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Abstract 

Traditional multifucus image fusion often requires the inclusion of edge features, blurred details, and noise 

pollution when perturbed by noise. To address these problems, this study proposes a method for fusing noisy 

multifucus images using adaptive sparse and low-rank representations. The proposed method first decomposes 

the image into high- and low-frequency subband coefficients using a non-subsampled shearlet transform. 

Subsequently, the high-frequency energy components are fused and denoised using a low-rank representation. 

The corresponding fusion rules are then set using an adaptive sparse representation to fuse the low-frequency 

subband coefficients. The final fusion result is obtained by reconstructing the fused high- and low-frequency 

subband coefficients. Experimental results show that the proposed method outperforms traditional methods in 

terms of both subjective performance and objective indicators, making it a compelling fusion method for noisy 

multifucus images. 
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1. Introduction 

Obtaining clear panoramic images with a different focus is a significant challenge. The multifucus 

image fusion process can accurately extract multiple image targets with varying focal lengths in the same 

scene and combine the precise areas in these images into a high-quality main image. However, weather, 

imaging equipment limitations, and interference can cause noise during shooting. Therefore, it is essential 

to denoise the multifucus images during fusion. Multifucus image fusion is crucial for the subsequent 

image processing tasks and is widely used in microscopic and biomedical imaging, as well as industrial 

production. Currently, the classical method of multifucus image fusion is based on multiscale transfor-

mation (MST) [1]. 

Notably, the directional limitations inherent to the directional wavelet transform (DWT) present 

opportunities for improvement. To this end, the proposed multiscale geometric transformation enables 

the complex contours of an image to be accurately expressed. The contourlet transform (CT) and shearlet 

transform (ST) are widely utilized transformations; however, these two algorithms involve subsampling 
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during image decomposition, resulting in a noticeable Gibbs phenomenon in the final fused image. As a 

solution, the non-subsampled contourlet transform (NSCT) [2] and non-subsampled shearlet transform 

(NSST) [3] have been proposed, which utilize subbands of the same size as the source image. These 

approaches effectively resolve the Gibbs phenomenon caused by subsampling and facilitate the establish-

ment of fusion rules. 

The MST is a relatively refined NSST and not limited by the number of decomposition directions. 

Although this type of algorithm can complete image decomposition effectively, it cannot remove noise. 

Yang and Li [4] proposed using sparse representation (SR) to improve the image fusion effect. The core 

idea of the algorithm is to decompose images into several partially overlapping patches, thereby 

expressing these patches approximately using linear combinations of the vectors learned from the 

dictionary in the early stages. Unlike MST, SR uses a stepping sliding window to split the source image 

into partially overlapping patches during the decomposition process, to enable noise removal. However, 

because the dictionary matrix cannot completely cover all source image information, SR has a defect in 

extracting detailed image information. If the dimension of the dictionary matrix is blindly increased, 

computing efficiency is reduced, leading to redundant information in the fused image. In this case, noise 

is included in the approximate dictionary objects. Liu and Wang [5] proposed an advanced adaptive 

sparse representation (ASR) method. This method trains seven dictionaries in advance and divides them 

into six types based on the pixel gradient information of the training image. These patches are then 

expressed using the column vectors of the corresponding dictionaries. Compared with SR, ASR can 

improve the SR accuracy and denoising effect without significantly reducing computing efficiency. Liu 

et al. [6] proposed a method that uses images as dictionaries, called low-rank representation (LRR), which 

is superior to SR in image information extraction. 

Furthermore, LRR has demonstrated strong anti-noise performance owing to its ability to separate the 

noise component from the image. However, the effectiveness of LRR is contingent upon two stringent 

conditions. First, the training data vector must be complete, which limits the ability of the LRR method 

to process images with a significant amount of information. Second, the LRR method is sensitive to noise, 

which diminishes its robustness when processing noisy images. To address these limitations, Li et al. [7] 

proposed a latent low-rank representation (LatLRR) method to overcome the problems of data volume 

and noise sensitivity. This approach augments the original LRR dictionary with hidden items, and 

decomposes the image into low-ranking, salient, and noisy components. Despite its potential, the salient 

component of LatLRR is incomplete compared with that of MST. 

In conclusion, the MST technique can decompose source images into low- and high-frequency bands. 

However, MST lacks the ability to effectively remove noise, whereas SR can remove noise to some extent 

but suffers from the drawback of insufficient detail information extraction. Although LRR can effectively 

remove noise, it may not be suitable for processing images with a large amount of information. 

Furthermore, the LRR imposes restrictions on the degree of image noise pollution. Based on the 

aforementioned analysis, this paper proposes a novel method for noisy multifucus image fusion based on 

NSST decomposition combined with ASR and LRR regularization. The proposed method first employs 

NSST to decompose an image into high- and low-frequency bands. Subsequently, ASR is utilized to fuse 

low-frequency bands, thereby avoiding the extraction of information that is not sufficiently detailed. 

Considering that the information content of the high-frequency bands of the image is relatively small and 

the noise component is distributed in the high-frequency bands after image decomposition, LRR fusion 
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processing also satisfies the validity conditions. Finally, the processed high- and low-frequency bands 

are fused into an image through the inverse NSST. The comparative results of the experiments validate 

the advantages of the fusion algorithm proposed in this study. 

 

 

2. Non-subsampled Shearlet Transform 

The shearlet and contourlet transforms are improved versions of DWT that address the basic limita-

tions. The ST has two notable advantages over DWT. First, the number of decomposition directions in 

ST is not limited. Second, the calculation efficiency of ST is excellent. However, the subsampling process 

in ST can result in Gibbs phenomenon in the fusion image. To address this issue, Easley et al. [8] intro-

duced a non-subsampled process called NSST, which decomposes source images into high- and low-

frequency bands using a non-subsampled pyramid filter (NSPF). Fig. 1 shows the coefficient components 

of each layer of the two-layer NSST decomposition structure. 

 

 
Fig. 1. Two-level NSST decomposition diagram. 

 

 
Fig. 2. NSST decomposition diagram of the image containing noise. 
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After decomposing the noisy image using NSST, the noise component is distributed across each 

subband. As depicted in Fig. 2, the original image I is decomposed using the 1-layer 2-direction NSST, 

resulting in two high-frequency bands and one low-frequency band. It is evident from Fig. 2 that the 

degree of noise pollution in the low-frequency band is significantly reduced compared with that in the 

original image, whereas noise is still present in the high-frequency bands. Increasing the number of 

decomposition layers and directions in the NSST results in a higher concentration of noise in the high-

frequency bands, whereas the residual noise component in the low-frequency band decreases. Thus, 

denoising high-frequency bands is crucial for the effectiveness of the proposed algorithm. 

 

 

3. Fusion Regulation 

As illustrated in Fig. 2, the amount of information in the high-frequency bands is relatively low. With 

an increase in the number of decomposition layers and the direction in which they are applied, the high-

frequency bands expand, resulting in a sparser distribution of the noise components within each band. 

This characteristic renders high-frequency bands suitable for LRR processing. Conversely, as the NSST 

decomposition becomes more thorough, the low-frequency band contains less edge feature information 

and fewer noise components. Therefore, utilizing ASR to process the low-frequency band can effectively 

prevent the loss of edge feature information and reduce the impact of noise on the dictionary. 

 

3.1 Adaptive Sparse Representation 

The core idea of SR is to approximate signals � ∈ �� by partial column vectors in the over-complete 

dictionary � ∈ ��×�, that is, � ≈ ��, where � ∈ �� is the unknown sparse coefficient vector that can 

be solved by orthogonal matching pursuit (OMP) [9] of Eq. (1): 

 

max
�

‖�‖�    s.t.   ‖� − ��‖� < �, (1) 

 

where � > 0 is the error tolerance; ‖∙‖� denotes ��-norm; and ‖∙‖� denotes the l2-norm. 

ASR is an improved version of SR that solves the time-consuming training process and completeness 

of the dictionary. The ASR dictionary training set is first constructed to sample high-quality images using 

a sliding window to obtain patches, and the pixel mean value of the sampled patches is set to zero. 

Subsequently, a preset threshold is used to exclude patches whose edge structures are not apparent. After 

collecting all of the 	 patches, they can be denoted as 
 = ���, ��, ⋯ , ��. For each �	 ∈ 
, which can 

be classified according to the gradient of the pixel, the Sobel operator is used to calculate the horizontal 

gradient �
��, ��: 
 

�
��, �� = ���, �� ∗ �−1 0 1

−2 0 2

−1 0 1

� (2) 

 

and vertical gradient ����, ��: 
 ����, �� = ���, �� ∗ �−1 −2 −1

0 0 0

1 2 1

� (3) 
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where ∗ denotes convolution. Then, the gradient magnitude �
��, ��  and orientation ���, �� can be 

calculated as follows: 

 ���, �� = ��
��, ��� + ����, ��� (4) 

 

and 
 ���, �� = arc tan �����, ���
��, ��� (5) 

 

Partitioning ���, �� into six regions in the range of 360◦, as in Fig. 3, every pixel in �	 ∈ 
 can be 

classified into one of six regions. Grouping all pixels of �	 ∈ 
 into ���, ��, ��, �, ��, �� and calculating ���, �� as the magnitude for each pixel, �	 ∈ 
 can be classified into ��� using Eq. (6): 

 

�	 = ⎩⎨
⎧

0       � �� <
1

3

����
�

����∗      otherwise

 (6) 

 

where ���� = max���, ��, ��, �, ��, �� is the highest amplitude among the six regions, and �∗ =

arg max
�

���| � = 1, 2, 3, 4, 5, 6 is the index of ����. If � = 0, the main direction of �	 is unclear. In this 

study, 50 high-quality images were sampled using an 8 × 8 sliding window to obtain approximately 

100,000 patches. After setting the average pixel value to zero and excluding patches without apparent 

edges, approximately 80,000 patches remained for constructing the dictionary training set. Grouping 

these 80,000 patches using Eq. (6), seven training subsets were obtained, denoted as �
�, 
�, 
�, 
�, 
, 
�, 
�. The patches in 
� do not have an apparent main direction, whereas the other 

patches do. 

 

  
(a) (b) (c) (d) 

  
(e) (f) (g) (h) 

Fig. 3. Dictionary classification: (a) directional partition, (b) sub-dictionary 0, (c) sub-dictionary 1, (d) 

sub-dictionary 2, (e) sub-dictionary 3, (f) sub-dictionary 4, (g) sub-dictionary 5, and (h) sub-dictionary 6. 
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The training model is shown in Eq. (7), which can be solved using K-singular value decomposition (K-

SVD) [9]. 
 

min
�,������	



�‖�	‖�   s. t. ‖�	 − ��	‖� < �, � = 1, 2, ⋯ , 	�

	��

 (7) 

 

where 	 is the number of patches; �	  is the target vector rearranged by �	; �	 is a sparse vector; and � is 

the dictionary that needs to be trained. Because there are seven training subsets, there are seven sub-

dictionaries, which are denoted as ���, ��, ��, ��, �, ��, ��. �� is trained using all 80,000 patches as 

shown in Fig. 3(b). �� − �� are trained using �� − ��, respectively, as shown in Fig. 3(c)–3(h). The ASR 

fusion rule can be divided into five steps: 

Step 1. Sampling the source images  � and  � using an 8 × 8 sliding window to obtain 	 patches, 

which can be denoted as !��	 "	���
 and !��	 "	���

; 

Step 2. Rearranging ��	  and ��	  into 64 × 1 vectors #$�	  and #$�	, respectively, and subtracting the average 

values %̅�	  and %̅�	  to obtain zero mean value vectors #�	  and #�	, as shown in Eq. (8): 
 '#�	 = #$�	 − %̅�	 ∙ 1#�	 = #$�	 − %̅�	 ∙ 1

 (8) 

 

where 1 denotes a 64 × 1 vector; 

Step 3. Grouping ��	  and ��	  using Eq. (6) and training the dictionaries as in Eq. (7). Subsequently, 

sparse vectors ��
	  and ��

	  are calculated using Eq. (9): 

 

(��
	 = )*+ min

�
‖�‖� s. t. ,#�	 − ��,

���
	 = )*+ min

�
‖�‖� s. t. ,#�	 − ��,

�

 (9) 

 

Step 4. Confirming sparse vector ��
	  of the fusion image by maximal ��-norm, as in Eq. (10): 

 ��
	 = '��

	    �- ,��
	 ,

�
> ,��

	 ,
���

	        otherwise
 (10) 

 

then patching #�	 of the fusion image, as in Eq. (11): 

 #�	 = ���
	 + %̅�	 ∙ 1 (11) 

 

where %̅�	  is specified as in Eq. (12): 

 %̅�	 = '%̅�	      if ��
	 = ��

	%̅�	      otherwise
 (12) 

 

Step 5. By processing all !��	 "	���
and !��	 "	���

following the above procedure, !#�	"	���
 is obtained. 

Rearranging !#�	"	���
 into 8 × 8 fusion image patches !��	 "	���

, then placing them in the 

corresponding positions, and dividing repeatedly for every pixel, the fusion image  �  is 

obtained. The fusion processing rule proposed in this section is shown in Fig. 4. 
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Fig. 4. Schematic diagram of ASR fusion. 

 

3.2 Low-Rank Representation 

The principle of LRR is similar to SR, which is based on the theory that vector . = ���, ��, ⋯ , �� 
in space �� can be represented by a linear combination of vectors in an over-complete dictionary � ∈ ��×��/ < 0�, as in Eq. (13): 

 . = �1 (13) 
 

where 1 = �2�, 2�, ⋯ , 2� is the coefficient matrix in space ��. The difference in LRR is that it calculates 

the lowest rank, as expressed in Eq. (14). 

 

min
�

‖1‖
∗   s. t. . = �1 (14) 

 

where ‖∙‖∗ denotes the nuclear norm, which is the sum of the singular values of the matrix. . is adopted 

as the dictionary to avoid studying the dictionary, as follows: 

 

min
�

‖1‖
∗   s. t. . = .1 (15) 

 

Here, 1 is typically a block diagonal matrix. If . does not contain a sufficient number of data vectors, 

then 1 =   is probably the only feasible solution; thus, low-rank representation may fail. The most 

notable advantage of LRR is its ability to separate noise from images. Eq. (16) is derived from Eq. (15) 

by adding the noise component 3. 

 

min
�,�

‖1‖
∗ + 4‖3‖�,� s. t. . = .1 + 3 (16) 
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where 4 > 0 is the balance coefficient, ‖3‖�,� denotes the ��,�-norm of 3, which can be calculated as 

follows: 

‖5‖�,� = �6�7859	�:��

	��

�

���

 (17) 

 

The value of 4 has a direct impact on the effect of image fusion, which is discussed explicitly in Section 

5. Solving Eq. (16) using the augmented Lagrange multiplier (ALM), the image without noise is denoted 

as .1 or . − 3. The LRR decomposition results are shown in Fig. 5, in which noise separation is observed. 

 

 
Fig. 5. LRR decomposition diagram. 

 

3.3 Reconstruction 

The algorithms mentioned above cannot directly process color images. Therefore, the original color 

images  � and  � must first be split into three subbands of red, green, and blue channels, as shown in Eq. 

(18): 

 ;  � =  �, +  �,! +  �," � =  �, +  �,! +  �,"
 (18) 

 

where  �, ,  �,!, and  �," are the red, green, and blue subbands of  �, respectively, and similarly   �, ,  �,!, 

and  �," are subbands of  �. Therefore, the three subbands can be processed separately using the proposed 

method. 

First,  �,	  and  �,	  are decomposed using NSST to obtain !<�,	
#,�

, =�,	" and !<�,	
#,�

, =�,	" , where <�,	
#,�

 and =�,	 are the high- and low-frequency bands of  �,	, respectively, and similarly <�,	
#,�

 and =�,	 are the high- 

and low-frequency bands of  �,	, respectively; � ∈ 8*, +, >9 denotes the three color subbands of the source 

image; � ∈ 81, ?9 denotes the decomposition levels of NSST; and � ∈ 81, @���9 denotes the directions of 

each level of �. 
Second, <�,	

#,�
 and <�,	

#,�
 are processed using LRR to obtain the high-frequency bands without noise <A�#,�, <A�#,�, and noise components 3�#,�, 3�

#,�
, respectively. The maximum rule is used to confirm the fused high-

frequency bands <$,	
#,�

, as shown in Eq. (19): 

 <$,	
#,�

= max7<A�,	
#,�

, <A�,	
#,�: (19) 
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Then, =�,	  and =�,	  are processed by ASR to obtain the fused low-frequency band =$,	 . Finally, the 

fused subband  $,	 can be obtained by applying the inverse NSST to <$,	
#,�

 and =$,	. Finally, the three fused 

subbands are superimposed to obtain the final fusion result  $, as shown in Eq. (20): 

 

�� = ��,� + ��,� + ��,� (20) 

 

 

4. Experimental Results 

The proposed method involves processing a pair of registered multifucus images,  � and  �, that are 

intentionally corrupted by noise. A flowchart outlining the steps of this method is shown in Fig. 6. 

The main steps of the algorithm proposed in this paper are as follows: 

 

Algorithm 1. Proposed image fusion algorithm 

Input images: �� and ��.  

Output images: Result image �$  

/* Section1: Color format conversion.                                                 */ 

1 for every [��, ��] do 

2 Decomposition of each original image into red, green, and blue channels to obtain the corresponding 

subbands �� = {��, , ��,!, ��,"} and �� = {��, , ��,!, ��,"}. 

3 end  

4 for i = [r, g, b] do  

Part 2: NSST decomposition.                                                     */                                                          

5 Applying NSST on �� and �� to obtain ���,	
#,�

, ��,	� and ���,	
#,�

, ��,	�, l∈[1, N], k∈[1, K(l)]  

/* Part 3: Fusion of high frequency bands.                                        */                                              

6 for l = [1:N] do  

/* N denotes the decomposition level of the NSST;                                     */                                  

7 for k = [1:K(l)] do  

/* K(l) denotes directions of each level of l;                                 */                                     

8 Perform LRR on ���,	
#,�

,��,	
#,�� to obtain, ����,	

#,�
,���,	

#,� � and ���,	
#,�

,��,	
#,�� by Eq. (16);  

9 Perform Max-rule on ����,	
#,�

,���,	
#,� � to obtain �$,	

#,�
 as �$,	

#,�
= max	���,	

#,�
,���,	

#,�
.  

10 end 

/* Part 4: Fusion of low-frequency bands.                                        */                                           

11 Perform ASR on {LA,i, LB,i} to obtain LF,i.  

12 end  

Part 5: NSST restraint traction.                                                   */                                                       

13 Perform inverse NSST on ��$,	
#,�

, �$,	� to obtain IF,i. 

14 end  

Part 6: Image reconstruction.                                                   */                                                        

15  �$ = �$, + �$,! + �$," 
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Fig. 6. Algorithm flowchart of the proposed method. 

 

 

5. Experiment 

Two sets of partially focused images collected from the Lytro multifucus dataset [10] and their 

corresponding noisy images are used to verify the effectiveness of the proposed algorithm. The validity 

of the experiments was confirmed using four objective assessment indexes: normalized mutual information 

(B%&), phase congruency (B'), image structural similarity metrics (B(), and human perception-inspired 

fusion metrics (B)�). These four indicators measure the fusion results from different perspectives. B�* is 

used to measure the information transfer from the source image to the fusion result; B+ is used to analyze 

the gradient information that the source image retains in the fusion result; B,  is used to analyze the 

structural information in the fusion results; and B-� is used to measure the global quality. By combining 

these four indicators, the objective performance of the fusion results can be evaluated from local and 
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global perspectives. More information on the four indices can be found in [11]. In this study, the number 

of decomposition levels of the NSST transformation was set to 3. The optimal values of these indices 

were obtained for λ = 0.05, so the value of λ was set to 0.05. The experimental platform hardware for the 

algorithm was an AMD CPU Ryzen 5 5700X (3.59 GHz) with 64 GB DDR4 3200 MHz memory. The 

software platform used was MATLAB R2020a on a Windows 10 64-bit operating system. 

In this study, we evaluated the performance of the proposed method by comparing it with seven 

commonly used noisy image fusion algorithms: LP combined with SR (LP_SR) [4], NSCT combined 

with SR (NSCT_SR) [12], dual-tree complex wavelet transform combined with SR (DTCWT_SR) [13], 

ASR [5], CSR [6], LatLRR [14], and MDLatLRR [7]. For all the methods, we set the multiscale 

decomposition level to four. The original images are shown in Fig. 7(a) (front-focused) and Fig. 7(b) 

(back-focused). Fig. 7(c) and 7(d) show the noisy images with speckle noise (green box, mean µ=0 and 

variance σ = 0.05) added to Fig. 7(a) and 7(b), respectively. Fig. 7(e)–7(l) show the fused images of the 

seven comparison methods and our proposed method. As shown in the green box in Fig. 7(l), the proposed 

method is the best in removing speckle noise, and the multifucus fusion target is within the recognizable 

range. We also conducted a comparison experiment for the fifth set of images, as shown in Fig. 8. Fig. 

8(a) and 8(b) show the top- and bottom-focused original images, respectively. In contrast, Fig. 8(c) and 

8(d) show noisy images with the same noise (green box) added to Fig. 8(a) and 8(b), respectively, and 

Fig. 8(e)–8(l) show the fused images of the seven comparison methods and our proposed method. As 

shown in the green box of Fig. 8(l), the best noise removal is achieved by the proposed method in such 

an extreme case, and the multifucus fusion target is within the recognizable range. Note that if a higher 

level of target discrimination is required for multifucus fusion, the value of λ can be increased 

accordingly. In this manner, more noise and image are retained in the fused image, making the target 

more explicit despite the additional noise. In further experiments, the noise was effectively eliminated by 

setting λ to 0.05. However, decreasing the λ value further does not significantly reduce the noise 

component in the fused image, instead, resulting in a blurred multifocus-fused target. 

 

    
(a) (b) (c) (d) (e) (f) 

    
(g) (h) (i) (j) (k) (l) 

Fig. 7. Comparison results of the first group: (a) front-focused, (b) back-focused, (c) noise1 added, (d) 

noise2 added, (e) LP_SR, (f) NSCT_SR, (g) DTCWT, (h) ASR, (i) CSR, (j) LatLRR, (k) MDLatLRR, 

and (l) proposed method. 
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(a) (b) (c) (d) (e) (f) 

   
(g) (h) (i) (j) (k) (l) 

Fig. 8. Comparison results of the second group: (a) top-focused, (b) bottom-focused, (c) noise1 added, 

(d) noise2 added, (e) LP_SR, (f) NSCT_SR, (g) DTCWT, (h) ASR, (i) CSR, (j) LatLRR, (k) MDLatLRR, 

and (l) proposed method. 

 

Table 1 presents the objective assessment indices for the various fusion methods applied to the two 

sets of images. Based on the objective data in Table 1, it is evident that the proposed method outperformed 

most indicators. Notably, in the second group of experimental results, the proposed method surpassed B%& and B(, which indicates its superior ability to preserve the information and structure of the source 

image. In addition, the proposed method exhibited relative advantages in terms of the B(  index, 

indicating its ability to extract edge information from the source image. However, the proposed method 

lagged in the B)�  index, suggesting that it reduces the contrast of the fusion results after effective 

denoising. This analysis demonstrates that the proposed method is an effective noisy multifucus image 

fusion method that can handle noise. 

 

Table 1. Objective assessment of the two sets of images 

Fusion method 
The first group The second group 

��� �� �� ��� ��� �� �� ��� 

LP_SR 0.489 0.173 0.318 0.540 0.220 0.080 0.130 0.437 

NSCT_SR 0.501 0.178 0.331 0.529 0.235 0.088 0.146 0.445 

DTCWT_SR 0.507 0.185 0.338 0.552 0.242 0.092 0.150 0.456 

ASR 0.545 0.172 0.324 0.468 0.284 0.084 0.133 0.400 

CSR 0.534 0.186 0.352 0.531 0.258 0.091 0.147 0.430 

LatLRR 0.502 0.150 0.301 0.438 0.298 0.085 0.139 0.410 

MDLatLRR 0.494 0.171 0.325 0.514 0.236 0.083 0.140 0.435 

Proposed method 0.532 0.217 0.414 0.432 0.475 0.219 0.244 0.397 

The bold font indicates the best performance in each test. 

 

Overall, in a subjective comparison, the method proposed in this paper exhibited significantly superior 

denoising effects compared to the other methods. Subjective visual perception revealed almost no 
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perceptible graininess, and the cleanliness of the image was highly similar to that of the original image 

without noise contamination. Furthermore, the proposed method effectively preserved the overall contour 

of the image, resulting in the highest target recognition ability. Regarding the objective comparison, 

the proposed method outperformed the other B%& , B' , and B( metrics in both datasets, with a slight 

disadvantage in the B)� metric. 

 

 

6. Conclusion 

This paper proposes a noisy multifucus image fusion method using a NSST framework. Compared to 

other classical image fusion methods, our proposed method can effectively remove noise while 

maintaining a certain degree of target discrimination in multifucus image fusion. Unlike traditional filter 

denoising, which targets only specific types of noise, such as Salt-and-Pepper noise using a median filter, 

the proposed method is generalizable and demonstrates a better effect on all types of noise, improving 

scene recognition accuracy and playing a unique and essential role in image recognition and decision-

making applications. However, although the proposed method effectively removes noise, it also removes 

detailed information from the image, resulting in a blurred display of the target. The focus of the 

subsequent research stage will be to retain the detailed information of the image while removing noise. 
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