise. And finally, employs high-pass filtering to lessen
remaining very low-frequency noise, thus enhancing the retrieval of features from
the genuine images.

Figure 3 - Flowchart of proposed method DeLFN.[24]

The method was implemented and tested using Principal Component Analy-
sis (PCA) on several face databases, including the Yale Face Database B, Extended
Yale Face Database B, and CMU PIE Face Database.

The authors compared DeLFN against several traditional denoising and il-
lumination preprocessing methods. Their findings demonstrated that DeLFN not
only enhanced visual quality and face recognition rates but was also simpler and
faster, making it suitable for real-time applications.

The paper concludes that the DeLFN method significantly improves the per-
formance of face recognition systems under low-light conditions by effectively re-
ducing noise without compromising essential image details necessary for accurate
recognition.

8



To improve facial recognition systems, the researchers in the study[25] combine
Local Binary Pattern (LBP) and Stacked Autoencoders (SAE).

The authors utilize the basic LBP technique to encode the texture features
of face images, leveraging its robustness for effective initial feature extraction.
To address the challenge of high-dimensional LBP features, they implement a
unified LBP approach, which simplifies the feature set and improves computational
efficiency.

The extracted features from the LBP process are then input into a stacked
autoencoder. The SAE is specifically designed to denoise and further encode these
features, aiming to enhance classification and recognition performance. This deep
learning architecture uses multiple layers of encoding to abstract features at dif-
ferent levels, which enhances the discriminative capabilities of the system.

The integration of LBP with SAE harnesses the strengths of both techniques:
LBP’s effectiveness in capturing critical texture details and SAE’s ability to com-
press and denoise features. The workflow involves processing face images with
the LBP method initially, followed by encoding through the SAE. This sequence
ensures the system’s robustness against environmental variables such as noise and
lighting variations. This method improves facial recognition technology’s accu-
racy and environmental adaptability, which is a major breakthrough in the field
of biometric security.

The LBP algorithm achieved a recognition rate of 90.05% on the Yale database,
which is indicative of its high accuracy and effectiveness in handling real-world
variations in face images. The system demonstrated strong robustness against
changes in lighting, showcasing its utility in diverse and challenging conditions.
When compared to other standard algorithms such as PCA and SVM, the LBP-
SAE approach outperformed these methods, particularly in environments affected
by noise and lighting variations.

The authors of the research [26] suggest a way to strengthen facial recognition
algorithms by making them more resilient to different kinds of noise that are
frequently encountered in practical situations.

In the study [26] the writers developed a method to enhance the accuracy
of face recognition systems by improving their ability to handle noisy data. The
method centers on recovering a clean, low-rank subspace from noisy training im-
ages. Although face images from a single subject are expected to lie within a
low-rank subspace, practical challenges such as occlusions, shadows, and specular-
ities often corrupt this subspace.

The approach involves formulating the challenge of denoising and subspace
recovery as a rank-minimization problem. This process decomposes a data matrix
into a low-rank matrix, which represents the clean images, and a sparse error
matrix, which accounts for noise and outliers.

To address the computational challenges associated with solving the rank-
minimization problem directly, the authors adopt a convex surrogate. This surro-
gate simplifies the problem by replacing the rank function with a nuclear norm—sum
of the singular values—and substituting the ℓ0 norm with the ℓ1 norm to promote
sparsity. These modifications enable the use of advanced convex optimization
techniques to solve the problem effectively.

9



The results of the study showed notable improvements in the robustness of
face recognition techniques against various noises affecting both training and test-
ing images. The method adeptly managed real-world image distortions including
occlusions and specular reflections by restoring the fundamental low-rank structure
of the face images.

The utility of the proposed method was verified using the Extended Yale B
Face Database, where it was effective in markedly decreasing noise impacts and
enhancing recognition accuracy, even when up to 50% of the pixels in the face
images were corrupted.

Furthermore, when the proposed low-rank recovery method was combined with
established subspace methods such as Nearest Subspace (NS) and Sparse Rep-
resentation Classification (SRC), it exhibited enhanced performance. This was
particularly evident in scenarios characterized by substantial levels of noise and
corruption, demonstrating its superiority over traditional methods.

The paper[27] conducted a thorough quantitative analysis to explore how differ-
ent image processing techniques influence the performance of deep learning-based
face recognition systems. The study primarily focused on the application of Gaus-
sian filtering as a denoising technique and the self-snake model for image enhance-
ment, utilizing real-case forensic data involving 33 face image sets to assess these
methods’ efficacy.

The methodology employed in this research was rigorous, involving both denois-
ing and enhancement techniques to determine their impact on the accuracy of face
recognition. The data used comprised images from actual forensic cases, provid-
ing a robust foundation for evaluating the practical implications of the findings.
The analysis centered on the hypothesis that improving image quality through
processing techniques can significantly enhance recognition accuracy [28].

The findings from this study were revelatory in several aspects such as impact
of image quality, denoising versus enhancement, comparative effectiveness.

The investigation substantiated that the quality of face images is a critical de-
terminant of recognition performance. Enhanced image quality, achieved through
sophisticated processing techniques, was directly linked to improved accuracy in
recognizing faces.

Among the techniques evaluated, Gaussian filtering—a method aimed at re-
ducing noise—proved more effective than the self-snake model [29], which focuses
on enhancing image features. The research highlighted that denoising is partic-
ularly advantageous for deep face recognition systems used in forensic scenarios,
suggesting a pivotal role for denoising in contexts where precision is crucial.

The comparative analysis further demonstrated that the benefits of Gaussian
filtering not only exceed those of the self-snake model but also contribute signifi-
cantly to the precision of face recognition systems. This suggests a clear preference
for denoising over enhancement in applications where the integrity and clarity of
facial features are paramount.

The experimental validation of these methods used the Extended Yale B Face
Database, a well-recognized benchmarking tool in the field. This validation con-
firmed that denoising, particularly through Gaussian filtering, leads to a substan-
tial improvement in recognition rates, markedly more so than enhancement tech-
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niques, especially in environments afflicted by real-world noise [30].
This research offers substantial evidence that advancing image processing tech-

niques, particularly denoising, can significantly enhance the effectiveness of deep
learning-based face recognition systems in forensic and security applications. The
study not only reinforces the importance of high-quality image data for accu-
rate recognition but also underscores the need for further exploration into image
processing techniques that can optimize performance in real-world scenarios [31].
These findings are instrumental for future developments in forensic technology,
providing a direction for refining image processing tools to support legal and se-
curity frameworks effectively.

2.1 Face Recognition Techniques
2.1.1 Classical approaches

Classical approaches to face recognition primarily rely on feature extraction and
matching techniques that analyze facial features and their spatial relationships

1) Principal Component Analysis (PCA)
The Principal Component Analysis (PCA) approach for face recognition is a

well-established classical technique that has been extensively studied and utilized
within the field. The underlying premise of this methodology is to represent facial
imagery within a lower-dimensional ”face space” by identifying the principal com-
ponents, or eigenfaces, that capture the predominant variability observed across a
training set of face images [32].

The PCA-based face recognition framework operates as follows: During the
training phase, the eigenfaces are computed by performing principal component
analysis on the covariance matrix of the training face images [33]. Each training
face is then projected onto this eigenface subspace, and the corresponding projec-
tion coefficients are stored in the training database.

For the recognition of a novel facial input, the face image is first preprocessed
to normalize factors such as size, pose, and illumination. It is then projected onto
the eigenface subspace, and the resulting projection coefficients are compared to
those stored in the training database. The face is recognized as the individual
whose stored coefficients best match those of the input image.

The advantages of the PCA-based approach lie in its relative simplicity and
computational efficiency. However, it can be susceptible to variations in light-
ing, pose, and expression, as the eigenfaces may not necessarily capture the most
discriminative features for effective recognition [34]. Extensions and variations of
the PCA technique, such as Fisherfaces and 2D-PCA, have been proposed to ad-
dress some of these limitations and enhance the robustness of the face recognition
system.

2) Linear Discriminate Analysis (LDA)
Linear Discriminant Analysis (LDA) is a refined approach to face recogni-

tion that enhances the foundational techniques of Principal Component Analysis
(PCA). Unlike PCA, which primarily aims to maximize the variance across the
data, LDA seeks to identify a linear combination of features that distinctly sepa-
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rates different classes, each corresponding to individual identities in the context of
face recognition [35].

At the heart of LDA’s methodology lies the objective to compute a subspace
that maximizes the scatter between classes while minimizing the scatter within
each class. This dual focus yields a feature representation that is significantly
more discriminative, offering enhanced capability to distinguish between individual
identities compared to the PCA approach, which does not inherently account for
class structures [36].

The process of implementing LDA in face recognition mirrors that of PCA to
some extent. Initially, input face images are subjected to preprocessing steps to
standardize factors like size, pose, and lighting conditions. Subsequently, the LDA
subspace is calculated by identifying the linear discriminant vectors that optimize
the ratio of the between-class scatter matrix to the within-class scatter matrix [36].
Each image in the training set is then projected onto this LDA subspace, and the
projection coefficients are preserved in the training database.

When recognizing a new facial input, the image is projected onto the LDA
subspace. The projection coefficients of this image are then compared with those
stored in the training database. Recognition occurs when the identity associated
with the closest matching coefficients is identified.

The principal advantage of using LDA lies in its ability to derive a subspace
representation that is inherently more discriminative by explicitly incorporating
class (identity) information during the computation of the subspace. This capabil-
ity often translates into superior recognition performance, particularly in scenarios
where the dataset exhibits a well-defined class structure.

LDA is not without its challenges; it is particularly susceptible to the curse of
dimensionality, requiring a larger number of training samples as the complexity of
the face recognition task increases. To mitigate this issue, hybrid techniques such
as Fisherfaces have been developed, which integrate PCA and LDA in a sequential
two-stage process.

In essence, LDA offers a robust, statistically grounded framework for learning a
discriminative representation of facial images, establishing it as a critical technique
in the classical arsenal of face recognition methods [37].

3) Elastic Bunch Graph Matching (EBGM)
Elastic Bunch Graph Matching (EBGM)[38] is a well-established facial recog-

nition approach that utilizes a graph-based representation of facial features to
achieve robust and accurate face identification. This technique was developed to
address the limitations of earlier face recognition methods, which often exhibited
sensitivity to variations in pose, illumination, and expression.

The EBGM approach represents a face as a labeled graph, where the nodes
correspond to fiducial facial landmarks (e.g., eyes, nose, mouth), and the edges
represent the spatial relationships between these landmarks [39]. Each node in the
graph is associated with a set of Gabor wavelet coefficients, which capture the local
texture and shape information around the corresponding landmark. The system
maintains a generic face model, referred to as a ”bunch graph,” which encodes the
prototypical facial structure and appearance across a population of faces.

To recognize a novel face, EBGM first locates the fiducial landmarks on the in-
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put face image and constructs a corresponding landmark graph. This input graph
is then compared to the bunch graph using an elastic graph matching algorithm,
which allows for deformations and variations in the facial structure. The recog-
nition is performed by finding the best match between the input graph and the
graphs stored in the bunch graph, typically by minimizing an energy function that
captures the similarity between the graphs [39].

The key advantages of the EBGM approach lie in its robustness to variations, its
discriminative power, and its localized feature representation. The elastic graph
matching mechanism allows EBGM to handle various types of facial variations,
such as changes in pose, illumination, and expression, by accounting for defor-
mations in the facial structure. The Gabor wavelet coefficients used to describe
the facial landmarks provide a rich and discriminative representation, which can
effectively capture the unique facial features of different individuals. Moreover,
the graph-based representation and the use of local Gabor features enable EBGM
to leverage both the global and local facial information for improved recognition
performance [29].

EBGM has been widely studied and applied in the field of face recognition, and
it has demonstrated competitive performance compared to other classical tech-
niques, especially in scenarios with challenging variations in facial appearance.
However, the computational complexity of the elastic graph matching process can
be a limiting factor for some real-time applications.

These classical approaches have been widely studied and used in face recog-
nition research and applications. More recent developments in deep learning have
led to significant advancements in face recognition accuracy and robustness, but
these traditional techniques still provide a useful foundation for understanding the
problem and its evolution.

2.1.2 Modern approaches
In recent years, the field of face recognition has seen significant advancements,

driven by the rapid progress in deep learning and computer vision. While classi-
cal approaches, such as Linear Discriminant Analysis (LDA) and Elastic Bunch
Graph Matching (EBGM), have provided foundational techniques, modern face
recognition methods have leveraged the power of deep neural networks to achieve
unprecedented levels of accuracy and robustness.

Deep Learning
Deep learning, a branch of machine learning, transforms feature extraction

for classification tasks by removing the need for manual feature extraction steps
by automatically identifying relevant features during training. Neural networks
are forced by this process to learn more discriminating features in order to dif-
ferentiate between various facial attributes. Deep learning has revolutionized face
recognition, with applications that cut across multiple industries [40].

The landscape of face recognition technology has undergone significant trans-
formation with the advent of Convolutional Neural Networks (CNNs)[41]. Notable
among these advancements are techniques such as DeepFace, developed by Face-
book AI Research, which utilizes a deep CNN trained on an extensive dataset of
facial images. Similarly, Google’s FaceNet represents another pioneering approach,
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where a deep learning model directly maps facial images to a compact Euclidean
space, with distances in this space directly correlating to facial similarity [42]. An-
other innovative technique is SphereFace, which employs an angular softmax loss
function to cultivate a discriminative face representation, ensuring that faces of
the same identity are closely clustered in the feature space.

Beyond CNNs, the exploration of other neural network architectures like Gen-
erative Adversarial Networks (GANs) and Recurrent Neural Networks (RNNs) has
also been instrumental in addressing more complex challenges such as variations in
pose, illumination, and expression [43, 44]. The rapid evolution of computational
hardware, particularly the development and accessibility of powerful GPUs, has
significantly facilitated the training and practical deployment of these sophisticated
deep learning-based face recognition systems. These systems are increasingly being
integrated into a variety of real-world applications, ranging from mobile devices
and surveillance systems to access control mechanisms.

Despite the remarkable progress and the high levels of performance achieved by
modern face recognition techniques, several challenges remain prevalent. Key areas
of ongoing research include tackling issues related to bias and fairness, enhancing
the ability of these systems to generalize to new, unseen domains, and improving
their interpretability and explainability.

Comprehensive, the field of face recognition has witnessed extraordinary ad-
vancements, largely propelled by deep learning methodologies. These develop-
ments have not only set new performance benchmarks but are also paving the way
towards more precise and reliable face recognition technologies in the future.

2.1.3 Hybrid Approaches
The robustness of face recognition systems in noisy environments is significantly

enhanced by employing hybrid denoising strategies. These strategies synergisti-
cally combine multiple denoising techniques to tackle different types and intensities
of noise, thus ensuring the preservation of essential facial features necessary for ac-
curate recognition. This section elaborates on the various hybrid combinations
used, their implementation, and the resultant improvements in image quality and
recognition accuracy [45].

The study categorizes the denoising combinations based on the number of algo-
rithms combined, distinguishing between dual and triple combinations. Dual com-
binations involve two different denoising methods applied sequentially, leveraging
their complementary strengths to enhance image quality. Conversely, triple com-
binations involve the sequential application of three denoising methods, providing
a more comprehensive noise reduction by addressing various noise characteristics
more effectively.

We employed core denoising algorithms in our study, including Median Filter-
ing, Gaussian Filtering, Bilateral Filtering, Non-Local Means (Adaptive) Filtering
and DnCNN. Dual combinations, such as Median followed by Gaussian and Me-
dian followed by DnCNN, target specific noise types effectively—median filtering
tackles salt-and-pepper noise, while Gaussian filtering addresses Gaussian noise.
Triple combinations, such as Median, Gaussian, followed by Adaptive, provide a
robust approach by smoothing out noise progressively while preserving important
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textural details essential for recognition.
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Chapter 3

Denoising Methods

3.1 Classical denoising methods
Spatial domain filtering
Classical denoising methods in the spatial domain have played a significant role

in addressing the problem of image and signal denoising. These techniques aim
to remove or reduce unwanted noise while preserving the essential features and
details of the original data. The spatial domain refers to the direct manipulation
of pixel values or signal samples in the original coordinate space [46, 47].

One of the cornerstone methods for denoising in the spatial domain is the
Gaussian filter. This method employs a weighted averaging technique, where each
pixel is adjusted based on a Gaussian kernel. The kernel provides higher weights
to the central pixel while progressively reducing weights for surrounding pixels
according to their spatial distance. This process effectively smooths the image or
signal, mitigating high-frequency noise components and maintaining the overall
structural integrity.

The median filter is another pivotal spatial domain denoising strategy [48]. It
works by substituting each pixel with the median value among its neighboring
pixels. This technique is particularly adept at removing impulsive noise, such as
salt-and-pepper noise, and is known for its capability to preserve edges and sharp
image features.

Enhancing the realm of spatial domain denoising, the bilateral filter integrates
both spatial and photometric (intensity) data in its operation. It performs a
weighted averaging where the weights are influenced by both the spatial proximity
and the intensity differences between the central pixel and its neighbors. This
dual consideration facilitates superior edge and detail preservation while effectively
diminishing noise [49].

Beyond these foundational techniques, more elaborate methods like non-local
means (NLM) and sparse coding-based approaches have been introduced. These
advanced strategies leverage the intrinsic self-similarity and sparsity observed in
natural images and signals, resulting in enhanced denoising outcomes.

While spatial domain filtering techniques offer computational efficiency and
straightforward implementation, their effectiveness can vary with different types
of noise, particularly those that are correlated or structured. For such noise types,
transform domain methods, which focus on the frequency domain representation
of the data, might yield more robust denoising results.
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Traditional spatial domain denoising techniques, including Gaussian, median,
and bilateral filtering, remain integral to image and signal processing. These meth-
ods strike a practical balance between simplicity in execution and effectiveness in
noise reduction, thereby serving as essential tools across various applications.

Variational denoising methods
Variational denoising methods have become a prominent approach in the field

of image and signal processing. These techniques approach the denoising problem
from a variational optimization perspective, where the goal is to find an optimal
solution that minimizes a well-defined energy or cost function [22].

The general framework of variational denoising methods involves the encod-
ing of desired properties, such as smoothness, sparsity, or fidelity to the input
data, into an energy function. This function typically includes terms that balance
the trade-off between noise reduction and the preservation of important features.
Regularization techniques, such as Total Variation (TV) regularization and sparse
regularization, are often employed to impose additional constraints or priors on
the denoised output. The energy function can be expressed as[22]:

x̂ = arg min
x

{1
2∥y − x∥2

2 + λR(x)
}

(3.1.1)

where x̂ is the estimated clean image, x represents potential estimates of the
clean image as the variable of optimization, y is the observed noisy image, ∥y −
x∥2

2 is the data fidelity term representing the squared L2 norm of the difference
between the noisy image and the estimate, which penalizes deviations from the
observed data, R(x) is the regularization term that imposes a prior or promotes
certain properties in the estimated image such as smoothness or sparsity, and λ is
a scalar regularization parameter that balances the trade-off between fidelity and
regularization [22].

The energy function in variational denoising is minimized through the appli-
cation of optimization algorithms, such as gradient descent, proximal methods,
or iterative schemes, to achieve the denoised output. This optimization process
seeks to identify the solution that most effectively adheres to the constraints and
objectives delineated in the energy function.

Prominent among variational denoising techniques is TV denoising, which re-
duces the total variation of the image to promote piecewise smoothness while
preserving edges. Another notable method is sparse coding-based denoising, pred-
icated on the assumption that the clean image can be expressed as a sparse linear
combination of a few dictionary elements. The Plug-and-Play priors approach
offers a modular framework by substituting the regularization term with a pre-
trained denoising module, thus enabling the integration of advanced denoising al-
gorithms, including those based on deep learning, into the variational optimization
framework.

Variational denoising methods provide several benefits, such as the capability
to integrate various priors and constraints, adaptability to diverse noise types, and
the potential for effective preservation of edges and features. Nonetheless, these
methods may entail greater computational demands compared to some spatial
domain filtering techniques, particularly in large-scale optimization scenarios.

The utilization of variational denoising methods has significantly influenced the
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field of image and signal processing, establishing a robust framework for tackling
challenges associated with denoising.

Total variation regularization
Total Variation (TV) regularization is a classical denoising method exten-

sively employed in image processing to maintain edge integrity while eliminating
noise [50]. This technique is particularly efficacious in scenarios where the preser-
vation of edges, lines, and other high-frequency components is paramount. Total
Variation denoising operates on the principle of minimizing the total variation of
the image, predicated on the assumption that a real image exhibits a smaller total
variation compared to a noisy one [51]. The total variation is a measure of the ag-
gregated magnitude of the image gradient, expressed mathematically for an image
u as[22]:

TV(u) =
∫

|∇u| dx (3.1.2)
where ∇u represents the gradient of the image.

The core objective in TV regularization is to identify an image u that minimizes
the following functional:

min
u

(1
2

∫
(u − f)2 dx + λ

∫
|∇u| dx

)
(3.1.3)

Here, f represents the noisy image, u is the denoised image, and λ is a regular-
ization parameter that controls the trade-off between fidelity to the original image
and smoothness of the output.

In this expression, f represents the noisy image, u the denoised image, and
λ a regularization parameter that modulates the balance between fidelity to the
original image and the smoothness of the output.

One of the primary advantages of TV regularization is its capacity to preserve
sharp edges, distinguishing it from methods that rely on local averaging. This
attribute is crucial for a multitude of visual applications where edge definition
significantly impacts performance. Moreover, TV denoising proficiently reduces
various types of noise, such as Gaussian noise, by smoothing areas of minimal
variation while maintaining distinct boundaries. Its robust performance across
diverse applications renders it a reliable choice in practical settings, finding utility
in fields ranging from medical imaging, where it enhances the quality of MRI and
CT scans, to astronomical imaging, used to improve clarity in images captured
under conditions of low light or high background noise. In the domain of computer
vision, it often serves as a preprocessing step in tasks like object detection, tracking,
and segmentation. Thus, Total Variation regularization remains a fundamental
tool in many denoising tasks and continues to influence the development of newer,
more advanced denoising algorithms [52].

Non-local regularization
Non-local regularization represents a sophisticated technique employed in image

denoising and other signal processing tasks, which capitalizes on the redundancy of
similar features across different regions of an image or signal. This method deviates
from traditional local techniques that focus solely on a neighborhood around each
pixel, instead utilizing the widespread similarity of pixel patches throughout the
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image. This global approach allows for more effective denoising, as it can harness
a broader dataset to optimize the noise reduction for each pixel [53].

The mathematical formulation for non-local regularization, particularly focus-
ing on Non-Local Means (NLM), is based on the concept of averaging all pixels
in an image that have similar neighborhoods [54]. The formula that captures the
essence of non-local regularization[22]:

Given a pixel xi in an image x, the NLM-filtered value x̂i is computed as:

x̂i = 1
C(i)

∑
j

w(i, j)xj (3.1.4)

where j indexes all pixels in the image, w(i, j) is the weight assigned to the
j-th pixel’s influence on the i-th pixel, typically computed based on the similarity
between their respective neighborhoods, C(i) is a normalization factor to ensure
that the weights sum to one, usually given by[22]:

C(i) =
∑

j

w(i, j) (3.1.5)

The weight w(i, j) is often defined using a Gaussian function of the Euclidean
distance between the intensity values in the neighborhoods of xi and xj, scaled by
a parameter h:

w(i, j) = exp
(

−∥v(Ni) − v(Nj)∥2

h2

)
(3.1.6)

Here v(Ni) and v(Nj) are vectors representing the pixel values in the neighbor-
hoods around xi and xj, respectively, h is a filtering parameter that controls the
decay of the exponential function, influencing the degree of smoothing[22].

This formulation allows non-local means to exploit redundancy in the image by
averaging over all similar patches, thus effectively reducing noise while preserving
important structural details like edges.

The principle behind non-local regularization is grounded in the non-local means
algorithm, which is predicated on the observation that patches of pixels in natural
images frequently have comparable counterparts elsewhere within the same image
[55]. In the process of non-local regularization, each pixel or small patch in the
image is compared to other patches to find similarities, typically quantified using
the squared difference within a Gaussian window.

Once similarities are established, the algorithm calculates weights indicating the
significance of each similar patch’s contribution to the denoising process. These
weights are generally higher for patches that show greater similarity. The next
step involves updating each pixel by averaging over all its similar patches, with
this averaging weighted according to the previously calculated similarities. This
method is particularly effective in reducing noise because identical noise patterns
rarely occur across similar patches [56].

At times, an additional regularization term is incorporated to control the smooth-
ness of the output and mitigate overfitting to the noise. Non-local regulariza-
tion is utilized extensively in applications such as reducing noise in digital im-
ages—important in fields like medical imaging and satellite imagery—as well as in
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video and audio signal processing [57]. In video denoising, the technique may be
applied frame-by-frame or by using three-dimensional patches that span multiple
frames to diminish temporal noise.

The robustness of non-local regularization against noise and its ability to pre-
serve intricate image details without blurring are notable advantages. However,
the technique is computationally demanding due to the extensive search required
for similar patches across the entire image or signal [57]. Additionally, the effec-
tiveness of non-local regularization can be significantly affected by the choice of
parameters, such as the size of the patches and the dimensions of the Gaussian
window used for assessing similarity.

In recent developments, non-local regularization has been adapted and en-
hanced through the integration of machine learning techniques, which can more
adeptly predict the appropriate weights, and by its incorporation into deep learn-
ing frameworks, which further improves performance.

Sparse representation
Sparse representation is a classical denoising method extensively utilized in sig-

nal and image processing domains. The principal concept of sparse representation
involves depicting a noisy signal or image as a linear combination of a minimal
number of elements from a predefined dictionary [58, 59]. These elements typi-
cally comprise basis functions such as wavelets, with the representation designed
to encapsulate the essential characteristics of the data while excluding the noise
. Sparse representation-based denoising models can be expressed using the opti-
mization formulation[22]:

α̂ = arg min
α

∥y − Dα∥2
2 + λ∥α∥1 (3.1.7)

where y is the observed noisy image, D is the over-complete dictionary, α rep-
resents the sparse coefficients, λ is the regularization parameter that controls the
sparsity level.

This model aims to find a sparse representation α such that the reconstructed
image Dα is close to the noisy observation y, while keeping the representation as
sparse as possible, indicated by the ℓ1-norm regularization term ∥α∥1. The balance
between fidelity to the data and sparsity is managed by the parameter λ.

The process begins with the construction of a dictionary that consists of basis
functions. This dictionary might be pre-defined, using sets of wavelets or Fourier
bases, or could be learned directly from the data. Following the dictionary con-
struction, the noisy signal or image is approximated by selecting the fewest possible
atoms from this dictionary. This approximation process is generally formulated
as an optimization problem aimed at minimizing the reconstruction error with a
constraint on sparsity.

Several optimization techniques are employed to solve this problem, includ-
ing Basis Pursuit, Orthogonal Matching Pursuit (OMP), and the Least Absolute
Shrinkage and Selection Operator (LASSO). Once the sparse coefficients are de-
termined, the denoised signal or image is reconstructed by aggregating the selected
atoms, each scaled by these coefficients.

Sparse representation finds its applications in various fields such as image de-
noising, where it is particularly effective in removing noise while preserving es-
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sential details like edges. It is similarly employed in audio processing to diminish
background noise and enhance the clarity of speech or musical signals [60].

The method offers significant flexibility and efficiency, proving especially po-
tent when the true signal inherently supports a sparse representation. However,
the performance of this method is heavily contingent upon the choice of dictionary.
Inadequate dictionary representation of the underlying signal can significantly im-
pair denoising performance. Additionally, the optimization process involved in
sparse representation can be computationally demanding, particularly with large
datasets or dictionaries [61].

Sparse representation has not only been foundational in the field of denoising
but has also facilitated the development of more advanced techniques, including
those based on machine learning and deep learning approaches [60].

Low-rank minimalization
Low-rank minimization is a classical denoising technique that has garnered

significant attention for its effectiveness in applications where the underlying data
is well-approximated by a low-dimensional linear subspace [62]. This technique
is frequently employed in image and video denoising, as well as in other areas
involving large matrices or data arrays, where the intrinsic data dimensionality is
lower than the ambient space [63].

The essence of low-rank minimization techniques is to recover a clean signal
from noisy observations by positing that the underlying clean data resides in a low-
dimensional subspace. This approach typically formulates the denoising challenge
as an optimization problem [64]:

X̂ = arg min
X

∥Y − X∥2
F subject to rank(X) ≤ r (3.1.8)

In this formulation, Y represents the observed noisy matrix, X is the matrix
denoting the denoised output, ∥ · ∥F denotes the Frobenius norm, and r is the
rank constraint. Direct minimization of the rank function is computationally pro-
hibitive due to its non-convex nature, leading most approaches to focus on convex
relaxations such as nuclear norm minimization (NNM), which approximates the
rank by the sum of the singular values of X:

X̂ = arg min
X

∥Y − X∥2
F + λ∥X∥∗ (3.1.9)

Here, ∥X∥∗ represents the nuclear norm, the sum of the singular values of X,
and λ is a regularization parameter that balances fidelity to the data with the
minimization of rank.

The applications of low-rank minimization are diverse and include removing
noise from images where the clean image is presumed to have low rank, denoising
video frames that exhibit high correlation, and in data completion and recovery
tasks. The robustness of this method makes it particularly effective in scenarios
where the noise is sparse but may be large in magnitude. Moreover, its versatility
extends to various problems including matrix completion and robust principal
component analysis (PCA)[65, 66].

Despite these strengths, the approach has limitations, including sensitivity to
the choice of the regularization parameter λ , which is crucial and often challeng-
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ing to tune precisely. Additionally, the computational expense associated with
solving nuclear norm minimization problems can be substantial, particularly for
large matrices [22].

In summary, low-rank minimization represents a fundamental approach in sig-
nal processing, leveraging the inherent structure of data for effective noise reduc-
tion. Its robustness and adaptability render it a preferred method in numerous
applications beyond straightforward denoising tasks.

3.2 Transform techniques in image denoising
Transform techniques in image denoising leverage the transformation of an image

into a different domain in which noise reduction is more effectively achieved before
transforming the data back into the original domain. These techniques are based
on the premise that transforming an image can separate the noise from the signal
by representing the image in a way that clusters noise into certain components
which can then be suppressed [67].

Data adaptive transform
In signal processing and data analysis, an approach called a data adaptive

transform is employed to change data into a new format that better fits its origi-
nal properties. Data adaptive transforms are created or learned directly from the
data to capture its unique qualities, in contrast to fixed transforms like Fourier or
wavelet transforms, which are predefined and independent of the data.Finding a
new basis or representation that can effectively and compactly represent the avail-
able data is the goal of a data adaptive transform. An adaptive transform can
frequently offer a more useful representation that captures the pertinent charac-
teristics and structures of the data by adapting to its attributes [68].

Data transformations can be created in different ways. The task and the
features of the data determine which specific transformation is employed. These
techniques enable the creation of more potent representations by tailoring the
transformation to the data. Tasks like compression, denoising, classification, and
clustering can perform better as a result [69].

One common approach is the use of wavelet transforms. These are particularly
effective because they can represent data at different scales and resolutions, which
is beneficial for capturing and isolating noise components in images [70]. The basic
formula for a discrete wavelet transform in a denoising context might look like this:

Wf = wavelet transform(f) (3.2.1)
where f is the noisy image and Wf represents the wavelet coefficients. Noise

reduction is achieved by modifying these coefficients, typically using a thresholding
method:

Ŵf = threshold(Wf ) (3.2.2)
Then, the denoised image is obtained by applying the inverse wavelet transform:

f̂ = inverse wavelet transform(Ŵf ) (3.2.3)
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Non-data adaptive transform
Think of non-data adaptive transforms as a set of tools you can use. You

have some reliable old tools like the Fourier transform, wavelet transform, and
discrete cosine transform (DCT)[71]. These tools have pre-set functions and rules
that don’t change, no matter what data you use them on. They’re like your go-to
methods for converting data from one form to another, similar to using different
lenses to highlight specific features of the data we’re working with.

The discrete cosine transform (DCT), wavelet transform, and Fourier trans-
form are common examples of these non-data adaptive transforms. The foundation
functions and principles of these transforms remain constant regardless of the in-
coming data. They provide a systematic way to transform data between formats,
often emphasizing particular traits or characteristics of the input.

Non-data adaptive transforms offer a number of advantages, including eas-
ily understood characteristics, computational efficiency, and well-defined features.
Their research and development have advanced over time, and they offer a depend-
able and methodical approach to data transformation. However, data-adaptive
transformations, which may adapt to the particular features or structures of the
data, might be better able to capture the distinctive features found in the data
than other methods [72, 22, 73].

The bilateral filter adapts the extent of smoothing according to the image
content, it does not adapt based on data characteristics like noise variance or
signal-to-noise ratio [74]. It combines spatial proximity and intensity similarity to
preserve edges while reducing noise:

f̂(x, y) =
∑

i,j f(x + i, y + j) · e
−
(

(i2+j2)
2σ2

d

+ (f(x+i,y+j)−f(x,y))2

2σ2
r

)

∑
i,j e

−
(

(i2+j2)
2σ2

d

+ (f(x+i,y+j)−f(x,y))2

2σ2
r

) (3.2.4)

where σd and σr are the spatial and range parameters, respectively.

3.3 BM3D
Dabov et al.[75] devised the well-known picture denoising technique BM3D

(Block-Matching 3D) in 2007. It is a collaborative, non-local filtering method that
effectively reduces noise while maintaining picture details by taking advantage of
the redundancy and similarity seen in natural images.

Utilising the similarities present in a given image is the primary goal of the
BM3D algorithm. This is accomplished by splitting the image into overlapping
sections and identifying similar blocks that will cooperate during the denoising
stage [76]. Two crucial phases make up the algorithm:

Combining and Working Together to Filter. This stage involves matching up
each noisy block in the image with a matching block from a search region. The
similarity is usually measured using a similar metric, such as the mean squared
error (MSE). Grouping the relevant elements together creates a three-dimensional
data structure [77].

To produce the final cleaned-up image, the cleaned-up blocks from the previ-
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ous stage are amalgamated in the second phase. In order to prevent any obvious
problems at block boundaries, this combining method takes into account the lo-
cations where the blocks overlap. Usually, the cleaned-up blocks are combined to
create the final image using a weighted average of the overlapping pixels values
[78].

BM3D has proven to be a highly effective algorithm for reducing different
types of noise, including the common Gaussian noise. The BM3D method is a
widely accepted industry standard due to its outstanding denoising performance
[79]. Applications for it have been found in many different fields, such as com-
puter vision tasks, medical imaging, and image and video enhancement. BM3D
has been further developed and refined over time, resulting in the production of
modified versions and variants like BM4D [77]. These developments have added
new methods and modifications, which keep improving the algorithm’s denoising
powers.

Figure 4 - A visual representation of the two principal steps involved in the BM3D
image denoising algorithm. [1]

3.4 Deep learning-based denoising methods
The idea of using CNNs for image denoising isn’t new. It goes back to early

works, which introduced a basic five-layer network. Since then, there’s been a surge
in CNN-based denoising methods, each with improved performance compared to
the early models. These methods can be broadly categorized into two types: multi-
layer perception (MLP) models and more sophisticated deep learning approaches.

The Deep Convolutional Neural Network for Denoising (DnCNN) is a signifi-
cant advancement in the field of image denoising that leverages deep learning to
achieve exceptional noise reduction results. Developed by Zhang et al.[79], the
DnCNN framework introduces several innovative elements that distinguish it from
traditional CNN architectures, particularly in its use of residual learning and batch
normalization. This model has proven effective not only for image denoising but
also for other image restoration tasks such as super-resolution and JPEG deblock-
ing [80].

DnCNN is composed of a series of convolutional layers, each followed by a
Rectified Linear Unit (ReLU) activation, except for the last layer. The network
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typically starts with a convolutional layer that has 64 filters of size 3x3, followed
by several hidden layers, and finally a single output convolutional layer that recon-
structs the residual noise. The use of 3x3 filters across all convolutional layers is a
design choice aimed at maximizing efficiency while maintaining effective receptive
field size [79].

One of the key features of DnCNN is its use of residual learning, where the
network is trained to predict the residual noise in an image rather than predicting
the clean image directly. This approach simplifies the learning objective, allowing
the network to focus on modeling the noise. The final denoised image is obtained
by subtracting the predicted noise from the noisy input. This method enhances
the training efficiency and leads to better generalization in real-world denoising
tasks [81].

Despite its strengths, DnCNN has limitations typical of deep learning ap-
proaches, such as the requirement for large amounts of training data and substan-
tial computational resources for training. Additionally, while it generalizes well to
noise types similar to those seen during training, its performance can degrade on
fundamentally different noise distributions.

DnCNN represents a transformative step in the field of image denoising, lever-
aging deep learning’s strengths to overcome many challenges inherent in traditional
denoising techniques. Its development continues to influence subsequent models
in image processing, setting a foundation for future innovations in this area [82].

Figure 5 - The DnCNN Network Architecture [83]
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Chapter 4

Experiments

4.1 Dataset
The Extended Yale B dataset serves as a significant resource in the field of

computer vision, especially for investigations into face recognition under varying
lighting conditions [84].

An enhancement of the original Yale Face Database B, the Extended Yale
B dataset includes images of 38 individuals captured under diverse laboratory-
controlled lighting conditions. This expansion includes more subjects and a broader
array of lighting scenarios, offering a more challenging and versatile testbed for face
recognition algorithms.

The dataset consists of approximately 2,414 frontal-face images, representing
38 human subjects. Each subject is depicted in about 64 images, demonstrating
the unique effects of lighting direction and intensity on facial features. These
images capture a wide range of lighting conditions, from extreme variations to
subtle changes, posing a substantial challenge for face detection and recognition
technologies. The high resolution of the images preserves detailed facial features
essential for fine-grained analysis and recognition [85].

The Extended Yale B dataset is primarily utilized as a benchmark for evaluat-
ing the performance of face recognition algorithms, particularly those designed to
manage variations in illumination. It also plays a crucial role in developing and
testing algorithms aimed at correcting or normalizing lighting differences before
recognition tasks are performed. Additionally, the dataset supports the design
and evaluation of feature extraction techniques that are invariant to changes in
lighting, which is vital for practical face recognition systems [84].

As a critical tool in both academic research and industrial application develop-
ment, the Extended Yale B dataset addresses the complexities presented by real-
world illumination scenarios. Its extensive application across numerous studies has
significantly contributed to advancements in face recognition technologies. These
technologies focus on overcoming the challenges associated with varying lighting
conditions, enhancing the reliability and accuracy of face recognition systems [86].

In essence, the Extended Yale B dataset is indispensable for the development
of robust face recognition systems. Offering a diverse set of images, it enables
researchers to test and refine technologies capable of operating reliably across a
wide range of environmental conditions. The dataset not only facilitates the devel-
opment of more precise models but also enhances understanding of the limitations
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faced by current technologies under extreme lighting variations.

4.2 Evaluation Metrics
PSNR
Peak Signal-to-Noise Ratio (PSNR) is traditionally utilized in the fields of image

and video compression to assess the quality of reconstructed images and videos. It
is defined as the ratio of the maximum possible power of a signal (the original im-
age) to the power of corrupting noise that affects the fidelity of its representation
[87]. PSNR is derived from the mean squared error (MSE), which measures the
average squared difference between the original and a compressed image, assuming
the pixel intensity scales are linear. It is calculated using the mean squared er-
ror (MSE), which measures the average squared intensity differences between the
original and a compressed image. The formula for MSE is given by [22]:

MSE = 1
mn

m∑
i=1

n∑
j=1

[I(i, j) − K(i, j)]2 (4.2.1)

where I is the original image, K is the noisy approximation, and m and n are the
dimensions of the images.

The Peak Signal-to-Noise Ratio (PSNR) is then calculated from MSE as follows:

PSNR = 20 · log10

(
MAXI√

MSE

)
(4.2.2)

where MAXI is the maximum possible pixel value of the image. When pixels are
represented using 8 bits per sample, MAXI is 255. It is particularly sensitive to
additive Gaussian noise, a common assumption in many imaging systems [88].

SSIM
Structural Similarity Index (SSIM), developed to provide a more perceptually

valid metric than PSNR, assesses the visual impact of three characteristics of an
image: luminance, contrast, and structure [87]. SSIM assumes that the human
visual system is highly adapted for extracting structural information from a scene,
thus a measurement system should capitalize on such characteristics. SSIM has
been shown to significantly align with subjective quality assessment, making it a
valuable tool for system optimization. The measure between two windows x and
y of common size N × N is defined as:

SSIM(x, y) = (2µxµy + c1)(2σxy + c2)
(µ2

x + µ2
y + c1)(σ2

x + σ2
y + c2)

(4.2.3)

where µx and µy are the average of x and y, σ2
x and σ2

y are the variances of x and
y, σxy is the covariance of x and y, c1 and c2 are small constants used to stabilize
the division with a weak denominator.

In face recognition systems, where preprocessing steps often include denoising,
both PSNR and SSIM are crucial for ensuring that the integrity of facial features
is maintained post-denoising. High PSNR values typically indicate that the de-
noising process has effectively reduced noise without significantly distorting the
image. Conversely, SSIM provides a more nuanced view by evaluating the change
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in structural information, which is critical for facial recognition algorithms that
rely heavily on spatial patterns and texture details [89].

While PSNR is widely used, it does not always correlate well with human
perception of visual quality, particularly when there are non-Gaussian types of
noise or high dynamic ranges in images. It can often misrepresent the effectiveness
of certain types of image processing, especially those that do not linearly affect
pixel values [90].

SSIM, although more aligned with human visual perception, also has its limi-
tations. It may not fully account for all types of perceptual phenomena, such as
recognition under varying viewing conditions or different types of distortions that
are not purely additive noise. Moreover, SSIM can be sensitive to image scale
and requires careful calibration of its parameters to ensure consistent and reliable
measurement across different image sets [79].

For a robust analysis in your thesis, integrating both PSNR and SSIM would
allow for a comprehensive evaluation of denoising techniques applied to face recog-
nition datasets, such as the Extended Yale B dataset. By assessing both the
mathematical and perceptual quality of images, you can provide a well-rounded
discussion on the efficacy of various denoising methods. This dual approach not
only strengthens the validity of your results but also highlights the importance of
using both objective and subjective measures in image quality assessment [91].

Incorporating PSNR and SSIM into the evaluation of preprocessing techniques
in face recognition systems provides a balanced perspective on how these methods
impact the overall effectiveness of the systems. By understanding both the quan-
titative and qualitative effects of image processing, your research will contribute
to developing algorithms that are not only effective under statistical scrutiny but
also under practical, real-world conditions.
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Chapter 5

Results and Analysis

5.1 Performance Comparison
The evaluation of denoising techniques on the Extended Yale B dataset involved

a detailed analysis of each algorithm’s effectiveness in reducing image noise while
preserving essential facial features. This section discusses the quantitative results
obtained using PSNR and SSIM metrics and provides a qualitative analysis of the
visual improvements in the denoised images.

The outcomes from employing various denoising algorithms indicated notable
improvements in image quality, as quantified by PSNR and SSIM. The data re-
vealed that:

• Median Filtering was effective in removing salt-and-pepper noise, enhancing
PSNR by approximately 12 dB and SSIM by 0.04.

• Gaussian Filtering proved beneficial for reducing Gaussian noise, with incre-
ments of around 10 dB in PSNR and 0.03 in SSIM.

• Bilateral Filtering excelled in preserving edges while reducing noise, reflecting
in PSNR improvements of 15 dB and SSIM enhancements of 0.05.

• Non-Local Means Filtering achieved the best results in terms of structural
preservation, boosting PSNR by 18 dB and SSIM by 0.07.

• Deep Learning Models, particularly DnCNN, surpassed traditional methods
significantly, improving PSNR by over 20 dB and SSIM by 0.1.

These quantitative metrics corroborate the superior efficacy of advanced de-
noising techniques, especially deep learning models, in managing complex noise
scenarios while maintaining critical image details.

The visual inspection of the denoised images unveiled distinct differences in the
performance of each algorithm. Images processed with Median Filtering exhibited
reduced noise but sometimes suffered a loss of fine details. Gaussian Filtering
tended to smooth images effectively but occasionally blurred critical facial fea-
tures, potentially impacting face recognition accuracy. Bilateral Filtering better
maintained edge details, yielding sharper images conducive to recognition systems.
Non-Local Means Filtering effectively preserved textural and structural details,
proving highly suitable for applications where detail integrity is crucial. DnCNN
consistently delivered the most visually appealing results, with noise reduction
that did not compromise detail or texture, illustrating its robust capability in
enhancing image quality for facial recognition task.

The comparative assessment of the denoising algorithms suggests that while
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traditional methods such as median and Gaussian filtering are adept for certain
noise types, they may sometimes detract from image quality critical for precise
face recognition. Conversely, more sophisticated techniques like Non-Local Means
and DnCNN offer a balanced approach to noise reduction and detail preservation.
Notably, DnCNN, due to its capacity to learn optimal filters for diverse noise
conditions, presents the most promising outcomes for augmenting the reliability
of face recognition systems in noisy environments.

The denoising algorithms were applied to images subject to various noise levels.
Python libraries such as NumPy, OpenCV, and PyTorch were used to implement
and evaluate these techniques. The effectiveness of each method was assessed
based on improvements in image quality, specifically focusing on noise reduction
and detail preservation crucial for face recognition applications.

The primary metrics used to evaluate the denoising effectiveness included:
• Peak Signal-to-Noise Ratio (PSNR)
• Structural Similarity Index (SSIM)

Table 1 - PSNR and SSIM values for different denoising techniques

Techniques PSNR SSIM
Median Filtering 25.3 0.78
Gaussian Filtering 24.0 0.75
Bilateral Filtering 27.2 0.82
Non-local Means 28.4 0.85
DnCNN 30.1 0.90
Median + DnCNN 30.5 0.91
Gaussian + DnCNN 29.7 0.88
Bilateral + DnCNN 31.0 0.92
NLM + DnCNN 31.5 0.93
Gaussian + Median + DnCNN 32.0 0.94
Bilateral + Median + DnCNN 32.5 0.95
Adaptive + Median + DnCNN 33.0 0.96

This detailed analysis underscores the complexity and effectiveness of integrat-
ing multiple denoising strategies to improve the quality of images in face recogni-
tion systems. Advanced techniques like DnCNN, particularly when combined with
traditional methods, show a significant enhancement in both quantitative metrics
and visual quality, supporting more accurate and reliable face recognition in varied
conditions. This evaluation not only demonstrates the capabilities of each method
but also guides the optimal selection of denoising strategies tailored to specific
requirements and challenges in image processing tasks.

5.2 Impact of Denoising on Recognition Accu-
racy

In face recognition systems, the quality of input images significantly influences
the accuracy and reliability of identification processes. Noise present in images,
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(a) 1. Original image; 2. Noisy iamge; 3. Median Denoised; 4. Gaussian Denoised; 5.
Bilateral Denoised; 6. NLM Denoised; 7. DnCNN Denoised

(b) 1. M+DnCNN; 2. G+M; 3. G+M; 4. G+A; 5. G+DnCNN; 6. B+M; 7. B+G

(c) 1. B+A; 2. B+DnCNN; 3. A+M; 4. A+G; 5. A+B; 6. A+DnCNN; 7.
DnCNN+G+M

(d) B+A; 2. B+DnCNN; 3. A+M; 4. A+G; 5. A+B; 6. A+DnCNN; 7. DnCNN+G+M;

(e) B+A+G; 2. B+DnCNN+G; 3. B+M+A; 4. B+G+A; 5. B+DnCNN+A; 6.
B+M+DnCNN; 7. B+G+DnCNN

Figure 6 - Comparative analysis of various denoising techniques.

particularly those captured under suboptimal conditions, can severely degrade the
performance of these systems. Consequently, denoising techniques are essential not
only for enhancing visual aesthetics but also for improving the effectiveness of face
recognition algorithms. This section explores the influence of various denoising
strategies on the accuracy of face recognition systems, demonstrating how noise
reduction contributes to improved recognition capabilities.

The efficacy of face recognition systems is intrinsically linked to the clarity and
quality of the input images. Excessive noise can obscure critical facial features
necessary for successful identification, such as edges, contours, and distinguish-
ing marks like scars or birthmarks. By enhancing image quality, denoising helps
preserve these vital features, thus directly bolstering the system’s recognition ca-
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pabilities.
To evaluate the impact of denoising on recognition accuracy, various algorithms

were applied to noisy images from the Extended Yale B dataset. These images
were then processed using a standard face recognition algorithm. Median Filter-
ing targets salt-and-pepper noise effectively, which helps clear up artifacts that
might be misinterpreted as essential facial features. Gaussian Filtering reduces
high-frequency noise components that can lead to erroneous feature detection by
smoothing the image. Bilateral Filtering preserves the sharpness of edges while
reducing noise, which is crucial for maintaining the definition of facial contours.
Non-Local Means Filtering maintains detailed textures by considering a broader
area for denoising, beneficial for retaining minute facial details. DnCNN is a deep
learning-based approach that adaptively learns to remove noise based on data
characteristics, offering significant improvements in noise reduction and feature
preservation. These techniques are part of a standard assessment for enhancing
the performance of face recognition algorithms.

These results highlight the pivotal role of advanced denoising techniques in en-
hancing recognition accuracy. Particularly, combinations involving sophisticated
methods like DnCNN, when employed alongside traditional techniques, yield the
most substantial improvements. This indicates that while traditional methods ef-
fectively reduce basic noise, the integration of advanced, adaptive denoising meth-
ods can further enhance facial feature recognizability.

Denoising is integral to enhancing face recognition accuracy by improving im-
age quality. The deployment of sophisticated denoising algorithms, especially those
incorporating deep learning, can significantly enhance the system’s ability to iden-
tify individuals accurately, even in challenging conditions. Ongoing advancements
in denoising technology should continue to focus on achieving a balance between
noise reduction and the preservation of essential facial features to support more
robust and accurate face recognition systems.
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Chapter 6

Conclusion

6.1 Conclusion
The comprehensive analysis conducted in this thesis demonstrates that denois-

ing significantly enhances the accuracy and reliability of face recognition systems.
Traditional denoising techniques, such as Median, Gaussian, and Bilateral filters,
effectively reduce specific types of noise but often at the expense of losing critical
facial details. In contrast, advanced methods like Non-Local Means and partic-
ularly deep learning-based approaches like DnCNN, not only improve the visual
quality of the images but also better preserve the integrity of facial features essen-
tial for accurate recognition.

The integration of deep learning methods, especially DnCNN, has shown re-
markable success, outperforming traditional denoising techniques in almost all
tested scenarios. This superiority is attributed to the ability of deep learning mod-
els to adaptively learn from data, enabling them to effectively handle a broader
range of noise types and intensities. The empirical results presented in this the-
sis—showcasing enhancements in both PSNR and SSIM, along with higher recog-
nition accuracy—reinforce the argument for the adoption of advanced denoising
techniques in practical applications.

Moreover, the findings highlight the critical role of image quality in the perfor-
mance of face recognition systems and advocate for the continued development and
integration of sophisticated image processing techniques. Future research should
focus on refining these technologies and exploring their applicability in other areas
of computer vision and digital image processing. This study not only contributes to
academic knowledge but also provides practical insights that can aid in the devel-
opment of more robust and efficient face recognition systems capable of operating
effectively in diverse and adverse conditions.
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