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ABSTRACT

Medical image denoising is the process of reducing unwanted noise from medical im-

ages like X-rays, MRIs, and CT scans to improve diagnostic accuracy and clarity. Ac-

curate diagnosis in medical imaging, particularly in radiology, heavily depends on the

clarity and quality of visual data. In X-ray imaging, the presence of noise can obscure

critical anatomical details, potentially leading to misinterpretation or delayed diagnosis.

While previous methods such as BM3D, DnCNN, and domain-specific architectures like

X-ReCNN and X-BDCNN have shown significant performance on denoising tasks, they

often rely on predefined noise assumptions or lack mechanisms to adaptively attend to

varying noise patterns in different image regions. To address these limitations, we propose

an attention-guided dual-path deep neural network designed for blind image denoising of

real-world medical X-ray images. Unlike standard attention modules, we integrate spatial

and channel noise-aware attention mechanisms for medical X-ray denoising, enabling the

network to dynamically focus on important features while effectively distinguishing struc-

tural details from noise. Our architecture combines U-Net for capturing detailed spatial

features and Dilated CNN for extracting broader contextual information. We train our

model on the ChestX-ray8 dataset, where it achieves a performance with an SNR of 37.23,

PSNR of 42.08, and SSIM of 0.9736. These results demonstrate the model’s effectiveness

in denoising X-ray images while preserving structural integrity. The main contributions

include the introduction of a noise-aware attention mechanism and a multi scale dual-

branch architecture for complementary feature learning. Nevertheless, the model has

limitations, generalizing to other imaging modalities like MRI or CT.

Key words: Attention mechanism, Blind image, CNN, Medical image denoising,X-

ray.
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Chapter 1

Introduction

1.1 Background

Medical image processing plays a vital role in contemporary healthcare by providing

clinicians with non-invasive means to visualize internal anatomical structures and phys-

iological functions with remarkable precision [1]. Imaging technologies such as X-ray

[2], Magnetic Resonance Imaging (MRI) [3], and Computed Tomography (CT) [4] have

become essential tools in clinical diagnosis, treatment planning, and patient monitor-

ing. These modalities allow for the detection of a wide array of pathologies, including

tumors, fractures, vascular abnormalities, and organ dysfunctions. Despite their util-

ity, the effectiveness of these imaging modalities is highly dependent on image quality

[5, 6]. High-resolution and artifact-free images allow for more accurate interpretation and

diagnosis. Conversely, poor-quality images degraded by noise, motion artifacts, low con-

trast, or hardware limitations can obscure critical clinical details, potentially leading to

misdiagnosis or suboptimal treatment strategies. Hence, enhancing image quality is fun-

damental to improving clinical outcomes and facilitating accurate, data-driven medical

decision-making [7].

The earliest efforts to address image degradation in medical imaging were based on

spatial domain filtering. Techniques such as mean, median, Gaussian, and adaptive filters

[8, 9] aimed to suppress noise by smoothing pixel intensities within local neighborhoods.

While computationally simple, these methods typically introduced blurring and edge loss,

which is particularly detrimental in medical imaging where fine structures and boundaries

are diagnostically significant. To mitigate these drawbacks, transform domain techniques

like Fourier and Wavelet Transforms [10] were developed. These methods analyze images

in frequency or multi-resolution domains, enabling better separation of noise from mean-
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ingful signal structures. Wavelet-based methods, in particular, gained popularity due to

their ability to localize image features both in space and scale, offering better preservation

of edges. Nevertheless, these approaches still relied on hand-crafted parameters and fixed

basis functions, limiting their flexibility across varying noise conditions and image types.

A significant advancement came with the introduction of patch-based methods such

as Non-Local Means (NLM) [11]. Unlike local filters, NLM computes pixel intensities

based on the similarity of entire image patches, even across non-adjacent regions. This

exploited the inherent self-similarity in medical images and preserved structural details

more effectively. Building upon this, Block-Matching 3D (BM3D) filtering [12] grouped

similar patches into 3D arrays and performed collaborative filtering in the transform do-

main, achieving state-of-the-art denoising performance for many years. However, both

NLM and BM3D are sensitive to parameter tuning and computationally intensive. Al-

though classical denoising methods improved early filtering techniques, they rely on hand-

crafted models that poorly adapt to the complex, non-stationary, and modality-specific

noise found in real-world medical images [13]. Additionally, these methods often ignore

semantic and anatomical priors essential for accurate reconstruction, treating denoising

as a generic mathematical problem [14, 15].

The limitations of traditional methods created a fertile ground for the emergence of

deep learning-based approaches. Convolutional Neural Networks (CNNs), particularly

with architectures tailored for image restoration, revolutionized the field by learning

complex mappings from noisy to clean images directly from data [16]. These models

are capable of capturing both local features (like textures and edges) and global context

(like anatomical structure), resulting in superior performance over classical techniques.

Unlike hand-crafted filters, CNNs can generalize across various noise types and imaging

conditions once trained appropriately[16, 17].

Recent developments have pushed the boundaries of deep learning even further. Archi-

tectures like U-Net [18], which combine encoder-decoder structures with skip connections,

are widely used for medical image denoising due to their ability to preserve spatial resolu-

tion while enabling deep feature extraction. Transformer-based models [19]and generative
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networks [20] have also been explored to capture long-range dependencies and generate

more realistic, artifact-free outputs. In addition, self-supervised and unsupervised learn-

ing methods have emerged to address the scarcity of clean ground truth data in clinical

settings [17].

The evolution of image denoising—from basic spatial filters to deep neural networks

reflects a broader trend in medical image analysis toward data-driven and context-aware

solutions. Modern denoising models not only improve image quality but also enhance

downstream tasks such as segmentation[21], classification[22], and regression[23]. Never-

theless, challenges remain in ensuring robustness, generalizability across imaging devices

and patient populations, and interpretability of deep models in clinical practice.

1.2 Motivation

1.2.1 Diagnostic demand

The motivation behind this study stems from the critical need to enhance the denoising

process in medical imaging, where the clarity and fidelity of images directly impact di-

agnostic accuracy and subsequent treatment outcomes [24, 25]. Conventional denoising

methods face significant hurdles when confronted with the challenge of blind denoising,

where the noise characteristics within medical images are unknown or complex due to

environmental factors or sensor uncertainties. These limitations of traditional denoising

techniques show the need for a better approach that will overcome the challenges and

bring an improved medical imaging. The use of an enhanced denoising technique will

highly support medical professionals in providing a clear and accurate image which is

important in the decision making process and treatment planning phase to get a positive

patient outcome.

1.2.2 Blind Denoising Issue

This study aims to contribute to the major problem in blind denoising mostly seen where

there is a lack of paired training data in real world scenarios. Traditional denoising

methods often rely on predefined noise models and paired datasets of noisy and clean
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images, which are rarely available in practical scenarios, especially in medical imaging

[26, 27]. Using powerful deep learning methods such as CNN, this study aims to advance

this field [28, 29]. This approach will enhance the quality of medical images as well as

contribute to the field of computer vision. At last, this study strives to support the

healthcare industry in making accurate diagnostics.

1.2.3 Reducing the Need for High Radiation Doses

High radiation dose in medical imaging impacts the patients health. Due to a high radia-

tion exposure patients become exposed to long term health issues including an increased

cancer risk, which needs attention to find a way of getting a better diagnostic image

quality with a minimal risk to the patient [30]. This makes it a significant motivation for

research due to the associated health risks. Research shows that deep learning based de-

noising techniques reduce radiation dose in CT scans by preserving the diagnostic quality

of the image, showing the safety of low-dose imaging [31]. These approaches give birth to

a tangible solution by enhancing the quality of low-dose images while keeping its diagnos-

tic relevance [32]. By focusing on this method, our research can contribute to developing

a safer imaging procedure with reduced radiation and make sure the medical images have

quality to support the medical professionals’ diagnosis process [33]. This aligns with the

growing clinical need for techniques that ensure diagnostic robustness while minimizing

patient risk, and it supports broader adoption in settings where standard dose calibration

may be unavailable or inconsistent.

1.3 Problem Statement

Image denoising is a fundamental problem in low-level vision and plays a crucial role

as a preprocessing step in many computer vision tasks, including medical imaging [34].

The objective of image denoising is to recover a noise-free image from its observed noisy

counterpart, following the degradation model. However, in numerous scenarios, the noise

characteristics in medical images are unknown or unavailable due to factors like radia-

tion dose levels [31], noise [35], motion artifacts [36], poor contrast [37],incomplete data
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acquisition, equipment quality and maintenance issues, imaging technique artifacts, envi-

ronmental conditions, and improper imaging protocols [38]. This can be observed in im-

ages captured during endoscopy procedures in challenging conditions, such as a low-light

environment, often suffer from unknown noise [39]. These images can exhibit variations

in noise patterns and intensities, making noise characterization blind and subsequent de-

noising more challenging. Blind denoising refers to the process of removing noise from

images without prior knowledge or assumptions about the noise distribution or charac-

teristics. This lack of noise information requires denoising methods that can adapt to

unknown and varying noise conditions, which is especially critical in medical imaging

scenarios.

Therefore, addressing the blind denoising problem becomes meaningful in order to

enhance the visual experience of users. While numerous image prior-based methods

[40, 41, 42] have been successful in denoising problems, they usually require the estimation

of noise levels using different algorithms [43, 44]. One major limitation of image prior-

based methods is their dependence on human-defined knowledge to construct the image

priors. These priors are often based on assumptions about the typical structure and

behavior of images, which might not capture the full range of features present in real-

world images [14]. Another challenge with these methods is their typical reliance on

internal information from the input image alone [13]. This means that they do not

make use of external datasets or additional contextual information that could potentially

enhance the denoising process. By only leveraging the internal characteristics of the

image, these methods can sometimes miss out on opportunities to improve accuracy and

generalization through external references [25, 45]. This internal-only approach, while

useful for certain applications, limits the overall potential of the denoising techniques

[25].

Apart from blind denoising methods, there is another category of denoising techniques

based on discriminative learning, such as CNN [46, 47] that is worth mentioning. These

methods, especially those using Convolutional Neural Networks (CNNs) [48, 25, 49],

train deep denoising networks with paired training datasets. They implicitly learn the
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underlying noise model, which leads to impressive denoising performance. These CNN-

based approaches do not rely on human knowledge of image priors but instead leverage

the powerful learning capabilities of the network architecture, surpassing the limitations

of prior-based methods [40, 41, 42] and achieving improved performance. Specifically,

for denoising problems with known noise types like Gaussian noise [50], it is possible to

create paired training data and utilize these methods to achieve state-of-the-art results.

However, Another challenge arises when dealing with the practical scenario of blind

denoising, where the paired training dataset is unavailable or difficult to obtain in reality

[51]. Typically, what we have access to are noisy images with unknown noise charac-

teristics. Moreover, real-world noises tend to be more complex than simple Gaussian

noise [50], making it challenging to apply existing models trained for denoising known

noises. Consequently, when lacking paired training datasets, these discriminative learning

approaches cannot be directly exploited to address blind denoising problems effectively.

In this research, we address the challenging problem of blind image denoising in med-

ical X-ray images, where noise patterns are unknown, spatially varying, and difficult to

model due to factors such as sensor imperfections, low-dose imaging, and noise images

(Gaussian, salt and papers,poisson ,speackle noises). To tackle this, we integrate a U-Net

based Swin Transformer with a Dilated CNN: the U-Net effectively captures local fine-

grained anatomical details through its encoder-decoder architecture with skip connections

[52], while the Dilated CNN enlarges the receptive field to incorporate broader contextual

information without sacrificing resolution [53]. Additionally, the attention mechanisms,

encompassing both spatial and channel dimensions, allow the model to focus on diag-

nostically relevant regions, and the Noise Estimation Network enables adaptive handling

of varying noise levels. This combination improves denoising accuracy while preserving

critical medical structures, overcoming the limitations of traditional methods that assume

known or uniform noise characteristics.
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1.4 Research Question

• RQ1: How can a Dual CNN-based denoising framework enhanced with attention

mechanisms effectively reduce noise in X-ray images while preserving structural and

diagnostic details?

• RQ2:How does the incorporation of serial channel attention modules in dual CNN

architectures enhance noise suppression in X-ray images without compromising

anatomical detail preservation?

1.5 Objective

1.5.1 General Objective

The general objective of this study is to develop an integrated approach for enhancing

blind medical image restoration by combining noise estimation network, attention network

and convolutional Neural Networks.

1.5.2 Specific Objective

• To develop a noise estimation network that identifies and measures the location and

intensity of noise in an image.

• To design and implement spatial and channel attention modules that highlight

diagnostically important regions and feature representations.

• To integrate attention mechanisms with convolutional neural networks for improved

image denoising performance.

• To incorporate multi-scale feature extraction, dilated convolutions, and Swin Trans-

former modules to enhance both local detail and global contextual understanding.

1.6 Scope

This research thesis focuses on blind denoising of X-ray images, aiming to develop ad-

vanced deep learning techniques that can effectively remove unknown and spatially vary-
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ing noise without prior knowledge of its distribution. Given the critical role of X-ray

imaging in medical diagnostics, improving image clarity while preserving fine anatomical

details is essential for accurate analysis. The scope includes designing and implementing

noise estimation modules combined with attention-based convolutional neural networks

to adaptively identify and suppress diverse noise patterns typically encountered in real-

world X-ray scans. The goal is to make our blind denoising model more dependable and

effective in producing better quality X-ray images that are captured at different noise

levels. As a result these can support medical professionals in their decision making for

better healthcare.

1.7 Significance

• Better Diagnosis: Blind image denoising improves the quality of images which

leads to a correct diagnosis.

• Ability to Adjust to Different Noise: These methods can effectively handle

different types of noise without prior knowledge.

• Important Feature Preservation: Effective denoising methods maintain the

important anatomical features and pathologies that guide during medical diagnosis.

• Reduction of Patient Exposure to Radiation: Blind denoising minimizes

patients exposure to radiation by maintaining a quality image captured in a lower

radiation dose.

1.8 Contribution

To tackle the blind medical images, we proposed innovative approaches that leverage

advanced techniques:

• Development of a multi-scale spatial and channel attention module that enables

CNN-based denoising networks to selectively focus on diagnostically important re-

gions and feature channels across different scales.
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• Design of an attention-guided noise estimation network that adaptively predicts

spatially varying noise levels and integrates with dual-branch CNNs, allowing effec-

tive denoising in X-ray medical images.

• Integration of a U-Net-based Swin Transformer architecture to combine the strong

localization ability of U-Net with the global contextual modeling power of Swin

Transformers, thereby enhancing both structural preservation and long-range fea-

ture representation.

1.9 Thesis structure

The subsequent sections of this document delve into the development of the proposed

technique. In Chapter 2, an extensive review of relevant literature and related works is

provided, encompassing various aspects such as medical image modalities, common med-

ical image noises, and denoising techniques. Chapter 3 intricately details the method-

ologies employed, elucidating on the architectures and techniques utilized. In Chapter 4,

experimental procedures, findings and limitations are presented. Finally, Chapter 5 puts

the conclusion and recommendations for future research endeavors.



Chapter 2

Literature Review

2.1 Background

Medical imaging is a crucial technology in the healthcare industry, involving the creation

of visual representations of the interior of a body for clinical analysis and medical in-

tervention. This field encompasses various techniques and processes to capture images

of the human body’s internal structures, facilitating the diagnosis and treatment of dis-

eases. Medical imaging is critical because it allows healthcare professionals to view the

anatomical and physiological conditions of patients non-invasively, leading to more accu-

rate diagnoses, better treatment planning, and improved patient outcomes. Additionally,

it helps in monitoring disease development and treatment, making modern medicine es-

sential [54, 55].

Medical imaging comes in various forms, each with its own unique role. X-ray [56],

one of the oldest and most common methods, are great for checking bones and spotting

fractures. Magnetic Resonance Imaging (MRI) [3] on the other hand, are useful for

evaluating the brain, spinal cord, and joints by making use of radio waves and magnets

to produce detailed images of soft tissues. Computed Tomography (CT) [4] combines

X-rays with computer tech to produce layered images of the body, giving a clear view of

organs and other structures. Then there’s ultrasound [57], which relies on high-frequency

sound waves and is often used in pregnancy checkups or to examine the heart. These

medical equipment together guide the diagnosis process of different health defects, plan

treatments, and keep patients healthy, strengthening modern healthcare and effective

disease management [58, 59].

Medical images include a number of flaws, including noise, low contrast, and low

resolution, which might cover important details needed for diagnosis. For instance, in
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X-ray and CT images, the presence of noise can make it difficult to distinguish between

different tissue types [5, 60]. Low contrast in MRI and ultrasound pictures might make it

more difficult to see small details in soft tissues [6]. These problems can be minimized and

the overall quality of the images can be increased by using image enhancing techniques

[1]. Better visualization and interpretation of the data by radiologists and other medical

professionals results in more precise diagnosis and better patient outcomes [61].

Furthermore, image enhancement plays a huge role in the development of computer-

aided diagnosis (CAD) systems [62]. These systems rely on high quality images in order

to detect tumors, organs, and anomalies. This will in turn increase the accuracy of

automated diagnostic tools. In addition to this, image enhancement is crucial for various

imaging tasks like for measuring tumor size [63]. Therefore improving medical image

quality will maximize the performance of disease detection and monitoring [62, 7].

2.2 Medical Image Modalities

Medical imaging is vital for the clinical environment, by guiding the diagnosis, treat-

ment planning, and patient monitoring process in health care [61, 7]. Various imaging

modalities have been introduced in the past years showing the rapid revolution in medi-

cal imaging. Each imaging modalities has their unique advantage in identifying patients

health status which makes it suitable for different scenarios [64].

2.2.1 X-ray Imaging

X-ray is one of the most commonly used imaging techniques that makes use of an elec-

tromagnetic radiation to show the internal structure of our body [56]. When X-rays

pass through the body, different tissues absorb varying amounts of radiation based on

their density and composition. This differential absorption produces contrast in the re-

sulting image, allowing visualization of anatomical features such as bones, organs, and

any foreign objects present [64]. Due to the high absorption rate of dense materials like

bone, X-ray imaging excels at producing clear, well-defined outlines of skeletal structures,

making it an invaluable tool in clinical diagnosis.
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Clinically, X-ray imaging serves numerous diagnostic functions across various medi-

cal disciplines. It is indispensable for detecting bone fractures, infections, and tumors,

providing rapid assessment of skeletal abnormalities [56]. In addition to musculoskele-

tal evaluations, X-rays are routinely used in dental imaging to examine tooth structures

and identify cavities, offering dentists a non-invasive method for early diagnosis [65].

Chest radiography, a common form of X-ray imaging, plays a critical role in diagnosing

pulmonary conditions such as pneumonia, lung cancer, and tuberculosis by delivering

high-resolution images of the lungs and surrounding tissues [2]. These broad applications

underscore X-ray imaging’s versatility and clinical importance.

Despite its benefits, X-ray imaging has clinical and technological issues that affect

patient safety and image quality. The primary limitation is that X-ray images often

have low contrast and noise, which may blur essential diagnostic features and make

interpretation more difficult [5]. To solve these issues with noise and contrast, it requires

advanced image denoising and augmentation techniques that keep diagnostic information

while making the image clearer.

Another major concern in X-ray imaging is the risk of ionizing radiation exposure.

Although the doses used in diagnostic imaging are relatively low, repeated or unnecessary

exposure can increase the risk of adverse health effects [66]. This necessitates stringent

dose management protocols and optimization of imaging parameters to achieve the best

possible image quality at the lowest feasible radiation dose. Advances in technology,

such as improved detector sensitivity and adaptive imaging protocols, have contributed

to safer X-ray practices, but ongoing vigilance and innovation remain essential.

2.2.2 Magnetic Resonance Imaging (MRI)

MRI utilizes strong magnetic fields and radio waves to create detailed images of the body’s

internal structures [3]. The technology operates on the principles of nuclear magnetic

resonance, where hydrogen atoms in the body’s water and fat molecules align with the

magnetic field and emit signals that are captured and converted into images [3]. This

non-invasive approach provides excellent soft tissue contrast, making MRI particularly



13

suitable for imaging the brain, spine, and joints. It is highly effective in detecting a range

of abnormalities such as tumors, strokes, and degenerative diseases, offering detailed

insights into anatomical structures and pathological conditions [67].

Despite its advantages, MRI imaging encounters several challenges. Motion artifacts

can distort images due to patient movement during scanning, compromising diagnostic

accuracy, especially in studies requiring high resolution and precise anatomical detail [6].

Moreover, MRI suffers from a relatively low signal-to-noise ratio, which can impact image

quality and clarity [68]. Techniques such as advanced motion correction algorithms and

signal enhancement methods are continually being developed to mitigate these challenges

and improve the effectiveness of MRI in clinical practice.

2.2.3 Ultrasound

Ultrasound imaging operates by using high-frequency sound waves generated by a trans-

ducer, which are directed into the body to produce detailed images of internal structures

[57]. When these sound waves encounter tissues with different densities, they reflect back

as echoes to the transducer. These echoes are converted into electrical signals and pro-

cessed to create real-time images of organs and tissues [57]. This non-invasive, radiation-

free technique offers the advantage of immediate visualization, making it especially useful

for monitoring dynamic physiological processes within the body.

Ultrasound is widely applied across clinical fields due to its safety and versatility. It is

frequently employed in fetal imaging to monitor development and detect anomalies during

pregnancy. In cardiac imaging, or echocardiography, ultrasound allows detailed assess-

ment of heart structure and function, facilitating diagnosis of conditions such as valve

abnormalities and congenital defects [69]. Additionally, ultrasound is essential in abdom-

inal imaging to examine organs like the liver, kidneys, and gallbladder for abnormalities

such as tumors or cysts. Its capability to capture real-time blood flow dynamics makes it

valuable for detecting circulatory blockages or irregularities. However, ultrasound imag-

ing faces challenges including speckle noise, which degrades image clarity [70], and limited

resolution when imaging deeper tissues, sometimes necessitating supplementary imaging
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techniques for comprehensive evaluation [71].

2.2.4 Computed Tomography (CT)

Computed Tomography (CT) imaging utilizes advanced X-ray technology to capture mul-

tiple cross-sectional images of the body from various angles. These images are processed

using computer algorithms to generate detailed 3D representations of internal organs and

structures, providing high spatial resolution and clarity [4]. CT imaging is widely used

across medical specialties due to its versatility, enabling healthcare providers to visualize

anatomical abnormalities, disease processes, and injuries comprehensively. It is especially

valuable for detailed imaging of critical organs such as the brain, lungs, liver, and ab-

domen, aiding in the diagnosis and management of conditions ranging from tumors to

vascular diseases [72]. In oncology, CT plays a pivotal role in cancer detection and staging

by accurately assessing tumor size, location, and spread, which guides treatment planning

and therapy monitoring [73]. Moreover, CT is indispensable in emergency medicine for

rapid diagnosis of traumatic injuries, internal bleeding, and for guiding urgent interven-

tions [74].

Despite its clinical benefits, CT imaging presents challenges that require careful man-

agement to ensure patient safety and diagnostic effectiveness. A primary concern is ra-

diation dose exposure, as CT scans involve ionizing radiation that poses potential health

risks [66]. To address this, healthcare providers must adopt protocols that minimize ra-

diation while preserving image quality necessary for accurate diagnoses. Additionally,

image noise and artifacts can degrade CT image clarity, potentially affecting diagnostic

confidence [60]. Ongoing advancements in imaging techniques and scanner technology fo-

cus on reducing noise and artifacts, thereby enhancing the reliability and interpretability

of CT images in routine clinical practice.
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Table 2.1: Comparison of Medical Imaging Modalities
Modality Principle Common

Uses
Advantages Challenges

X-ray [56,
5, 75]

Electromagnetic
radiation

Detecting
fractures,
infections,
tumors

Quick, widely
available, good
bone imaging

Noise, low con-
trast, radiation
exposure

MRI [3, 68,
67]

Magnetic fields
and radio waves

Brain,
spine, joint
imaging

Excellent soft
tissue contrast,
no radiation

Motion artifacts,
low signal-to-
noise ratio

CT [4, 72] X-ray tech-
nology for
cross-sectional
images

Internal
organs,
cancer
detection

Detailed 3D
images, quick,
good for emer-
gency

High radiation
dose, image
noise

Ultrasound
[76, 71]

High-frequency
sound waves

Fetal,
cardiac,
abdominal
imaging

Real-time imag-
ing, no radia-
tion, portable

Speckle noise,
resolution limi-
tations

2.3 Common Medial Image Noises

This section explores the various types of noise commonly encountered in medical imaging

and how they can affect the quality and diagnostic utility of images. And basically aims

to provide an overview of these noise types, their sources, and the impact they have on

image clarity, emphasizing the need for effective denoising techniques to enhance image

quality and support accurate medical diagnoses.

2.3.1 Noise

Noise in medical images refers to unwanted random variations in pixel intensity that ob-

scure or distort the true signal of the image, often complicating diagnosis and analysis. It

can be introduced during image acquisition due to limitations in hardware, environmental

factors, or the nature of the imaging process itself. Each type of noise affects medical

images differently depending on the modality, requiring specific denoising techniques to

improve clarity and diagnostic accuracy [60].

• Gaussian Noise: This type of noise is characterized by a normal distribution of

pixel intensity fluctuations and is commonly encountered in imaging systems like
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MRI and CT [50]. Gaussian noise arises from electronic disturbances within imaging

sensors and amplifiers, such as thermal fluctuations or electrical interference. Its

random nature results in smooth distortions across the image, which can blur fine

details. Gaussian noise is often addressed with smoothing filters [8] or advanced

denoising algorithms that preserve edges while reducing noise.

• Poisson Noise (Quantum Noise): Poisson noise, or quantum noise, is specific

to imaging modalities that rely on photon or particle detection, such as X-ray,

CT, and PET scans [77]. It occurs due to the discrete and probabilistic nature of

photon emission and detection, especially in low-dose imaging. Poisson noise leads

to uneven image intensities, particularly in areas with low signal levels. Methods

like dose optimization and statistical reconstruction techniques are employed to

minimize this noise without compromising image quality [78].

• Salt-and-Pepper Noise: Salt-and-pepper noise appears as randomly occurring

black and white pixels, often caused by data transmission errors or faulty imaging

sensors [79]. It is most disruptive in digital images where the noise is concentrated

in small areas, creating sharp, abrupt pixel intensity changes. This type of noise

can mask critical anatomical details, making it challenging to interpret medical

images accurately. Median filtering techniques are commonly used to remove salt-

and-pepper noise by preserving image edges while eliminating noisy pixels [79].

• Speckle Noise: Speckle noise is particularly prevalent in ultrasound imaging due

to the coherent interference of sound waves reflected by small tissue structures [70].

It manifests as granular, grainy distortions that reduce image contrast and make it

difficult to distinguish fine tissue details. Speckle noise can hinder accurate diag-

nosis, especially in cases involving soft tissue differentiation. Denoising techniques

such as wavelet transforms and convolutional neural networks are used to reduce

speckle noise while maintaining important image features [80].
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2.3.2 Low Contrast

Low contrast in medical images refers to the inability to distinguish between regions

of varying intensity, making it difficult to identify anatomical structures or pathological

changes [37]. Contrast is a critical element in medical imaging as it enhances the visibility

of specific tissues, organs, or abnormalities. When contrast is low, subtle differences be-

tween adjacent regions become less discernible, which can hinder accurate diagnosis. This

issue is particularly significant in modalities like X-ray and CT scans, where the contrast

between soft tissues and bones is vital for detecting fractures, tumors, or infections. Low

contrast can result from poor imaging conditions, insufficient exposure, or the inherent

limitations of the imaging modality, such as in cases of dense tissue regions or low-dose

imaging to reduce radiation exposure.

Addressing low contrast in medical images is essential for improving diagnostic accu-

racy and clinical outcomes. Image enhancement techniques, such as contrast stretching,

histogram equalization [81], and advanced algorithms like limited weighted histogram

equalization [82], are commonly used to improve visibility. These methods work by re-

distributing the pixel intensity values in the image, enhancing differences between tissues

and making hidden features more apparent. In some cases, contrast agents are admin-

istered, particularly in MRI and CT scans, to artificially enhance the contrast between

specific structures. However, balancing contrast enhancement without introducing arti-

facts or noise remains a challenge, requiring careful tuning of both imaging protocols and

post-processing methods to ensure the best possible image quality for medical interpre-

tation.

2.3.3 Blurring

Blurring in medical images refers to a loss of sharpness and detail, causing the boundaries

between different anatomical structures to become less distinct [83]. This can significantly

hinder the ability to accurately diagnose conditions, as important features such as small

lesions, fractures, or subtle tissue differences may become obscured. Blurring often occurs

due to factors like patient movement during the scan, improper focusing of imaging
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equipment, or technical limitations such as low resolution in modalities like ultrasound or

X-ray. In addition, blurring can result from certain imaging protocols that prioritize lower

radiation exposure or faster scan times, which may lead to reduced image clarity. For

instance, in MRI or CT scans, where high precision is critical for detecting abnormalities

in soft tissues or organs, even slight blurring can obscure critical diagnostic information

[84].

Addressing blurring in medical images involves a combination of improving imaging

protocols and employing post-processing techniques. On the acquisition side, measures

like using faster imaging techniques, ensuring proper patient positioning, and utilizing

motion correction algorithms [36] can reduce the chances of blur. On the post-processing

side, deblurring algorithms such as Wiener filters [85] are often used to enhance image

clarity by restoring the sharpness of blurred features. However, the challenge lies in en-

hancing the image without introducing artifacts or noise, which could further complicate

diagnosis. Modern advancements in deep learning-based [83, 84] image restoration also

offer promising solutions for reducing blurring while preserving important structural in-

formation in medical images, contributing to better diagnostic accuracy and treatment

planning.

2.4 Spatial Domain-Based Image Denoising Techniques

Spatial domain-based image denoising techniques operate directly on the pixel values of

an image [86]. These methods are crucial for reducing noise while maintaining impor-

tant image features such as edges and textures. Below is a detailed discussion of some

fundamental spatial domain techniques used for image denoising:

2.4.1 Averaging Filters

Mean Filter: The mean filter, also known as the box filter, is one of the simplest and

most widely used spatial domain techniques. It works by replacing each pixel’s value

with the average of the pixel values in its neighborhood [87]. This method is effective

in reducing Gaussian noise but can blur the edges and details of the image due to its
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uniform averaging approach [88].

Gaussian Filter: The Gaussian filter is a type of weighted averaging filter where the

weights are determined by a Gaussian function. This filter is effective at smoothing images

while preserving edges better than the mean filter [50]. The Gaussian filter’s performance

depends on the standard deviation of the Gaussian kernel, which controls the extent of

smoothing. It is particularly useful for reducing Gaussian noise and maintaining the

overall structure of the image [89, 90].

2.4.2 Median Filters

Standard Median Filter: The median filter is a non-linear filter that replaces each

pixel with the median value of the pixels in its neighborhood [91]. This technique is

highly effective in removing salt-and-pepper noise, where isolated pixels are corrupted.

The median filter preserves edges better than averaging filters, as it does not average

pixel values but instead selects the median, which is less sensitive to outliers [88].

Adaptive Median Filter: Unlike the standard median filter, the adaptive median

filter adjusts the size of the neighborhood based on local noise characteristics [8]. It starts

with a small neighborhood and increases its size until the median value stabilizes. This

adaptiveness allows the filter to better preserve edges while removing noise, making it

effective for images with varying levels of noise.

2.4.3 Bilateral Filters

Bilateral Filter: The bilateral filter is a non-linear filter that reduces noise while preserv-

ing edges. It combines spatial distance and intensity difference to weigh the contribution

of neighboring pixels [92]. This means that pixels that are both spatially close and similar

in intensity to the central pixel have a greater influence on the final output. The bilateral

filter is particularly effective in preserving edges and fine details while removing noise.

However, it can be computationally intensive due to the need for calculating distances

and differences for every pixel [93].
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2.4.4 Wiener Filters

Wiener Filter: The Wiener filter is an adaptive filter designed to minimize the mean

square error between the estimated clean image and the true image [85]. It adjusts

its filtering parameters based on the local image statistics, which allows it to perform

better in varying noise conditions. The Wiener filter is effective for images where noise

characteristics are known, as it adapts to the local variance of the noise.

2.5 Learning-Based Image Denoising Techniques

In recent years, learning-based techniques have gained significant attention in the field

of medical image denoising due to their ability to automatically learn complex noise pat-

terns and adapt to the unique characteristics of medical imaging modalities [94]. Unlike

traditional methods that rely on handcrafted features and assumptions about the noise

distribution, learning-based approaches leverage large datasets and deep neural networks

to model the underlying structure of both noise and signal more effectively.

2.5.1 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) have become a cornerstone in medical image

denoising due to their powerful feature extraction capabilities and adaptability to complex

noise patterns. CNNs operate by learning hierarchical representations from raw input

data, where the initial layers capture low-level features like edges and textures, while

deeper layers model more complex structures. Their ability to preserve fine anatomical

details while removing noise has led to widespread use across various imaging modalities,

including MRI, CT, and X-rays. [95]

In a foundational study by Zhang et al. [96], the authors introduced a deep CNN-based

model known as DnCNN, which demonstrated that residual learning could significantly

enhance denoising performance. The DnCNN model works by learning a mapping from

noisy images to their corresponding noise components, enabling the network to subtract

noise from the input images effectively. This approach was particularly successful in

medical image applications such as low-dose CT scans, where reducing noise without
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compromising diagnostic accuracy is critical. The authors demonstrated that CNNs

outperform traditional methods such as wavelet thresholding and non-local means in both

objective metrics and visual quality, especially when handling complex noise types.[96]

Another noteworthy contribution comes from Chen et al. [31], who proposed a Resid-

ual Encoder-Decoder CNN (RED-CNN) for low-dose CT image denoising. The RED-

CNN uses an encoder-decoder architecture with skip connections, allowing the model

to capture both high- and low-frequency information effectively. The study focused on

reducing noise in low-dose CT images to minimize radiation exposure while maintaining

image quality. Through extensive experiments, the RED-CNN was shown to preserve fine

structural details better than non-learning methods like bilateral filtering, and it even sur-

passed other deep learning-based techniques in terms of peak signal-to-noise ratio (PSNR)

and structural similarity index (SSIM). The introduction of residual connections helped

mitigate vanishing gradients during training, ensuring that deeper networks could learn

effectively from the medical image data.

In a more recent work, Yang et al. [97]explored the use of a Noise2Noise CNN frame-

work for unsupervised medical image denoising. This method was designed to address a

common limitation in medical imaging: the lack of paired noisy-clean training datasets.

The Noise2Noise model was trained using only noisy images, leveraging the insight that

the underlying signal remains consistent across different noisy observations. This innova-

tion is particularly relevant for clinical scenarios where acquiring clean, noise-free ground

truth images is impractical. The Noise2Noise model showed promising results on MRI

and ultrasound images, achieving comparable denoising performance to supervised meth-

ods without the need for clean training data. This approach opens new possibilities for

practical and scalable denoising solutions in medical imaging where annotated datasets

are scarce.

2.5.2 Autoencoders for denoising

Autoencoders have emerged as a powerful unsupervised learning technique for medical

image denoising. These models learn a compressed, latent representation of the input data
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by encoding noisy images into a lower-dimensional space and then decoding them back

to their original resolution, ideally without noise. Autoencoders are particularly useful

in medical imaging, where clean, noise-free images are often difficult to obtain. They can

be trained using noisy images alone, making them a practical choice for applications such

as MRI, CT, and X-ray imaging. Denoising autoencoders (DAEs) have shown significant

potential in reducing noise while preserving important diagnostic features, which is critical

for maintaining clinical utility.[98]

Vincent et al. [99] pioneered the concept of denoising autoencoders (DAEs) by train-

ing the network to reconstruct clean images from their noisy counterparts. The study

demonstrated that autoencoders could effectively learn the underlying structure of im-

ages while filtering out noise, a capability that has direct applications in medical imaging.

In their experiments, DAEs successfully removed noise in handwritten digit images and

other natural images, proving the method’s generalizability. This foundational work set

the stage for applying autoencoders to medical images, where the need for noise reduction

without losing critical structural information is paramount. The ability of autoencoders

to learn a robust latent representation makes them ideal for handling the complex noise

present in medical scans, including MRI and CT.

In a more focused application of DAEs to medical imaging, Gondara [100] applied

stacked denoising autoencoders (SDAE) to low-dose CT scans. By stacking multiple

layers of autoencoders, the network could learn progressively more abstract representa-

tions of the input data, improving its ability to filter out noise. Gondara’s model was

specifically designed to handle the low-dose CT scenario, where reducing radiation expo-

sure introduces significant noise. The SDAE model outperformed traditional denoising

techniques, such as non-local means and bilateral filtering, in both qualitative and quan-

titative evaluations. It showed that the autoencoder architecture could learn a latent

representation that separates noise from essential anatomical details, making it highly

effective for clinical use in low-dose CT denoising.

In their 2020 study, Biswas, et a. [101] introduced a novel approach called DVAE

(Deep Variational Autoencoder) for denoising retinal fundus images, a critical step in
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enhancing the quality of medical images used for the diagnosis of eye diseases. The DVAE

model leverages the power of variational autoencoders (VAEs) to learn the underlying

noise distribution in retinal images while preserving essential structural details crucial for

clinical diagnosis. The authors demonstrated that by utilizing a probabilistic approach,

DVAE could not only effectively remove noise but also provide a measure of uncertainty

in the denoised images, which is valuable for assessing the reliability of medical image

reconstructions. Their results showed superior performance over traditional methods in

terms of image quality metrics, such as PSNR and SSIM, making DVAE a promising tool

for improving diagnostic accuracy in retinal imaging.

2.5.3 GAN-Based Denoising

Generative Adversarial Networks (GANs) have become a powerful tool for medical image

denoising, leveraging their ability to generate high-quality, realistic images from noisy

data. GANs consist of two competing networks: a generator that produces denoised im-

ages and a discriminator that distinguishes between real (clean) and generated (denoised)

images [102]. This adversarial process forces the generator to produce increasingly realis-

tic images, making GANs particularly effective at removing complex noise patterns while

preserving fine details, which is critical in medical imaging.

One seminal work by Yang et al. [103] introduced the GAN-based model Denois-

ingGAN for low-dose CT imaging. The model aims to produce high-quality CT images

from low-dose, noisy inputs while minimizing the radiation dose patients are exposed to.

DenoisingGAN uses a U-Net as the generator and a patch-based discriminator to capture

both local and global features. The adversarial loss, combined with a perceptual loss

to maintain image quality, enabled the network to effectively remove noise while pre-

serving anatomical structures critical for diagnosis. Extensive experiments demonstrated

that DenoisingGAN significantly outperformed non-learning methods and even tradi-

tional CNN-based denoisers, particularly in terms of peak signal-to-noise ratio (PSNR)

and structural similarity (SSIM), making it a valuable tool in clinical practice.

Another important contribution comes from the work of Wolterink et al. [104], who
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proposed a cGAN-based denoising model for low-dose CT reconstruction. Their condi-

tional GAN (cGAN) model conditions both the generator and discriminator on the input

noisy CT image to guide the denoising process. The authors focused on the ability of

cGANs to generate realistic textures, preserving critical features in low-dose CT images

that are often lost with traditional denoising methods. This approach resulted in denoised

images with sharper and more accurate anatomical features compared to conventional

methods like filtered back projection (FBP) and iterative reconstruction techniques. The

study showed that the cGAN model outperformed other deep learning methods in both

visual quality and quantitative metrics like PSNR and SSIM, highlighting its effectiveness

in producing clinically relevant images.

In their 2024 study, Wang et al [105]. introduced a Scale-sensitive Generative

Adversarial Network (GAN) specifically designed for low-dose CT image denoising.

Recognizing that low-dose CT scans often suffer from varying levels of noise across differ-

ent scales, the authors developed a scale-sensitive architecture that incorporates multi-

scale feature extraction to capture both fine details and larger anatomical structures.

This approach enables the network to effectively learn the noise distribution at different

levels, improving denoising performance compared to traditional methods. By integrating

perceptual loss and adversarial loss, the model not only enhances image quality but also

preserves critical diagnostic information. Experimental results demonstrated that their

proposed GAN significantly outperformed existing denoising techniques in terms of both

objective metrics, such as PSNR and SSIM, and subjective visual quality, highlighting its

potential for clinical applications in reducing radiation exposure while maintaining high

image fidelity. This work represents a significant advancement in the field of medical

imaging, addressing the pressing need for effective denoising solutions in low-dose CT

imaging.

2.6 Related Work

Medical image denoising is becoming an increasingly important field in healthcare, as it

aims to improve the quality of medical images taken in different equipment with different
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quality and environment. These improvements are believed to bring a better diagnosis and

treatment planning. To achieve this goal various classical image enhancement techniques

have been employed such as, gaussian filtering, histogram equalization, and unsharp

masking. However, these techniques often rely on predefined rules and assumptions,

limiting their effectiveness in addressing complex imaging challenges in real-world medical

scenarios [106]. In recent years, deep learning-based approaches [107, 108, 109, 110, 111]

have gained prominence due to their ability to automatically learn and model complex

image patterns, leading to significant improvements in image clarity, feature preservation,

and noise reduction. However, while these methods effectively enhance noisy images, they

face challenges in handling blind medical image denoising, where the noise type and level

are unknown, thereby limiting their adaptability to diverse clinical scenarios [112].

Table 2.2: Comparative Analysis on Related Works

Name Techniques Noise Robustness
Structural
Integrity

Multi-scale
Features

Noise Aware
Attention

Wang et al.[113] CNN X ✓ X X
Liu et al.[112] GAN ✓ ✓ X X
Ponomarenko et al.[114] CNN ✓ ✓ X X
Chen et al.[115] GCN ✓ ✓ X X
Ponomarenko et al.[116] CNN ✓ ✓ X X
Liu et al.[117] Conditional Diffusion ✓ ✓ X X
Zhou et al.[118] Self-Supervised N2N ✓ ✓ X X
Li et al.[119] Real-Time Denoising ✓ ✓ ✓ X
Sample [120] Neural Blind Deconv. X ✓ X ✓

As presented in Table 2.2, which provides a comparative analysis of related works,

these terms are essential for assessing the effectiveness and characteristics of various

techniques in medical imaging.

• Techniques: The machine learning or deep learning method used (e.g., CNN,

GAN, GCN).

• Image Modality: The type of medical imaging data used (e.g., X-ray, MRI, CT).

• Adaptability: The model’s ability to generalize across different image modalities.

• Noise Robustness: The ability to maintain performance despite noisy or degraded

input data.
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• Structural Integrity: The capability of preserving anatomical or structural de-

tails in medical images.

• Multi-scale Features: The ability to capture both fine-grained local details and

broader contextual information within an image.

• Noise-Aware Attention Module: The mechanism to dynamically focus on re-

gions affected by noise while prioritizing important feature channels.

The paper by Wang et al. [113], ”X-ray Image Blind Denoising in Hybrid Noise

Based on Convolutional Neural Network,” proposes a two-network approach consisting

of a noise estimation network and a denoising network to handle hybrid noise in X-ray

images. The method leverages CNNs and considers the physical formation of medical

images through the use of an SSIM loss [121] function, enhancing structural integrity.

The combination of Gaussian and Poisson noise improves adaptability to real-world noise

variations, increasing robustness. However, the approach is less adaptive due to its re-

liance on X-ray data and the specific CNN architecture used. Additionally, while the

method effectively removes noise, the use of MSE loss may limit its ability to preserve

high-frequency textures, potentially leading to oversmoothing in fine-detail regions [122].

The dual-stage MRI image restoration method by Liu et al [112] that integrates blind

spot denoising with hybrid attention to enhance MRI image quality. A key innovation

is the global mask mapper, which samples blind spot pixels from the denoised image

and maps them to the same channel, effectively utilizing all available spatial information

while avoiding identity mapping. The incorporation of perceptual loss helps preserve

high-frequency details, ensuring better structural integrity [123]. However, during the

denoising process, useful image details may sometimes be removed as noise. To coun-

teract this, a Generative Adversarial Network (GAN) with adaptive hybrid attention is

introduced in the second stage to restore lost details and refine the image. The use of

GAN enhances the model’s ability to reconstruct fine structures, making it highly ef-

fective for MRI image restoration [124]. However, its reliance on MRI data limits its

adaptability to other modalities like X-rays, as it is specifically trained to handle MRI-



27

specific noise rather than general medical imaging artifacts. Additionally, the dual-stage

architecture increases inference time, making it less suitable for real-time applications.

Despite this added complexity, the model achieves high-quality restoration, preserving

structural integrity and ensuring robust denoising performance.

The paper [114] presents a deep learning-based approach for automatic noise analysis

and suppression in dental X-ray images, particularly those acquired using the Morita

system. The method addresses spatially correlated noise with an unknown spectrum and

region-dependent standard deviation, making it not adaptable to other medical imaging

modalities. The first convolutional neural network (CNN) estimates the noise spectrum

and level per pixel, generating multi-scale noise standard deviation maps, while the second

CNN utilizes these maps for noise suppression, enhancing robustness against complex

noise patterns. The model is highly effective for dental X-rays but may not generalize

well to other imaging modalities, as it is tailored to the unique noise characteristics

of Morita system images. The noise suppression approach improves structural integrity,

preserving fine details crucial for dental diagnostics. With a reported PSNR improvement

of 2.7 dB over other denoising methods, the model demonstrates superior noise reduction.

However, its dual-network architecture increases model complexity, requiring additional

computational resources for noise estimation and suppression, which may impact real-

time usability. Despite this, the method’s effectiveness in maintaining image quality and

robustness makes it a valuable tool for dental X-ray enhancement.

Another work by Chen et al [115] demonstrates strong adaptability to real-world

LDCT images, addressing the limitations of traditional approaches that rely on synthetic

noise, such as Poisson noise, by estimating and generating noise distributions specific to

real-world data. However, its adaptability to other image modalities beyond LDCT, such

as MRI or X-ray, may be limited due to the model being trained specifically on LDCT

noise characteristics. In terms of robustness, the use of Generative Adversarial Networks

(GANs) for noise generation and Graph Convolutional networks (GCNs) for capturing

non-local patterns significantly improves the model’s ability to handle complex noise

types inherent in real-world LDCT images, making it more robust to varying noise distri-
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butions [20]. The method also excels in maintaining structural integrity, preserving fine

image details while reducing noise, which is crucial for medical imaging tasks. However,

the inclusion of GANs and GCNs adds model complexity, requiring higher computational

resources and making the method less suitable for real-time applications [125]. Despite

this, the model’s overall performance in denoising and its ability to enhance both quan-

titative and visual quality of LDCT images make it a promising approach for improving

medical image processing.

The X-BDCNN algorithm work by Ponomarenko et al [116], presents a significant

advancement in X-ray image denoising, addressing the challenge of noise interference in

medical imaging. By designing a noise model rooted in the physical principles of X-ray

imaging, the model generates more realistic noisy X-ray images for training, improving

the overall realism and accuracy of the denoising process. The architecture includes a

noise level estimation subnetwork, which accurately predicts the noise level of the input

image, enhancing the performance of the subsequent non-blind denoising subnetwork.

The addition of an SSIM loss function further refines the denoising process, ensuring that

structural integrity is maintained by preserving fine details in the image [121]. In terms

of robustness, the method demonstrates superior performance across a range of noise

levels, outperforming existing denoising methods. However, while the model excels in

X-ray image denoising, its adaptability to other imaging modalities, such as CT or MRI,

may be limited due to the model’s focus on X-ray noise characteristics.

The DiffDenoise method by Liu et al. [117] presents a significant advancement in self-

supervised medical image denoising, tackling the over-smoothing and detail loss prevalent

in prior blind approaches. By integrating conditional diffusion models trained on noisy

images with conditioning from a pretrained Blind-Spot Network, followed by a stabi-

lized reverse sampling technique that averages outputs from symmetric noise pairs to

generate pseudo-clean images, the framework enables effective blind denoising without

clean ground-truth data. This is complemented by fine-tuning a supervised denoiser on

the generated pairs, ensuring high-fidelity outputs that preserve critical high-frequency

anatomical details essential for diagnosis. In terms of robustness, the method outper-



29

forms state-of-the-art self-supervised techniques across synthetic and real-world medical

datasets, demonstrating strong noise handling and structural preservation across various

modalities. However, while DiffDenoise excels in generating realistic denoised

images for blind scenarios, its lack of explicit multi-scale feature extraction

and noise-aware attention mechanisms may limit adaptability to highly het-

erogeneous noise patterns or cross-modality applications like transitioning

from CT to ultrasound [126].

The Neighboring Slice Noise2Noise (NS-N2N) approach by Zhou et al. [118] intro-

duces a practical self-supervised solution for denoising single noisy medical image vol-

umes, overcoming the pixel-wise independence assumptions that hinder existing blind

methods in real clinical data. By exploiting spatial correlations between neighboring

slices to create weighted training pairs from one volume, the model trains a denoising

network via a self-supervised loss that incorporates regional consistency for local detail

retention and inter-slice continuity for volumetric smoothness. This design avoids the

need for paired data or device-specific reconstructions, operating directly in the image

domain to enhance efficiency and generalizability. Regarding robustness, NS-N2N sur-

passes prior self-supervised baselines in denoising quality and speed, effectively managing

correlated noise while upholding structural integrity in modalities such as MRI and CT.

However, although it shines in volume-based blind denoising from single ac-

quisitions, the absence of multi-scale processing and noise-aware attention

could constrain its performance on finer-grained details or non-volumetric

images, restricting broader multi-modal deployment [127].

The ReTiDe framework by Li et al. [119] advances real-time denoising through hard-

ware acceleration on FPGAs, addressing the energy and computational demands of deep

denoisers in high-throughput scenarios, with potential extensions to medical video pro-

cessing. Employing a compact convolutional model quantized to INT8 via post-training

and quantization-aware fine-tuning, compiled for AMD DPU-based FPGAs, it offloads

inference via a client-server architecture to integrate seamlessly with workflows like video

codecs or post-production tools. Multi-scale elements are incorporated in the convolu-
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tional design to handle varying noise artifacts, maintaining near-lossless quality metrics.

In robustness terms, ReTiDe achieves 37.71× GOPS throughput and 5.29× energy effi-

ciency gains over prior FPGA accelerators, with minimal degradation in PSNR and SSIM

for noise suppression and structural preservation. However, while it demonstrates ef-

ficiency in general motion picture denoising, its general-purpose focus without

medical-specific blind adaptations may limit applicability to diverse clinical

noise types or modalities, lacking tailored noise-aware attention for anatomi-

cal fidelity [128].

The neural blind deconvolution technique by Sample [120] offers a model-independent

enhancement for IVIMMRI denoising, mitigating parameter variability in perfusion imag-

ing critical for radiotherapy assessment. By applying neural networks to solve the ill-posed

blind deconvolution problem—recovering unknown degradation kernels—and parameter-

izing signal decay curves via area-under-curve (AUC) metrics instead of exponential mod-

els, it preprocesses noisy images to improve fitting accuracy and reproducibility. This

is bolstered by singular value decomposition for variance analysis, yielding parameters

with stronger correlations to clinical factors like radiotherapy dose in parotid glands.

For robustness, the method elevates blind image quality metrics and outperforms tra-

ditional IVIM fittings in noise handling and structural detail retention, capturing the

highest dataset variance. However, despite its efficacy in blind MRI denoising

for head-and-neck applications, the modality-specific emphasis and omission

of multi-scale features or noise-aware attention may hinder generalization to

other imaging types like CT or ultrasound under unknown noise conditions

[129].

This research aims to address the limitations of the current medical image denoising

techniques. This will be achieved by introducing an attention module that can identify

areas with varying noise levels, and by capturing both local fine details and broader global

context through multi-scale feature extraction. And integrating this noise estimation

network to a dual CNN along with an attention module effectively handles denoising of

blind medical X-ray images by keeping important anatomical structures.
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Methodology

This research is structured around a two-stage framework: the first stage involves data

labeling, where the medical images are annotated and categorized to provide the necessary

ground truth for the learning model. The second stage focuses on image enhancement,

utilizing advanced machine learning algorithms to enhance the quality and clarity of the

medical images. This two-step process aims to overcome common challenges in medical

imaging, such as noise, low contrast, and poor resolution. In the following section, we

will discuss the methodology in detail, outlining the techniques and tools used in each

stage.

3.1 Research Methodology

In this research, we use the Design Science Research Process (DSRP), which is dis-

tinguished by its focus on generating innovative solutions through iterative design and

evaluation, rather than merely describing or explaining phenomena as seen in traditional

empirical methods [130]. Before diving into the specific steps, it’s important to under-

stand that DSRP emphasizes iterative refinement and validation, ensuring that the final

artifact meets both theoretical and practical demands.

1. Problem Identification and Motivation : The first step in DSRP involves

identifying a significant problem—in this case, the challenge of improving the quality of

blind medical images, which suffer from issues like noise, low contrast, and poor resolution.

These challenges make diagnosis difficult and impact the accuracy of medical analysis.

The motivation for this research lies in improving the diagnostic capabilities of medical

professionals by developing methods that enhance the visual quality of these images,
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Figure 3.1: Design Science Research Process (DSRP)

enabling more reliable and efficient interpretation.

2. Define the Objectives for a Solution : In this research, the primary goals

are threefold: first, to generate paired training datasets and assess their effectiveness in

improving the quality of blind medical images; second, to develop enhanced denoising

algorithms specifically tailored for medical images, addressing common issues like noise

and low contrast; and third, to evaluate the proposed two-step framework—comprising

data labeling and image enhancement—against existing denoising methods to ensure it

provides superior performance and improved image clarity. These objectives form the

foundation for developing a robust solution to the identified problem.

3. Design and Development: At this stage, the core artifact is created, which

in this case is the two-stage framework for medical image enhancement. The first phase

involves data labeling, where images are annotated to provide a solid foundation for

machine learning algorithms. The second phase is all about making images clearer by

using deep learning techniques such as CNN and other learning-based methods to remove

noise and sharpen contrast.

4. Demonstration : The developed solution is tested in a realistic setting to check

it’s effectiveness and how well it works. In this study, we’ll apply the model to a collection

of blind medical X-ray images to show how it can improve clarity and quality. This stage

also involves trying out the model on different types of medical images to make sure the
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enhancement system performs well in different scenarios. The outcomes will be evaluated

using standard metrics, like peak signal-to-noise ratio, structural similarity index, and

signal-to-noise ratio.

5. Evaluation : In this study, we’ll assess the model by looking at how much

it improves image clarity while still keeping diagnostic accuracy. We’ll compare it to

traditional image enhancement methods and state-of-the-art models.

6. Communication : In the final stage, we communicate the methodology, findings,

and implications of the research. In the context of this research, the outcomes will be

communicated through academic publications and presentations. This ensures that the

developed solution can be applied and extended by other researchers and practitioners in

the field of medical imaging.

3.2 Design and Development

In this section, we present the overall design and development framework of our proposed

architecture. The process begins with data acquisition, followed by a preprocessing stage

to ensure the input quality. As illustrated in Figure 3.2, Gaussian and Poisson noise are

artificially introduced to simulate realistic noisy conditions. The pipeline then incorpo-

rates a noise estimation network to effectively characterize the noise distribution. This is

followed by a spatial and channel attention network, which enhances feature representa-

tion by focusing on the most informative regions and channels. Finally, a dual denoising

network is employed to perform robust noise removal and restore high-quality outputs.

3.2.1 Data Acquisition

ChestX-ray8 dataset [131] is a publicly available and extensively utilized resource in

the medical imaging research community. Comprising 108,948 frontal-view chest X-ray

images collected from over 30,000 unique patients, it provides a large-scale and diverse

sample representative of real-world clinical scenarios. Each image is annotated with up

to 14 thoracic disease labels. These were mainly used for classification tasks, but also

give a valuable insight in image quality.
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Every X-ray image in the ChestX-ray8 dataset is set to a standard resolution of

1024 × 1024 pixels, making the dataset consistent and sharp. This size, uniformity and

clarity make the dataset appropriate for image processing tasks like denoising, where high

resolution and detailed textures are key. Furthermore, the dataset is carefully prepared

to avoid major noise or compression issues, making it perfect for adding synthetic noise

in blind denoising experiments.

3.2.2 Data Preprocessing

In this study, the data preprocessing step starts by resizing the dimension of the image

into a 128× 128 pixels. This is to ensure consistency across all input images, regardless

of their initial resolutions,. When compared to higher-resolution inputs, this resizing

step highly reduces the computational overhead and allows the model to process images

effectively [113].

After resizing the images, the next step is conversion of the images into a grayscale,

which is helpful in minimizing computational complexity and intensity variation. This

gray scaling eliminates the colors and simplifies the data while still keeping the important

diagnostic characteristics of the image.[113].

Additionally, data augmentation techniques are applied to enhance the robustness of

the model. Augmentation involves transformations such as random rotations (up to 15◦),

horizontal and vertical flipping, and brightness adjustments, which increase the diversity

of the dataset without requiring additional labeled data. This step prevents overfitting

by exposing the model to varied versions of the same data, enabling it to generalize better

to unseen images [113].

3.2.3 Hybrid Poisson-Gaussian Noise creation

In this study, we used a Hybrid Poisson-Gaussian (HPG) noise creation technique to

simulate realistic noise patterns in medical images. Medical imaging data are inherently

prone to complex and mixed noise patterns, and in many real-world cases, the degradation

cannot be fully described by a single noise type. Instead, a more realistic and accurate

representation is provided by the HPG noise model, which captures both the signal-
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dependent nature of Poisson noise and the signal-independent characteristics of Gaussian

noise. This model is especially relevant for blind denoising tasks, where the exact noise

parameters are unknown during training or inference [132, 133, 134, 135].

The Poisson noise component, originates from the quantum nature of photon

emission and detection in imaging systems. It introduces signal-dependent variance,

where fluctuations increase with pixel intensity. Given a clean image I, the Poisson-

degraded observation P is sampled as:

P (i, j) ∼ Poisson(λ · I(i, j)), (3.1)

where λ is a scaling factor corresponding to exposure level or detector gain. Since the

sampling is performed on scaled intensities, the results are normalized by λ:

P (i, j)← 1

λ
· P (i, j). (3.2)

This normalization ensures that the degraded observations remain consistent with

the original intensity range of the image, while still preserving the signal-dependent noise

characteristics that are particularly pronounced in low-intensity regions [25].

The Gaussian noise component complements this process by modeling signal-

independent disturbances such as sensor readout noise, thermal fluctuations, and digiti-

zation errors. It is described by:

g ∼ N (0, σ2), (3.3)

where N (0, σ2) is a Gaussian distribution with zero mean and variance σ2.

By combining these two processes, the resulting Hybrid Poisson-Gaussian (HPG)

noise model is obtained:

Y (i, j) =
1

λ
· Poisson(λ · I(i, j)) +N (0, σ2), (3.4)

where Y (i, j) denotes the observed noisy pixel. The normalization after Poisson sam-
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pling ensures correct intensity scaling, while the subsequent addition of Gaussian noise

incorporates signal-independent perturbations.

The use of this hybrid model in blind denoising frameworks is particularly beneficial

because it allows the network to learn denoising functions that are robust across a wide

spectrum of noise intensities and behaviors. Unlike simple Gaussian models, which tend

to underperform in low-light or low-dose settings, the hybrid model trains the network

to handle varying noise levels adaptively. This robustness is essential for medical appli-

cations where diagnostic accuracy must be preserved regardless of acquisition conditions

or equipment variations [136, 137, 135].

3.2.4 Modeling

Figure 3.2: End to End modeling

In our proposed denoising architecture, we employ a multi-component design aimed at

effectively handling complex and spatially variant noise in medical imaging. As illustrated

in Figure 3.2, the architecture is composed of three primary modules that work in synergy

to enhance image quality. The first module is a noise estimation network [43], which

predicts the underlying noise characteristics present in the image.

To further refine the denoising capability, we integrate an attention mechanism that

enables the network to dynamically prioritize regions of interest [138]. This enables the

model to focus its computational resources on regions of the image that are noisy or

structurally significant. In addition, a dual convolutional neural network (CNN) struc-
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ture, which processes both low-frequency and high-frequency components in parallel,

forms the foundation of our architecture [139]. Together, these three components form a

robust, end-to-end framework tailored for high-fidelity blind image denoising.

A. Noise Estimationm Network

Noise estimation is a crucial step in blind image denoising, as accurate modeling of noise

characteristics directly impacts the effectiveness of the denoising process. Estimating

noise in real-world images is particularly challenging due to the non-Gaussian and signal-

dependent nature of noise, which is common in low-light and medical imaging scenarios.

Traditional methods such as local variance analysis and patch-based priors often assume

stationary Gaussian noise, resulting in suboptimal performance in heterogeneous envi-

ronments [140]. More recent learning-based approaches embed noise estimation within

deep networks using residual learning or variational inference, but these methods may

suffer from oversmoothing or instability under complex noise conditions [25, 141].

To address these limitations, we propose a multi-scale Fully Convolutional Network

(FCN) to estimate a noise-level map directly from the input noisy image. Unlike hand-

crafted methods, the FCN can learn complex mappings between noisy observations and

their noise distribution through hierarchical feature extraction. Given a noisy image

y = x+ n, where x is the clean image and n is the noise component, the FCN estimates

the noise map as:

n̂ = fθ(y),

where fθ represents the FCN parameterized by weights θ [25].

Multi-scale feature extraction is essential because noise manifests differently across

spatial frequencies: high-frequency regions often contain edges and textures, while low-

frequency components may be dominated by smooth background noise. By using con-

volutions with varying receptive fields, the FCN captures both local fine-grained noise

patterns and global contextual information [142]. Dilated convolutions are employed to
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extract features at multiple scales:

F d(i, j) =
∑
m,n

w(m,n) · y(i+ dm, j + dn),

where d is the dilation rate and w(m,n) are learnable convolution kernels.

To enhance feature representation, the FCN integrates Squeeze-and-Excitation (SE)

blocks, which adaptively recalibrate channel-wise feature responses, emphasizing infor-

mative noise patterns while suppressing irrelevant activations [143]. For a feature map

F ∈ RH×W×C , the SE block computes:

sc = σ(W2 · δ(W1 · zc)), zc =
1

HW

H∑
i=1

W∑
j=1

Fc(i, j),

where sc acts as the attention weight for channel c. The recalibrated feature map is

F̃c = sc · Fc.

Batch normalization (BN) is applied to stabilize learning by normalizing intermediate

feature distributions. This accelerates convergence and mitigates covariate shift, which

is critical for robust noise estimation [144]. The estimated noise map then guides the

subsequent attention-based denoising module, focusing on noisy regions while preserving

clean structures [141].

The proposed Noise Estimation Network combines multi-scale convolutions, Squeeze-

and-Excitation (SE) attention, and batch normalization to generate an accurate noise-

level map, significantly enhancing denoising performance across varying noise intensities.

Unlike conventional approaches, our design explicitly integrates multi-scale feature ex-

traction with attention mechanisms, enabling the network to capture both fine-grained

local noise patterns and broader contextual dependencies. This architectural choice rep-

resents a key contribution of our research, as it allows the network to robustly estimate

complex, signal-dependent noise patterns commonly observed in medical imaging. The

architecture of the FCN, including multi-scale convolutions and SE blocks, is illustrated

in Figure 3.3. By accurately modeling the underlying noise distribution, the proposed

Noise Estimation Network provides precise guidance for the subsequent denoising mod-
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ule, ensuring effective removal of diverse noise types while preserving critical structural

details.

Figure 3.3: Multi-scale noise estimation network.

B. Dual Attention Unit (DAU)

The Dual Attention Unit (DAU) serves as a critical component in modern convo-

lutional neural networks (CNNs) for image denoising tasks, particularly those involving

mixed Gaussian and Poisson noise [25, 145]. As shown in figure 3.4, by integrating

both spatial attention and channel attention mechanisms, the DAU refines initial feature

maps F ∈ RC×H×W extracted from noisy inputs. This enables the network to selectively

emphasize informative regions and features while suppressing noise-induced artifacts.

Single attention mechanisms are often insufficient: spatial attention addresses “where”

to focus in the feature map, while channel attention resolves “what” features are most

relevant across channels [143, 146]. In denoising, this dual approach enhances the model’s

ability to preserve structural details like edges and textures, which are frequently degraded

by noise, leading to improved reconstruction quality[147].

Research on dual-attention networks, such as DRANet [147], demonstrates that par-

allel spatial and channel attention outperforms single or serial attentions by jointly ex-

ploiting inter-spatial and inter-channel relationships.
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Figure 3.4: Spacial and channel attention module

Spatial Attention

While CAM emphasizes “what” channels are important, the SAM determines “where”

to focus spatially. Channel pooling is first applied to generate compact descriptors.

Specifically, both average pooling and max pooling are performed along the channel

dimension:

F avg
sp (i, j) =

1

C

C∑
c=1

Fc(i, j), Fmax
sp (i, j) = max

c
Fc(i, j), (3.5)

producing F avg
sp , Fmax

sp ∈ RH×W . These are concatenated:

Fpool = [F avg
sp ;Fmax

sp ], (3.6)

where [·; ·] denotes channel-wise concatenation.

This dual pooling is a key component of SAM because max pooling captures the

most prominent responses (e.g., edges or high-intensity noise), while average pooling

encodes overall statistical context of the feature map. Together, they provide a robust

and complementary representation, ensuring that the network retains both sharp local
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activations and smoothed global trends [146, 147]. In denoising, such dual pooling enables

the network to identify spatially varying noise patterns more effectively, preventing over-

smoothing of textures while still attenuating background noise.

Following channel pooling, the compressed feature map is processed by convolutions

with kernel sizes 3× 3, 5× 5, and 7× 7:

Ms = σ

( ∑
k∈{3,5,7}

Convk×k(Fpool)

)
, (3.7)

where σ(·) denotes the sigmoid activation. The use of multiple receptive fields cap-

tures spatial context at different scales: - Small kernels (3× 3) extract fine-grained local

details for high-frequency noise suppression. - Medium kernels (5×5) aggregate mid-level

spatial dependencies. - Large kernels (7× 7) capture broader global structures, useful for

addressing large-scale noise or texture degradation.

This multi-kernel design enhances the spatial mask’s ability to adapt to diverse noise

distributions, reducing the risk of missing subtle variations. Empirical studies show that

multi-scale spatial attention improves adaptability in both natural images and domain-

specific data, such as seismic denoising in MSSA-Net [148], and temporal feature extrac-

tion in ConvLSTM with multi-scale kernels [149]. By fusing receptive fields of different

sizes, SAM achieves a balance between detail preservation and global consistency, directly

contributing to improved PSNR and SSIM in denoising benchmarks.

Channel Attention

The channel attention (CA) branch in the DAU complements spatial focus by adap-

tively recalibrating feature channels. Its purpose is to identify “what” features are most

informative across channels and suppress those dominated by noise.

Given input feature map F ∈ RC×H×W , adaptive global average pooling and max

pooling are applied across spatial dimensions to obtain per-channel descriptors:

F avg
c =

1

H ×W

H∑
i=1

W∑
j=1

Fc(i, j), Fmax
c = max

i,j
Fc(i, j), (3.8)
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where F avg, Fmax ∈ RC encode complementary global statistics of each channel.

The pooled descriptors are passed through a 1× 1 grouped convolution (with groups

= C) to allow lightweight channel-wise interactions without spatial mixing:

Z = Convgroups=C
1×1 ([F avg;Fmax]). (3.9)

This step enhances local channel correlations at negligible cost, improving represen-

tation efficiency [150].

The output is then processed by a bottleneck multi-layer perceptron (MLP):

Mc = σ
(
W1δ(W0Z)

)
, (3.10)

where W0 ∈ RC×(C/r) and W1 ∈ R(C/r)×C are learnable weight matrices, r is the

reduction ratio, δ(·) is ReLU, and σ(·) is sigmoid activation. The gating vector Mc ∈ RC

adaptively weights channels:

Fc =Mc ⊙ F. (3.11)

This mechanism, inspired by SENet [143] but improved in ECA-Net [150], helps filter

out redundant or noise-dominated channels while preserving signal-rich ones.

After spatial and channel refinement, the two outputs are concatenated:

Fconcat = [Fs;Fc], (3.12)

and passed through a 1× 1 convolution followed by sigmoid gating:

Ffuse = σ
(
Conv1×1(Fconcat)

)
. (3.13)

Finally, another 1× 1 convolution integrates the gated features into the final refined

representation:

Fout = Conv1×1(Ffuse ⊙ Fconcat). (3.14)
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This ensures that both attention streams contribute adaptively, with learned weights

balancing spatial selectivity and channel relevance.

In denoising tasks, CA is indispensable for removing channel-level redundancy since

some channels may encode mainly noise while others capture clean structural details.

By contrast, SAM handles location-specific dependencies. Their fusion ensures robust

suppression of Gaussian/Poisson noise while preserving edges and fine textures [147].

Empirical evidence from hybrid models such as SC-HVPPNet [151] and QualityNet

[152] further supports that integrating both attention types consistently improves per-

ceptual quality and objective metrics by capturing complementary global (channel) and

local (spatial) cues.

Building upon the conventional DAU formulation, our work introduces two enhance-

ments designed to improve adaptability to varied noise characteristics:

• Multi-scale channel attention: While existing channel attention mechanisms

generally use a single receptive field, multiple investigations highlight the benefits of

multi-scale processing. For example, MFENANN employs feature extraction blocks

of sizes 1×1, 3×3, and 5×5 to capture both local and broader spatial dependencies

[153]. Similarly, multiscale residual and dilated convolution combined with channel

attention have been effectively applied to denoising and signal extraction tasks [154,

155]. Inspired by these findings, we adopt a multi-scale approach in our channel

attention branch to capture subtle and broad channel-wise cues more robustly.

• Dual pooling in spatial attention: Prior studies note the complementary ben-

efits of average and max pooling for attention descriptor generation. MANet, for

instance, concurrently applies both pooling operations before passing through an

MLP to generate attention cues [156], while fused pooling (FMAPooling) strate-

gies have been shown to improve feature representation by combining strengths of

both pooling types [157]. Leveraging this insight, our spatial attention integrates

both pooling operations in tandem to enhance texture retention and global context

sensitivity.
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C. Denoising Block

The denoising block in the proposed method is designed as a dual-branch architecture,

containing two complementary modules: (1) an encoder–decoder branch enhanced with

Swin Transformer blocks, and (2) a dilated convolutional block. This design ensures

robust feature extraction by capturing both hierarchical global context and fine-grained

local details, which are essential for suppressing noise while preserving structural infor-

mation such as edges and textures. The dual structure is motivated by the fact that

real-world noise exhibits spatially variant, multi-scale, and cross-channel correlations,

making single-path architectures insufficient [25, 158].

The U-Net with Swin Transformer and Dilated Convolution Branch operates on the

refined feature representation Fout obtained from the Dual Attention Unit (DAU). Instead

of directly processing the noisy observation x0, this module takes Fout ∈ RC×H×W as input

and progressively reconstructs a clean estimate by combining local convolutional filtering,

global Transformer attention, and multi-scale dilated convolutions.

As shown in Figure 3.5, the encoder-decoder backbone follows the U-Net paradigm

[159]. Each encoder block applies convolution, batch normalization, and nonlinearity:

h(l) = ϕ
(
BN(W (l) ∗ h(l−1) + b(l))

)
, h(0) = Fout, (3.15)

where ∗ denotes convolution, W (l) are weights, b(l) are biases, and ϕ(·) is the ReLU

activation. Skip connections link encoder features h(l) to the decoder features u(l):

u(l) = fθ
(
Up(u(l+1))⊕ h(l)

)
, (3.16)

where ⊕ denotes concatenation. The U-Net architecture is used because its symmetric

encoder-decoder design with skip connections allows the model to preserve fine-grained

spatial information while progressively capturing high-level contextual features. This is

crucial for denoising, as effective noise suppression requires both local detail recovery

(edges, textures) and global context understanding (overall image structure). This en-

sures that fine-scale structures preserved in Fout are propagated to deeper decoder stages,
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Figure 3.5: U-Net with Swin Transformer

preventing information loss due to downsampling.

To enhance global context modeling, the Swin Transformer [158] is inserted in selected

encoder-decoder stages. For features h, queries, keys, and values are constructed as

Q = hWQ, K = hWK , V = hWV , and attention is computed window-wise:

Attention(Q,K, V ) = Softmax

(
QK⊤
√
d

+B

)
V, (3.17)

where B is the relative positional bias. Alternating between standard and shifted

windows allows the model to integrate both local and global dependencies, making it

effective for handling spatially varying noise. The Swin Transformer is incorporated be-

cause it captures long-range dependencies more efficiently than standard convolutions,

allowing the model to suppress globally correlated noise patterns while preserving struc-

tural coherence.

Parallel to the U-Net stream, a dilated convolutional branch [53] processes Fout to

capture noise at multiple receptive fields. A dilated convolution at rate d is defined as:

yd(p) =
∑
k

Fout(p+ d · k), wd(k), (3.18)

where wd(k) are kernel weights and p is a spatial location. To encourage multi-scale

feature reuse, skip connections are also employed between non-adjacent dilated layers:

y5 = ϕ
(
BN
(
W5 ∗ (y4 + y2)

))
, (3.19)

where y2 and y4 denote intermediate dilated responses with dilation rates d = 2 and
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Figure 3.6: Dilated convolutional branch

d = 4, respectively. This residual fusion allows features from different receptive fields to

reinforce each other, ensuring both fine- and coarse-grained noise patterns are captured.

The final dilated features are aggregated:

yagg = ψ
(
[y1, y2, y3, y4, y5]

)
. (3.20)

Finally, the outputs of the U-Net + Swin Transformer stream and the dilated convo-

lution branch are fused. Let X denote the reconstruction from the U-Net stream and Y

the output of the dilated branch. The fused denoised representation is:

Z = φ([X,Y ]) + Fout, (3.21)

where φ(·) is a 1×1 convolutional projection. The residual addition with Fout ensures

that the detailed spatial information refined by the DAU is preserved while suppress-

ing remaining noise. By employing skip connections in both the U-Net path and the

dilated CNN path, the model achieves robust feature preservation and multi-scale noise

suppression [25, 158, 53].

3.2.5 Loss function

To effectively train, a composite loss function is designed to balance low-level accuracy,

edge preservation, and spatial smoothness. This hybrid formulation mitigates the limita-
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tions of relying on a single loss term and aligns optimization with both pixel fidelity and

structural consistency.

Charbonnier Loss

The primary reconstruction term is the Charbonnier loss [160], a smooth approximation

of the L1 norm that is more robust to outliers than mean squared error (MSE). It is

defined as:

Lchar =
1

N

N∑
i=1

√
(xi − yi)2 + ϵ2, (3.22)

where xi and yi are denoised and ground-truth pixel values, respectively, and ϵ = 10−6

ensures differentiability. This loss emphasizes fidelity while preventing over-penalization

of large residuals common in noisy regions.

Edge Loss

To explicitly preserve structural details, an edge loss term is employed [26]. Sobel oper-

ators Sx, Sy are implemented via fixed grouped 3 × 3 convolutions to extract gradients

along the x and y directions:

Gx = Sx ∗ x, Gy = Sy ∗ x, (3.23)

Ledge =
1

N

N∑
i=1

∣∣(Gx(xi)−Gx(yi))
∣∣+ ∣∣(Gy(xi)−Gy(yi))

∣∣, (3.24)

where ∗ denotes convolution. This encourages the network to retain sharp transitions

and avoids oversmoothing at boundaries.

Total Variation (TV) Loss

To reduce checkerboard artifacts and enhance smoothness, total variation loss is applied

[161]:



48

LTV =
1

BCHW

∑
b,c,h,w

∣∣xb,c,h,w+1 − xb,c,h,w
∣∣+ ∣∣xb,c,h+1,w − xb,c,h,w

∣∣, (3.25)

which penalizes abrupt intensity variations while preserving structural edges.

Total Loss Function

The overall optimization objective is a weighted combination of the above components:

L = w1 · Lchar + w2 · Ledge + w3 · LTV , (3.26)

where w1, w2, w3 are scalar weights controlling the contribution of each term.

The weights were empirically chosen through ablation studies and guided by prior

literature [162, 25]. In practice:

• w1 is assigned the highest value since pixel-wise fidelity remains the primary de-

noising objective.

• w2 is moderately weighted to encourage edge preservation without overpowering

global fidelity.

• w3 is given a small coefficient to suppress artifacts while avoiding over-smoothing.

This weighting strategy ensures stability during training while optimizing both objective

fidelity (PSNR, SSIM) and structural quality.

3.3 Evaluation Metrics

To quantitatively assess the performance of our denoising approach, we utilize three

widely accepted image quality evaluation metrics: Peak Signal-to-Noise Ratio (PSNR),

Signal-to-Noise Ratio (SNR), and the Structural Similarity Index Measure (SSIM). Each

of these metrics captures different aspects of image fidelity and perceptual quality, pro-

viding a comprehensive evaluation framework.



49

3.3.1 Peak Signal-to-Noise Ratio (PSNR)

PSNR is a standard metric used to measure the reconstruction quality of compressed or

denoised images by comparing the maximum possible pixel intensity with the magnitude

of error introduced [163]. It is defined as:

PSNR = 10 · log10
(
MAX2

I

MSE

)
[163] (3.27)

where MAXI is the maximum possible pixel value of the image (e.g., 255 for 8-bit

images), and MSE (Mean Squared Error) is calculated as:

MSE =
1

MN

M∑
i=1

N∑
j=1

[I(i, j)− Î(i, j)]2[163] (3.28)

Here, I(i, j) and Î(i, j) denote the original and denoised pixel intensities at position

(i, j), respectively. A higher PSNR indicates a lower error and thus better denoising

quality [164].

3.3.2 Signal-to-Noise Ratio (SNR)

SNR measures the strength of the original signal relative to the background noise, offering

a direct interpretation of how much noise is present in a reconstructed image [165]. It is

given by:

SNR = 10 · log10

( ∑
i,j I(i, j)

2∑
i,j[I(i, j)− Î(i, j)]2

)
[165] (3.29)

Like PSNR, a higher SNR indicates better image quality, but it is more focused on

signal dominance rather than pixel-wise error, making it useful in estimating the overall

clarity of the output image.

3.3.3 Structural Similarity Index Measure (SSIM)

Unlike PSNR and SNR, SSIM evaluates image quality based on perceptual similarity,

considering changes in luminance, contrast, and structure [164]. It is particularly suitable
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for medical images, where preserving fine structural details is critical. SSIM between two

image patches x and y is computed as:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
[164] (3.30)

where:

• µx, µy are the mean values of x and y,

• σ2
x, σ

2
y are the variances,

• σxy is the covariance,

• C1, C2 are small constants to avoid division by zero.

SSIM values range from 0 to 1, where 1 indicates perfect structural similarity. This

metric is especially valuable in medical imaging tasks, where anatomical structure preser-

vation is vital for diagnosis.



Chapter 4

Experiments

In this chapter, we present a thorough review of our proposed method through a set

of well-planned experiments. We start by laying out the experimental setup, covering

the datasets, settings, and technical details to make sure everything is clear and can be

replicated. Next, we look at how the training process stabilizes and performs to measure

its efficiency. We also run ablation studies to break down how each part of the method

contributes to the overall results. To test its toughness, we put the method through its

paces under various noisy conditions to see how it holds up in real-world situations. The

chapter concludes by showing the main findings and the method’s limitations, offering

both proof of its value and ideas for future research directions.

4.1 Experimental Setups

The architecture was implemented in PyTorch and trained using NVIDIA A100 GPUs

on Google Colab Pro. Training was conducted under mixed-precision to reduce mem-

ory overhead while maintaining stable convergence. As shown in Table 4.1, the network

adopts a kernel size of 3×3 throughout most convolutional layers, ensuring effective local

feature extraction without excessive computational cost. Dilated convolutions with dila-

tion factors d ∈ {1, 2, 3} further expand the receptive field, enabling the model to capture

broader contextual information and suppress large-scale structured noise, consistent with

findings in multi-scale denoising literature [166].

For optimization, we employed the Adam optimizer, which is widely recognized for

its robustness in image restoration tasks [25]. The batch size was fixed at 16 to balance

training stability and GPU memory constraints. The training was run for 72 epochs
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with an initial learning rate of 2 × 10−4, decaying by a factor of 0.5 every 20 epochs

until reaching a minimum of 1 × 10−6. This decay strategy encourages coarse-to-fine

adaptation, where earlier epochs emphasize global noise suppression and later epochs

refine structural recovery [167].

The dual-branch nature of the architecture, combining a U-Net with Swin Trans-

former blocks and a dilated CNN stream, required careful balancing. The U-Net

branch, enhanced with transformer-based self-attention, effectively models long-range de-

pendencies and structural priors in X-ray images [158], while the dilated CNN branch

contributes to robustness against spatially varying blind noise [168]. The fusion mecha-

nism aggregates their outputs, yielding denoised reconstructions with both fine texture

preservation and global consistency.

Activation functions were chosen specifically for different roles: ReLU for encoder–decoder

convolution blocks to avoid vanishing gradients, Tanh for the noise-level estimation mod-

ule (FCN), and Sigmoid in attention sub-modules to constrain weights between 0 and

1. This ensures stable learning dynamics while maintaining interpretability of feature

weights [143, 146].

The final model was selected based on PSNR and SSIM metrics on the validation set.

Early stopping was adopted with patience of 15 epochs to prevent overfitting, consistent

with best practices in image restoration [169]. Empirically, the proposed setup allowed

the model to converge smoothly while outperforming CNN-only baselines.

Table 4.1: Experimental settings
Name Values

Activation Functions ReLU (conv blocks), Tanh (noise estimation), Sigmoid (attentions)
Kernel Size 3× 3 (standard), dilations {1, 2, 3}
Stride & Padding Stride = 1, zero padding applied
Optimizer Type Adam
Batch size 16
Num epochs 72
Learning rate 2× 10−4 (min 1× 10−6)
LR decay Factor 0.5 every 20 epochs
Upsampling stages 3 (decoder path)
Downsampling stages 3 (encoder path)
Skip connections U-Net encoder → decoder, Dilated branch y2 + y4 → y5
Fusion Feature aggregation of U-Net + Dilated CNN outputs
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Figure 4.1: Training Convergence Analysis

4.2 Training Convergence Analysis

Figure 4.1 illustrates the evolution of individual and total loss components across 70

epochs, capturing the convergence behavior of the proposed Swin Transformer–based

denoising network with dual attention units. Four key components Charbonnier Loss,

Edge Loss, Total Variation (TV) Loss, and Total Loss are tracked.

The Charbonnier Loss (blue curve) decreases sharply in the initial epochs, dropping

from approximately 0.017 to below 0.01 by epoch 5. This rapid stabilization highlights

the model’s ability to quickly minimize pixel-wise reconstruction errors while maintaining

robustness against outliers, thanks to the pseudo-Huber formulation [160]. Its early

plateau suggests that basic intensity alignment between noisy and clean images is achieved

quickly, leaving higher-level refinements to complementary objectives.

The Edge Loss (orange curve) starts around 0.10 and undergoes a steep descent during

the first few epochs before stabilizing near 0.045. This trajectory underscores the role

of edge-aware regularization in preserving structural boundaries. The relatively slow

decay compared to the Charbonnier Loss reflects the intrinsic difficulty of enforcing sharp

edge fidelity under heavy noise conditions [40]. Its stable convergence at a moderate

value indicates that the model effectively avoids over-smoothing while still prioritizing

perceptual sharpness.

The TV Loss (green curve) exhibits an initial sharp decline from 0.038 to 0.019,
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followed by a long plateau. This behavior reflects its role in enforcing spatial smoothness

by penalizing abrupt intensity changes [161]. The plateau demonstrates that the model

reaches a balance between denoising and texture preservation early in training, aided by

the spatial attention mechanisms that prevent excessive blurring in textured regions.

The Total Loss (red curve), representing a weighted combination of the above terms,

mirrors the general trends of the individual components. It drops from 0.027 to 0.011

within the first 10 epochs, after which it stabilizes with small fluctuations, converging

near 0.010 by epoch 70. Interestingly, two visible dips around epochs 30 and 55 align with

learning rate adjustments from the scheduler, confirming the optimizer’s responsiveness

to dynamic training signals [170]. This pattern also suggests that the composite loss

design effectively balances pixel accuracy, edge preservation, and smoothness throughout

optimization [171].

Overall, the convergence curves confirm a stable and well-regularized training pro-

cess [172]. The rapid reduction in Charbonnier and TV Losses ensures accurate baseline

reconstruction [160, 161], while the gradual stabilization of Edge Loss safeguards struc-

tural fidelity [40, 173]. The smooth convergence of the Total Loss without overfitting

signatures indicates robust generalization, validating the multi-loss strategy’s capacity to

handle complex Gaussian–Poisson noise distributions [173, 174].

4.3 Ablation study

To evaluate the contributions of individual components in our proposed architecture, we

conducted a series of ablation studies, as summarized in Table 4.2. These experiments

aim to identify the impact of various structural and functional elements, such as skip

connections, attention mechanisms, and sub-network configurations, on the final perfor-

mance metric, PSNR (Peak Signal-to-Noise Ratio). Each modified version of the model

was evaluated independently to quantify its role in overall image reconstruction quality.

Removing the short skip connection resulted in a performance drop to 31.7361 PSNR.

This degradation arises because the absence of short skips prevents the direct reuse of

low-level features (e.g., edges and textures) across layers, which are crucial for recovering
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Table 4.2: Ablation studies conducted.
Architecture Variant PSNR
Our architecture without short skip connection 31.7361
Our architecture without long skip connection 32.2375
Our architecture without CAM 35.3461
Our architecture without SAM 35.7896
Our architecture without SCAM 33.9482
Our architecture with serial attention mechanism 34.5222
Our architecture without lower sub-network 38.7812
Our architecture without upper sub-network 39.6708
Our full architecture 42.08

fine-grained details [175, 176]. Without them, the model struggles to propagate local-

ized features effectively, leading to blurring and a loss of sharpness. Skip connections

are also known to alleviate vanishing gradients, so their removal further weakens stable

optimization and information flow [175].

The model without long skip connections achieved 32.2375 PSNR, which, while slightly

better than removing short skips, still represents a significant loss. Long skip connec-

tions provide a mechanism for transferring global structural information directly from

early to later layers [52]. Without this pathway, the network fails to integrate broad con-

textual cues, producing reconstructions that may preserve some texture but lack overall

structural coherence, consistent with prior findings in encoder–decoder frameworks [52].

Eliminating the SCAM (Spatial-Channel Attention Module) reduced performance to

33.9482 PSNR, underscoring the importance of joint spatial and channel feature refine-

ment. SCAM enables the model to simultaneously attend to informative regions and

discriminative feature maps, an approach demonstrated to enhance deep feature repre-

sentations in restoration tasks [146, 143]. When SCAM is replaced by individual modules,

SAM-only and CAM-only, the performance drops to 35.7896 and 35.3461 PSNR, respec-

tively. While both modules retain partial benefits, their isolated use cannot fully capture

cross-dimensional feature dependencies, confirming that integrated designs yield more

powerful attention dynamics [146, 143].

We further tested serial arrangements of SAM and CAM (i.e., SAM→CAM and

CAM→SAM), which produced PSNR values of 34.5222 and 33.7184, respectively. These
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results suggest that sequential application constrains the simultaneous processing of com-

plementary spatial and channel cues, limiting the network’s ability to refine features effec-

tively. Prior work on attention fusion similarly reports that parallel or integrated designs

outperform serial ones in balancing feature emphasis across multiple dimensions [146].

The role of sub-networks was also investigated. Using only the upper sub-network pro-

duced 39.6708 PSNR, while only the lower sub-network achieved 38.7812. Although each

sub-network performs relatively well, their isolated use fails to match the performance

of the complete model. This indicates that the two branches provide complementary

strengths: the upper branch recovers high-frequency textures, whereas the lower branch

emphasizes structural consistency, a division of labor supported by prior multi-branch

architectures [177, 178]. Their combined operation ensures that both detail fidelity and

global structure are preserved.

The superiority of the proposed method, which integrates a noise estimation network,

the SCAM attention module, and parallel upper and lower sub-networks, is evident from

its highest PSNR and SSIM scores. The noise estimation network enhances robustness

by explicitly modeling and suppressing noise before feature extraction, which has been

shown to improve denoising quality in prior studies [25, 179]. The inclusion of SCAM

further strengthens performance by jointly leveraging spatial and channel cues, enabling

the network to focus simultaneously on relevant regions and discriminative channels, a

strategy proven more effective than isolated or sequential attention [146, 143]. Finally,

the dual parallel sub-networks contribute complementary strengths: the upper branch

emphasizes high-frequency texture recovery while the lower branch enforces structural

coherence, consistent with findings in multi-branch restoration frameworks [177, 178].

The synergy of these components explains why the full architecture achieves the best

reconstruction quality, balancing fine detail, structural fidelity, and noise suppression

more effectively than any reduced variant.
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4.4 Results on different noise types

The quantitative evaluation of our model was conducted on 100 images subjected to vari-

ous noise types. The performance metrics, including Peak Signal-to-Noise Ratio (PSNR),

Structural Similarity Index (SSIM), and Signal-to-Noise Ratio (SNR), are summarized in

Table 4.3. To provide a clear understanding, the results are ordered from the lowest to

the highest performance.

Table 4.3: Average PSNR, SSIM, and SNR for Different Noise Types

Noise Type PSNR SSIM SNR

Salt-and-Pepper 36.07 0.9166 35.39
Quantization 38.55 0.9425 36.87
Gaussian 41.09 0.9660 35.41
Speckle 43.97 0.9754 38.29
Poisson 48.80 0.9923 43.12
Mixed 44.57 0.9823 38.89

The lowest performance was observed for salt-and-pepper noise, with PSNR of 36.07,

SSIM of 0.9166, and SNR of 35.39. This outcome reflects the inherent difficulty of miti-

gating impulse noise, which arises from faulty sensors, transmission errors, or bit flips in

digital imaging [180]. Unlike Gaussian or Poisson noise, salt-and-pepper noise is sparse,

non-Gaussian, and highly localized, with individual pixels replaced by extreme values.

Such abrupt outliers are challenging for convolutional models because standard convolu-

tional filters and attention mechanisms are designed to capture local patterns and smooth

variations, rather than isolated extreme deviations [181]. As a result, the model may fail

to accurately detect and restore the corrupted pixels, leading to reduced PSNR and SNR.

Despite this limitation, the SSIM value indicates that the model still preserves reasonable

overall structural information [164], even if the pixel-wise fidelity is compromised.

Quantization noise followed, with PSNR of 38.55, SSIM of 0.9425, and SNR of 36.87.

This type of noise results from discretization errors in low-bit-depth imaging [182]. While

the model reduces blocky artifacts moderately well, the comparatively lower SSIM reveals

that fine structural details are not fully retained. This suggests that the attention modules

and convolutional filters are less adapted to handling grid-like or compression-induced
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degradations [164].

For Gaussian noise, the model achieved PSNR of 41.09, SSIM of 0.9660, and SNR of

35.41. Gaussian perturbations are a standard benchmark since they represent additive

noise from sensor inaccuracies [183]. The strong results indicate that the dual con-

volutional architecture with attention effectively suppresses random fluctuations while

maintaining edge sharpness, consistent with prior findings [181].

Speckle noise yielded PSNR of 43.97, SSIM of 0.9754, and SNR of 38.29. As a mul-

tiplicative noise type common in ultrasound and SAR imaging [184], speckle presents

challenges in preserving fine textures. The model’s strong results demonstrate the ad-

vantage of multi-scale features and SCAM in discriminating between texture and noise,

thereby ensuring diagnostic utility in medical images [181].

Mixed noise, combining Gaussian and Poisson, reached PSNR of 44.57, SSIM of

0.9823, and SNR of 38.89. This reflects the model’s capacity to generalize across complex

degradations. The results confirm that integrating noise estimation with SCAM improves

resilience to multiple simultaneous distortions [185].

The best performance was obtained under Poisson noise, with PSNR of 48.80, SSIM

of 0.9923, and SNR of 43.12. This is significant given Poisson noise’s prevalence in

low-photon environments such as medical or astronomical imaging [186]. The near-unity

SSIM reflects excellent preservation of structural information, while the high PSNR high-

lights the effectiveness of training with realistic shot-noise components [181, 164]. These

results underscore the robustness of the proposed method in high-sensitivity imaging

applications.

4.5 Results

Table 4.4: Comparison of the average SNR, PSNR, and SSIM.
Methods SNR PSNR SSIM
X-BDCNN [113] 36.12 41.10 0.98
Propose work 37.23. 42.08 0.97

Table 4.4 compares the performance of X-BDCNN [113] with the proposed denoising
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framework. X-BDCNN demonstrates results, achieving an SNR of 36.12 dB, PSNR of

41.11 dB, and SSIM of 0.9838. These scores confirm its ability to effectively suppress noise

while preserving structural details, aided by its bi-directional contextual design and deep

architecture, which has been shown to improve feature aggregation in medical denoising

[113, 187]. The high SSIM, in particular, highlights its strength in maintaining perceptual

similarity and fine anatomical features, a key requirement for diagnostic reliability in chest

radiographs [188].

The proposed method, however, X-BDCNN in terms of SNR (37.23 dB) and PSNR

(42.08 dB), indicating pixel-level reconstruction and stronger suppression of Gaussian-

Poisson noise patterns [139, 189]. Although its SSIM value (0.9736) is slightly lower than

that of X-BDCNN, it remains within a high range, suggesting that the method preserves

structural information while producing cleaner, more globally consistent images [190].

This tradeoff points to a balance where the proposed network leveraging Swin Transformer

blocks and dual attention modules for multiscale representation learning [191] prioritizes

noise removal and global clarity, yet still safeguards critical diagnostic content [162].

From a clinical perspective, these improvements translate into clearer visualization

of anatomical regions and reduced noise interference, which directly enhance radiological

interpretation [192, 40]. In essence, while X-BDCNN excels at fine structural retention,

the proposed framework provides a more holistic denoising solution delivering both high

numerical fidelity and practical diagnostic value.

The experimental results presented in Figure 4.2 provide valuable insights into the

efficacy of different noise models Gaussian, Poisson, and a hybrid of Poisson and Gaussian

in the context of blind X-ray denoising. In medical imaging, particularly X-ray appli-

cations, the clarity and accuracy of images are paramount for effective diagnosis and

treatment planning [162]. The outcomes of this experiment underscore the critical role

that noise modeling plays in enhancing image quality.

The Gaussian noise model demonstrates notable effectiveness in denoising X-ray im-

ages, particularly when dealing with uniform background noise. The results show that

this model improves the visibility of anatomical structures, and helps radiologists make
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Figure 4.2: Visual comparison of denoising performance across different noise models.
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better assessment and decision making [190]. This ability to remove gaussian noise with-

out affecting the structure is very beneficial for diagnostics [189].

On the other hand, the Poisson noise model is particularly applicable to X-ray images

taken in low-light conditions with limited photon counts. According to the experimental

results, this model performs well at maintaining the image’s significant features while

controlling the noise caused by low photon levels [193]. This is essential for blind X-ray

denoising since precise interpretation and diagnosis depend on preserving the original

signal.

The hybrid Poisson Gaussian noise model, which combines the strength of both noises,

brings an effective solution for blind X-ray image denoising. These techniques address

the scenario where both noise types are available [194]. The results indicate that the

hybrid model improves clarity of X-ray images, making it suitable for clinical practice

with different imaging conditions. [139].

4.6 Discussion

In this research, we aimed to solve the blind image denoising problem by effectively

removing noise and preserving anatomical structure, especially in the absence of a paired

clean target. In order to do this, we proposed a hybrid architecture made up of three parts:

a dual-path convolutional backbone, an attention mechanism, and a noise estimation

module. The noise estimation module offers an initial estimate of noise, mapping out

where and how intense the noise is in the input image [43]. This guidance enables the

network to adjust its filtering based on the severity of noise in specific areas, which is

critical for blind denoising scenarios where noise patterns differ widely across the image.

To further enhance context-awareness and structural preservation, we incorporate a

residual attention mechanism inspired by [138], which enables the model to focus on noise-

prone yet diagnostically relevant regions, such as soft-tissue boundaries or high-contrast

implants. This spatial guidance ensures that fine-grained image features are retained

during the denoising process, minimizing the risk of oversmoothing. The core processing

network adopts a dual-path CNN structure, processing low- and high-frequency features
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in parallel, as motivated by DnCNN [139]. This design enables robust feature extrac-

tion across scales, facilitating the recovery of both global structures and subtle textures

degraded by noise.

We validated our proposed model through a series of qualitative and quantitative ex-

periments. Figure 4.2 presents full-resolution comparisons alongside zoomed-in patches

of noise-corrupted regions, highlighted via red bounding boxes. Our model successfully

restores underlying anatomical structures that are otherwise obscured by sensor noise,

outperforming comparative methods in visual detail recovery. Notably, our approach

demonstrates high resilience in restoring localized textures such as bone edges and em-

bedded implants features often distorted in conventional denoising pipelines.

Based on these observations, we can confidently answer the research questions posed

in this study. In our research, we have addressed the following key research questions to

overcome the challenges.

RQ1: How can a Dual CNN-based denoising framework enhanced with attention

mechanisms effectively reduce noise in X-ray images while preserving structural and di-

agnostic details?

The Dual CNN-based denoising framework, enhanced with attention mechanisms, ef-

fectively reduces noise in X-ray images while preserving structural and diagnostic details

by integrating short and long skip connections, channel attention modules (CAM), spatial

attention modules (SAM), and a serial channel attention module (SCAM) across dual up-

per and lower sub-networks, as evidenced by the ablation studies in Table 4.2 Removing

short skip connections degrades PSNR to 31.7361, highlighting their role in maintaining

low-level feature propagation for detail retention, while omitting long skip connections

yields 32.2375, underscoring the need for high-level semantic integration to preserve di-

agnostic structures. Without CAM, performance drops to 35.3461, demonstrating its

importance in emphasizing informative channels for noise suppression; similarly, exclud-

ing SAM results in 35.7846 PSNR, indicating spatial focus aids in localizing and retaining
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clinically relevant textures. The absence of SCAM further reduces efficacy to 35.9842,

confirming serial attention’s contribution to refined feature recalibration. In contrast,

replacing parallel attention with a serial mechanism hampers results at 34.5822, and re-

moving the upper sub-network lowers PSNR to 38.6712, emphasizing the dual-network

architecture’s synergy in hierarchical noise modeling. The full framework achieves a supe-

rior 42.08 PSNR, illustrating how these enhancements collectively enable robust denois-

ing by adaptively weighting features, mitigating artifacts, and safeguarding anatomical

fidelity essential for medical interpretation.

RQ2: How does the incorporation of serial channel attention modules in dual CNN

architectures enhance noise suppression in X-ray images without compromising anatom-

ical detail preservation?

The incorporation of serial channel attention modules (SCAM) in dual CNN architec-

tures significantly enhances noise suppression in X-ray images while preserving anatom-

ical details by enabling sequential refinement of channel-wise features across the net-

work’s hierarchical stages, as demonstrated by the ablation studies in Table 4.2, where

the full architecture achieves a PSNR of 42.08 compared to 35.9842 without SCAM—a

marked improvement attributable to SCAM’s ability to progressively weigh and amplify

noise-discriminative channels, thereby mitigating artifacts without over-smoothing criti-

cal edges and textures essential for diagnosis. This serial mechanism outperforms a purely

serial attention variant (34.5822 PSNR), which disrupts parallel processing synergies, and

complements other components like CAM (35.3461 without) and SAM (35.7846 without)

by integrating temporal feature evolution in dual sub-networks, fostering adaptive noise

gating that retains structural fidelity, as evidenced by the 3.0958 PSNR gain from SCAM

alone, ultimately balancing denoising efficacy with clinical interpretability in low-dose

imaging scenarios.
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4.6.1 Key findings

• Removing short or long skip connections significantly degrades PSNR, confirming

their role in preserving spatial detail and maintaining gradient flow.

• The drop in PSNR is more severe without long skip connections, indicating their

importance in maintaining global contextual information.

• Its removal leads to a major performance drop, showing the advantage of jointly

applying spatial and channel attention.

• Removing SAM causes a bigger performance loss than removing CAM, highlighting

its stronger role in localizing spatially varying noise.

• Sequential use of SAM and CAM (in either order) underperforms compared to

SCAM, proving the benefit of a unified attention mechanism.

4.6.2 Limitations

• The proposed model may perform well on X-ray images but might not generalize

effectively to other medical imaging modalities such as MRI, CT, or ultrasound,

which have different noise characteristics and structural patterns. This limits the

model’s broader clinical applicability without further adaptation or retraining.

• The integration of a noise estimation network, spatial and channel attention mech-

anisms, and a dual-branch CNN increases the model’s computational cost. This

complexity may hinder real-time processing and make the model less suitable for

deployment in resource-constrained medical devices or edge systems.
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Chapter 5

Conclusion

In this study, we proposed an advanced blind image denoising framework specifically de-

signed for medical X-ray images, addressing the challenges posed by real-world, spatially

varying noise. Denoising is a critical step in medical image preprocessing, as it enhances

diagnostic accuracy by improving image clarity without compromising vital anatomical

details. Our model, integrates a noise estimation module, a spatial and channel attention

mechanism (SCAM), and a dual-branch convolutional neural network. The design is tai-

lored to guide the denoising process adaptively based on both the spatial distribution and

intensity of noise. This allows the network to not only suppress complex noise effectively

but also to preserve subtle medical structures crucial for clinical interpretation.

Previous methods such as BM3D, DnCNN, and domain-specific architectures like

X-ReCNN and X-BDCNN have shown significant performance on denoising tasks. How-

ever, they often rely on predefined noise assumptions or lack mechanisms to adaptively

attend to varying noise patterns in different image regions. For instance, while X-BDCNN

improved general denoising performance through a multi-scale CNN, and X-ReCNN in-

troduced reconstruction-based learning, they do not integrate noise estimation or unified

attention mechanisms. In contrast, our model estimates the noise map directly and

leverages both spatial and channel-wise attention to enhance feature refinement. This

architectural novelty enables superior adaptability to complex noise scenarios in X-ray

images.

Experimental evaluation on the ChestX-ray8 test set demonstrated the effectiveness

of the proposed model, achieving the highest metrics across all compared methods: an

SNR of 37.23, a PSNR of 42.08, and an SSIM of 0.974. These improvements reflect

the model’s ability to denoise X-ray images while retaining structural integrity better
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than prior methods such as DnCNN and X-BDCNN. The main contributions of this

work include the integration of a noise-aware attention mechanism and a dual-branch

architecture for complementary feature learning. Despite these advancements, several

practical limitations remain. First, the model is trained and evaluated on a specific

dataset (ChestX-ray8), and its performance may degrade when applied to X-ray images

from different sources, devices, or populations without appropriate domain adaptation.

Second, real-time inference for high-resolution images could be challenging, potentially

limiting its use in time-sensitive clinical workflows. Finally, integrating the denoising

model into existing radiology pipelines may require additional validation steps to ensure

compliance with medical standards and regulatory requirements. These limitations open

avenues for future research aimed at developing lightweight, cross-domain denoising ar-

chitectures and optimizing models for real-time, resource-efficient deployment in diverse

clinical environments.

5.1 Recommendation

• Extend to Other Medical Modalities: To improve the model’s generalizability,

future work should adapt and evaluate the proposed architecture on other imaging

modalities like MRI, CT, or ultrasound, which present different noise characteristics.

• Optimize for Computational Efficiency: To enable deployment in real-time

or resource-constrained settings (e.g., portable X-ray systems), the model architec-

ture should be optimized using techniques such as model pruning, quantization, or

lightweight attention modules.

• Incorporate Unsupervised or Self-Supervised Learning: Given the scarcity

of clean ground truth images in real-world medical data, exploring unsupervised or

self-supervised learning frameworks could enhance model training and robustness

without relying on paired datasets.
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