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Abstract: Radiologists use medical imaging tools to assess the anatomy 

and function of interior organs. However, medical images are frequently 

distorted by various types of noise generated during the capture, 

transmission, and reconstruction operations, which can dramatically 

reduce image quality and hide critical diagnostic features. As a result, 

developing effective denoising algorithms that suppress noise while 
maintaining structural information remains a significant challenge in 

medical image processing. To address this issue, this work presents an 

adaptive cluster-wise progressive denoising algorithm for maintaining 

detail in medical images. The suggested method groups similar picture 

patches using adaptive clustering and then uses progressive Principal 

Component Analysis (PCA) thresholding guided by the Marchenko-

Pastur (MP) law to eliminate noise while retaining significant image 

information. The denoising technique is further improved by employing a 

low-rank matrix representation to maintain the image's structural 

properties. The proposed approach is effective, as demonstrated by 

experimental results acquired using MATLAB on medical images 

damaged with Gaussian noise at various noise levels. The method's 
performance is measured using statistical metrics such as Peak Signal-

To-Noise Ratio (PSNR), Mean Squared Error (MSE), and Contrast to 

Noise Ratio (CNR). The findings show that the suggested method 

outperforms existing denoising methods in terms of noise suppression 

while conserving critical anatomical characteristics. 
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Introduction 

In sectors such as medicine, space exploration, radar, 
and machine vision, among others, images are 
considered potential sources of information. Image 
processing is therefore thought to be the most difficult 
task in these domains. The performance of image 
processing techniques is made possible by the rapid 
advancement of computer technology, which enhances 
the quality of images generated by a variety of 
instruments, including scanners, cameras, machine 
vision systems, and ultrasounds. During image 
acquisition, storage, and transmission, noise affects these 

images, which is not what is wanted in clinical image 
processing. The intensity of pixels in an image will 
change due to noise. Gaussian noise is the term used to 
describe noise produced by digital equipment as a result 
of electrical disruptions. Medical images are also 

impacted by other noises, such as gamma, exponential, 
speckle, uniform, salt and pepper, Rayleigh, and photon 
noise. Many researchers have applied different denoising 
algorithms in different domains, such as the filtering 
domain (Baselice et al., 2018; Ali, 2018; You and Kaveh, 
2000; Buades et al., 2005) transform domain (Agrawal 
and Sahu, 2012; Starck et al., 2002; Jannath et al., 2016), 
machine learning domain (Gondara, 2016; Ackley et al., 
1988; Jain et al., 2009; Misra et al., 2013; Pour and 

Javanshir, 2017), and statistical domain (Rajan et al., 
2011; Luo et al., 2010; Awate and Whitaker, 2005; 
Sudeep et al., 2015; He and Greenshields, 2009), taking 
into consideration different statistical parameters like 
PSNR, CNR, etc., to diminish the noise effect in medical 
images.  

Medical imaging modalities such as MRI, CT, 

ultrasound, and X-ray imaging are critical in current 

clinical diagnosis and treatment planning. However, 
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these imaging systems are frequently hampered by 

numerous types of noise during the acquisition and 

reconstruction stages. For example, MRI images are 

frequently distorted by Gaussian and Rician noise, 

whereas CT images may be affected by photon and 
electronic noise. These distortions can impair image 

quality and hide crucial anatomical structures; therefore, 

dependable denoising procedures are required for 

accurate medical interpretation. As a result, developing 

effective denoising algorithms that can preserve 

structural information while suppressing noise is an 

essential research topic in medical image processing. 

Recently, various cutting-edge image denoising 

techniques have been presented, utilizing transform-

domain and deep learning frameworks. Wavelet-based 

denoising approaches use sparse image representations 

in the wavelet domain and thresholding procedures to 

reduce noise while keeping structure. Similarly, curvelet 

and contourlet transforms have proven to be more 

effective at capturing directional features and fine 

textures in medical images. In recent years, deep 

learning-based models such as Convolutional Neural 

Networks (CNNs) and autoencoder architectures have 

been frequently used for image denoising. These 

algorithms develop complicated mappings between 

noisy and clean images from big datasets, resulting in 

higher denoising performance. They do, however, 

demand a large amount of training data and processing 

power. As a result, lightweight statistical and matrix-

based techniques, such as PCA-based denoising, 

continue to be desirable for medical imaging applications 

that require computing efficiency and interpretability. 

As the Block Matching 3-Dimensional (BM3D) 

algorithm performs worse on images with high noise 

levels, a two-fold bounded BM3D technique has been 

introduced by Chen and Wu (2010); Lebrun (2012) has 

improved the BM3D algorithm's transparency by taking 

into account a new notation that operates in spatial 

dimensions in addition to the third dimension. To apply 

the BM3D technique to huge image patches, Burger et al. 

(2012) have linked it to a simple multi-layer perceptron, 

before using non-local similarity between grouped 

blocks and local sparsity of wavelet coefficients. Zhong 

et al. (2015) suggested a way to eliminate the one-

dimensional transform between blocks and to introduce a 

non-local centralization. 
The BM3D technique has been implemented on 

heterogeneous computer platforms by Sarjanoja et al. 

(2015) utilizing OpenCL and CUDA approaches to 

increase the computation speed at a pace of 7.5 times 

quicker than the original performance. In order to 

accomplish self-adaptation and shorten the 

implementation time, BM3D was used in combination 

with the Total Variation technique by Li et al. (2017). 

Hasan and El-Sakka (2018) boosted the BM3D 

performance by raising the Structural Similarity Index 

value rather than decreasing the Mean Squared Error 

value. A methodology for precise estimations of effective 

approximations and the noise-power spectrum has been 

introduced by Makinen et al. (2019). They have also 
assessed noise variances that are correlated in 

comparable blocks. 

Although several denoising approaches have been 

presented in the literature, each one has drawbacks. 

Traditional filtering methods are computationally 

straightforward, but they frequently result in excessive 

smoothing, causing critical anatomical details to be lost 

in medical images. Transform-domain techniques, such 

as wavelet and curvelet-based algorithms, increase noise 

suppression by leveraging sparse representations; 

however, their performance is heavily reliant on the 

selection of proper transform coefficients and 

thresholding schemes. Advanced approaches, such as 

BM3D, provide good denoising performance by utilizing 

non-local similarities across image patches, although 

they are frequently computationally intensive and may 

struggle with images with significant noise changes. In 

recent years, deep learning-based denoising techniques 

have shown promise; nevertheless, these models often 

require large annotated datasets and significant computer 

resources to train. As a result, efficient denoising 

algorithms that can successfully reduce noise while 

conserving structural information are still required, even 

without considerable training data or processing 

resources. Motivated by these challenges, we propose an 

adaptive detail-preserving modified progressive PCA 

thresholding framework that combines adaptive 

clustering and statistically guided PCA thresholding to 

achieve efficient noise suppression while preserving 

important structural details in medical images. 

Despite the fact that various medical picture 

denoising algorithms exist, many of them struggle to 

preserve fine structural details or are computationally 

complicated. Traditional filtering methods frequently 

obscure crucial anatomical features, but transform-

domain and deep learning algorithms may necessitate 

extensive training datasets or sophisticated parameter 

tweaking. To address these limitations, this research 

suggests an adaptive detail-preserving modified 

progressive PCA thresholding paradigm for medical 

picture denoising. 
The proposed approach is unusual in that it combines 

adaptive clustering, statistically guided PCA 

thresholding, and detail-preserving enhancement inside a 

unified denoising framework. Unlike traditional PCA-

based techniques, the proposed method uses an adaptive 

clustering mechanism to group structurally related image 

patches, allowing for more efficient use of local image 

redundancy. Furthermore, the Marchenko Pastur (MP) 

law-based progressive PCA thresholding is employed to 
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automatically select the best threshold levels for 

distinguishing noise from meaningful signal 

components. This method enhances noise suppression 

while preserving the structural integrity of medical 

images. Furthermore, a low-rank matrix representation is 
used to preserve crucial anatomical features during the 

denoising procedure.  

Despite tremendous progress in image denoising, 

many existing algorithms still struggle to balance noise 

removal and detail preservation. Techniques like BM3D 

and deep learning models can achieve great denoising 

performance, but they are frequently computationally 

complex and require huge training datasets. As a result, 

there is a demand for efficient denoising frameworks that 

can efficiently suppress noise while keeping crucial 

structural information in medical images. To address this 

issue, this paper proposes an adaptive detail-preserving 

modified progressive PCA thresholding strategy that 

combines adaptive clustering and statistically guided 

PCA-based noise separation to increase denoising 

performance while remaining computationally efficient. 
The key contributions of this work are summarized as 

follows: 
 
• Created an adaptive clustering technique that 

automatically groups similar image patches based on 

structural properties 

• Added Marchenko Pastur law-guided progressive 

PCA thresholding for better separation of noise and 

signal components 

• Implemented a detail-preserving low-rank denoising 

approach to preserve significant anatomical structures 

in medical images 

• Experimental validation on noisy medical images 

shows better performance in terms of PSNR, MSE, 

and CNR than previous denoising approaches 

 

Preliminaries 

The following steps make up the suggested method 

for medical image denoising that is provided in this 

research. Initially, a selected medical image from the 

database is subjected to Gaussian noise at different 

standard deviation levels (e.g., 10, 20, 30, 40, and 50). 

The suggested method, which is depicted in Figure 1, 

then finds the edges of the damaged images and denoises 

them, as will be discussed in the subsections that follow. 

Adaptive Magnitude Gradient 

The magnitude gradient (Xue et al., 2014) shows how 

each pixel's intensity varies in an image. The magnitude 

gradient is used to evaluate intensity discontinuities in 

the image. The use of Euclidean distance is this method's 
primary drawback. Numerous problems with Euclidean 

distance exist, including the reduction of sparsity, the 

curse of dimensionality, and non-scale invariance. An 

Adaptive Magnitude Gradient (AMG) approach is taken 

into consideration in the suggested solution in order to 

overcome these problems. This technique computes 

changes in the image's intensity with respect to the 

Hausdorff distance between each pixel in the x and y 
directions. A Hausdorff distance has fewer points taken 

into account than a Euclidean distance, which reduces 

computational complexity and boosts computational 

performance, as shown in Algorithm 1. 
 
Algorithm 1 

Source: Medical image  
Output: The medical image's gradient magnitude  
Step 1: Determine the size of the image by considering it.  
Step 2: Let sigma have a value of 0.6 (σ).  
Step 3: Using the formulas provided in Equations (4) and (5), 
compute the Gaussian (Gaus) and derivative of the Gaussian 

(Gaus_der): 
 

2
2
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( ; , )

2(2 )

x
Gaus x e

μ
μ σ

σπσ


   (4) 
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d

Gaus der x Gau x
dx

μ σ μ σ  (5) 

 
Step 4: Determine the intensity on the horizontal axis using the 
values shown in equations (6) and (7). 
 

_ (1/ )temp h I Gaus   (6) 
 

_ _horizontal temp h Gaus der   (7) 
 
Step 5: Determine the intensity along the vertical axis using the 
equations (8) and (9) that follow. 
 

_temp v I Gaus   (8) 
 

_ _vertical temp v Gaus der   (9) 
 
 Where the Gaussian and Gaussian derivatives are 
denoted by Gaus and Gaus_der.  
Step 6: Determine the gradient angle and gradient magnitude 
by utilizing the inverse tangent of the medical image and the 
Hausdorff distance, respectively. 
 

 
 
Fig. 1: Peak Signal- to - Noise Ratio (PSNR) MRI image at 

various Standard Deviations 
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Adaptive-Clustering 

Adaptive clustering is a powerful technique for 
dynamically segmenting data, particularly in non-
stationary environments. This paper presents a novel 
Adaptive Clustering Algorithm (ACA) that dynamically 
adjusts cluster centroids based on data distribution and 
density variations. The proposed method integrates 
density estimation, real-time centroid updates, and an 
adaptive thresholding mechanism. Experimental results 
demonstrate improved clustering accuracy, robustness, 
and computational efficiency compared to traditional 
clustering algorithms, as shown in Algorithm 2. 
 

Algorithm 2 

Step 1: Initialization: Randomly select initial cluster centers 
or use a density-based seeding method. 
Step 2: Density Estimation: Calculate the local density of 
data points using a predefined density function. 

In the proposed framework, edge detection is critical for 
maintaining structural features in the medical image. Medical 
images contain anatomical boundaries that are essential for 
diagnosis. Conventional denoising algorithms frequently distort 
the edges while reducing noise. As a result, an adaptive 
gradient-based edge detection approach is used to identify 
major structural boundaries before denoising. The identified 
edge information is used during the denoising stage to 

guarantee that noise reduction does not alter essential image 
features. 
Step 3: Centroid Update: Adjust cluster centers based on the 
density distribution of the data. 
Step 4: Adaptive Thresholding: Determine an adaptive 
threshold for merging or splitting clusters depending on the 
density variations in the dataset. 
Step 5: Convergence Check: Stop the algorithm when the 

changes in cluster centers fall below a predefined threshold, 
indicating stability. 

 

Automatic Cluster Count Determination and 

Adaptive Thresholding 

The local patch density is calculated to capture 

structural similarities and texture redundancy in the 

image. Density-aware selection is used to seed initial 

cluster centers, and centroids are iteratively updated 

using similarity measures to ensure that structurally 

connected patches are grouped together. An adaptive 

threshold based on density variation and inter-cluster 

distance is used to combine comparable clusters and 

separate heterogeneous clusters, allowing the number of 
clusters to be determined automatically. The method 

converges when centroid displacement is less than a 

preset tolerance, assuring cluster stability.  

PCA Representation of Image Patches 

Consider the noisy image as: 

 
( , )I x y  

The image is separated into overlapping patches of 

size: 

 
n n  

 
These are reshaped into column vectors and placed 

into a matrix as shown in Equation (10): 

 

1 2 3[ , , ,..., ]mx x x x x  (10) 

 

Where: xi is the vectorized picture patch, represented 

by 𝑚, while 𝑚 is the total number of patches. PCA is 

used on this matrix to generate a set of orthogonal basis 

vectors that represent the image structure's major 

components. 

Singular Value Decomposition (SVD) 

The piece of tissue matrix 𝑋 is decomposed using 

Singular Value Decomposition as in Equation (11): 

 
Tx U V   (11) 

 

Where m nX  : Matrix generated by stacking image 

patches; m mU  : Left singular vector matrix; m n : 

Diagonal matrix containing singular values; T n nV  : 

Transpose of the right singular vector matrix: 

Marchenko Pastur (MP) Threshold 

To discriminate between signal and noise, the 
Marchenko-Pastur law is employed to set a threshold for 

singular values. The theoretical distribution of 

eigenvalues of a random matrix is defined as follows in 

Equation (12): 

 
2 2

max (1 )nλ σ β   (12) 

 

Where 
maxλ 

The Marchenko-Pastur distribution 

predicts the maximum eigenvalue; 2

nσ  – Variance of the 

noise; p

nβ   – Aspect ratio of the data matrix; p – 

Number of variables (patch dimension); n – Number of 

samples (patch vectors). 

The Marchenko-Pastur law states that the eigenvalues 

of a random noise matrix must be within a specified 

range. Any singular values with eigenvalues greater than 

maxλ  are thought to contain useful signal information, 

whilst those below this threshold are classified as noise 

components.  

Thus, during the PCA/SVD-based denoising process, 

the MP threshold is employed to distinguish between 

signal and noise by filtering away the singular values 

associated with the latter. 
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PCA Thresholding 

After computing the singular values, thresholding is 
used to suppress noise components. The thresholded 

singular values are derived as Equation (13) for hard 

thresholding and Equation (14) for soft thresholding: 

 
, ,

,

'

0,{ ii

i

if T

i if T

σ σ

σσ


  (13) 

 
' max( ,0)i i Tσ σ   (14) 

 

Adaptive Clustering 

To take advantage of structural similarity in the 

image, similar patches are clustered together using an 

adaptive clustering algorithm. Consider xjxj two patches. 

A distance metric is used to determine their similarity 

using the Equation (15). 

 

, 2( )i j i jd x x x x  (15) 

 

Patches with similar structures are sorted into 

clusters, and PCA denoising is applied separately to each 
cluster. This increases the effectiveness of noise removal 

while maintaining structural features. 

Methodology 

As a crucial component in noise reduction, the 

proposed method begins by evaluating the noise 

intensity. The stacked patches are then subjected to 
adaptive clustering, which groups related patches 

together. MP-SVD and LMMSE progressive two-step 

denoising are applied to each cluster matrix. Algorithm 3 

shows the algorithm of the suggested approach. 
 

Algorithm 3 

Step 1: Consider the medical images affected by Gaussian 

noise. 
Step 2: Compute the edge detection of the noise-affected 
image. 
Step 2.a: To compute filtering of the noise-affected image. 
Step 2.b: To calculate the gradient. 
Step 2.c: To create non-maximal suppressed images. 
Step 2.d: To perform double thresholding. 
Step 2.e: To link the edges. 

Step 3: To denoise the edge-detected medical image. 
Step 3. a: To estimate noise levels globally. 
Step 3.b: To compute adaptive thresholding. 
Step 3.c: To cluster into ‘k’ groups. 
Step 3.d: To perform progressive PCA thresholding using Hard 
and Soft thresholding. 
Step 3.e: To cluster the thresholded images into ‘k’ groups.  
Step 4: To enhance the denoised image 

Step 4. a: To compute membrane potential. 
Step 4.b: To perform adaptive thresholding. 
Step 4.c: To compute action potential. 

In addition to noise removal, image enhancement is 
used to improve the visual quality of the reconstructed 

MRI pictures. While SVD-MP-based thresholding is 
primarily concerned with suppressing noise components 

in the singular value spectrum, the enhancement stage 
improves the contrast and visibility of anatomical 

structures in denoised images. This phase guarantees that 
critical structural elements are preserved and easily 

distinguished from the background. As a result, the 
enhancement technique improves the Contrast-To-Noise 

Ratio (CNR) and visual interpretability of MRI images, 
which is critical for medical image analysis and 

diagnostics. 

Results and Discussion 

This section discusses, verifies, and compares the 

findings obtained by the suggested adaptive technique in 

order to assess its efficacy. The experiments were carried 

out with brain Magnetic Resonance Imaging (MRI) 

images collected from the BrainWeb simulated MRI 
database, which is commonly utilized in medical image 

processing research. The grayscale images have a spatial 

resolution of 256×256 pixels. To test the efficiency of 

the proposed denoising method, Gaussian noise with 

various standard deviations was artificially added to the 

original MRI images. The noisy pictures were treated 

with the suggested SVD-based denoising approach and 

Marchenko-Pastur law thresholding. The method's 

performance was statistically tested using PSNR, MSE, 

and CNR measures. 

MATLAB software is used to generate experimental 
results on grayscale MRI medical pictures, which are 

commonly employed in clinical diagnoses. MRI images 

are especially sensitive to noise added during 

acquisition, making them ideal for assessing the efficacy 

of denoising methods. A range of statistical metrics, 

including PSNR, CNR, and MSE, are assessed in order to 

illustrate how well the suggested method performs. The 

experiment begins by taking a grayscale medical image 

and adding Gaussian noise to it at various standard 

deviations, such as 10, 20, 30, 40, and 50 (Table 1).  

The comparison of several denoising techniques in 
terms of PSNR values is shown in Table 3. The method 

that is suggested yields a PSNR value of 28.15 dB for a 

noisy image with standard deviation σ = 10. In contrast 

to previous approaches, the adaptive strategy yields a 

high PSNR value, as shown by the detailed comparison 

between the proposed technique and the state-of-the-art 

methodologies. The MSE values of the suggested 

method and the earlier approaches are contrasted in 

Table 4. At σ = 10, the suggested method achieves an 

MSE = 99.3507 dB value. A conclusion can be reached 

by comparing the approaches because the suggested 

approach has a lower error value than the other 
approaches. 
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Table 1: Experimental results of various Statistical parameters for MRI image  

Noise Level PSNR (dB) MSE CNR 

10 28.1591 8.3507 0.024076 
20 22.1385 397.4027 0.0248 

30 19.6167 894.1561 0.024975 
40 16.1179 1589.6109 0.025049 
50 14.1797 2483.767 0.025089 

 
Table 2: Comparison of various medical image denoising approaches using psnr 

Denoising Method PSNR (dB) 

Kolmogorov-Smirnov distance-based MR Image denoising (Baselice et al., 2019) 28.0 
Unbiased Risk Estimation based on Chi-Square (Luisier and Wolfe, 2011) 21.55 

Genetic Algorithm based Local Polynomial using Intersection-Confidence Interval Filter (Dey et al., 2015) 19.59 
Present Study Adaptive Algorithm 28.19 

 
Table 3: Comparison OF various medical image denoising approaches using mse 

Denoising Method R-MSE 

Median Filtering based on Multi-stage Directions (Maneesha et al., 2015) 22.75 
Filtering approach based on Gaussian (Sara et al., 2019) 21.56 

Linear Regression Filter using Entropy paramount (Rajalaxmi and Nirmala, 2012) 8.256 
Present Study Adaptive Algorithm 8.613 

 
Table 4: Comparison OF various medical image denoising approaches using cnr 

Denoising Method CNR  

BM3D using Context (Chen et al., 2016) 2.48 
curvelet-based dictionary learning based on Two-dimensions (Rabbani et al., 2017) 5.12 
Image Reconstruction using Deep learning (Jensen et al., 2020) 11.58 

Present Study Adaptive Algorithm 24.06 

 

The comparison of the suggested strategy with the 

earlier approaches in terms of CNR value is shown in 

Table 5. Comparing the suggested strategy to the 

previous approaches, a high CNR value of 0.024076 dB 

is achieved. The comparison of different performance 

measures at different levels of σ is shown in Figures 2–4. 

Figure 5 shows a qualitative comparison of the noisy 

MRI picture and the denoised image created using the 

proposed adaptive progressive PCA thresholding 

technique. The top-left image depicts an MRI scan 

contaminated by Gaussian noise, with large grain-like 

disturbances obscuring anatomical features and reducing 

overall image clarity. The top-right image shows the 

denoised result achieved by the suggested technology, 

which dramatically reduces noise while keeping crucial 

anatomical details of brain tissues. 
The experimental findings were analyzed across 

many noise levels (σ = 10, 20, 30, and 40) to examine 

the resilience of the suggested technique under various 

noise situations. While the results for σ = 10 illustrate the 
algorithm's efficacy under moderate noise, it is necessary 

to also analyze its behavior at greater noise levels. As the 

noise variance grows, the PSNR values gradually decline 

as the MSE increases, as expected given the higher level 

of corruption in the pictures. However, the suggested 

SVD-MP thresholding methodology outperforms 

conventional methods across all noise levels, suggesting 

that MP-based singular value thresholding effectively 

isolates noise components even in high-noise settings. 

This demonstrates the effectiveness of the proposed 

method for MRI image denoising. 

 To demonstrate the efficiency of the denoising 

process, the bottom row shows zoomed-in images of the 

respective regions. The bottom-left image depicts a noisy 

zoomed region in which fine anatomical characteristics 

are distorted due to noise interference. In contrast, the 

bottom-right image depicts a denoised zoomed region in 

which the suggested technique successfully removes 

noise while preserving edge information and structure. 
 

 
 
Fig. 2: Mean Square Error (MSE) MRI image at various 

Standard Deviations 
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Fig. 3: Contrast - to -Noise Ratio (C-NR) MRI image at 

various Standard Deviations 

 

 
 
Fig. 4: The suggested method allows for a visual comparison 

between noisy and denoised MRI images 

 

This visual comparison clearly shows that the 

suggested technique significantly lowers noise while 

keeping key medical image details, which are required 

for accurate clinical analysis and diagnosis. 
The PSNR values reported in Table 2 show that the 

proposed adaptive denoising framework outperforms 

existing techniques in terms of reconstruction quality. At 

a noise level of 𝜎=10, the suggested technique obtains a 

PSNR value of 28.19 dB, somewhat higher than the 

Kolmogorov-Smirnov distance-based denoising method. 

The improved PSNR performance indicates that the 

proposed method is able to effectively suppress noise 

while preserving important structural details in the 

image. This improvement can be due to the adaptive 

clustering technique, which groups similar image 
patches and allows for more effective PCA-based noise 

separation. 

Table 3 shows the Mean Square Error (MSE) 

results, which reflect the success of the proposed 

approach. The proposed method has an MSE of 8.613, 

which is lower than various other filtering-based 

techniques. Lower MSE values suggest that the 

reconstructed image is more similar to the original in 

terms of pixel intensity. The reduction in error is 
mostly due to the application of progressive PCA 

thresholding guided by the Marchenko-Pastur law, 

which accurately separates signal and noise 

components in the single value domain. 

The CNR values shown in Table 4 indicate a 

significant increase in contrast preservation. The 

suggested method has a higher CNR value than the 

previous alternatives, demonstrating that the algorithm 

can keep essential contrast information across 

anatomical regions. This improvement is significant for 

medical image analysis because increased contrast 

allows for improved visualization of structural 

boundaries. 

The PSNR and CNR values achieved in this work 

may appear to be low due to the high amounts of 

Gaussian noise deliberately applied to the MRI images 

during the trials. PSNR values in medical image 

denoising tasks usually fluctuate according to noise level 

and image features. PSNR values in the 20-30 dB range 

are frequently reported in the literature for substantially 

distorted images, particularly when evaluating denoising 

performance under demanding noise settings. Similarly, 

CNR values vary according to the contrast between 

anatomical structures and background noise. Despite the 

challenging noise conditions used in this study, the 

proposed SVD-MP thresholding method consistently 

achieves higher PSNR and CNR values as well as lower 

MSE than conventional methods, indicating improved 

noise suppression while preserving important structural 

details in MRI images. 

Figures 2-4 show how PSNR, MSE, and CNR vary as 

noise levels increase. As noise standard deviation grows 

from 𝜎 = 10 σ = 10 to 𝜎 = 50 σ = 50, PSNR values 

decline, and MSE values rise, as expected due to 

increased noise intensity. However, as compared to 

standard methodologies, the proposed strategy performs 

relatively consistently. This demonstrates how well the 

adaptive progressive PCA thresholding system handles 

various noise conditions. 
The results in Fig. 3 show that the proposed strategy 

produces lower MSE values as the noise level increases. 

Lower MSE shows that the reconstructed images are 

more similar to the original MRI images, demonstrating 

the efficiency of the MP-based single value thresholding 

technique in decreasing noise components. Figure 4 

shows that the suggested strategy outperforms previous 

approaches in terms of CNR values. Higher CNR shows 

more contrast between image structures and background 

noise, which is essential when enhancing key anatomical 
details in MRI scans. 
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Conclusion 

This research described a medical image denoising 
method based on Singular Value Decomposition (SVD) and 
thresholding derived from the Marchenko-Pastur law. The 
MP-based cutoff offers a theoretically sound method for 
distinguishing noise-dominated singular values from 
meaningful signal components in MRI images. 

Experimental evaluation of noisy brain MRI images 
revealed that the suggested technique effectively lowers 
noise while keeping essential anatomical information. 
The results indicate increased PSNR and CNR values, as 
well as lower MSE, when compared to conventional 
denoising techniques at various noise levels. These 
results show that the suggested method can produce 
higher-quality reconstructed images even under severe 
noise levels. This work's key contribution is the 
combination of MP-law-based adaptive singular value 
thresholding and SVD for medical picture denoising, 
which provides a systematic way for discriminating 
signal from noise in the singular value spectrum. The 
proposed method can help improve the quality of MRI 
images utilized in medical analysis and diagnosis. 
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