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Abstract  Synthetic aperture radar (SAR) is very high and accurate technology for remote sensing. SAR images are very 

exploited for change detection and monitoring because of their high resolution. Because of the coherent retro diffusion of the 

backscattered radar waves with the rigorous earth surface, SAR images are characterized by a multiplicative noise called 

speckle that influences their analysis. For this reason, this paper aims to exploit the two-dimensional variational mode 

decomposition and combines it with the nonlocal means reprojection method to denoise SAR images. The proposed method 

concerns to decompose the SAR image into a series of variational mode functions called S-D IMFs and N-D IMFs, however, 

the speckle noise is high-frequency information, which means that it is concentrated in N-D IMFs components. Then, the 

denoising of N-D IMFs components is implemented using NLM reprojection using box kernel with minimizing variance. 

Firstly, we use numerical simulation to study the performance of our method, this study concerns use several synthetic images 

and add speckle noise for different variance, and then we apply the proposed method. The quantitative appraisal will be 

realized using three important metrics such as peak signal to noise ratio (PSNR), Edge preservation index (EPI), and image 

quality index (Q). Also, we compare our proposed method with other famous techniques as the Lee filter, Frost filter, and 

NLM-SAR method. Secondly, the proposed method will be exploited to denoise a real SAR image. 
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1. Introduction 

SAR images become a high and accurate tool for remote 

sensing dedicated to a large variety of applications [1]. The 

SAR sensors make the observation of the earth's surface with 

high resolution despite the weather conditions and sun 

phenomena [2]. Thanks to the advantages of SAR images 

and their numerous applications, research studies being 

actively conducted around the field of image filtering [3], 

image segmentation [4], image classification [5], image 

fusion [8-9], etc. 

In contrast with the optical sensor, the SAR sensor is 

characterized by a coherent imaging system, and in the 

reason of earth surface roughness, a self-interference of the 

backscattering SAR waves from the earth surface is arised, 

and this is represented by high-frequency information in the 

SAR images called speckle noise.  

Speckle noise is commonly observed in radar detection 

systems, although it can appear in any type of remote sensing  
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image using coherent radiation. Like laser light, 

electromagnetic waves emitted by active sensors move in 

phase and have little interaction on their path to the target 

area. Reducing the effect of speckle noise allows both better 

discrimination of targets in the scene and easier automatic 

segmentation of the image. 

Speckle noise is a multiplicative noise unlike Gaussian 

noise and salt-pepper noise and it has characterized by the 

Rayleigh distribution [7]. This noise can be modeled by 

multiplications of random values with the pixel values of the 

image and can be expressed as: 

 ( , ) ( , )* ( , )nI x y I x y n x y          (1) 

Where In(x,y) is the noised image, I(x,y) is the clean image, 

and n(x,y) represents the noise distribution. 

Denoising is the process of reconstructing the original 

image by removing unwanted noise from a corrupted image. 

It is designed to reduce noise while preserving as much 

image structure and detail as possible. The main challenge is 

to design noise reduction filters that offer a compromise 

between these two elements. 
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In general, image denoising approaches can be classified 

as spatial domain, transformation domain and dictionary 

learning depending on the image representation.  

Spatial domain methods include local and non-local filters, 

which exploit similarities between pixels or patches in an 

image. Methods based on dictionary learning and transform 

domains contemplate transforming images into other 

domains, in which similarities of transformed coefficients 

are used. The difference between these two approaches is 

that transformation domain approaches generally use fixed 

basis functions to represent images, but learning-based 

methods use sparse representations on a redundant 

dictionary. 

The spatial domain methods attempt to use the 

correlations that exist in most natural images [8]. For a given 

patch (pixel), a series of candidates will be used in the 

filtering process. Depending on the selection of candidates, 

spatial filters can be classified into local and non-local filters. 

A filter is considered local if the support of the filter is a 

spatial neighborhood of the candidate pixel and if the 

coefficients of the filter are limited by the spatial distance. 

A large number of local filtering algorithms have been 

designed for noise reduction such as the Gaussian filter [9], 

the mean least squares filter, the entrained filter (TF), the 

bilateral filter, the anisotropic filtering [13-14]. 

In contrast, non-local filters use the self-similarity of 

natural images in a non-local way. Non-local means (NLM) 

[11-12] make it possible to obtain a denoised zone by 

calculating the weighted average of all the other zones of the 

same image. 

The second category is that of the methods of the 

transformation domain using wavelets transform [13-17] and 

Fourier transform [18-19]. In each corresponding domain 

transform, the image is represented by coefficients, and   

the denoising process is realized by thresholding these 

coefficients and reconstructed using the corresponding 

inverse transform. Other transforms are also exploited for 

SAR images denoising as contourlet transform [20-21] and 

curvelet transform [22-23].  

The third and final category of the denoising method    

is and hybrid method. The deep learning-based method 

becomes powerful in recent years and gives high-quality 

results [24-25]. Whereas, the hybrid methods are based on 

the combination of several methods in different denoising 

method categories [26-27]. 

In this work, an adaptation of Riesz wavelets transform is 

realized in order to make it suitable for SAR image denoising. 

This transform has given good results in digital speckle 

pattern interferometry [28-29], and this paper is an extension 

of this method for SAR images. The remaining of this work 

is as follows: The second part is focused on the description of 

the methodology of the proposed method, and the third 

section is dedicated to present the important finding and 

discussion. 

2. Basic Theory of Bidimensional 
Variational Mode Decomposition 

The VMD was introduced in 2014 by Dragomiretskiy   

& Zosso [30] for signal processing as a non-recursive 

alternative to the empirical mode decomposition (EMD) 

algorithm [31]. This technique has gained great interest in 

the field of signal analysis and processing [32-33]. The 

2D-VMD algorithm is developed based on VMD theory for 

image decomposition [34], it can decompose an image into 

high and low-frequency components. The constrained 

variational equation in the 2D-VMD algorithm is expressed 

as follows: 
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where uAS,k(x) represents the analytic signal of the kth mode. k 

is the number of decomposed IMFs. wk is the central 

frequency of each sub-mode after decomposition, and f(x) is 

the input image. In order to make the problem unconstrained, 

the quadratic penalty factor and Lagrange multiplier are 

introduced to enhance the fidelity. The augmented Lagrange 

expression can be formulated as: 
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where λ is the Lagrange multiplier, αk is the penalty factor, uk 

is the set of modes, and wk is the set of center frequencies. 

Then, the problem is transformed into that of solving the 

equation parameters shown as follows: 
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The iteration terminating condition is given as follow: 
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From the Eq. Below, it can be obtained that the number of 

IMFs is K. 

2.1. The Proposed Denoising Algorithm Based on 2D 

VMD and NLM Reprojection 

The adopted methodology for SAR image denoising is 

shown by the flowchart presented in Figure 1. The first step 

concerns to decompose the input noised image into a series 

of variational mode functions using a two-dimensional 

variational mode decomposition algorithm. The algorithm 

decomposes a noised image into a series of S-D IMFs and 

N-D IMFs and a remaining part called residue as following: 

 
1 1

( , ) ( , ) ( , ) ( , )
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       (9) 

It can be seen that the obtained IMFs can be classified  

into two families: the S-D IMFs (first term) containing  

image information, and the N-D IMFs containing the 

high-frequency information. 

In the case of SAR images, speckle noise which is a high 

frequency and undesired information is concentrated in the 

N-D IMFs, consequently, the processing operation focus just 

on these components. In this work, we propose to use the 

NLM Reprojection method using box-kernel with 

minimizing variance reprojection because it showed a high 

capability to denoise fringe pattern and it is very fast [12]. 

An example of the decomposition of airplane image by 

2D-VMD into four variational mode function is shown in 

Figure 2. Figure 2.a represents the input image and Figure 

2(b-e) show the bidimentional IMFs obtained after the 

decomposition of input image (Figure 2.a) by 2D-VMD.  

The first IMF (Figure 2.b) contains the high frequency 

information wheras the final IMF (Figure 2.e) is a residue 

containing the low frequency information. 

 

Figure 1.  The flowchart of the proposed denoising algorithm 

     

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

Figure 2.  The sub-modes of the airplane image. (a) input image. (b) IMF1. (c) IMF2. (d) IMF3 and (e) IMF4 

 

Figure 3.  NLM reprojection scheme 

Since the NLM method is based on the creation of a 

collection of patches, then each patch is denoised by taking 

into account the appropriate estimators such as a weighted 

average of the noisy patches based on the similarity among 

these patches, and the final information retrieved from these 

patch estimators is reprojected to the pixel space in order to 

recover the pixel estimators, as demonstrated in Figure 3.  

There are several reprojection procedures to recover the 

pixelated denoised information from the denoised patches 

because the space of patches has a larger dimension than the 

original image space [35]. 

Consider w as the width of a patch. Since the patches 

overlap every pixel belongs to w2 patches. Every patch in the 

image is estimated using a weighted average with the 

weights, 𝑤(𝑋, 𝑋′)  with X = (x, y), and the filtered 
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estimator for any patch is given as 
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The minimizing Variance-Reprojection (Mv) is based on 

the patch selection and minimizing the expectation of the 

quadratic error between these selected patches. This requires 

choosing the estimator having minimal variance defined as 

( )MvI P   with  arg min ( )Var P    (11) 

3. Results and Discussions 

3.1. Numerical Simulation 

The validation of the proposed method is done firstly 

using numerical simulation, this study concerns to use 

synthetic images and add speckle noise for differents 

variances v using the Matlab command ‘imnoise (image, 

‘speckle’,v). The use of different variances of speckle noise 

is important to show the behavior of the proposed technique 

in front of this parameter that represent the earth's surface 

rugosity.  

  

(a)                           (b) 

Figure 4.  Input clean image using for performance study: (a) airplane, (b) 

building 

 

Figure 5.  Procedure of numerical simulation data used in this work  

The different synthetic images used in this study are 

shown in Figure 4 and represent the airplane and building 

images. Figure 5 shows the procedure used to generate the 

noisy image with different speckle noise variance v={0.05; 

0.1; 0.2; 0.3}. 

The noisy airplane and building images using the four 

variances of speckle are presented in Figure 6. The results of 

denoising for each speckle variance value using the proposed 

method is presented in Figure 7. To compare with the famous 

technique in literature, we choose Frost filter [36], Lee filter 

[37], and NLM-SAR method [38]. The reason for the choice 

of these three techniques for comparison is that the 

NLM-SAR method is considered as a powerful method for 

SAR image denoising, whereas, Lee and Frost's filter are two 

famous multi looking filter exploited in some software of 

radar image processing as SNAP (Sentinel Application 

Platform) developed by European Space Agency (ESA). The 

results of denoising the airplane and building images by 

Frost filter, Lee filter, and NLM-SAR method are presented 

in Figure 8, Figure 9, and Figure 10 respectively. 

    

v=0.05                   v=0.1            v=0.2              v=0.3 

    

v=0.05                  v=0.1                v=0.2               v=0.3 

Figure 6.  Noised airplane and building images by speckle noise with different variances  
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v=0.05                 v=0.1             v=0.2                 v=0.3 

    

v=0.05                v=0.1                     v=0.2                 v=0.3 

Figure 7.  Denoised airplane and building images for each speckle noise variance using the proposed method 

    

v=0.05                  v=0.1             v=0.2               v=0.3 

    

v=0.05                  v=0.1                 v=0.2               v=0.3 

Figure 8.  Denoised airplane and building images for each speckle noise variance using Frost filter 

    

v=0.05                    v=0.1            v=0.2              v=0.3 

    

v=0.05                  v=0.1           v=0.2              v=0.3 

Figure 9.  Denoised airplane and building images for each speckle noise variance using Lee filter 
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v=0.05                  v=0.1                   v=0.2                   v=0.3 

    

v=0.05                  v=0.1                   v=0.2                   v=0.3 

Figure 10.  Denoised airplane and building images for each speckle noise variance using NLM-SAR method 

3.2. Quantitative Appraisal 

The effectiveness and assessment of a denoising method 

can be evaluated quantitatively by using several criteria 

metrics such as peak signal-to-noise ratio (PSNR), quality 

index (Q), edge preservation index (EPI), Signal-to-noise 

ratio (SNR), etc. Some of these criteria metrics are based on 

ground truths in which the obtained denoised image is 

compared with its corresponding noise-free image. On the 

other hand, some criteria metrics are termed blind metrics in 

which the measurement is based on the comparison of the 

obtained denoised image with the noisy image. The blind 

metrics are generally used for experimentally obtained 

images where access to ground truths are not possible. Here 

we have used three criteria metrics: PSNR, Q, and EPI for the 

assessment of the denoising methods for the simulated 

speckle fringe pattern and wrapped phase fringe pattern and 

the SNR for the reconstructed two-dice image. 

The peak signal-to-noise ratio (PSNR) is defined as the 

ratio between the maximum possible power of a signal and 

the power of denoised noise, given by [12] 

     (12) 

where L=28-1=255 is the maximal possible value of the 

image pixels when pixels are represented using 8-bits per 

sample, and MSE is the mean squared difference between the 

original image and denoised image, given by: 

    (13) 

with m and n are the number of pixels along horizontal and 

vertical direction respectively, 𝐼(𝑥𝑖 , 𝑦𝑖) represents the pixel 

value at position (i, j) in the original image and 𝐼𝑜𝑢𝑡 (𝑥𝑖 , 𝑦𝑖) 
represents the pixel value at the same position in the 

corresponding denoised image. The PSNR value must be 

maximum as much as possible because the good image 

quality is associated with the higher PSNR value.  

The quality index (Q) is defined as [12]: 

       (14) 

where, 𝜇𝐼  and 𝜇𝑜𝑢𝑡  are the mean values of the images 

𝐼(𝑥𝑖 , 𝑦𝑖) and 𝐼𝑜𝑢𝑡 (𝑥𝑖 , 𝑦𝑖),𝜎𝐼  and 𝜎𝐼𝑜𝑢𝑡  are their variances, 

respectively, and 𝜎𝐼𝐼𝑜𝑢𝑡  is their covariance. The value of Q 

is counted in the interval [−1, +1], when the two images are 

quite similar, then the value of Q approaches to +1 [12,39].  

The edge preservation index (EPI) is defined as: 

       (15) 

EPI describes the edge preservation capability of the 

images obtained after the implementation of a denoising 

method. Higher the value of EPI, the more the preservation 

of the edges of the denoised image. Therefore, a reasonably 

high EPI value ensures a better visible image quality [12]. 

The PSNR, Q, and EPI metrics are based on ground truths 

in which the obtained denoised image is compared with its 

corresponding noise-free image. In the case of real data, the 

computation of these three metrics is impossible because 

they are not any reference image, so, we use the signal to 

noise ratio (SNR) defined as: 

       (16) 

Low SNR value is the better quality of denoising. 

These parameters are intensively used to evaluate the 

performance of the denoising methods to demonstrate better 

image/fringe pattern enhancement, restoration, and quality 
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of the perceived image/fringe pattern [12,39]. 

The obtaining PSNR, Q, and EPI values computed for 

airplane and building images are summarized in table 1 and 

table 2 respectively. According to table 1, the obtained 

PSNR, Q, and EPI values show that the proposed method 

effectively reduces speckle noise with high accuracy.    

This performance was found to be very promising when 

compared to the Frost filter, Lee filter, and NLM-SAR 

method.  

The same promising results are obtained using building 

image (See table 2), and it can be noticed that despite the 

speckle variance increase, the proposed method give good 

results. 

For the four speckle noise variance used in this study, the 

proposed method provides better denoising results in terms 

of PSNR and Q for the airplane and building image, 

highlighting that for the four speckle variance, the proposed 

method provides the high values for PSNR and Q. However, 

it is observed that with increasing speckle variance, the EPI 

values was provided with good results using NLM-SAR but 

just with a different ratio of 0.1%. 

 

Table 1.  PSNR, Q, AND EPI METRICS RESULTS FOR AIRPLANE IMAGE 

 
Proposed method Frost filter Lee filter NLM-SAR 

Variance PSNR Q EPI PSNR Q EPI PSNR Q EPI PSNR Q EPI 

0,05 30,512 0,93 0,953 21,881 0,872 0,921 21,429 0,922 0,962 28,814 0,921 0,992 

0,1 29,201 0,911 0,948 21,611 0,868 0,911 21,245 0,915 0,95 28,547 0,911 0,987 

0,2 28,015 0,882 0,941 21,54 0,812 0,901 20,656 0,9 0,953 27,068 0,88 0,981 

0,3 27,15 0,823 0,902 20,376 0,752 0,898 20,251 0,894 0,917 25,603 0,819 0,977 

Table 2.  PSNR, Q, AND EPI METRICS RESULTS FOR BUILDING IMAGE 

 
Proposed method Frost filter Lee filter NLM-SAR 

Variance PSNR Q EPI PSNR Q EPI PSNR Q EPI PSNR Q EPI 

0,05 29,912 0,913 0,983 22,801 0,892 0,981 24,129 0,982 0,962 28,814 0,901 0,999 

0,1 29,615 0,901 0,978 21,452 0,878 0,971 23,895 0,975 0,95 28,502 0,891 0,977 

0,2 28,415 0,892 0,971 21,912 0,832 0,969 21,6 0,91 0,953 26,868 0,888 0,961 

0,3 27,789 0,815 0,952 20,405 0,782 0,928 20,751 0,898 0,977 22,123 0,705 0,957 

 

  

(a)                                          (b) 

   

(c)                                       (d)                                           (e) 

Figure 11.  (a) Radarsat SAR image of Stanley Park-Vancouver City (SNR=21.33 dB), and Denoised image using: (b) the proposed method (SNR=12.150 

dB), (c) Frost filter (SNR=15.210 dB), (d) Lee filter (SNR=14.258 dB) and (e) NLM-SAR method (SNR=13.952 dB) 
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3.3. Application to a Real SAR Image 

After the validation of the proposed method by numerical 

simulation, a real SAR image of Stanley Park in Vancouver 

city acquired by the Radarsat-2 remote sensing satellite 

showed in Figure 11.a. Figure 11(b-e) show the obtained 

denoised image using the proposed method, Frost filter, Lee 

filter, and NLM-SAR method respectively. The input real 

SAR image has an SNR=21.33 dB, and this value decreases 

using the denoising methods and we found that our proposed 

method gives the low SNR value of 12.150 dB. 

4. Conclusions 

A new hybrid method for speckle noise reduction in SAR 

images was proposed in this paper. The method combines  

the two-dimensional variational mode decomposition and 

nonlocal means reprojection method using Box kernel with 

minimizing variance. After the decomposition of the input 

SAR image into series of high frequencies components, 

low-frequency components, and residue using 2D-VMD, the 

high-frequency components were denoised using the NLM 

Reprojection method. The simulation study shows that the 

obtained method improves the denoising quality more than 

other famous methods as Frost filter, Lee filter, and 

NLM-SAR method. The performance of the proposed 

method was also demonstrated using a real SAR image 

required by Radarsat. Overall, it can be concluded that the 

2D-VMD/NLM-Reprojection method for speckle noise 

removing is effective and could be established as a powerful 

denoising method for SAR images, and therefore, facilitate 

the analysis and interpretation of SAR images. 
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