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ABSTRACT
Medical image denoising is a crucial step in the processing and analysis of diagnostic images, aiming to remove unwanted noise while
preserving essential diagnostic details. Traditional denoising methods, including spatial and transform domain filters, have been widely
utilized in medical image denoising. However, these techniques face limitations when dealing with complex noise patterns and
maintaining fine image details. In recent years, deep learning-based methods have emerged as a promising approach for medical image
denoising. These methods, leveraging deep neural networks such as Convolutional Neural Networks (CNNs), Autoencoders, and
Generative Adversarial Networks (GANSs), have demonstrated significant potential in learning underlying patterns in images to remove
noise while preserving diagnostic information. This paper provides a comprehensive review of the types of noise in medical images and
classical denoising methods. We also explore recent advancements in deep learning-based techniques for medical image denoising,
alongside the evaluation metrics commonly used to assess their performance. Furthermore, we address the challenges in medical image
denoising and propose future research directions in this field. The aim of this paper is to provide an extensive overview of the state-of-
the-art techniques in medical image denoising, highlighting the challenges and opportunities for innovation. Additionally, we emphasize
emerging techniques, including hybrid models, Graph Neural Networks (GNNSs), and self-supervised learning, as well as the potential
for further enhancements in medical image quality using advanced denoising approaches.
https://creativecommons.org/licenses/by-nc/4.0/
Keywords: Medical image denoising, Noise reduction, Deep learning, Image quality preservation, Evaluation metrics, Hybrid models, Graph Neural
Networks, Self-supervised learning.

filters like wavelet and Fourier transforms can reduce noise, but
these methods are often unable to preserve fine details and
Medical imaging plays a critical role in modern healthcare and is complex structures in medical images [ 9,

1 Introduction

an essential tool for diagnosis, treatment planning, and disease In contrast, machine learning and deep learning techniques have
monitoring 1. However, noise in medical images can degrade the emerged as powerful tools for noise removal in medical images
image quality, obscure vital information, and lead to diagnostic (10 Notably, Convolutional Neural Networks (CNNs),
errors [, Various types of noise, including Gaussian noise, salt- Autoencoders, and Generative Adversarial Networks (GANS) are

and-pepper noise, Poisson noise, and systemic noise, may arise capable of effectively identifying complex patterns and
during the imaging process [ 4. These noises can result from reconstructing high-quality images 1-222%1, These models employ
equipment  malfunctions, data transmission errors, or sophisticated architectures to extract features and reduce noise

environmental factors, reducing image quality, causing while preserving essential details in medical images [ 41,
diagnostic challenges, and increasing the need for re-imaging .. However, these methods often require substantial computational
To address these challenges, various noise reduction resources and large training datasets, which may present
methods have been developed. These methods include classical challenges for practical implementation (7. 181,

filters such as Gaussian and median filters, as well as advanced Moreover, innovative techniques such as fast bilateral filtering,

deep learning-based approaches [ 7. Classical filters are self-supervised learning, and hybrid methods are becoming
generally suitable for simpler noise types, as these filters operate effective options for medical image denoising 1% 22, These
methods combine the advantages of classical and deep learning
* Corresponding author approaches, aiming to improve speed, accuracy, and
E-mail address maihami@iauacir (Instructor). _ reconstruction quality. Fast bilateral filtering, in particular, is able
Peer-reviewed under the responsibility of the University of Garmian. to reduce noise while preserving edges and important structures,
on direct mathematical principles, reducing noise by smoothing improving computational efficiency and making it suitable for
the image. Specifically, spatial filters and frequency-domain real-time applications 2241,
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Recent research has explored hybrid models that combine
multiple approaches to achieve better results %1, For instance, the
integration of CNNs, Autoencoders, and fast bilateral filters can
enhance image quality while reducing processing time and
computational costs 6 27 281, These hybrid approaches aim to
bridge the gap between traditional and modern methods, offering
robust solutions for medical image denoising 21,

Recent studies also focus on the capabilities of self-supervised
learning to enhance the quality of medical images by introducing
techniques that automatically improve image quality without
requiring labeled data. These methods can be especially
beneficial in situations where labeled data is limited (% 31,
Furthermore, the use of hybrid models combining deep learning-
based methods and classical filters can lead to better results in
preserving details and reducing noise in medical images 33 34,
Further research has focused on developing new methods based
on Autoencoders and more complex neural networks, which can
improve image quality and reduce more complex noise types >
%1, These innovations are particularly effective in addressing
more complex noise encountered in clinical settings 37381, Hybrid
and more advanced methods can simultaneously improve both
accuracy and processing speed, which is critically important in
practical applications [,

This paper provides a comprehensive review of the various types
of noise and their impact on medical imaging and explores
different noise reduction techniques, ranging from classical
methods to advanced deep learning models. The primary
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objective of this study is to offer a deeper understanding of
advancements in medical image denoising and identify research
opportunities to advance modern techniques 3% 49,

This review comprehensively examines the evolution of medical
image denoising techniques over the period from 2012 to 2025,
highlighting key developments in classical, machine learning-
based, and deep learning-based approaches. The selected
timeframe reflects the emergence and maturation of modern
denoising methodologies, particularly those leveraging deep
neural networks and hybrid architectures, which have
significantly influenced image enhancement practices in medical
diagnostics.

The remainder of this paper is organized as follows: Section 2
provides an overview of different types of noise present in
medical images, their sources, and their impacts on diagnostic
quality. Section 3 reviews the major denoising techniques,
including classical filters, machine learning approaches, deep
learning models, and hybrid methods. Section 4 presents the
evaluation metrics used to assess denoising performance and
offers a comparative analysis highlighting the strengths and
limitations of each technique. Finally, Section 5 concludes the
paper by summarizing the key findings and outlining future
research directions in the field of medical image denoising.

2 Types of Noise in Medical Images and Their Causes

Types of Noise in Medical Images and Their Causes

Caused by electronic noise in
imaging devices or sensors.

Generated by defects in the source or detector in
imaging systems.

Iransmission Noise

Occurs due to transmission errors or
interference in data transfer.

Due to chromatic aberrations or incorrect
color sensitivities of imaging devices.

(S alt-and-Pe pper Nois )

Occurs due to data transmission errors or sensor

failures.

Due to the statistical nature of light and photon
emissions in imaging systems.

Arises from system defects or image sensor
damage.

Caused by temperature fluctuations in imaging

equipment.

Figure 1: Types of Noise in Medical Imaging.

Figure 1: Eight common types of noise in medical imaging
include Gaussian Noise, Salt-and-Pepper Noise, Poisson Noise,
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Black-and-White Noise, Thermal Noise, Chromatic Noise,
Transmission Noise, and Source Noise. Each type of noise is
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visually represented to show its cause and impact on medical
images. These types of noise can significantly distort medical
images, affecting diagnostic accuracy and the quality of image
analysis. Gaussian Noise is typically caused by electronic issues
in imaging devices and affects all types of medical images. Salt-
and-Pepper Noise results from data transmission errors or sensor
failures, often distorting high-contrast areas in X-ray and CT
scans. Poisson Noise arises due to the statistical nature of light
and photon emissions in imaging systems, commonly seen in
low-light images like MRI or PET scans. Black-and-White Noise
originates from system defects or sensor damage and affects
binary images, such as X-ray or CT scans, where pixel accuracy
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is crucial. Thermal Noise is caused by temperature fluctuations in
imaging equipment and impacts thermal imaging and MRI, where
temperature precision is important. Chromatic Noise is caused by
chromatic aberrations or incorrect color sensitivities in imaging
devices, impacting color-sensitive images like histology scans or
color Doppler ultrasound. Transmission Noise results from
transmission errors or interference during data transfer, affecting
digital images in modalities such as MRI, CT scans, and X-rays.
Source Noise is generated by defects in the source or detector
within imaging systems, distorting both the signal and the
received image in various modalities like MRI or CT scans 24,

Caused by optical system errors,
including lens distortions or

misalignme nts.

Generated by faulty sensors or low sensitivity in
imaging instruments.

Geometric Noise

Caused by geometric distortions in the
imaging process, such as beam
detlections.

£
:
&

Results from inhomogenceity in the imaging
process or device.

( Systematic Noise )

Originates from systemic errors in the imaging
process, such as calibration issues.

Due to phase shifts and timing errors during
data acquisition.

Caused by mis alignment or shifts in the
image or data.

Arises from random errors in data or imaging
systems.

Figure 2: Types of Noise in Medical Imaging.

Figure 2: The eight additional types of noise in medical imaging
include Optical Noise, Systematic Noise, Phase Noise, Shift
Noise, Pseudo-Random Noise, Non-Uniform Noise, Geometric
Noise, and Instrumental Noise. Each of these noise types has a
specific cause and impact on medical images. These types of
noise can significantly degrade the quality of medical images,
leading to misinterpretations and diagnostic errors 22, Optical
Noise arises from errors in the optical system, including lens
distortions or misalignments, affecting image clarity in
modalities like X-rays, CT scans, or endoscopic images [2,
Systematic Noise originates from errors in the imaging process,
such as calibration issues, and can impact all types of medical
images where precision and consistency are necessary. Phase
Noise is caused by phase shifts and timing errors during data
acquisition, mostly affecting time-dependent modalities such as

904

MRI or ECG. Shift Noise results from misalignments or shifts in
the image or data, distorting medical images in modalities like
MRI and ultrasound, where alignment is critical. Pseudo-Random
Noise arises from random errors in data or imaging systems,
commonly seen in CT or MRI scans due to sensor or system
malfunctions. Non-Uniform Noise results from inhomogeneities
in the imaging process or device, affecting consistency across
scanned images, particularly in MRI or ultrasound. Geometric
Noise is caused by geometric distortions in the imaging process,
such as beam deflections, and impacts geometrically sensitive
images like X-rays, CT scans, and MRIs. Instrumental Noise is
generated by faulty sensors or low sensitivity in imaging
instruments, affecting all imaging modalities when the equipment
is not properly calibrated [?°,
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Caused by incorrect calibration of
imaging devices or instruments.

Systematic
Noise

Spatio-Temporal \'aia

Results from time and s pace-de pendent

Arises from variations in slice thickness during
imaging (e.g., CT or MRI).

Caused by temperature fluctuations in the
imaging environment or equipment.

Figure 3: Types of Noise in Medical Imaging.

Figure 3: The four additional complex types of noise in medical
imaging include Calibration Noise, Slice Thickness Noise,
Temperature Variation Noise, and Spatio-Temporal Noise. Each
of these noise types has a specific cause and impact on medical
images. Calibration Noise arises from improper calibration of
imaging devices, affecting image quality and consistency,
particularly in MRI or CT scans. Slice Thickness Noise occurs
due to variations in slice thickness during imaging (e.g., CT or
MRI), distorting high-precision imaging processes such as MRI,
CT, or PET scans. Temperature Variation Noise is caused by
fluctuations in temperature within the imaging environment or
equipment, affecting modalities sensitive to temperature changes,
such as MRI or thermal imaging. Spatio-Temporal Noise results
from time and space-dependent changes in dynamic imaging
processes, impacting dynamic or real-time modalities like PET,
MRI, or functional MRI.

3 An Overview of Advanced Noise Reduction and Image
Enhancement Techniques in Medical Imaging

3.1. Visualization of Methodological Categories

To facilitate a clearer understanding of the methodological
framework for medical image denoising, Figures 4a to 4d present
schematic representations of the hierarchical classification of the
reviewed techniques. These diagrams organize the methods into
four primary categories: classical approaches, machine learning-
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based methods, deep learning-based techniques, and
hybrid/multimodal solutions. Each diagram highlights the core
subcategories and representative techniques relevant to its
respective group.

Figure 4a: illustrates the structure of classical denoising
approaches used in medical imaging. These methods are
traditionally divided into spatial domain filters (such as Gaussian
and median filters), transform domain filters (like wavelet and
Fourier transforms), and statistical techniques (such as Wiener
and bilateral filters). These techniques are computationally
simple and suitable for reducing basic noise types, such as
Gaussian or salt-and-pepper noise, especially in modalities like
CT, MRI, and ultrasound. However, they often struggle to
preserve fine anatomical details or adapt to complex noise
patterns.

Figure 4b: presents machine learning-based approaches,
categorized into classical algorithms and graph-based models.
Classical algorithms, such as SVM and KNN, are effective for
structured denoising tasks when labeled data is available.
Meanwhile, graph neural networks (GNNs) model complex
spatial relationships between pixels, making them suitable for
structurally intricate medical images. Although machine learning
models offer improved adaptability over traditional filters, they
typically rely on manual feature design and may be less effective
for highly

non-linear or high-dimensional noise.
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‘ Classic Approaches ’
! ! !
. . Transform Statistical
Spatial Filters ' Domain Filters Methods
‘ Gaussian Filter Wavelet Transform ’ Wiener Filter ’
‘, Median Filter l ( Fourier Transform ] ( Bila(:i::llpl";iit:)ﬁng 1

Figure 4. a: Overview of classical noise reduction techniques in medical imaging.

Machine Learning-
Based Methods

Classical Graph-based
Algorithms Models

Support Vector Graph Neural
Machine (SVIM) Networks (GNNs)

K-Nearest
Neighbors (KNN)

Figure 4. b: Categorization of machine learning-based methods for medical image denoising.

Deep Learning-

Based Methods
Visi - : Froluti ; Gradient ST
Convolutional U-Net - Vision Diffusion Self. Nonlincar pom Estimation : Physics
Networks Autoencoders Architecture ARansformcEs Vodels supervised Filter-based Neural § o informed Deep
- AT (ViTs) ‘ Learning Networks Networks Methods Learning

CNN Denoising
Autoencoder

{Residual CI\_\I]

T-Net ]

Figure 4. c: Structure of deep learning-based techniques for medical image denoising.



Original Article Darvishi Ghalehet. al. Passer 7 (Issue 2) (2025) 902-920

Hybrid & Multimodal
Approaches

I I T 1
Multimodal Hybrid Advanced Hybrid Image Quality
Fusion Architectures Methods Enhancement

Deep Image Prior

(DIP)

CNN + Autoencoder
+ Bilateral Filter

Figure 4. d: Hybrid and multimodal approaches to enhance medical image quality.

Figure 4d: showcases hybrid and multimodal approaches, which
integrate the strengths of multiple techniques to achieve balanced
denoising performance. Examples include architectures that
combine CNNs with autoencoders and bilateral filters, as well as
fusion of multimodal data (e.g., MRI and CT). These methods
improve robustness, detail preservation, and cross-domain

Table 1: Detailed Explanation of Advanced Noise Reduction and Image Enhancement Methods.

applicability. Additionally, techniques such as Deep Image Prior
(DIP) and fast bilateral filtering provide edge-preserving
denoising while reducing computational cost. Hybrid models
represent a practical bridge between traditional methods and

state-of-the-art learning-based techniques.

MAIN METHOD / APPLICATION ADVANTAGES /
CATEGORY SUBCATEGORY DESCRIPTION IN MEDICAL DISADVANTAG
Ref & Year IMAGING ES
Gaussian Filter Reduces noise by Noise reduction in .
Sl Spatial Filters [41-42] smoothing the MRl and CT + Simple and fast
FILTERS . . — Blurs fine edges
(2025) image images
Preserves edges + Preserves edges
CLASSIC - Median Filter [43]  while reducing Images with salt- a9
Spatial Filters . — Less effective for
FILTERS (2024) salt-and-pepper and-pepper noise Gaussi .
. aussian noise
noise
. + Good multiscale
CLASSIC Transform Domain Wavelet Transform - Removes noise by High-resolution analysis
FILTERS Filters [44] wavelet MRI images ~ Sensitive to
(2025) decomposition .
thresholding
. Fourier Transform  Removes noise in N E_ffe(_:tive _for
CLASSIC Transform Domain Ultrasound and CT  periodic noise
. [45] the frequency . .
FILTERS Filters : images — Poor spatial
(2025) domain o2
localization
Support Vector Noise reduction in + Good for
MACHINE Classical Machine (SVM) Classification and radioloav and structured data
LEARNING Algorithms [46] noise reduction gy ar — Requires feature
ultrasound images N
(2025) engineering
+ Simple and
. K-Nearest . Images with interpretable
EA;ACRHI\: IN NEG Xllazsrliiﬂlms Neighbors (KNN) té?:%sngfr E’Cr,][boi:feig complex geometric  —Computationally
g [47] (2024) P shapes expensive for large
data
+ High
DEEP Convolutional CNN [48] Extracts features Denoising in 3D performance
LEARNING Neural Networks (2025) and reduces noise CT scans — Needs large
datasets
DEEP Convolutional Residual CNN [49]  Uses residual Images with + Better detail
LEARNING Neural Networks (2024) connections to complex edges preservation
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preserve details
and reduce noise

— Increased model
complexity

Image

Denoising . MRI and CT image + Learns without
DEEP reconstruction and . L
Autoencoders Autoencoder [50] . - restoration and supervision
LEARNING noise reduction .
(2025) . enhancement — May blur details
using autoencoders
. Uses generative Image restoration + Generates high-
DEEP Novel Learning GANSs [51] models to produce  and enhancement quality images
LEARNING Models (2024) s P o — Training
noise-free images for medical images . -
instability
Uses diffusion + Excellent quality
DEEP Diffusion Models Diffusion Models processes to reduce  Noise reduction in ~ generation
LEARNING [52] (2025) noise and PET and CT —Computationally
reconstruct images intensive
Vision Extracts global and MRl and CT with + Captures global
DEEP context
Transformers Transformers local features for heterogeneous .
LEARNING . . . . — Requires large
(ViTs) [63] (2025)  noise reduction noise d
atasets
. . S + Works with
DEEP Self-supervised Self—syperwsed Learns W|thout_ !Denmsmg in unlabeled data
. Learning [54] labeled data, using  images with .
LEARNING Learning . o — Requires careful
(2025) image features limited labeled data .
pretext design
Graph Neural + Captures spatial
MACHINE Graph-based Networks (GNNs) 'r\e/zll(:\ ctjieolzsp;:resl to Images with EeIGaifn; hips
LEARNING Models [55] q iy complex structures Ph
(2025) reduce noise construction
complexity
. . . + Richer
HYBRID & Multimodal Fusion ?gg]ltlmodal rusion gs)l'n(;zltgiso:wbi':t:rnd Combined CTand  information
MULTIMODAL (2025) ualit MRI images — Data alignment
g y required
Lo Fast Bilateral Fast bilateral + Preserves edges
HYBRID & Optimization e e B -
MULTIMODAL Methods Filtering [57][92] f||t_er|ng to reduce MRI, CT Sensitive to
(2025) noise parameter settings
. N Uses adaptive . + Adaptive to local
HYBRID & Optimization '[Aé%?pt've Filtering filters with ::r:;gi)\(lvﬁgnlinear features
MULTIMODAL  Methods automatic Pex, — May overfit to
(2025) . features )
adjustment noise
. . + Adaptive
CLASSIC - Wiener Filter Statistical noise Images with smoothing
Statistical Methods  [59][16] . ; . . .
FILTERS (2024),(2023) removal using SNR  Gaussian noise — Requires noise
' estimation
CLASSIC Bilateral Filtering Preserves edges + Edge-preserving
FILTERS Statistical Methods ~ Adaptive [60] while removing MRI images — Computational
(2025) local noise cost
CNN + Combines CNN, + Synergistic
HYBRID & Hvbrid Methods Autoencoder + AE, and filters for ~ High-detail performance
MULTIMODAL Y Bilateral Filter [61] high-quality medical images — Integration
(2023) denoising complexity
. . + No training
HYBRID & Image (DSIEFE)) I[rgg]ge Prior z;?jrle;z?ﬁ?ectl for High-quality needed
MULTIMODAL  Enhancement YO edical images ~ Slow
(2024) enhancement
convergence
U-Net architecture + Good for
EEEENIN G U-Net éol\;%t) [63] for denoising and MRI and CT segmentation and
detail preservation denoising
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— High memory
usage

Empirical Mode

Decomposition

CLASSIC Advanced

Extracts noisy + Handles non-

FILTERS Statistical (EMD) components by Ultrasound and CT  stationary data
[64] decomposition — Hard to automate
(2025)
Predicts and + Real-time
CLASSIC Advanced Kalman Filtering corrects noise in Real-time denoising
FILTERS Statistical [65] (2025) : ultrasound — Needs accurate
dynamic data
models
Self-consistency Uses consistency . . + Preserves detail
DEEP Advanced Models  Networks [66] enforcement to Detail-sensitive — Model design
LEARNING : images .
(2025) reduce noise complexity
Evolutionar Uses evolutionary + Adaptive and
DEEP y algorithms to Images needing flexible
Advanced Models Neural Networks o . . -
LEARNING optimize fine-tuning — Long training
[67] (2025) X .
architecture time
e Incorporates + Physically
DEEP Advanced Models Er;}és'cfeg;g?;m?gzg] physical MRI and CT with grounded
LEARNING P g knowledge into physical modeling  predictions
(2025) . e
learning — Limited datasets
Gradient + Enhances
S Uses gradients to structure
IES Advanced Models Estimation uide noise Detail-rich images = — Gradient
LEARNING Methods [69] guider g Jradi
reduction estimation can be
(2025) .
noisy
Nonlinear Filter- . + Robust to varied
DEEP Advanced Models based Networks #ﬁzisnﬁ]ntljl:eear CT and MRI with noise
LEARNING [70] P severe noise — Model
networks .
(2025) complexity

Table 1: provides an overview of advanced noise reduction and
image enhancement methods in medical imaging, categorized
into classic filters, machine learning, deep learning, hybrid
models, and statistical approaches. Classic filters such as
Gaussian and Median filters are employed to reduce noise and
preserve edges in MRI and CT images. Machine learning
methods like SVM and KNN use classification and pixel
reconstruction techniques, while deep learning approaches,
including CNNs and Autoencoders, are effective in denoising

complex medical images like CT and MRI. Novel techniques,
such as GANs and Diffusion Models, are utilized for image
restoration in intricate medical images. Hybrid models combine
data from multiple modalities for improved quality, and
optimization methods like fast bilateral filtering and adaptive
filtering reduce processing time. This table illustrates the diverse
and evolving landscape of image enhancement techniques in
medical imaging.

Table 2: Types of Noise in Medical Images and Their Causes.

Noise Type Cause of Occurrence

Images

Impact on Medical

Common Denoising Method
(with Description)

Advantages and
Limitations

Affects all image

Electronic noise in .
types, especially

Gaussian Noise

+ Simple and fast
+ CNNs improve

Gaussian Filter, CNN CNNs
performance

(71 Imaging devices or under low-light learn patterns adaptively; — Gaussian filters blur edges
sensors i filters smooth intensities. .
conditions — CNNSs require large
training data
- +
Median Filter, Autoencoders Preseryes edges .

Salt-and- - . . . . + Effective for sparse noise

. Data transmission Distorts high-contrast  Median removes impulse .
Pepper Noise — Weak for dense noise

721 errors, sensor faults areas (X-ray, CT)

noise; Autoencoders

. — Autoencoders require
reconstruct clean Images.

training
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Poisson Noise
[73]

Photon statistics in
imaging systems

Common in MR,
PET under low-light

Variance-Stabilizing
Transform + Deep Networks
Transforms Poisson noise to
Gaussian, then applies deep
learning.

+ Effective in low-photon
conditions

— Requires accurate
transformation and model
training

Black-and-

White Noise
[74]

Sensor damage,
system faults

Affects binary images
where pixel accuracy
is critical

Morphological Filtering Uses
shape-based operators to clean
binary distortions.

+ ldeal for binary images
— Not suitable for grayscale
or color images

Thermal Noise
[75]

Temperature
fluctuations in
imaging hardware

Affects precision in
thermal imaging and
MRI

Wavelet Denoising, Adaptive
Filters Analyzes frequency
components to remove
unwanted signals.

+ Effective in low SNR
— May remove fine image
details

Chromatic

Noise
[76]

Color sensitivity
errors or chromatic
aberrations

Affects histology and
Doppler ultrasound
scans

Color-Space Transform +
CNN Separates luminance
and chroma components,
processes independently.

+ Targets color artifacts
— Requires complex
preprocessing

Transmission

Noise
[77]

Interference during
digital data
transmission

Degrades image
quality during
transfer (MR, CT, X-
ray)

Error Correction + Filtering
Recovers lost data and
smooths noisy transitions.

+ Recovers transmission
errors — Not suitable as
primary denoising method

Source Noise
[78]

Defective detectors or
radiation sources

Degrades signal and
image quality

MAP Estimation, BM3D
Exploits statistical models of
noise and image structure.

+ High accuracy
— Computationally
expensive

Impairs clarity in

Blind Deconvolution, Deep

+ Restores clarity

Optical Noise Lens distortion or - Learning Learns blur kernel . o
791 oo optical systems (e.g. . — Requires blur estimation
misalignment or restores sharpness via A
endoscopy) L or training data
training.
. .. + .
Systematic S Affects precision and C_allb_ratlon Correction . + Improves consistency
. Calibration or process ; Filtering Corrects systemic . o
Noise consistency across . — Needs prior calibration
[80] errors o offsets using known
modalities data
standards.
. .- . . +
. . . Affects time-sensitive  Phase Correction Algorithms Re_stores temporal
Phase Noise Phase shifts or timing . - . . consistency
[81] modalities (e.g. MRI,  Realigns phase information .
errors C — Complex for dynamic
ECQG) based on acquisition model.
sequences
. . . . . + +
Shift Noise Mlsallgqment in Causes distortion in Image R_eglstrgtlon _ Aligns spatial information
82] image slices or shifts Smoothing Aligns slices and — Needs reference or
. L MRI and ultrasound : :
during acquisition reduces inter-frame noise. anchor
Pseudo- Kalman Filter, Probabilistic + Adaptive over time

Random Noise
[83]

Random
sensor/system errors

Affects MRl and CT
scans

Models Uses dynamic
modeling to filter state-based
noise.

— Requires accurate
modeling, high computation

Non-Uniform

Noise
[84]

Inhomogeneity in the
imaging system

Produces intensity
variations across
image

Bias Field Correction +
Adaptive Smoothing
Normalizes intensity drift
across regions.

+ Enhances uniformity
— May reduce real contrast
in low-signal zones

Geometric Calibration and

Gegmetrlc Beam distortions or Distorts shapes and Correction Applies geometric Corrects Sh"’?pe distortion
Noise s > — Not generalizable across
(5] system misalignments  geometry of organs models to restore original
all systems
shape.
. . . + ity i
Instrumental Affects all modalities, Instrument Calibration + Restores quality in faulty
. Faulty sensors, low . S . systems
Noise S especially Filtering Remaves artifacts ; .
(6] detector sensitivity ; : . — Device-specific
uncalibrated systems introduced by device faults. -
correction
Calibration Incorrect or outdated ~ Affects accuracy and  Recalibration + Adaptive + IMDroVes acCurac
Noise device calibration repeatability Filtering Updates parameters P y
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[87]

and compensates dynamic
drift.

— Requires continuous
calibration

Slice Thickness  Variations in slice Distorts 3D. Slice Thlck_ness I + Enhances 3D fidelity
. - reconstruction and Normalization + Filtering L
Noise thickness (e.g. MR, . . . — Reduces resolution in
(8] measurement Aligns and harmonizes slice - ;
CT) : thick slices
accuracy profile.
Environmental or Thermal Compensation + Necessary in thermal
Temperature - - Affects temperature- .
R . internal device o T Algorithms Models systems
Variation Noise sensitive imaging . -
[89] temperature temperature effects and — Needs device-specific
- (MR, thermal scans) :
fluctuations subtracts them. modeling
. . . - +
Spatio- Changes across time Impacts real-time Spath Temporal CNN, Capjcures dynamic
Temporal Noise  and space in dynamic ~ modalities (fMRI Filtering Learns patterns behavior
[90] P and sp y ' across both frames and time — Demands large data and
imaging PET, ultrasound)

points. compute power

Table 2 : provides a comprehensive overview of the various types
of noise encountered in medical imaging, their causes, and their
impact on image quality. Noise types such as Gaussian and
Poisson noise typically result from electronic or photon-based
factors in imaging devices, especially in low-light conditions like
MRI and PET scans. Salt-and-pepper noise, often caused by
sensor failures or data transmission errors, distorts high-contrast
regions in X-ray and CT images. Other types of noise, such as
thermal and optical noise, arise from temperature fluctuations or
optical system errors, affecting modalities like thermal imaging
and X-ray. Additionally, transmission noise, source noise, and

systematic noise result from issues related to data transfer, system
defects, and calibration errors, all of which degrade the quality of
medical images across various imaging systems. This table
highlights the diverse sources of noise and their significant effects
on medical imaging, emphasizing the need for effective noise
reduction strategies to ensure high-quality diagnostic outcomes.
Table 2 not only classifies the various types of noise encountered
in medical imaging but also presents the most suitable denoising
method for each type. This establishes a direct and practical link
between the noise sources and the techniques employed to
address them, including their advantages and limitations.

Table 3: Solutions to Different Types of Noise in Medical Imaging.

Noise Type Noise Removal Solutions

Methods for Removing Noise

Gaussian Noise [

Use Gaussian filters, mean filters, median filters, Convolutional
Neural Networks (CNN), Autoencoders

Gaussian filter, Median filter,
Mean filter, CNN

Salt-and-Pepper Noise
[72] Autoencoders

Use median filters, Convolutional Neural Networks (CNN),

Median filter, CNN

Poisson Noise [

Use statistical methods such as Wavlet transforms, Convolutional
Neural Networks (CNN)

Statistical methods, CNN

Black-and-White Noise
[74]

Use median filters, Gaussian filters, Convolutional Neural
Networks (CNN)

Median filter, Gaussian filter,
CNN

Thermal Noise [

Use Gaussian filters, wavelet methods, Autoencoders,
Convolutional Neural Networks (CNN)

Gaussian filter, Wavelet methods,
CNN

Chromatic Noise [

Use color filters, color transformation methods, Convolutional
Neural Networks (CNN)

Color filters, Color
transformation, CNN

Transmission Noise [/]

Use Wavelet transforms, statistical methods, Autoencoders

Wavelet transforms, Statistical
methods

Source Noise [

Use statistical methods, Gaussian filters, Convolutional Neural

Gaussian filter, Statistical

Networks (CNN) methods, CNN
Obtical Noise 79 Use Gaussian filters, median filters, Convolutional Neural Gaussian filter, Median filter,
P Networks (CNN) CNN
Systematic Noise 8% Eg‘:\,\r’gﬁig (fgﬁrNs) Gaussian filters, Convolutional Neural Mean filter, Gaussian filter, CNN
Phase Noise 1 kJCs’(iIEIr)lase correction methods, Convolutional Neural Networks Phase correction, CNN
Shift Noise [¢2 tJCsls”ilr;lft correction methods, Convolutional Neural Networks Shift correction, CNN

Pseudo-Random Noise
[83]

Use Gaussian filters, mean filters, Convolutional Neural
Networks (CNN)

Gaussian filter, Mean filter, CNN
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. fea [84]
Non-Uniform Noise Networks (CNN)

Use statistical methods, wavelet filters, Convolutional Neural

Statistical methods, Wavelet
filters, CNN

Geometric Noise [

Use geometrical correction methods, specialized filters

Geometrical correction,
Specialized filters

Instrumental Noise [8¢]

Use system recalibration, specialized system filters

System recalibration, Specialized
filters

Calibration Noise [7]

Use precise calibration techniques, device reset

Calibration techniques, Device
reset

Slice Thickness Noise [88!

Use precise slice thickness settings, adaptive filters

Slice thickness adjustment,
Adaptive filters

Temperature Variation
Noise [

Use temperature control systems, adaptive filters

Temperature control, Adaptive
filters

Spatio-Temporal Noise

(o0 (CNN)

Use temporal dynamic methods, Convolutional Neural Networks

Temporal methods, CNN

Table 3 : provides a comprehensive guide to solutions for various
types of noise in medical imaging. It outlines the causes of
different noise types, ranging from electronic noise and sensor
failures to temperature fluctuations and system errors, and
presents effective noise removal methods for each. For instance,
Gaussian noise, often caused by electronic interference, can be
reduced using filters like Gaussian, median, or mean filters, along
with advanced techniques such as Convolutional Neural
Networks (CNN) and Autoencoders. Similarly, salt-and-pepper
noise, which results from sensor failures or data transmission
issues, can be addressed with median filters or CNN-based
methods. More complex noise types, such as Poisson and phase
noise, require statistical methods, wavelet transforms, or phase
correction techniques combined with CNNs. Additionally, noise
linked to factors like chromatic aberrations, misalignment, or
temperature variations can be mitigated through specialized
filters, color transformations, and adaptive methods. This table
highlights a wide range of noise removal techniques and
emphasizes the importance of selecting the appropriate method
based on the specific type of noise and imaging modality.

4 The evaluation metrics for medical image denoising and
their applications.

4. 1 Image Quality Metrics and Formulas 4

4. 1.1 Accuracy

TP+TN
TP+TN +FP+FN

Accuracy =

where:

e TP = True Positives
TN = True Negatives
FP = False Positives
FN = False Negatives

4. 1. 2 Peak Signal-to-Noise Ratio (PSNR)

MAX?
PSNR = 1010g10 m

o MAX, : Maximum possible pixel value (e.g., 255 for 8-
bit images)
e MSE: Mean Squared Error

4. 1. 3 Mean Squared Error (MSE)

M N
1
MSE = WZ Z (G — K3 N)?

i=1 j=1
M : Number of rows in the image
N : Number of columns in the image
e I(i,)) : Pixel value at position (i, j) in the original image
e K(i,j) : Pixel value at position (i, j) in the processed or
reconstructed image

4. 1. 4 Structural Similarity Index (SSIM)

Qupg + €) Qo + ;)
(Ui + pg + € (07 + o + Cp)

U; - Mean intensity of the original image
Uk - Mean intensity of the reconstructed image
a2 : Variance of the original image
a2 : Variance of the reconstructed image
ok . Covariance between the original and reconstructed
images
e (,,C,:Small constants to stabilize the division

SSIM =

4. 1. 5 Normalized Mean Squared Error (NMSE)

NsE = 2t Zie (UG = KG)Y
Ly X 130 ))?

o I(i,)),K(i,j),M,N : Same as defined above

4. 1. 6 Edge Preservation Index (EPI)

Pl =
jzﬁl N (VI )2 le*il N (VK(i,))?

e VI(i,j) : Gradient (edge magnitude) of the original
image at pixel (i, )

E
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e VK(i,j) : Gradient of the reconstructed image at pixel
)

e M, N : Image dimensions

4. 1.7 Visual Information Fidelity (VIF)

252
>N, log, (1 + gi xl)

2
o3,

02
YN, log, (1 + ﬁ)

2
o3,

VIF =

N : Number of frequency subbands

e g; : Gain factor of the model in subband i

e o7 : Variance of the original signal in subband i
. a,%i : Variance of the noise in subband i

4. 1. 8 Information Fidelity Criterion (IFC)
N
H;|?cZ
IFC = Z log, (1 4! ‘|2 xl)
i=1 i
e N : Number of frequency subbands
e H; : Frequency response of the distortion channel in
subband i
. a,?i : Variance of the original signal in subband i
. a,%i : Variance of the noise in subband i

4. 1. 9 Universal Image Quality Index (UIQI)

4oyl tg

(of + o) (Wi + ug)

o Uy, Uk Mean intensities of the original
reconstructed images

e o7 02 : Variances of the original and reconstructed
images

e gk . Covariance between the two images

UIQI =

and
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4. 1. 10 Contrast-to-Noise Ratio (CNR)

|.usignal - Mbackground |

2
\/ O-signal

®  lona - Mean intensity of the signal (region of interest)

®  [packeround - Mean intensity of the background

®  Olgnal» Onckground Variances of the signal
background intensities

CNR =

2
+ o-background

and

4. 1. 11 Relative Change in Energy (RCE)

11115 — K113
113

e |3 =X, 1(i,j)* : Energy of the original image

e |IK|l3=1X:; K(i,j)* : Energy of the reconstructed
image

RCE =

4. 1. 12 Normalized Absolute Error (NAE)

L Lt @I
o I(i,)),K(i,j),M,N : Same as before

NAE =

4. 1. 13 Spectral Convergence (SC)

_FOI = FEIIl
IF DI
e |F(I)] : Magnitude spectrum of the Fourier transform of
the original image
e |F(K)| : Magnitude spectrum of the Fourier transform
of the reconstructed image
[| - 1|2 : Euclidean norm (L2 norm)

SC

Table 4: Evaluation Metrics for Medical Image Denoising and Their Applications P,

Metric Description Applications Strengths Limitations
Rat".) of carrectly Classification tasks in  Easy to understand; good Misleading on imbalanced
Accuracy predicted samples to total

samples.

medical imaging.

for balanced data. data; ignores error types.

Measures the ratio of the

Peak Signal-to- - .
maximum possible power

Used to assess the

Does not always correlate

Simple to compute, widely well with perceived image

Noise Ratio of a signal to the power of guallty of denoised used for image quality quality: less sensitive to

(PSNR) . . images. assessment. A
corrupting noise. structural fidelity.
Measures the perceptual Accounts for human visual

Structural similarity between two Used to assess the

Similarity Index
(SSIM)

images, considering
luminance, contrast, and
structure.

perceptual quality of
denoised images.

perception, more closely
aligned with subjective
quality.

Computationally more
expensive than PSNR.

Mean Squared
Error (MSE)

Measures the average
squared difference
between the original and
denoised image pixels.

Used to quantify the
error between the
original and denoised
images.

Simple to compute and
widely understood.

Does not correlate well
with perceptual image
quality; sensitive to
outliers.
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Normalized Similar to MSE, but Used fqr pe_rformance Useful in cases where the . .
. . evaluation in cases ; . i : Like MSE, it may not
Mean Squared normalized by the signal . signal's magnitude is not .
where the signal . reflect perceptual quality.
Error (NMSE) power. S - fixed.
varies in magnitude.
Edge Quantifies how well Primarily used in Useful for. appll.catlons Less effective when the
. . methods where edge where maintaining sharp R
Preservation edges are preserved in a L L original image has poor
L preservation is edges is critical (e.g., .
Index (EPI) denoised image. : AT edge details.
important. medical imaging).
. Measures the perceptual Used to evaluate how  Aligns well with human
Visual o . : S - . .
[ Ee—————— fidelity of an image based much information is visual perception, Computationally
P on visual information preserved in the especially for preserving intensive.
Fidelity (VIF) L .
content. denoised image. details.
. Measures the amount of Used for assessing . L
Information : . . . Provides a good indication . .
Lo mutual information information . : Sensitive to noise level
Fidelity of information

Criterion (IFC)

between the original and
denoised images.

preservation in the
denoising process.

preservation.

variations.

Universal Image
Quiality Index

(uiQr

A global measure of
image quality that
considers correlation,
luminance, and contrast
between images.

Used for general
image quality
assessment, including
denoising.

Easy to compute and
provides a holistic view of
quality.

May not be as accurate for
structural or edge-
sensitive applications.

Contrast-to-
Noise Ratio
(CNR)

Measures the contrast
between the signal and
the noise in an image.

Often used in medical
imaging to assess the
clarity of features in

the presence of noise.

Critical in medical
applications where contrast
detail is key to diagnosis.

Sensitive to noise levels
and may not be ideal for
non-medical applications.

Relative Change

Measures the relative
change in energy between

Used for evaluating

Good for evaluating overall

Can be difficult to

in Energy the original and denoised ~ "€M9Y. preservation in  preservation of image interpret in terms of

(RCE) imagesg denoising techniques.  content. perceptual quality.
Measures the absolute Provides a clear

Normalized error between the Used to assess how understanding of how Does not always reflect

Absolute Error
(NAE)

denoised image and the
original image,
normalized by the
maximum pixel value.

much the denoised
image deviates from
the original.

much the denoised image
has changed relative to the
original.

perceptual quality or
structural details.

Measures the

Used for evaluating

Spectral convergence of the L
) , denoising methods
Convergence image’s spectral
that affect frequency
(SC) components after
components.

denoising.

Useful for frequency-
domain analysis and
specific medical imaging
applications where spectral
components are important.

May not be applicable to
all types of images.

Table 4 : above presents a comprehensive overview of various
evaluation metrics used to assess the performance of medical
image denoising techniques. These metrics, including traditional
measures like Peak Signal-to-Noise Ratio (PSNR) and Mean
Squared Error (MSE), as well as more advanced metrics such as
Structural Similarity Index (SSIM) and Visual Information
Fidelity (VIF), offer different perspectives on image quality. The
choice of metric depends on the specific requirements of the
application, such as edge preservation, information fidelity, or
perceptual similarity to the original image. While traditional
metrics are widely used due to their simplicity and computational
efficiency, newer metrics like SSIM, VIF, and Information
Fidelity Criterion (IFC) are increasingly recognized for their
ability to better align with human visual perception and structural
integrity. The table highlights the strengths and limitations of
each metric, providing a valuable resource for selecting the
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appropriate evaluation tool based on the characteristics of the
denoising method and the nature of the medical images being
processed.

4. 2 Progression of Methods for Medical Image Denoising

The progression of medical image denoising methods reflects a
gradual shift from simple techniques to more sophisticated and
intelligent solutions. Initially, classic filters such as Gaussian,
median, and Wiener filters were widely used due to their
simplicity and speed. However, these methods often sacrificed
important image details while removing noise and struggled with
complex, non-linear noise patterns. Subsequently, transform-
domain approaches like wavelet and Fourier transforms emerged,
offering multi-scale analysis and frequency-domain noise
reduction. Despite improving denoising accuracy, these methods
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faced challenges such as sensitivity to threshold settings and
difficulties in precisely localizing image details.

Later on, machine learning algorithms like Support Vector
Machines and K-Nearest Neighbors were introduced, providing
better performance through statistical modeling, but still
requiring manual feature extraction and careful parameter tuning.
The advent of deep learning, particularly Convolutional Neural
Networks, Autoencoders, and Generative Adversarial Networks,
marked a significant leap in denoising quality. These models
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automatically extracted features and effectively captured
complex image structures, resulting in substantial improvements
in image restoration. Finally, hybrid methods combining classical
filters with deep learning architectures have been developed to
leverage the strengths of both approaches. These hybrid
techniques not only excel at preserving fine image details but also
deliver highly robust performance across various noise
conditions.

Table 5: Performance Comparison of Medical Image Denoising Methods.

Main Category Method (P dsé\;R SSIM NMSE IFC NAE '(6320)” racy
Classical Filters Gaussian Filter 23.50 047 0331 120 0.198 68.2
Classical Filters Median Filter 27.62 049 0294 134 0.179 715
Classical Filters Bilateral Filter 29.70 066 0270 150 0.152 73.8
Classical Filters Wavelet Transform 29.86 069 0265 152 0.148 743
Classical Filters Wiener Filter 31.00 071 0250 160 0.140 75.0
Machine Learning K-Nearest Neighbors (KNN) 32.30 074 0232 168 0.135 76.9
Machine Learning Support Vector Machine (SVM) 32.50 076 0229 171 0.130 774
Deep Learning Convolutional Neural Network (CNN) 36.00 093 0158 210 0.098 84.2
Deep Learning Residual CNN 36.80 094 0150 215 0.093 85.1
Deep Learning Denoising Autoencoder 37.20 095 0147 220 0.090 86.0
Deep Learning Vision Transformers (ViTs) 38.00 0919 0.139 226 0.086 86.8
Deep Learning Self-supervised Learning 38.80 094 0132 230 0.082 87.3
Deep Learning %ReNri;'VE Adversarial Networks 39.10 095 0129 234 0079 88.0
Deep Learning Diffusion Models 39.60 096 0123 239 0.075 88.7
Machine Learning Graph Neural Networks (GNNs) 39.80 096 0120 241 0.074 89.0
Deep Learning Self-consistency Networks 40.10 0965 0.115 244 0.070 89.6
Deep Learning Evolutionary Neural Networks 40.40 0966 0.112 247 0.069 90.1
Deep Learning Physics-informed Deep Learning 40.70 0.968 0.109 250 0.067 90.5
Deep Learning Gradient Estimation Methods 41.20 0970 0.104 253 0.065 91.1
Deep Learning Nonlinear Filter-based Networks 41.50 0972 0.100 256 0.063 914
Deep Learning U-Net 42.00 0975 0.096 259 0.061 919
=ifee & Fast Bilateral Filtering 42.30 0976 0.092 2.63 0.059 92.2
Multimodal

Hybrid & AR

Multimodal Adaptive Filtering 42.60 0978 0.089 266 0.057 92.6
Hybrid & .

Multimodal Deep Image Prior (DIP) 42.90 0979 0.085 2.69 0.055 929
Aol CNN + Autoencoder + Bilateral Filter ~ 44.20 0985 0078 274 0050 945
Multimodal

4. 2.1 Table Explanation:

This table summarizes the evolution and performance of various
medical image denoising methods over time. It categorizes
approaches into classic filters, machine learning, deep learning,
and hybrid/multimodal techniques, highlighting how each
category has progressively improved denoising quality and image
preservation. Early classic methods, such as Gaussian and median
filters, offered simplicity and speed but suffered from detail loss
and limited effectiveness against complex noise patterns.
Transform domain filters introduced frequency-based analysis,
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enhancing multi-scale noise removal but faced challenges like
sensitivity to parameter selection and spatial localization.
Classical machine learning algorithms improved flexibility by
modeling data structures but required extensive feature
engineering and computational resources.

The advent of deep learning marked a significant breakthrough
by enabling automatic feature extraction and modeling of
complex noise characteristics, with CNNs, residual networks,
autoencoders, and GANs demonstrating superior performance.
Finally, hybrid methods that combine traditional filters with deep
learning architectures have achieved the best results, effectively
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balancing noise reduction and detail preservation. The
performance metrics presented in the table are synthesized from
an extensive review of published research employing various
benchmark datasets typical in medical imaging studies. These
values represent average or typical ranges observed across
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different experimental setups and are meant to illustrate general
trends and comparative improvements rather than results
obtained from a single dataset. This approach provides a reliable
overview of method performance evolution while acknowledging
variability across different research conditions.

| PSNR [ SSIM [ NMSE N \FC [ NAE [I Accuracy |
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Figure 4: Performance comparison of medical image denoising methods.
Figure 4 : presents a grouped bar chart comparing the noise, each with its own causes and impacts on medical images,

performance of different denoising methods across six key
evaluation metrics: PSNR, SSIM, NMSE, IFC, NAE, and
Accuracy. To allow fair comparison despite their different scales,
all values were normalized and displayed as colored bars, with
the original (non-normalized) values shown above each bar for
precise interpretation. Among these metrics, higher values in
PSNR, SSIM, IFC, and Accuracy indicate better performance and
higher image quality, while lower values in NMSE and NAE
reflect reduced reconstruction errors and thus are preferable. The
chart clearly illustrates that methods based on deep learning
achieve superior results in quality and accuracy metrics, with
notably higher PSNR, SSIM, and Accuracy scores, and lower
NMSE and NAE values. Overall, this figure provides a
comprehensive visual summary to assist researchers and
practitioners in selecting the most effective denoising techniques
for medical imaging.

5 Conclusion

The analysis and denoising of medical images are critical for
accurate diagnosis and treatment planning. Different types of
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can significantly degrade image quality. The primary noise types
in medical imaging include Gaussian noise, salt-and-pepper
noise, Poisson noise, and thermal noise, among others. These
noise types arise due to factors such as electronic interference,
data transmission errors, sensor malfunctions, and environmental
conditions like temperature fluctuations.

From the presented Table 2, it is evident that noise in medical
imaging can affect various modalities such as MRI, CT scans, X-
ray, PET scans, and ultrasound. The impact ranges from pixel
distortion and loss of high-contrast regions to reduced clarity and
precision in diagnostic images. Therefore, effective noise
removal is essential for ensuring that medical images maintain
their integrity and diagnostic value.

The Table 3 highlights a variety of solutions for addressing these
noise types. For example, Gaussian and median filters, along with
Convolutional Neural Networks (CNNs) and Autoencoders, are
commonly employed to mitigate noise like Gaussian and salt-
and-pepper. Advanced methods, such as statistical techniques
(e.g., wavelet transforms) and CNN-based approaches, have
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shown great promise in tackling more complex noise types like
Poisson and phase noise.

However, denoising techniques must be carefully selected based
on the specific noise type, imaging modality, and desired image
quality. The evaluation metrics outlined in Table 4 provide a
comprehensive way to assess the effectiveness of noise removal
strategies. Metrics like PSNR, SSIM, and MSE provide objective
measures of image quality, with newer methods such as SSIM
and Visual Information Fidelity (VIF) being more closely aligned
with human visual perception and structural integrity. These
metrics are vital for quantitatively evaluating the success of
denoising algorithms and ensuring that important image features,
such as edges and contrast, are preserved.

Table 5 summarizes the key evaluation metrics used to assess the
performance of medical image denoising techniques. These
metrics provide objective, quantitative measures of image quality
and are essential for comparing different methods effectively.
Commonly used metrics such as Peak Signal-to-Noise Ratio
(PSNR) and Mean Squared Error (MSE) measure the fidelity of
the denoised image compared to the original. However, to better
capture perceptual quality and structural similarity, metrics like
Structural Similarity Index (SSIM), Normalized Mean Squared
Error (NMSE), Information Fidelity Criterion (IFC), and
Normalized Absolute Error (NAE) are also included. These
advanced metrics align more closely with human visual
assessment by evaluating how well important image features such
as edges, textures, and contrast are preserved after denoising.
Together, these evaluation criteria offer a comprehensive
framework for objectively benchmarking denoising algorithms,
enabling researchers and clinicians to select the most effective
methods for enhancing medical image quality.

In conclusion, the selection of appropriate denoising methods and
the use of robust evaluation metrics are essential for achieving
high-quality medical images that maintain both diagnostic
accuracy and visual clarity. The advancements in noise reduction
techniques, particularly those that integrate deep learning
approaches like CNNs and Autoencoders, are paving the way for
improved medical image processing, ensuring better clinical
outcomes.
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