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Abstract



Introduction

Image denoising is an important preprocessing step in medical imaging, reducing noise while preserving essential structural information. But existing denoising methods exhibit inconsistent performance across different imaging modalities and noise levels.




Methods

Experiments are performed on HRCT and MRI data corrupted with Gaussian noise at various noise levels (low to high). A hybrid approach has been proposed by using the method of noise concept. This study also presents a comparative evaluation of various image denoising techniques using both reference and non-reference metrics.




Results

Experimental results demonstrate that the proposed method exhibits consistent, symmetric degradation in PSNR and SSIM as the noise level increases. For dataset1, the proposed method achieves a PSNR of 31.62 and 24.98 at noise levels of 10 and 40, respectively. Similarly, for dataset2, the PSNR is 36.54 at noise level 10 and 28.68 at 40.




Discussion

Although several denoising methods have been proposed, most perform well only in low-noise conditions, with performance improving as the noise level decreases. Based on both reference-based (PSNR, SSIM, and entropy) and no-reference perceptual quality features (NIQE, BRISQUE, and PIQE), the research provides an in-depth comparative study of various filters, bilateral filter variants, and advanced hybrid denoising methods. One of the primary strengths of the proposed method is its superior performance at high noise levels.




Conclusion

These results indicate the effectiveness and reliability of the proposed method for denoising high-quality images, particularly in challenging high-noise scenarios. The quantitative and perceptual quality results show that it is an effective preprocessing tool for medical imaging.
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1. INTRODUCTION

Image denoising is a fundamental task in image processing and computer vision that seeks to reconstruct a clean, interference-free image from noisy or otherwise degraded observations [1]. Gaussian noise has been the most studied noise model, utilised in a wide variety of real-world imaging applications and possessing mathematically well-behaved properties. Gaussian noise significantly degrades perceptual image quality, further degrading performance on tasks such as segmentation, classification, and recognition. A wide range of methods have been developed to address Gaussian noise over time, from spatial-filtering-based models to more recent learning-based models. Early approaches were based on spatial-domain filters, such as the Gaussian and bilateral filters, which smooth noise but often degrade the fine details of an image [2]. The above improvements in results have been achieved using adaptive filtering approaches that adjust the level of smoothing based on local image characteristics [3]. Standard filtering methods, e.g., median, Wiener, and Gaussian filters, have been compared across different Gaussian noise standard deviations, and the results have been found to depend heavily on the noise standard deviation [4].

Non-local means and variational approaches performed better at denoising by leveraging image self-similarity and statistical priors [5]. Also, probabilistic modelling of noise using mixed Poisson-Gaussian models has increased the utility of denoising techniques in low-light and medical imaging environments. Recent advances in machine learning and deep learning have achieved remarkable improvements in robustness to varying noise intensity by enabling adaptive estimation of noise maps across different values of σ [6].

Over the past few years, hybrid image denoising has emerged as a promising research direction, aiming to combine the strengths of multiple denoising paradigms while mitigating the shortcomings of individual methods. For example, techniques that integrate spatial filtering with wavelet- or transform-domain shrinkage have demonstrated improved noise reduction while preserving fine details [7]. Such hybridization methods are particularly effective against Gaussian noise across various sigma levels, owing to their ability to leverage complementary properties.

Recent trends in image denoising have focused more on hybrid approaches and deep learning-based feature extraction. To achieve better feature extraction and motion-aware detection in more complex scenarios, hybrid recursive neural network models together with optimization methods have been proposed [8]. In medical imaging, attention-based encoder-decoder architectures, such as enhanced U-Net models, have demonstrated improved feature representation and structural preservation [9].

Also, recent survey research on denoising shows the extent to which deep learning methods simulate the underlying noise distribution and hierarchical features of medical images. These methods improve denoising performance over traditional methods by applying convolutional, recurrent, and attention principles [10].

These methods usually require extensive annotated datasets, lengthy training, and expensive computational resources despite their excellent results. The proposed framework focuses on a non-learning-based hybrid approach that does not rely on training data, offering a computationally efficient alternative while maintaining competitive denoising performance.


1.1. Contribution





	A new hybrid denoising model is developed to reduce Gaussian noise across different noise levels.



	Its structure involves ACPT-based denoising, then the method noise is calculated, and residual features are extracted using it.



	A co-occurrence filter is also applied to the residual features in order to increase structural agreement and minimise correlated noise elements.



	The increased residuals are processed in terms of wavelet decomposition and BayesShrink thresholding, and the wavelet image reconstruction is carried out.



	Lastly, the denoised image is obtained by taking an effective middle-ground between the reconstructed wavelet and the ACPT-denoised output.












2. RELATED WORK

In a previous study [11], the authors proposed an adaptive filtering method that achieves optimal noise reduction while preserving high-spatial-frequency detail. The adaptive threshold is flexible and changes with the amount of noise. The Adaptive Weight Function (AWF) is used in dissimilarity measurement, which relies on the spatial distance between the reference patch and the candidate patches. It has been tested on various digital images and demonstrates significant improvements in visual quality, as well as PSNR and SSIM scores. In another study [12], researchers improved block-matching and 3D filtering (BM3D) image denoising by enhancing noise-variance estimation, domain-transform filtering, and nonlinear filtering. They proposed multilayer wavelet decomposition for noise-variance estimation, compressive-sensing-based Gaussian-sequence Hartley-domain transform filtering, and edge-preserving smoothing. In a related study [13], the authors presented a new bitonic filter, a non-learning-based method that employs mathematical morphology and is adapted to local signal properties. It achieved significant noise-reduction benefits without increasing processing. With optimal training, the bitonic filter achieves a signal-to-noise ratio that is only 2.4dB worse than that of state-of-the-art learning-based methods. Still, the difference is higher with adapted training images. A hybrid approach to designing a medical image denoising filter based on bio-inspired optimisation algorithms was presented [14]. This algorithm is a Hybrid of Cuckoo Particle Swarm Optimisation (HCPSO) and a Guided Decimation Box Filter (GDBF). The filter's performance is compared with that of other bio-inspired genetic algorithms. It achieves the best values for PSNR, SSIM, and FSIM, demonstrating its effectiveness in numerical and visual quality.

A hybrid solution based on an adaptive Kalman filter to reduce noise, the Non-Local Means (NLM) method, and a median filter to sharpen the denoised image was presented [15]. The parameters can be optimised using a Latin square. The experimental findings indicate that noise reduction and image feature conservation are significantly enhanced. In a further study [16], researchers introduced a new method to remove white noise as a component of Gaussian noise. This technique applies to both similar and dissimilar patches, and detects intercorrelations between dissimilar pixels. The technique's performance demonstrates that it is much faster than other noise-removal algorithms. A study [17] investigated the noise-reduction parameters of BM3D filtering algorithms using a complex network conglomeration model and an ANN. The experimental findings show a high PSNR of 51.94 and an SSIM of 0.998.

Researchers proposed [18] a hybrid image denoising algorithm that combines wavelet transforms with deep learning methods. The wavelet transform is applied to decompose the image into various frequency components. The approximation coefficients are then denoised using a dedicated CNN. The experimental outcomes demonstrate that this hybrid method is more efficient than conventional denoising techniques. Previously, authors presented [19] a hybrid denoising algorithm that combines the Adaptive Median Filter (AMF) and the Modified Decision-Based Median Filter (MDBMF) to enhance image quality and structural integrity. The quantitative tests indicate better PSNR, IEF, MSE, SSIM, FOM, and VIF, with improvements of up to 0.07 and 0.68, respectively. In a related study [20], the authors used a denoising method that estimates each pixel’s value using the weighted average of its surrounding pixels. This weight may be termed MSE-Weight. The weight of the centre pixel in the neighbourhood (CW) is selected and carefully designed in the two-step pre-filtering and denoising process of the proposed method. The proposed approach achieves an average 0.80 dB higher mean Peak Signal-to-Noise Ratio (PSNR) and a 0.0239 improvement in SSIM.

The Rolling Guidance Filter (RGF) is a smoothness-based method designed to remove small-scale features, such as noise or texture, in an image without eliminating significant edges [21]. Large edges that would otherwise be lost in a single-pass bilateral filtering process can be progressively restored by the method, which repeatedly applies a bilateral filter as the guiding image is re-estimated at each step. This rolling mechanism improves structural consistency and effectively separates texture removal from edge preservation. A study [22] proposed a fast bilateral filtering method, based on Fourier kernel approximations, in order to address the high computational complexity of traditional bilateral filters. By reformulating the nonlinear range kernel using a truncated Fourier series, the authors could represent the bilateral filter as a weighted sum of linear convolutions. The proposed approach significantly reduces execution time, and the estimate accuracy is close to that of the exact solution.

In another study [23], the authors proposed a denoising system that used Gaussian and bilateral filtering along with a noise-thresholding method. The output of this approach is a preliminary denoised image produced using a Gaussian or bilateral filter. The difference between the noisy and filtered images (the residual) is then processed using a thresholding method to remove noise while retaining important details. While noise thresholding is useful for extracting fine image features, the bilateral filter component ensures that edges are preserved. This work has shown that combining spatial filtering and residual-domain processing enhances image denoising.

The concept of method noise thresholding to the Non-Local Means (NLM) filtering model was generalized in a study [24]. The proposed algorithm initially applies NLM filtering to exploit non-local self-similarity to minimise noise, and then thresholds the residual noise to enhance the denoised image. The algorithm outperformed bilateral filtering and conventional NLM, particularly in textured regions. In a subsequent study [25], the authors proposed a fast and accurate bilateral filtering method that, by theory, guarantees a bound on the approximation error. The proposed method converts a sequence of linear filtering operations into a nonlinear bilateral filter by using a polynomial approximation of the range kernel. This approach offers greater control accuracy at a lower computational cost than heuristic acceleration. The methodology faithfully reproduces the exact bilateral filter output and provides significant speedups. In another study [26], the authors provided a robust bilateral filtering process using optimally weighted kernels computed with the Stein Unbiased Risk Estimator (SURE). The method enhances denoising across a range of noise levels by adaptively selecting optimal filter settings to minimize mean squared error. The approach enhances robustness and reduces parameter sensitivity by incorporating statistical risk estimation into the bilateral filtering model. In a later study [27], researchers presented an image denoising framework based on score-based diffusion probabilistic models (DDPMs). By learning the score function of the data distribution, image denoising can gradually remove noise and can be formulated as a generative reverse diffusion process. Two complex noise features in PET imaging that the model has well represented are low-count noise and spatially varying deterioration.

A new optimal deep convolutional neural network-based vectorial variation (ODCNN) filter for denoising medical Computed Tomography (CT) images and the Lena images was introduced [28]. It implements a noisy-pixel-map identification module executed by a deep CNN trained with the Adam algorithm. Upon detecting noisy pixels, a noise removal module is invoked, based on the FAT and Lion algorithms, specifically the Feedback Artificial Lion (FATL) optimization algorithm. Afterwards, pixel enhancement is performed using the vectorial total variation norm, which then produces the final enhanced image. The proposed FAL algorithm achieves the best performance, with a PSNR of 24.149 dB, a Second-Derivative-like Measure of Enhancement (SDME) of 32.142 dB, a structural similarity index (SSIM) of 0.800, and an Edge Preserve Index (EPI) of 0.9267, outperforming existing techniques. A bio-inspired optimization filtering system, named the Bilateral Filter (BF), was proposed for MI denoising [29]. The optimal Gaussian and spatial weighting parameters are selected using swarm-based optimization techniques, namely the Dragonfly (DF) and Modified Firefly (MFF) algorithms, through a multi-objective fitness function that incorporates PSNR and VRMSE. A Convolutional Neural Network (CNN) classifier is employed to classify the denoised images as normal or abnormal, achieving a PSNR of 47.52 dB and an error rate of 1.23, outperforming existing filters and classifiers.






3. PRELIMINARIES


3.1. Adaptive Clustering and Progressive PCA Thresholding (ACPT)

This is an image denoising method that involves detail preservation. This approach is intended to address one of the central issues in Gaussian denoising: suppressing noise while minimizing loss of fine structures and edges. The approach described as the ACPT has two basic steps:


3.1.1. Adaptive Clustering

The image patches are combined into clusters based on similarity, enabling the same algorithm to leverage local redundancy. This dynamic clustering provides different structures in pairings and makes the noise extraction more resistant. Compared with fixed clustering, ACPT does not assume or predetermine cluster size or membership; instead, these are dynamically adjusted based on the local noise level and image content.




3.1.2. Progressive Principal Component Analysis (PCA) Thresholding

Principal Component Analysis (PCA) is used in each cluster to rotate correlated patches into a decorrelated domain. A progressive threshold is then applied to the PCA coefficients, using a hard threshold for elements dominated by noise and a soft threshold for elements with structural information. The effect of this progressive mechanism is to preserve fine image details, such as edges and textures, and to prevent over-smoothing.






3.2. Co-occurrence Filter

A Co-occurrence Filter (CoF) is a nonlinear filtering method that utilizes statistical correlations between pixel intensities to smooth the image, remove noise, and preserve edges. CoF leverages co-occurrence statistics within a two-level abstraction structure to determine how to smooth the pixels. A co-occurrence matrix is extracted based on the image that corresponds to the frequency of the pixel values that occur in relation to each other within a given local area. Such a matrix stores contextual data by representing not only the similarity between pairs of pixels but also the spatial distribution of intensity relationship patterns within the image. The weight is assigned by the filter to pixel pairs on the basis of co-occurrence frequency. Frequently, co-occurring pixels tend to belong to a similar region or structure, and consequently, they are averaged more strongly. On the other hand, pixels with rare co-occurrence values are most likely to reside in other regions and will receive lower weights, thereby preserving sharp transitions. Based on the co-occurrence matrix, the weighted average of the neighbouring pixels is set to replace the original pixel.




3.3. Wavelet Decomposition

The noisy image can be decomposed into bands of high-frequency details and low-frequency sub-bands. The main targets of the denoising attacks are the high-frequency bands.




3.4. BayesShrink Thresholding

BayesShrink employs a Bayesian formulation that computes thresholds adapted to each sub-band. The balance phenomenon, which reduces noise while preserving coefficients, improves the threshold and thereby reduces the Bayesian risk. BayesShrink adapts to changes in signal-to-noise ratio across sub-bands, unlike universal or fixed thresholds.




3.5. Wavelet Reconstruction

The noisy image is restored with the inverse wavelet transform after using the thresholding.








4. PROPOSED METHODOLOGY

The proposed architecture includes the Adaptive Clustering with Progressive PCA Thresholding (ACPT) denoising method [30].

In ACPT, image patches are grouped based on similarity to exploit non-local redundancy. Initially, patches are over-clustered using K-means. The number of clusters is defined as in Eq. (1):

[image: ]       (1)

where a x b denotes the image size.

The similarity between clusters is defined using the Euclidean distance between their mean vectors using Eq. (2):

[image: ]       (2)

Two clusters are merged by using Eq. (3) if:

[image: ]       (3)

where the threshold is given in Eq. (4):

[image: ]       (4)

This adaptive merging ensures that structurally similar patches are grouped while accounting for noise variance.

For each cluster, a patch matrix X is formed and decomposed using singular value decomposition using Eq. (5):

[image: ]       (5)

The progressive thresholding consists of two stages, hard and soft thresholding, as given in Eqs. (6, 7, and 8), respectively:


4.1. Hard Thresholding (MP-based)

[image: ]       (6)

where the threshold is defined as:

[image: ]       (7)

Here, σ is the noise standard deviation and γ is the patch dimensionality ratio.




4.2. Soft Thresholding (LMMSE refinement)

[image: ]       (8)

where Si represents the local variance of coefficients.

The denoising procedure by ACPT is summarized as follows:





	Input: Noisy image Y, noise level σ

Output: Denoised image X̂

1. Patch Extraction:

Extract overlapping patches from Y and vectorize each patch.

2. Adaptive Clustering:

a. Perform initial over-clustering using K-means with a large number of clusters.

b. Iteratively merge clusters whose mean distance satisfies:

||y_A − y_B||2 < T, where T = 16σ2.

3. For each cluster:

a. Construct data matrix X from grouped patches.

b. Compute SVD: X = UΣVᵀ.

c. Hard Thresholding (MP-based):

Retain singular values where:

√λ_i > ξ,

where ξ = √(μλₙ+), and λₙ+ = σ2(1 + √γ)2.

d. Soft Thresholding (LMMSE):

Apply shrinkage:

ŝ_i = max((S_i − σ2)/S_i, 0) · s_i

4. Patch Aggregation:

Reconstruct denoised patches and aggregate them using weighted averaging.

5. Image Reconstruction:

Combine all patches to form the final denoised image X̂.










The proposed denoising procedure is summarized as follows:





	     1. Read the original image I.

     2. Add Gaussian noise with standard deviation σ to obtain:

                In=I + N(0,σ2)

     3. Apply the Adaptive Clustering Patch Transform (ACPT) to the noisy image:

                IACPT=ACPT(In,σ)

     4. Compute the method noise as the difference between the noisy image and the ACPT output:

                MN=In-IACPT

     5. Extract residual features by subtracting the denoised image from the method noise:

                RF=MN-IACPT

6. Apply a Co-occurrence Filter (CoF) to the residual feature image:

                ICoF=CoOccurrenceFilter(RF,filter_size,σ)

     7. Perform a multi-level 2D Discrete Wavelet Transform (DWT) on the method noise using a Daubechies wavelet:

                {C,S}=DWT(MN)

     8. Apply BayesShrink thresholding to each high-frequency subband:

                [image: ]

     9. Reconstruct the filtered residual image using inverse DWT:

                [image: ]

     10. Combine the ACPT output and wavelet-reconstructed residual:

                Irec=IACPT+IWT

     11. Fuse the ACPT-denoised image and the reconstructed image via averaging:

                [image: ]











Figure 1 shows the proposed methodology, which takes a noisy image contaminated by Gaussian noise as input. All subsequent operations aim to maintain anatomical features (textures, edges) and to separate significant image structures from noise. The ACPT image denoising method is first used on the noisy image. This operation is a robust base-de-noise. The difference between the ACPT output and the noisy image is taken as a measure of the method's noise.


[image: ]


Fig. (1) 
Working of the proposed methodology.

This idea is inspired by residual extraction: what is removed rather than what is retained. To obtain residual characteristics, the noise technique is further processed. Noise and small-scale elements occupy similar frequency bands, which the framework explicitly models rather than rejecting. To isolate structured patterns (real texture) and random noise, the residual feature image is passed to a co-occurrence analysis block to co-vary pixel intensities with their neighbours. The co-occurrence-refined residual is then wavelet-decomposed. The image is decomposed into two components: detail components (textures and edges) and approximation components (low-frequency structure). The informative coefficients are preserved by selectively applying thresholding. Spatial domain reconstruction is performed using the computed wavelet coefficients. The final output is obtained by adding the ACPT output to the reconstructed image.

The sequence of the proposed framework is developed through a staged refinement method. ACPT is initially applied to remove Gaussian noise without relying on significant structures, using adaptive clustering and PCA-based thresholding. The residual (method-noise) is then recovered to isolate the content removed in this initial denoising stage, which includes both noise and small structural features. To allow targeted denoising, the residual is treated independently and is no longer simply subject to further filtering.

To distinguish between organized patterns (like edges and textures) and uncorrelated noise, a co-occurrence filter is then applied to the residual to exploit statistical dependencies between neighboring pixels. This process improves the structural consistency of the residual domain. Wavelet-based thresholding is employed to obtain multi-scale noise suppression. The reason is that wavelet decomposition is effective at removing high-frequency noise without losing important image data. This ordered pipeline is followed so that high noise is removed first, followed by the refinement of structured details.








5. EXPERIMENTAL SETUP

HRCT and MRI are the two imaging modalities used in the experiment. The dataset is accessible to the general public and is open source [31]. The dataset images are stored in .png format with 8-bit depth and a spatial resolution of 256 × 256 pixels. The images in the repository are clean (noise-free) images, and no paired noisy-clean ground truth is provided. Therefore, synthetic Gaussian noise is added to the images at different standard deviation levels (σ = 10, 20, 30, and 40) to allow for controlled quantitative evaluation. Figure 2a shows chest HRCT, and Figure 2b shows a T1-weighted MRI sequence. All experiments are implemented in MATLAB on a PC equipped with an AMD Ryzen 3-3250U processor (2.6 GHz) and 4 GB of RAM. Table 1 demonstrates the parameter settings of the Proposed Method.


[image: ]


Fig. (2) 
(a) Dataset1(HRCT image), (b) Dataset2(MR image) [31].


Table 1 
				Parameter settings of the proposed method.



	Component
	Parameter
	Description





	ACPT
	Patch size
	8 × 8



	Number of clusters (K)
	K=max(ab/2562 ,4)



	Clustering method
	K-means (over-clustering + merging)



	Merging threshold
	T = 16σ2




	PCA threshold parameter (μ)
	1.1



	Noise estimation
	Blind estimation (wavelet-based MAD)



	Wavelet
	Wavelet type
	Daubechies (db4)



	Decomposition level
	3



	Thresholding method
	BayesShrink



	Threshold type
	Subband adaptive



	Reconstruction
	Inverse DWT (IDWT)



	CoF
	Filter size
	Adaptive (proportional to σ)



	Fusion
	Weight
	0.5 (linear averaging)















6. RESULTS AND DISCUSSION

Tables 2 and 3 present the visual results of different image denoising algorithms for datasets 1 and 2 at various noise levels. To evaluate the different filtering and denoising methods quantitatively on datasets 1 and 2 across increasing noise levels, entropy, PSNR, SSIM, and no-reference image quality measures (NIQE, BRISQUE, and PIQE) were used. The corresponding results are shown in Tables 4 and 5.


Table 2 
				Visual results for dataset 1.



	Algorithms
	Noise Levels



	10
	20
	30
	40





	Rolling Guidance
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	Bitonic
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	OD-CNN
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	BF-CNN
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	ACPT
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	Proposed
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Table 3 
				Visual results for dataset 2.



	Algorithms
	Noise Levels



	10
	20
	30
	40





	Rolling Guidance
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	Proposed
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Table 4 
				Performance metrics-based result for dataset 1.



	Dataset 1
	-
	Entropy
	PSNR
	SSIM
	NIQE
	BRISQUE
	PIQE





	Rolling Guidance
	10
	6.79
	14.65
	0.03
	5.68
	31.10
	44.73



	20
	6.91
	14.30
	0.32
	14.14
	42.45
	62.92



	30
	6.92
	13.86
	0.32
	16.73
	46.72
	68.21



	40
	6.93
	13.41
	0.31
	24.48
	48.55
	76.02



	Bitonic
	10
	7.24
	5.67
	0.30
	5.78
	38.57
	25.62



	20
	7.18
	5.69
	0.31
	6.52
	37.02
	36.87



	30
	7.29
	5.93
	0.29
	5.79
	40.89
	26.98



	40
	7.29
	5.98
	0.29
	5.79
	40.89
	26.98



	Gaussian
	10
	7.26
	5.76
	0.30
	7.45
	36.79
	54.36



	20
	7.22
	5.77
	0.31
	8.01
	39.33
	61.14



	30
	7.28
	6.04
	0.29
	7.16
	38.68
	47.99



	40
	7.28
	6.09
	0.29
	7.16
	38.68
	47.99



	Median
	10
	7.34
	5.60
	0.30
	7.94
	42.34
	14.60



	20
	7.23
	5.67
	0.31
	7.59
	42.84
	19.21



	30
	7.44
	5.77
	0.28
	8.35
	41.64
	13.55



	40
	7.44
	5.82
	0.28
	8.35
	41.64
	13.55



	GBFMT
	10
	3.21
	28.39
	0.14
	4.61
	45.88
	32.06



	20
	3.28
	22.55
	0.14
	4.22
	45.33
	25.87



	30
	3.30
	19.31
	0.14
	4.10
	44.67
	24.81



	40
	3.30
	17.11
	0.15
	4.00
	44.47
	24.62



	NLFMT
	10
	3.25
	28.38
	0.14
	6.09
	47.83
	45.99



	20
	3.30
	22.54
	0.14
	4.62
	46.50
	32.51



	30
	3.27
	19.31
	0.15
	3.81
	45.55
	29.54



	40
	3.25
	17.12
	0.15
	4.47
	46.16
	30.75



	SDPM
	10
	6.70
	23.19
	0.69
	3.66
	30.60
	34.15



	20
	6.88
	22.55
	0.63
	4.19
	30.08
	31.32



	30
	6.78
	21.11
	0.60
	5.12
	36.09
	30.27



	40
	6.00
	18.07
	0.57
	4.40
	33.46
	31.27



	eBM3D
	10
	7.19
	27.64
	0.74
	5.76
	37.58
	37.06



	20
	7.26
	24.47
	0.61
	5.82
	39.81
	51.17



	30
	7.35
	22.86
	0.54
	6.29
	40.03
	58.99



	40
	7.41
	21.56
	0.50
	6.13
	40.79
	58.04



	FastBilateralV2
	10
	7.35
	29.76
	0.86
	7.44
	25.69
	40.22



	20
	7.68
	14.32
	0.14
	14.47
	41.25
	61.45



	30
	7.73
	13.65
	0.10
	16.83
	47.09
	67.86



	40
	7.71
	12.98
	0.08
	23.23
	47.35
	70.94



	Robust Bilateral
	10
	7.18
	29.36
	0.85
	7.44
	22.28
	24.41



	20
	7.24
	26.88
	0.74
	7.74
	27.33
	24.01



	30
	7.23
	25.59
	0.68
	8.89
	28.59
	18.41



	40
	7.29
	24.49
	0.64
	7.49
	31.83
	13.72



	FastAccurateBilateral
	10
	6.87
	25.31
	0.69
	5.79
	11.65
	18.98



	20
	7.17
	15.06
	0.25
	13.06
	32.69
	43.49



	30
	7.42
	14.75
	0.18
	19.29
	40.01
	59.62



	40
	7.54
	14.25
	0.13
	25.56
	44.01
	65.33



	OD-CNN
	10
	7.01
	27.45
	0.79
	4.16
	25.90
	29.99



	20
	7.00
	23.67
	0.73
	4.13
	25.87
	27.70



	30
	6.95
	21.80
	0.66
	4.84
	26.37
	26.10



	40
	6.56
	20.02
	0.61
	5.10
	30.78
	28.15



	BF-CNN
	10
	5.941
	23.536
	0.60
	6.17
	44.75
	56.62



	20
	5.469
	21.549
	0.55
	5.97
	44.51
	57.77



	30
	5.521
	18.591
	0.52
	4.58
	45.39
	51.80



	40
	5.093
	17.220
	0.50
	5.74
	43.45
	52.85



	ACPT
	10
	7.26
	31.60
	0.89
	6.04
	24.00
	25.95



	20
	7.22
	28.04
	0.78
	5.56
	18.88
	19.47



	30
	7.23
	26.19
	0.70
	4.70
	30.68
	22.28



	40
	7.21
	24.93
	0.63
	5.83
	38.25
	23.31



	Proposed
	10
	7.27
	31.62
	0.89
	5.33
	23.93
	26.01



	20
	7.23
	28.07
	0.79
	4.65
	19.18
	22.50



	30
	7.27
	26.23
	0.71
	4.75
	26.28
	22.76



	40
	7.28
	24.98
	0.65
	5.61
	37.27
	22.46











Table 5 
				Performance metrics-based results for dataset 2.



	Dataset 2 (MRI)
	-
	Entropy
	PSNR
	SSIM
	NIQE
	BRISQUE
	PIQE





	Rolling Guidance
	10
	6.91
	15.53
	0.07
	5.77
	49.13
	85.22



	20
	6.49
	15.57
	0.08
	6.26
	46.07
	79.50



	30
	6.53
	15.60
	0.08
	6.42
	48.21
	78.56



	40
	6.57
	15.57
	0.09
	6.64
	49.48
	81.13



	Bitonic
	10
	6.67
	5.65
	0.60
	5.30
	42.53
	60.28



	20
	6.67
	5.59
	0.53
	6.05
	43.14
	43.52



	30
	6.74
	5.74
	0.47
	6.20
	42.43
	33.25



	40
	6.79
	5.74
	0.43
	6.61
	41.73
	32.62



	Gaussian
	10
	6.59
	5.74
	0.60
	6.89
	43.38
	81.17



	20
	6.69
	5.66
	0.52
	7.48
	43.33
	66.99



	30
	6.76
	5.84
	0.47
	7.35
	43.02
	59.84



	40
	6.79
	5.84
	0.42
	7.52
	42.66
	49.86



	Median
	10
	6.56
	5.59
	0.60
	7.35
	42.17
	52.30



	20
	6.72
	5.58
	0.53
	7.08
	43.66
	28.44



	30
	6.79
	5.60
	0.49
	8.34
	43.98
	26.59



	40
	6.84
	5.60
	0.44
	8.71
	41.50
	15.60



	GBFMT
	10
	3.00
	29.01
	0.07
	3.73
	46.21
	43.97



	20
	3.08
	23.16
	0.07
	4.36
	46.14
	36.63



	30
	3.13
	19.81
	0.06
	4.48
	45.58
	34.12



	40
	3.15
	17.52
	0.06
	4.59
	45.31
	33.50



	NLFMT
	10
	3.01
	28.98
	0.07
	7.55
	49.17
	40.98



	20
	3.03
	23.13
	0.07
	6.35
	50.26
	46.50



	30
	3.08
	19.79
	0.07
	6.45
	49.80
	51.09



	40
	3.10
	17.50
	0.08
	6.44
	49.47
	49.23



	SDPM
	10
	5.99
	28.28
	0.81
	5.78
	53.01
	64.14



	20
	6.22
	26.45
	0.77
	5.88
	48.43
	64.74



	30
	5.24
	23.85
	0.74
	5.99
	54.17
	68.09



	40
	5.82
	23.65
	0.81
	6.14
	45.46
	65.00



	eBM3D
	10
	6.63
	33.26
	0.87
	4.35
	38.77
	66.40



	20
	6.62
	29.12
	0.80
	4.21
	37.09
	79.30



	30
	6.69
	26.58
	0.75
	4.75
	39.94
	72.61



	40
	6.75
	24.79
	0.704
	5.12
	46.15
	74.51



	Fast BilateralV2
	10
	6.39
	15.32
	0.53
	5.12
	14.47
	27.20



	20
	6.73
	14.93
	0.28
	13.20
	41.91
	52.16



	30
	6.82
	14.33
	0.17
	21.76
	46.74
	65.09



	40
	6.82
	13.63
	0.13
	33.86
	47.49
	71.07



	Robust Bilateral
	10
	6.67
	31.88
	0.89
	8.66
	37.56
	27.55



	20
	6.77
	27.54
	0.76
	13.30
	43.44
	41.18



	30
	6.76
	25.40
	0.73
	11.80
	43.45
	37.16



	40
	6.78
	24.19
	0.70
	9.11
	43.44
	29.86



	Fast Accurate Bilateral
	10
	6.52
	15.39
	0.51
	4.23
	15.36
	25.34



	20
	6.66
	15.32
	0.40
	11.41
	16.82
	38.17



	30
	6.79
	15.10
	0.28
	14.98
	34.10
	48.39



	40
	6.89
	14.68
	0.19
	19.04
	42.81
	60.90



	OD-CNN
	10
	6.12
	34.72
	0.88
	5.67
	49.74
	57.01



	20
	6.01
	31.10
	0.86
	5.59
	49.53
	59.32



	30
	6.14
	29.38
	0.81
	5.74
	46.98
	56.77



	40
	6.13
	27.18
	0.78
	5.97
	47.52
	58.78



	BF-CNN
	10
	5.850
	24.161
	0.83
	6.40
	58.96
	63.42



	20
	6.154
	26.724
	0.78
	6.61
	50.94
	63.62



	30
	5.192
	23.638
	0.73
	6.77
	63.69
	66.29



	40
	5.452
	17.397
	0.76
	7.06
	63.45
	74.90



	ACPT
	10
	6.33
	36.58
	0.96
	6.04
	42.39
	56.64



	20
	6.43
	32.58
	0.91
	5.03
	38.92
	52.01



	30
	6.54
	30.31
	0.86
	4.58
	34.72
	49.23



	40
	6.66
	28.56
	0.81
	5.57
	38.75
	53.40



	Proposed
	10
	6.47
	36.54
	0.95
	5.76
	39.77
	49.45



	20
	6.56
	32.58
	0.90
	4.71
	33.09
	50.29



	30
	6.64
	30.27
	0.86
	4.55
	39.42
	48.41



	40
	6.77
	28.68
	0.81
	4.81
	41.89
	57.03










Table 4 shows that filters such as rolling guidance, Gaussian, median, and bitonic have high entropy values, indicating that they preserve texture better. Specifically, the minimum SSIM of Rolling Guidance is low at low noise levels and at PSNRs below 15 dB, indicating that structural fidelity is low despite the smoothing. The bitonic, Gaussian, and median filters demonstrate that they are insufficient under high-noise conditions, as they only marginally improve SSIM and offer limited noise-reduction capability.

The GBFMT and NLFMT methods achieve a significant increase in PSNR compared with traditional filters, with PSNR values exceeding 28 dB at low noise (σ = 10). Their SSIM value, however, is extremely low (0.15), indicating that noise reduction is effective but that structural information is not properly preserved. Moreover, both methods exhibit a monotonic decrease in PSNR with increasing noise and are sensitive to increases in noise variance. The Fast Bilateral Filter V2 yields good SSIM and PSNR at low noise levels; at σ = 10, SSIM exceeds 0.86, and PSNR is approximately 29.76 dB. But the higher the noise level, the faster performance decreases and SSIM drops below 0.1. This implies that noise levels are high in rapid bilateral approximations. The Robust Bilateral Filter yields higher SSIM values and more stable PSNR, and thus remains more successful across all noise levels compared to fast bilateral variants. It is also rated lower on BRISQUE and PIQE, which are superior in terms of perceived quality and artifacts. In this setting, the Fast and Accurate Bilateral Filter performs well, with average SSIM and PSNR, but as the noise level increases, the perceptual measures degrade. eBM3D exhibits moderate denoising performance, with PSNR values from 27.64 dB to 21.56 dB as noise increases, and SSIM values dropping from 0.74 to 0.50. BRISQUE values range from 5.76 to 6.29, with NIQE and PIQE increasing, indicating degraded perceptual quality. While eBM3D effectively suppresses noise, it loses fine details at higher noise levels. In contrast, the proposed method shows improved structural preservation and perceptual quality, reflected in higher SSIM values and better visual consistency across noise levels. OD-CNN performs fairly consistently across all noise levels, as shown by PSNR values ranging from 27.45 dB to 20.02 dB and SSIM values ranging from 0.79 to 0.61. It also shows good structure preservation even at higher noise levels. Also, perceptual quality measurements like BRISQUE and NIQE, which stay within reasonable limits, suggest that the visual quality is good. BF-CNN, on the other hand, has much lower SSIM (from 0.60 to 0.50) and PSNR (from 23.53 dB to 17.22 dB), indicating that it doesn't preserve the structure as well. Also, BF-CNN has higher BRISQUE and PIQE values, indicating that perceived quality is degrading, especially in the presence of more noise. The reference-based and no-reference measures have shown that ACPT is the best among the examined methods. It works even better when noise is increased, achieving the highest PSNR (31.60 dB) and SSIM (0.8918) at σ = 10. The proposed ACPT-based approach also improves performance, yielding lower NIQE and BRISQUE values and the highest SSIM across all noise levels.

Table 5 shows that at σ = 10, Rolling Guidance achieves a PSNR of approximately 5 dB, and at high noise levels the gains are insignificant. In contrast, SSIM remains below 0.1, indicating low structural fidelity in MRI images. Bitonic, Gaussian, and median filters achieve slightly higher SSIM at low noise levels but lower PSNR (by 5-6 dB), suggesting they do not reduce noise sufficiently for use with MRI data. The GBFMT and NLFMT methods exhibit strong noise-reduction properties, achieving PSNR values above 29 dB at σ = 10. Their SSIM values, however, remain very low (0.07-0.08), indicating that noise is effectively reduced, yet important anatomical structures in MRI images are not well preserved. Moreover, increasing noise variance yields a monotonically decreasing response in both methods, indicating reduced stability of the noise intensity. Although the Fast Accurate Bilateral Filter and the Fast Bilateral Filter V2 offer certain advantages over spatial filters, their performance degrades substantially as noise increases. Fast Bilateral Filter V2 achieves a good SSIM at σ = 10, but at larger noise levels, SSIM decreases, and NIQE, BRISQUE, and PIQE scores rapidly increase. It implies reduced sensitivity to high noise levels in MRI images and reduced perceived quality. The Robust Bilateral Filter is always good at all levels of noise, with PSNR (31.89 dB) and SSIM (0.895) at σ =10 and SSIM (above 0.70), respectively. The stability of optimally weighted bilateral filtering in MRI denoising is evidenced by the maintenance of perceptual and structural quality, as reflected by relatively stable NIQE and PIQE scores. The SDPM approach provides balanced performance, with consistently high SSIM values (0.74-0.81) and competitive PSNR across all noise levels. eBM3D shows good denoising performance at low noise levels, reaching a PSNR of 33.26 dB and SSIM of 0.87 at 10. The higher noise, however, reduces performance, as indicated by a PSNR of 24.79 dB and SSIM of 0.704 at σ = 40. The measures of perceptual quality indicate that there are no changes in BRISQe values, but the increasing NIQE and PIQE scores reflect poorer quality of perceiving and higher levels of artifacts. Although eBM3D is effective in noise reduction and preservation of structural integrity at even lower levels of noise, its limitations become apparent when noise levels become even higher and structural integrity is threatened, which highlights the difficulties of the conventional non-learning-based methods at higher levels of noise. OD-CNN shows strong and consistent performance across all noise levels (σ = 10–40), with PSNR values ranging from 34.72 dB to 27.18 dB and SSIM values ranging from 0.88 to 0.78. It does a good job of preserving structure and reducing noise. The perceptual quality measures (BRISQUE, NIQE, and PIQE) indicate that visual quality is acceptable, as they are fairly stable. In contrast, BF-CNN's performance is less stable. Its PSNR values are a little lower and less stable, ranging from 24.16 dB to 17.39 dB. They get worse as the noise level increases, but they still achieve good SSIM values (0.83–0.76). Also, higher BRISQUE and PIQE scores indicate that perceptual quality is deteriorating, especially in the presence of excessive noise. The fact that it has higher BRISQUE and PIQE scores, however, indicates that there is a possibility of perceptual distortions, particularly when the noise level is higher. ACPT achieves the best PSNR (36.58 dB) and SSIM (0.960) at σ = 10, which is why ACPT outperforms all other techniques investigated, and its denoising and structure-preservation effects are evident as the noise level increases. The proposed ACPT-based solution achieves the same PSNR across noise levels and slightly better perceptual quality, as indicated by lower NIQE and BRISQ scores.






7. STATISTICAL SIGNIFICANCE ANALYSIS


7.1. Two-Way ANOVA Analysis of PSNR Performance

Two-Way Analysis of Variance (ANOVA) without replication was used to confirm differences in performance across various denoising techniques statistically. The dependent variable was PSNR, and the two variables considered were the denoising technique and the noise level (σ = 10, 20, 30, and 40).

The analysis for dataset 1 revealed a statistically significant main effect of the denoising method on PSNR F(11,33)=37.76, p<0.001 indicating substantial performance variation among the evaluated algorithms. Additionally, the effect of noise level was found to be statistically significant F(3,33)=11.91, p<0.001 confirming that reconstruction quality degrades as noise intensity increases.

The analysis for dataset 2 revealed a statistically significant main effect of the denoising method F(11,33)=50.01, p<0.001 indicating substantial performance differences among the evaluated algorithms. The effect of noise level was also found to be statistically significant F(3,33)=3.86, p<0.005 confirming that increasing noise degrades reconstruction quality.

The post hoc multiple-comparison study employed Tukey's Honestly Significant Difference (HSD) test to further identify which specific approaches were significantly different. The results indicate that the proposed approach is statistically significantly better than a set of baseline filtering schemes (including Gaussian, median, and bilateral filters) with p<0.05.

Nevertheless, at lower noise levels, the differences in PSNR do not differ significantly when compared with those of the ACPT approach, which is consistent with the reported marginal numerical differences. The suggested approach yields more consistent benefits at higher noise levels, particularly for structural and perceptual quality criteria (e.g., SSIM).

The results confirm that, across different noise levels, the proposed methodology leads to statistically superior denoising performance as compared to existing methods.

Table 6 shows the runtime of different denoising methods on Dataset 1 at noise levels (σ = 10–40). It is clear that basic filtering methods like Gaussian and median filters are very inexpensive to use because they operate only on small regions. Bilateral variations and Rolling Guidance are two examples of edge-preserving filters that run quickly. More advanced non-local methods, such as NLFMT, are much more expensive to run because they require extensive patch matching and aggregation operations. Deep learning-based methods (OD-CNN and BF-CNN) are still faster than patch-based methods, but they are expensive. This is because convolutional operations add extra work. The ACPT method has the highest computational cost among the methods we examined, because it uses PCA-based processing and adaptive clustering. The suggested method incurs higher processing costs because it combines ACPT with wavelet-based refinement and co-occurrence filtering. At certain noise levels, it shows execution times similar to or shorter than ACPT, suggesting that adding extra processing steps works well. The better denoising performance and better preservation of the structure of the suggested method offset the higher cost of simple filters. The method is also primarily intended to improve medical images stored on a computer, where accuracy and perceptual quality are more important than real-time processing.


Table 6 
				Run time analysis for dataset 1.



	Method
	σ=10
	σ=20
	σ=30
	σ=40





	Rolling Guidance
	1.4423
	0.9317
	0.7639
	1.0804



	Bitonic (X)
	0.85
	0.82
	0.80
	0.88



	Gaussian (Y)
	0.02
	0.02
	0.02
	0.02



	Median (Z)
	0.05
	0.05
	0.05
	0.05



	GBFMT
	3.0849
	2.6343
	2.1857
	2.4382



	NLFMT
	29.5066
	30.7029
	28.0384
	28.8969



	SDPM
	8.21
	7.95
	7.62
	7.88



	Fast Bilateral V2
	5.8398
	1.1181
	1.1657
	1.0436



	Robust Bilateral
	1.0465
	1.0007
	0.8941
	1.3662



	Fast Accurate Bilateral
	1.3503
	0.3973
	0.5211
	0.6055



	OD-CNN
	12.45
	12.10
	11.85
	11.60



	BF-CNN
	10.32
	10.05
	9.88
	9.60



	ACPT
	55.3974
	33.8668
	45.2401
	30.5642



	Proposed Method
	43.6675
	35.2128
	47.4554
	36.8162

















8. ABLATION STUDY

Table 7 shows the performance of the ablation study for the proposed method. At low noise levels (σ = 10), the standalone ACPT module has a high denoising ability as evidenced by a PSNR of 31.6063 dB and SSIM of 0.8912, suggesting effective noise removal. The PSNR remains almost unchanged in the case of the Co-occurrence Filter (ACPT + CoF), but the SSIM rises to 0.89153, suggesting better structure preservation as the filter can emphasise spatially correlated patterns. Likewise, the ACPT + Wavelet structure fine-tunes the high-frequency elements by offering a marginal improvement, keeping the similar PSNR and marginally improving the SSIM (0.89147). The Final Output, which combines the CoF with wavelet-based residual processing, achieves the best performance with the highest PSNR (31.6238 dB) and SSIM (0.8967), showing a better trade-off between noise suppression and structure preservation. The effectiveness of ACPT alone is more evident at relatively low noise levels (σ = 20), with PSNR and SSIM decreased to 28.0313 dB and 0.77921, respectively. The wavelet-based approach additionally stabilises the data, while the incorporation of the CoF increases the SSIM to 0.78189.9. Again, the Final Output achieves the best results (PSNR: 28.0750 dB, SSIM: 0.7913), as both components complement each other. All methods are negatively affected by the increased complexity of the noise at a higher noise level (σ = 30 and 40). But the Final Output consistently surpasses the individual components, achieving the best PSNR and SSIM values (26.2338 dB / 0.7158 at σ = 30 and 24.9805 dB / 0.6533 at σ = 40). This ablation study demonstrates that the wavelet-based residual processing enhances fine structures, the Co-occurrence Filter preserves structural integrity, and ACPTto provides a reliable baseline for noise suppression. The combination in the proposed framework is the most stable and consistent throughout all noise levels, validating the hybrid solution.


Table 7 
				Performance comparison of ACPT, co-occurrence filtering, and final output at different noise levels.



	Noise Level
	ACPT
	ACPT+Co-Occurrence
	ACPT + Wavelet
	Final Output



	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM





	10
	31.6063
	0.8912
	31.6062
	0.89153
	31.6045
	0.89147
	31.6238
	0.896746



	20
	28.0313
	0.77921
	28.043
	0.78189
	28.0457
	0.781
	28.0750
	0.791323



	30
	26.2067
	0.70196
	26.2055
	0.70609
	26.1984
	0.7035
	26.2338
	0.715809



	40
	24.9368
	0.63871
	24.930
	0.63873
	24.9373
	0.63997
	24.9805
	0.653283










Even though the PSNR difference between the proposed method and the standalone ACPT method is numerically small at lower noise levels, such subtle benefits are typical and significant in image denoising applications. More importantly, the proposed method continues to improve perceptual quality metrics (NIQE, BRISQUE, PIQE) and structural similarity (SSIM), indicating better preservation of fine details and reduced artifacts. The successive processing stages enable targeted refinement of structures that are not fully represented by ACPT and that operate in the residual domain. This results in a fairer trade-off between noise suppression and detail preservation, particularly at higher noise levels.

In the proposed architecture, the Co-occurrence Filter (CoF) is effective because it can exploit statistical spatial relationships in the residual domain. Spatial uncorrelation of the Gaussian noise means that pixel intensities vary randomly. On the other hand, fine textures and structures are highly correlated, with a consistent relationship between the intensities of proximity to nearby pixels.

The CoF analyses the co-occurrence statistics of pixel intensities within neighbourhoods in the residual (method-noise) image, which contains noise and attenuated structures. This helps to preserve structure, leading to better SSIM scores, as the ablation study demonstrated.

Examples of deep learning-based methods that have recently seen a surge in medical image denoising include convolutional neural networks, attention-based systems, and hybrid optimization systems. These methods are rather effective for modeling non-linear noise distributions and for learning complex feature representations. But the existence of large annotated datasets, time-consuming training procedures, and considerable computing resources often dictate their performance.

The proposed solution, in turn, is based on a hybrid model that is not a learning-based approach and requires no training data or parameter learning. This makes it particularly suitable for cases where computational performance is essential or annotated medical datasets are limited. The proposed approach explicitly predicts image structures via adaptive clustering, statistical co-occurrence analysis, and multi-scale wavelet operations, whereas deep learning methods aim to generate hierarchical feature representations.

The proposed architecture, offering a lightweight and understandable solution that maintains the same performance at various levels of noise, can be regarded as a complementary alternative to data-driven solutions, but not a direct competitor. The approaches remain applicable in actual medical imaging practice where processing overhead, consistency, and robustness are vital.

While evaluating denoising performance, it is equally important to consider data complexity and privacy, as these factors significantly impact the practicality of medical image analysis frameworks.

Recent studies have highlighted the importance of data complexity [32] and privacy [33] in the analysis of medical images. For instance, evaluations of brain MRI images predicated on data complexity indicate that the efficacy and generalizability of learning-based models are significantly influenced by fluctuations in image characteristics, including structural heterogeneity and noise distribution. This shows how difficult it is to teach data-driven methods for handling complex medical datasets. Privacy-preserving frameworks, such as decentralized recommendation systems, also demonstrate a growing need for secure data processing without centralized data sharing. It is very important to protect patient privacy and adhere to data protection standards in medical imaging, as the patient data is highly sensitive.

In this case, the suggested denoising framework offers several advantages. It reduces the risk of privacy issues because it does not rely on learning-based methods that require large training datasets or centralized data aggregation. Also, the approach is less sensitive to changes in data complexity than data-driven models, as it operates directly on individual images. The proposed framework provides a supplementary alternative that is inherently more robust to data dependence and aligns effectively with privacy-preserving standards in medical imaging applications. In contrast, deep learning methodologies are highly dependent on data availability and raise privacy concerns.






CONCLUSION

This article compares traditional spatial filters, bilateral filtering variants, non-local methods, and adaptive hybrid methods comprehensively. The experimental study of different noise levels clearly shows that most existing methods perform well only in low-noise conditions. As the noise levels increase, performance metrics such as PSNR and SSIM exhibit a linear decrease. This degradation is also evident in the deteriorated visual quality, suggesting that traditional methods are not highly sustainable in high-noise environments.

However, at both low and high noise levels, the proposed denoising algorithm consistently outperforms. Unlike current methods, the proposed method is efficient at minimizing noise, preserving both perceptual and structural information even at higher noise levels. The reported quantitative metrics are well correlated with the visual assessment results, in which increases in PSNR and SSIM are accompanied by enhanced visualization of anatomical structures. This shows that the selected performance measurements accurately reflect the quality of perceptual images. In general, the results demonstrate the effectiveness and reliability of the proposed method for practical denoising tasks, particularly in medical imaging scenarios where noise levels may vary significantly. Future work will focus on further enhancing the method for deployment in clinical and large-scale imaging systems.

To evaluate image denoising methods, this paper focuses on denoising additive Gaussian noise, a popular and controllable model. Actual medical imaging noise, such as Rician noise in MRIs or Poisson-distributed noise in CT scans, is far more complex. The existing system does not explicitly model these noise distributions, which are primarily designed to support Gaussian noise (sensor noise). Therefore, although the proposed method may be successful with Gaussian noise, further studies are required to determine whether it can be extended to real-world clinical noise. The framework will be further developed to incorporate more realistic noise models, and its performance will be evaluated based on clinically acquired data. The present study focuses on Gaussian noise; however, real-world medical imaging applications involve larger datasets and more intricate noise characteristics. Future research will consider extending the assessment to realistic noise models and standard benchmarks.
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LIST OF ABBREVIATIONS





	
	



	HRCT
	 = High-Resolution Computed Tomography



	MRI
	 = Magnetic Resonance Imaging



	PSNR
	 = Peak Signal-to-Noise Ratio



	SSIM
	 = Structural Similarity Index Measure



	NIQE
	 = Natural Image Quality Evaluator



	BRISQUE
	 = Blind/Referenceless Image Spatial Quality Evaluator



	PIQE
	 = Perception-based Image Quality Evaluator



	FSIM
	 = Feature Similarity Index



	ACPT
	 = Adaptive Clustering and Progressive PCA Thresholding



	PCA
	 = Progressive Principal Component Analysis



	CoF
	 = Co-occurrence Filter



	AWF
	 = Adaptive Weight Function



	BM3D
	 = Block-Matching and 3Dimensional



	HCPSO
	 = Hybrid of Cuckoo Particle Swarm Optimisation



	GDBF
	 = Guided Decimation Box Filter



	NLM
	 = Non-Local Means



	AMF
	 = Adaptive Median Filter



	MDBMF
	 = Modified Decision-Based Median Filter



	SURE
	 = Stein Unbiased Risk Estimator



	ODCNN
	 = Optimal Deep Convolution Neural Network



	FATL
	 = Feedback Artificial Lion
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