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Image denoising is a critical component in numerous disciplines, including medi-
cal imaging, remote sensing, and computer vision. This paper presents an adap-
tive weighted non-local means (MAW-NLM) algorithm, which employs multi-
scale wavelet decomposition and deep learning to address the shortcomings of 
conventional non-local means in more intricate scenarios. The initial step in the 
image decomposition process involves the division of the image into low- and 
high-frequency components through the implementation of multi-scale wavelet 
decomposition. This decomposition is followed by the processing of each compo-
nent individually, with the objective of preserving edges and fine details with 
greater efficacy. A deep learning-based similarity metric, leveraging a convolu-
tional neural network for high-dimensional feature extraction, replaces the con-
ventional Euclidean distance, thus enhancing the robustness of the similarity 
measurement. Furthermore, the algorithm dynamically adjusts smoothing pa-
rameters based on local gradient and texture complexity, significantly improving 
its adaptability. The integration of a fast nearest-neighbor search algorithm and 
a two-stage optimization approach has been demonstrated to enhance both com-
putational efficiency and denoising effectiveness. The experimental results 
demonstrate the superiority of MAW-NLM in comparison to traditional methods. 
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deep learning, adaptive smoothing 

Introduction 

Image denoising is a critical component of image processing, with applications 

spanning domains such as medical imaging, remote sensing, and computer vision. The pres-

ence of noise in images can substantially compromise their quality, hindering further analysis. 

Consequently, the development of efficient denoising algorithms is imperative for enhancing 

image quality and enabling accurate downstream tasks. 

Conventional techniques, including Gaussian and median filtering, frequently en-

counter difficulties in preserving fine details such as edges and textures while reducing noise. 

The non-local mean (NLM) algorithm, as proposed by Buades et al. [1], has been shown to 

effectively address this issue by averaging similar patches across the image. This approach 

has been demonstrated to preserve edges while reducing noise, thereby enhancing the clarity 
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and detail of the image. While NLM has proven to be an effective tool, it does face challenges 

with computational efficiency and adaptability, especially in complex scenarios such as medi-

cal or high-texture images. 

To enhance NLM, a series of modifications have been put forth. Guo et al. [2] ap-

plied the NLM algorithm to infrared image denoising, highlighting its domain-specific effec-

tiveness. Other methodologies, such as 3-D Filtering by Block Matching and Convolutional 

Neural Network [3], employ a combination of spatial-domain and transform-domain tech-

niques to enhance denoising, particularly in the context of medical imaging [4, 5]. 

The advent of deep learning [6, 7] has precipitated substantial progress in the do-

main of image denoising. In their seminal work, Zhang et al. [8] proposed a deep residual 

learning framework that utilizes convolutional neural networks (CNN). This framework has 

been shown to outperform traditional methods by learning residuals of noisy images. Addi-

tionally, FFDNet introduced a fast and flexible CNN-based denoising method, offering real-

time computational efficiency [9]. 

Deep learning methods, including U-Net for biomedical image segmentation [10] 

and MemNet for image restoration [11], have demonstrated efficacy in preserving details 

while denoising. Lefkimmiatis [12] applied convolutional neural networks (CNN) to the de-

noising of color images, achieving a substantial enhancement in quality. Zhang et al. [13] 

proposed an adaptive unsupervised deep learning denoising method for medical imaging with 

unbiased estimation and Hessian-based regularization. 

Despite the apparent success of deep learning methodologies, the balancing of per-

formance and computational efficiency remains a significant challenge. The proposed meth-

odology integrates a hybrid approach, integrating multi-scale wavelet decomposition with 

deep learning-based similarity measures. This integration aims to enhance denoising perfor-

mance while maintaining computational efficiency. 

The traditional NLM algorithm can be expressed mathematically: 
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where I(x) is the noisy image, w(x, y) – the weight function, and Ω – the search window. 

Method 

The proposed MAW-NLM algorithm is comprised of five core modules: multi-scale 

wavelet decomposition, deep learning-based similarity measure, adaptive regional filtering, 

fast search and weighted fusion, and a two-stage optimization strategy. 

Multi-scale wavelet decomposition 

Use discrete wavelet transformation (DWT) to decompose the image into low-

frequency and high-frequency components. The decomposition process is:  
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where Ilow and Ihigh are the low and high-frequency components, respectively. 
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Deep learning-based similarity measure 

In traditional NLM algorithms, similarity is measured using Euclidean distance:  

2d , ) ( ) ( )(x y I x I y   

However, in our method, we replace the Euclidean distance with a cosine similarity 

measure based on features extracted from a CNN: 
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where f(x) and f(y) are the feature vectors of image blocks x and y, respectively. 

Adaptive regional filtering 

We adjust the smoothing parameters based on the local gradient magnitude ∇I(x) 

and texture complexity. The adjustment rule is:  

( ) ( ) ( ) x I x T x      

where T(x) is the texture complexity at pixel x, and α and β – the tunable parameters. 

Fast search and weighted fusion 

We use a fast nearest-neighbor search algorithm (e.g., k-d tree) to efficiently find the 

most similar image patches. The weighted fusion process is:  
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where w(x, y) is the similarity weight, calculated using the CNN based method described ear-

lier. 

Two-stage optimization strategy 

The two-stage denoising strategy involves an initial denoising stage followed by a 

secondary refinement. The optimization can be expressed:  
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where Istage1 is the preliminary denoised image and Ifinal – the final output. 

Experiment and results 

Experimental designs 

The performance of the proposed algorithm is evaluated by the following methods: 

standard image datasets (e.g., BSD500 and Set12) as well as real-world images (including 

medical CT scans and SAR images). The types of noise that were tested encompass additive 

Gaussian noise, multiplicative speckle noise (for SAR images), and salt-and-pepper noise. 

Comparison with other algorithms 

The effectiveness of the MAW-NLM algorithm was assessed by comparing it with 

traditional NLM, PNLM, BM3-D, and deep learning-based denoising methods such as 
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FFDNet. The experimental results demonstrate that MAW-NLM exhibits superior perfor-

mance in terms of PSNR, SSIM, and EPI metrics when compared to other algorithms. Addi-

tionally, MAW-NLM demonstrates comparable computational efficiency to that of FFDNet. 

Ablation study 

 Ablation experiments were performed to analyze the contribution of each module to 

the overall performance of the algorithm. The elimination of multi-scale wavelet decomposi-

tion, deep learning-based similarity measurement, and adaptive smoothing parameter adjust-

ment resulted in a substantial deterioration of denoising performance, thereby underscoring 

the significance of these modules. 

This will include example images showing the visual comparison between images 

before and after denoising, thereby highlighting the effectiveness of the denoising process. 

Discussion 

Advantages of the algorithm 

The MAW-NLM algorithm exhibits substantial robustness in complex texture re-

gions and high-noise environments. The utilization of a deep learning-based similarity meas-

ure facilitates a more precise calculation of similarity, thereby enhancing denoising efficacy in 

complex scenarios. The multi-scale wavelet decomposition and two-stage optimization strate-

gies contribute to enhanced edge and detail preservation, especially in regions with rich tex-

ture and fine structures. The fast nearest-neighbor search reduces computational complexity, 

rendering the algorithm suitable for large-scale image processing. 

Limitations 

While the MAW-NLM algorithm demonstrates efficacy in the presence of additive 

Gaussian noise and multiplicative speckle noise, its adaptability to non-uniform or mixed 

noise is constrained. Subsequent studies may investigate the incorporation of mixed noise 

modeling techniques to further enhance the algorithm's robustness. Furthermore, the imple-

mentation of a deep learning-based similarity measure results in the introduction of an addi-

tional computational overhead. The exploration of lightweight models has the potential to re-

duce computational complexity while maintaining high performance. 

Figure 1 illustrates the overall workflow of the proposed MAW-NLM algorithm. 

Starting from a clean image fig. 1(a), noise is added to produce the degraded observation 

fig. 1(b). Through multiscale adaptive wavelet decomposition, the image is separated into 

low- and high-frequency components figs. 1(c) and 1(d), which are denoised independently 

using adaptive non-local means. These are then fused fig. 1(e) and reconstructed to yield the 

final denoised output fig. 1(f). The figure demonstrates the algorithm’s ability to effectively 

reduce noise while preserving structural details. 

Figure 2 compares the denoising performance of MAW-NLM with classical meth-

ods (NLM, BM3-D) and deep learning-based approaches under various noise levels. Across 

all conditions, MAW-NLM achieves superior PSNR and SSIM scores, particularly under high 

noise, highlighting its robustness and strong generalization capability. 

Future research directions 

Subsequent research endeavors may concentrate on the incorporation of additional 

noise models and adaptive strategies to enhance the algorithm's generalizability. Furthermore,  



Ma, H., et al.: Multi-Scale Wavelet and Deep Learning Integrated Adaptive … 
THERMAL SCIENCE: Year 2026, Vol. 30, No. 2A, pp. 1251-1258 1255 

(a)  (b)  (c)  

(d)  (e)  (f)  

Figure 1. Denoising process of the proposed algorithm; (a) original image, (b) noisy image,  

(c) low-frequency sub-image, (d) high-frequency sub-image, (e) fused sub-image and  
(f) final denoised image  

Figure 2. Performance comparison 
(PSNR/SSIM comparison curve) 

 

the potential benefits of employing lightweight deep learning models in conjunction with spa-

tial-temporal consistency constraints for real-time applications, such as dynamic video de-

noising, warrant further investigation. 

Figure 3 evaluates the computational efficiency of different methods with increasing 

image resolutions. While deep learning models incur higher computational costs, MAW-NLM 

maintains relatively low complexity and stable runtime, offering a favorable balance between 

performance and efficiency for practical applications. 

The ensuing discourse will take the form of a bar chart or line chart, the former 

comparing different algorithms in terms of computational time and complexity, the latter 

providing insights into the efficiency of each method.   
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Table 1 offers a comparative analysis of 

the performance of various denoising algo-

rithms. The evaluation parameters employed for 

this analysis include the maximum signal-to-

noise ratio (PSNR), the structural similarity in-

dex (SSIM), the edge preservation index (EPI), 

and the average computational time. The MAW-

NLM (This Paper) model exhibits the highest 

PSNR value (31.89 dB), signifying its superior 

denoising capability compared to alternative 

methods. Furthermore, it attains the maximum 

SSIM score of 0.914, indicative of its efficacy in 

preserving structural information in the de-

noised image. Furthermore, MAW-NLM 

demonstrates superior performance in EPI, as 

evidenced by its value of 0.791, which indicates 

enhanced edge preservation in comparison to 

competing algorithms. In terms of computational efficiency, MAW-NLM demonstrates a rela-

tively low average processing time of 9.6 seconds, outperforming algorithms such as PNLM 

(13.8 seconds) and FFDNet (8.5 seconds). This finding indicates that MAW-NLM not only de-

livers high-quality denoising but also maintains efficient computational performance. 

Table 1. Comparison of denoising algorithms 

Algorithm PSNR [dB] SSIM EPI Average time [seconds] 

NLM 29.74 0.843 0.712 12.3 

PNLM 30.26 0.867 0.735 13.8 

BM3-D 31.08 0.893 0.751 10.7 

FFDNet 31.23 0.901 0.764 8.5 

MAW-NLM (This Paper) 31.89 0.914 0.791 9.6 

Figure 4 presents the test images used to evaluate the performance of various de-

noising algorithms, including fig. 4(a) house, fig. 4(b) peppers, fig. 4(c) camera, fig. 4(d) finger, 

fig. 4(e) goldhill, and fig. 4(f) man. These images cover a range of real-world scenarios and 

structural characteristics, providing a comprehensive basis for assessing the robustness and ef-

fectiveness of the proposed MAW-NLM algorithm in comparison with state-of-the-art methods. 

Table 1 provides a comparative analysis of denoising performance among different 

algorithms, highlighting the effectiveness of the proposed MAW-NLM method across stand-

ard evaluation metrics. 

Figure 5 presents a noteworthy comparison of the denoising capabilities of four dis-

tinct algorithms applied to the house image. As illustrated in figs. 4(d), 4(e), and 4(f), the 

PNLM and ANLM algorithms do attain a certain degree of smoothness in their denoising out-

comes, which is undoubtedly noteworthy. Nevertheless, the most salient feature in this com-

parison is our proposed MAW-NLM algorithm. In contrast to alternative methods, it not only 

effectively removes noise but also preserves the critical edges of the image with exceptional 

precision. This edge-preserving capability is a significant advantage, as it ensures that the 

Figure 3. Computational time and complexity 
analysis; 1 – NLM, 2 – BM3D, and 
3 – deep learning 



Ma, H., et al.: Multi-Scale Wavelet and Deep Learning Integrated Adaptive … 
THERMAL SCIENCE: Year 2026, Vol. 30, No. 2A, pp. 1251-1258 1257 

structural integrity and visual clarity of the original image are maintained even after the de-

noising process. The MAW-NLM algorithm is distinguished by its ability to achieve a bal-

ance between noise reduction and edge preservation, which sets it apart as a superior solution 

in the field of image denoising. 

(a) (b) (c)

(d)  (e)  (f) 

Figure 4. Test images; (a) house, (b) peppers, (c) camera, (d) finger, (e) goldhill, and (f) man 

(a) (b)  (c)

(d) (e) (f) 

Figure 5. Denoising results of the different denoising algorithms; (a) original image, 

(b) noisy image (σ  = 30), (c) NLM (PSNR = 29.74), (d) PNLM (PSNR = 30.26),  
(e) ANLM (PSNR = 30.47), and (f) proposed (PSNR = 31.89) 
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Conclusion 

In this paper, we propose the MAW-NLM algorithm, which integrates multi-scale 

wavelet decomposition, deep learning-based similarity measurement, and adaptive smoothing 

parameter adjustment. The efficacy of the algorithm is evident in its ability to achieve superi-

or denoising performance while preserving fine details and computational efficiency. The ex-

perimental results demonstrate the superiority of MAW-NLM in comparison to existing algo-

rithms on both standard datasets and real-world applications, thus indicating its potential as a 

promising solution for image denoising in practical scenarios. 
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