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Abstract :  Recently, in many applications, Synthetic Aperture Radar (SAR) images play a very important role to visualize and 

observe scenarios. But, due to presence of speckle noise, SAR images are difficult to analyze as it degrades the quality of image 

and results in wrong interpretation. Speckle noise has characteristics of multiplicative noise. From last few years, researchers have 

focused their work for speckle noise reduction or despeckling. However, loss of edge information was observed in most of the 

existing works. Therefore, this paper is dedicated to design an algorithm for speckle reduction using benefits of wavelet transform 

and bivariate shrinkage functions. In the proposed algorithm first of all logarithmic transformation was performed to convert 

multiplicative noise to additive noise and further Lee filter is applied. Then filtered image was decomposed using wavelet 

transform. Further the bivariate shrinkage function was applied to estimate each coefficient and in last median filter was applied. 

The result analysis is performed on different test images and SAR images also. The result was evaluated on number of parameters 

such as Peak Signal to Noise Ratio (PSNR),Root Mean Square Error (RMSE), Structural Similarity (SSIM),Equivalent Number 

of Looks (ENL), Natural Image Quality Evaluator (NIQE) difference and time at different noise variance levels. The simulation 

result shows that the proposed algorithm outperforms better as compared to existing work and some conventional methods. 
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I. INTRODUCTION 

 

While compared to optical remote sensing, synthetic aperture radar (SAR) sensors have quite numerous benefits, the most 

notable of which is the process of being able to capture for the whole day in every season [1]. The biggest disadvantage of SAR 

pictures, meanwhile, is the presence of speckle noise; it is a kind of undesirable or unwanted modification signal-related granular 

noise [2]. Numerous SAR image de-noising techniques were proposed over the last three decades. To tackle the issue, several 

researchers consider a significant loss of picture resolution as price but average a fixed set of different photos. The logarithmic 

transformation used initially reduce speckle noise approaches to generate an additive model that is simpler to work with. 

Subsequently, to work also with the changed model, certain well-known approaches for removing distortion, additive white 

Gaussian noise (AWGN) may be utilized as a reference [3]. Despite their ease of implementation, such techniques frequently 

overlook a few simple speckle properties. The log-transformed speckle interference, it does not precisely follow the zero mean 

Normal Distribution or known as the Gaussian distribution in practice. As a result, the variance must be righted before further 

processes start [4]. During the same era, highly complex algorithms relying upon that multiplicative speckle paradigm addressed 

de-noising inside this original domain. Such research papers demonstrated that a certain type of local adaptation is required to 

explain this image's nonstationary. With advancement as well as refinement of such multi-scale analysis framework, additional 

strategies for removing distortion as in the transform domain are becoming available. Wavelet shrinkage could be easily added to 

such transformed coefficients after homomorphic filtering. Wavelet methodologies, in addition to the spatial domain, enjoy the 

benefits of spatial adaptivity while altering for enhancing the image to effectively keep image textures but also boundaries [5]-[8].  

Some researchers have put so much work into SAR images to remove speckle noise over the last several years, and a lot of 

approaches have been developed, including the Lee filter [5], the Kuan filter [6], the Frost filter [7], as well as the maximum a 

posteriori (MAP) filter [9]. Conventional spatial domain approaches, on the other hand, sometimes impair picture spatial quality 

but are also likely to over smooth aspects like corners as well as texturing. Such filter methods are relatively easy, but they do not 

maintain picture features like brightness, strength, edges, borders, etc., and overall system performance probably depends on the 

terrain of relevance. Subsequently, in recent times, transform domain filters like wavelet transform [8], [9], curvelet transforms 

[10], [11], as well as shearlet transform [12], [13] have been created and have obtained outstanding results. Whereas transform 

domain approaches efficiently reduce speckle, but also have flaws in backscatter preservation in some areas as well as detailed 

preservation within other regions, as well as the potential to induce pixel distortion and false defects. This is mostly owing to the 
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transform domain's intrinsic inefficiency, notwithstanding the image's valuable local or global qualities. To address the 

aforementioned difficulties, numerous approaches rely on the nonlocal mean (NLM) to replace a pixel's color with an average of 

the colors of nearby pixels. The most comparable pixels to a particular pixel, on the other hand, do not need to be near approach 

have been presented, which makes use of the picture's self-similarity by picking similar pixels in such an enlarged search field 

depending on patch wise similarity. Studies have extensively introduced the nonlocal low-rank model (NLRM)-relying on 

despeckling approaches [14], [15]. The multiscale nonlocal low-rank model NLRM is further improved by picking comparable  

patches from various scales of the SAR picture while concurrently investigating the nonlocal low-rank model with multiscale 

prior [16][17]. Despite their great efficiency, Non-Local approaches need the calculation of a great amount of patch similarity 

measurements, resulting in a high computational effort. Because the distortion in the sub-bands has been in tiny coefficients while 

the features are in bigger coefficients, wavelet-focused speckle (distortion) removal has recently become very popular. Versatile 

signal processing tool Discrete wavelet transformations (DWT) were previously used to decrease speckle distortion in radar 

pictures. However, a key drawback of this tool is mainly in the transformation process, certain crucial image coefficients may be 

lost [18]. In speckle elimination, another approach called Non-Decimated Wavelet Transform (NDWT) was used to ameliorate 

the problem. Filling the interim gaps among decimation stages in discrete wavelet transformations DWT, which ultimately results 

inthe redundant and excessive depiction of decimated source information, is the crucial process. It ensures that in the 2 

approaches discussed previously, discrete wavelet transformations (DWT) as well as Non-Decimated Wavelet Transform 

(NDWT), finding an optimal thresholding level is a critical job. Each method has its own set of benefits and drawbacks, but the 

wavelet filter is seen to be better than the others. To generate high-resolution synthetic aperture radar SAR pictures, this study 

proposes a wavelet-based bivariate shrinkage technique that delivers significant speckle reduction. 

Several scholars have advocated thresholding wavelet coefficients to denoise a Synthetic Aperture Radar (SAR) image over the 

last two decades. SAR is a widely used method for getting high-resolution images. It's used in a variety of applications, including 

remote sensing, oceanography, geology, ecology, and interferometry. In this paper, the effectiveness of several speckle filters is 

explored. Researchers have found and effectively implemented a wavelet-based denoising technique for speckle removal in image 

data in recent years. Due to the restricted support of wavelet basis functions, wavelet transformation can efficiently characterize 

functions or signals with localized properties. After that, we remove speckle noise with a wavelet-based technique. Finally, we 

discovered that wavelet-based denoising outperforms traditional speckle filters.  

This paper is prepared as follows; Section 2, Discusses the previous despeckling methods along with their performance. Section 3 

discussed problem identification. Section 4  discusses the research methodology adopted in this paper. Section 5 discusses the 
performance result of the proposed model alongwith the quality matrices. Section 6 concludes the paper. 

 

 

II.  RELATED WORK 

Castaneda et al. [19] proposed a hybrid median–mean filter (HM2F), a single-shot image computerized algorithms technique for 

reducing granular interference like speckle noise that is focused on the averaging of traditional median-filtered pictures with 

varied kernel sizes. Khare et al. [20] suggested a wavelet-based hybrid approach that relies on Non-local Means (NLM) and 

Weighted Nuclear Norm Minimization (WNNM) to noise reduction speckle noise-damaged US pictures. The NLM filter's 

denoising functionality is just employed on the Discrete Wavelet transform's (DWT) approximation component. Furthermore, the 

proposed technique is superior to current de-noise speckle-noise algorithms in preserving edge and structural information during 

noise removal. Jain et al. [21] evaluated the classification accuracy of a DFT-focused speckle reduction framework with a Lee 

filter and also no filter. The results of the experiments suggest here that the framework may significantly enhance 

whole classification accuracy. Because the research was conducted on 3 different class labels, indications show a large gain, 

however, forest shows just a little gain. Yahia et al. [22] modified first of all the filter's choice, optimized their parameters, as well 

as enhanced the estimate of local statistics. Iterative minimum mean square error (IMMSE) filter's performance analysis of noise 

removal with spatial detail preservation is improved. The filtering performances had enhanced once the enhanced iterative 

filtering procedure initiated by algorithms Non-Local Mean NLM filter during some rounds. Rahimizadeh et al. [23] presented a 

novel speckle-adaptive Linear-minimum-mean-square-error (LMMSE) focused estimator to raise the efficiency of Ultrasound 

(US) noise removal by using the existence of duplicate structures in Ultrasound pictures. The suggested non-local Linear 

Minimum Mean Square Error (NLMMSE) estimate outperforms the traditional LMMSE estimator. The suggested methodology 

attempted to gather ideal materials was collected; but, in the additive noise, selecting the most comparable pixels might be 

difficult. For the removal of granular interference speckle noise in ultrasonic pictures, Jain et al. [24] employed wavelet transform 

potentials as well as thresholding. The suggested technique demonstrates a better increase with low variation of noise, but 

negligible or even no enhancement with a large variance of granular interference, according to the performance study using 

synthetic pictures. Singh et al. [25] proposed a novel approach for removing speckle Synthetic Aperture Radar (SAR) pictures 

that combine a local correlation ally focused merging of high-frequency coefficients in the Discrete Wavelet Transform (DWT) to 

noise thresholding. The decomposing level is determined by computing entropy on the structure of the input patch for each layer. 

The suggested approach is focused on the entropy variable with the fusing of high-frequency coefficients for selecting the 

decomposition stage in a two-dimensional Discrete Wavelet Transform. The low-frequency coefficients are left alone 

duringdecomposition, whereas the high-frequency coefficients are threshold utilizing two separate shrinkage algorithms. As a 

result, the high-frequency coefficients are subjected to Bayesian and Bivariate shrinking procedures. The enhanced high-

frequency coefficients are merged using a local correlation-based technique after conducting two separate thresholding 

procedures. The correlation approach is used to determine the threshold value. 
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1. PROBLEM IDENTIFICATION 

3.1 Speckle noise Model 

Because synthetic aperture radar (SAR) suffers from speckle noise, image despeckling is critical. Directional smoothing with 

strong thresholding was presented as a solution to this issue. 

𝐺𝑚,𝑛 = (𝐹𝑚,𝑛 × 𝑋𝑚,𝑛) + 𝜑𝑚,𝑛 (1) 

Where, 𝐺𝑚,𝑛 is the observed image, 𝐹𝑚,𝑛 the real image, 𝑋𝑚,𝑛 is the speckled distortion and, 𝜑𝑚,𝑛is termed as an additive 

component of granular interference. The variables n & m represent axial and lateral input images, respectively. 

 

3.2 Noise in SAR (Synthetic Apertures Radar) Images 

 

Speckled noise O (i,j) is characterized in SAR image processing as the product of two components: a noise-free SAR I (i,j) image 

and a speckled noise D (i,j)image. 

𝑂𝑥,𝑦 = 𝐼𝑥,𝑦 × 𝐷𝑥,𝑦  (2) 

Where, 𝑂𝑥,𝑦= Observed image,  𝐼𝑥,𝑦= Real SAR image, and 𝐷𝑥,𝑦= speckle noise, and x,y represents the spatial location coefficient 

indices. 

 

2. METHODOLOGY 

Noise present in SAR images is multiplicative and non-gaussian in nature and it is quite difficult to remove such noise as 

compared to Gaussian noise. The main reason for this is that noise variance changes with a change in intensity. Mathematically, 

this multiplicative noise is presented in eqn (3). 

𝑦(𝑖, 𝑗) = 𝑥(𝑖, 𝑗) ⋅ 𝑛(𝑖, 𝑗) (3) 

Where,  𝑦(𝑖, 𝑗) = Speckle image 

𝑥(𝑖, 𝑗) = Original image  

𝑛(𝑖, 𝑗) = non-gaussian noise 

 

In most the cases, the noise with unknown variance 𝜎2 is assumed to be stationary.  For evaluation of additive noise variance, 

logarithmic transformation is applied on 𝑦(𝑖, 𝑗) and mathematically represented as in eqn (4). 

ln(𝑦(𝑖, 𝑗)) = ln(𝑥(𝑖, 𝑗)) + ln⁡(𝑛(𝑖, 𝑗)) 
(4) 

 

Further, ln⁡𝑦(𝑖, 𝑗) is applied on discrete wavelet transform (DWT) and then thresholding is performed. After inverse DWT is 

applied that results in a reverse to logarithmic operation as illustrated in fig 1. The flowchart of the entire work is represented in 

fig 2. 

 

 
Fig. 1. Block diagram for denoising of speckle SAR image using logarithmic transformation 

 

4.1 Symmetrical Boundary Extension 

 

The denoising algorithm will involve symmetrical extension on the boundary of the original. Here, we propose to use symmetrical 

extension instead of zero padding to pad the image size to 512 pixels by 512 pixels because symmetrical boundary extension does 

not introduce significant distortion near the edges as zero padding. This approach is to extend the four sides of the original image 

before extending the remaining corners. The symmetric boundary extension is illustrated in fig 3. 

 

4.2 Wavelet Decomposition 

 

In this step, the image is decomposed into a wavelet and converted into 2D filter banks. The filter bank is applied to the row and 

column of the image. Two sub-bands, N1/2 and N2 are created by applying 1D filter bank analysis on each row and column. Then 

further, 1D analysis is applied to each sub-bands i.e., 𝑁1/2 rows and 𝑁2/2 columns, as shown in fig 4(a). 

 

4.3 Perform Denoising 

 

For denoising, threshold selection is performed. As illustrated in fig 4(b) 2D sampled wavelet transform is performed for creating 

sub band regions labeled as 𝐻𝐻𝑘 ,⁡𝐻𝐿𝑘, and 𝐿𝐻𝑘 . Here, scale is represented as 𝑘and 𝑗 as the coarsest scale. With the smaller value 

of k, the scale is finer. The parent of sub-band S is represented as 𝑃(𝑆). From noisy wavelet coefficients, noise variance σn
2 is 

evaluated as stated in eqn (5) [1]: 

σn
2 =

𝑀𝑒𝑑𝑖𝑎𝑛(|𝑦𝑖|)

0.6745
 (5) 

Where, 𝑦1𝑖  is an element of sub-band 𝐻𝐻1𝜎𝑦1 and 𝜎𝑦2can be found by : 

𝜎̂𝑦1
2 =

1

𝑁1
2 ∑ 𝑦1𝑖

2

𝑦1𝑖∈𝑠

 (6) 

θ W=θ+y 
ln(x) 

DWT, 

w(.) 

Thresholding 
T(.) 

IDWT, 

wT(.) 

exp

(x) 
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𝜎̂𝑦2
2 =

1

𝑁2
2 ∑ 𝑦2𝑖

2

𝑦2𝑖∈𝑝(𝑠)

 (7) 

Where 𝜎𝑦1and 𝜎𝑦2 are Variances of 𝑦1and𝑦2  . Using these variances signal variance 𝜎1&𝜎2 can be estimated by applying the 

formula given: 

𝜎̂1 = √𝜎̂𝑦1
2 − 𝜎̂𝑛2 (8) 

𝜎̂2 = √𝜎̂𝑦2
2 − 𝜎̂𝑛2 

(9) 

Using bivariate shrinkage function  

𝑤̂1 =
(√𝑦1

2 + 𝑦2
2 −

√3𝜎𝑛
2

𝜎
) + 𝑦1

√𝑦1
2 + 𝑦2

2
 

 

(10) 

The algorithm is illustrated as: 

1. Evaluate σn
2.  

2. For each wavelet coefficient. 

a. Calculate 𝜎1, signal variance. 

b. Bivariate shrinkage function is applied tothe coefficient. 

 

4.4 Wavelet Reconstruction 

 

While in the reconstruction process, a filter bank is used. Sub-bands are combined using a 2D filter bank from 𝑁1 and 𝑁2. 

 

 
Fig. 2. Flowchart of proposed methodology 
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Fig. 3. Symmetrical Extension, (a) Before Boundary Extension, (b) After Boundary Extension 

 

  

(a) One stage in multi-resolution wavelet 

decomposition of an image 

(b) Sub band regions of critically sampled wavelet 

transform. 

Fig. 4. Wavelet Decomposition 

3. RESULTS AND DISCUSSIONS 

5.1 Quality Metrics 

The performance of speckle reduction technologies is assessed using a variety of assessment metrics such as root mean square 

error (RMSE), peak signal to noise ratio (PSNR), structural similarity (SSIM), Equivalent Numbers of Looks, NIQE difference. 

All these parameters evaluate quality comparison among original and reconstructed image. For better quality assessment these 

parameters are quite necessary. These parameters are discussed as below: 

Noise Variance: As more speckles are removed, a decreased variance results in a cleaner image. Eq. (11) contains the formula for 

computing variance. 

𝜎2 =
1

𝑁
∑(𝑋𝑗)

2
𝑁−1

𝑗=0

 (11) 

Root Mean Square Error (RMSE): RMSE is evaluated by calculating square root of error between reconstructed and original 

images. Higher value of RMSE means despeckling is not proper. Mathematically it is evaluated as in eqn. (12). 

𝑀𝑆𝐸 = √
1

𝑁
∑(𝑋𝑗 − 𝑋̂𝑗)

𝑁−1

𝑗=0

2

 (12) 

Where, 𝑋𝑗
^
 = reconstructed image, 𝑋𝑗 = original image and 𝑁 = Size of the image. 

Equivalent Numbers of Looks (ENL): Another performance parameter to evaluate speckle noise level is ENL. Higher the score, 

better the quality. Mathematically, ENL is evaluated as in eqn. (13): 

𝐸𝑁𝐿 = (
𝜇

𝜎
)
2

 (13) 

Where⁡𝜇⁡is the mean of the uniform region and 𝜎 is the standard deviation of an uniform region. 

Peak Signal to Noise Ratio (PSNR): The PSNR is most typically employed in image compression and de-noising as a measure of 

reconstruction quality. The acceptable average PSNR value is between 20-25db. The PSNR is calculated as: 

𝑃𝑆𝑁𝑅 = 10 log(
255

𝑀𝑆𝐸
)

2

 (14) 

So, as per eqn. (14), a higher PSNR value indicates better image speckle reduction. However, in this scenario, RMSE is higher for 

large speckle reduction.  

NIQE_diff: The Natural Image Quality Evaluator (NIQE) is an performance measure that assess the image quality. The 

NIQE_diff is used to calculate the difference between the quality of an reconstructed/denoised image with respect to original 

image. A smaller score indicates better perceptual quality. Mathematically it is evaluated as in eqn. (15): 

 

𝑁𝐼𝑄𝐸_𝑑𝑖𝑓𝑓 = 𝑁𝐼𝑄𝐸(𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑖𝑚𝑔) − 𝑁𝐼𝑄𝐸(𝐷𝑒𝑛𝑜𝑖𝑠𝑒𝑑𝑖𝑚𝑔) (15) 

 

Structural Similarity Index (SSIM): One of the quality assessment methodology in digital image processing is similarity. it is used 

to determine the comparison between images as well as videos. This index is completely reference based and determines the noisy 

or compressed or distorted images with some reference images. Therefore, to improve the performance of traditional methods 

such as peak signal-to-noise ratio (PSNR) and mean squared error (MSE), SSIM is designed. As higher the SSIM value more 
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structural similarity and less loss occurs in despeckling methods. The calculation of structural similarity formula with different 

window for measuring x1 and x2 of same size NxN is shown in equation (16): 

𝑆𝑆𝐼𝑀⁡(𝑥1, 𝑥2) =
(2𝜇1𝜇2+𝑘1)(2𝜎12+𝑘2)

(𝜇1
2+𝜇2

2+𝑘1)(𝜎1
2+𝜎2

2+𝑘2)
                            (16) (16) 

Where, 𝜇1= mean of x,  𝜇2 = mean of,  𝜎𝑥1
2  = variance of x1,  𝜎𝑥2

2 = variance of x2, 𝜎𝑥1𝑥2= co-variance of x1 and x2, k1 and k2 are 

variables to stabilize the separation with weak denominator. 

5.2 Result Analysis 

 

The reference images utilized in this study included the standard images for the 8-bit grey level (Lena, Boat, Cameraman, 

Airplane, Man, Peppers, and House), where we introduced speckle noise to each image to test the efficacy of the image noise 

reduction technique. The characteristics of multiplicative noise following the Rayleigh distribution were seen in these images. 

MATLAB (R2020) was used for all image processing. To evaluate the speckle-noise reduction performance, the proposed 

algorithm is compared to traditional filtering approaches such as Gaussian, Frost, SRAD, Bitonic filters, K-SVD and 

Preprocessing Filter, and Discrete Wavelet transform-based Noise Reduction Technique algorithm. Some of the test results of the 

proposed methodology are presented in fig 5.  

The performance evaluation of the proposed methodology is presented in table 1. In table 1, PSNR, SSIM, ENL, NIQE_diff, and 

Time are taken as performance evaluation parameters. The analysis is presented on different input images and some of them are 

presented here. Five different images are observed and compared with different noise variance levels, i.e., 0.025 to 0.055. At a 

noise variance of 0.025, the highest PSNR (31.0099) was observed by ‘cameraman’ and ENL value (674.69) was observed by 

‘Lena’ image and the lowest NIQE difference (0.7546) was observed in ‘Lena’ image. Whereas the highest SSIM (0.984) was 

observed by ‘Nimes’ image. The average time required to process these images was approx. 27 sec. Similarly, at a noise variance 

0.035, the highest PSNR (30.39) was observed by ‘cameraman’ image. Whereas highest ENL (674.202) and lowest NIQE_diff 

(0.8465) were observed in ‘Lena’ image. Highest SSIM was 0.98329 for ‘Nimes’ image. Likewise, at a noise variance 0.045, the 

highest PSNR (29.4199) was observed in ‘cameraman’ image, and highest SSIM (0.98026) was observed in ‘Nimes’ image. 

Whereas highest ENL (675.2305) and lowest NIQE_diff (0.7798) was observed in ‘Lena’ image. Likewise, at noise variance 

0.055, the highest PSNR (29.2236) was observed in ‘cameraman’ image, and the highest SSIM (0.98026) was observed in 

‘Nimes’ image. Whereas highest ENL (676.2234) and lowest NIQE_diff (0.9021) was observed in ‘Lena’ image.  

Table 2 and Table 3 illustrate a comparison of the proposed wavelet-based bivariate shrinkage technique with different methods. 

Table 2 represents the RMSE, PSNR, and SSIM comparison among methods. The result illustrates that the proposed algorithm 

shows better PSNR on peppers images. This means the image shows the best noise reduction and shows better edge preservation. 

The PSNR of the given peppers image is 30.69 whereas the Frost  filter shows the lowest PSNR of 23.28. However, the best 

RMSE and SSIM were observed to be 7.54 and 0.94 respectively of Man image, whereas maximum RMSE and minimum SSIM 

were of Frost filter i.e., 15.03 and 0.58 respectively. Similarly, table 3 represents ENL comparison among methods. Table 3 

illustrates the ENL performance of a homogeneous region. The best ENL was observed to be 382.47 on the baseball diamond 

image of the proposed wavelet-based bivariate shrinkage filter. The minimum ENL was observed by frost filter i.e., 88.80. 

Similarly, the noise reduction in the homogeneous regions of the building image was 347.28 (proposed wavelet-based bivariate 

shrinkage filter) which was best compared to others. Due to over smoothing of Frost filter, this exhibits the least ENL i.e., 106.57.  

For the developed method, the time complexity is considered as the computation burden issue. From the result analysis presented 

here, it is observed that the time complexity of the model is on an average 31sec. It has been achieved as a remarkable parameter 

that other existing work doesn’t consider. In this paper, we have evaluated time complexity that further can be improvised as 

future scope. 

In comparison to other typical filter methods, the Bivariate Shrinkage Function has the lowest noise variance. In the Bivariate 

shrinkage function, which measures picture smoothness, the highest number of Looks is obtained. In the bivariate technique, the 

mean square error is the highest. As a result, the disparity between the original and de-noised image is bigger. This indicates a 

significant reduction in speckle. When compared to speckle filters, the de-noised images and results from Table 2 show decisively 

that the wavelet-based bivariate shrinkage technique delivers significant speckle reduction. In contrast, it can be concluded that 

the proposed wavelet-based bivariate shrinkage outperforms best as compared to others and doesn’t result in a blurring effect in 

the high-frequency regions of the image, and shows better edge preservation performance. 
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Table 1. Despeckling Performance Evaluation 

Image PSNR SSIM ENL NIQE_diff Time (in Sec) 

Noise Variance =0.025 

Lena 30.0536 0.91838 674.6944 0.7546 27.1846 

Cameraman 31.0099 0.89595 364.998 1.8968 27.1807 

Nimes 25.591 0.98471 580.5259 1.4655 27.3899 

SAR image1 26.1771 0.92874 849.4022 2.4867 27.3909 

SAR image2 28.453 0.96349 824.3047 1.8221 27.2684 

Noise Variance =0.035 

Lena 29.1732 0.8937 674.202 0.8465 31.2594 

Cameraman 30.3924 0.86785 364.2668 1.9820 27.5813 

Nimes 25.2442 0.97329 585.6637 1.6188 35.0847 

SAR image1 25.894 0.89177 846.02 2.6132 26.5612 

SAR image2 28.0456 0.95193 819.8086 2.0538 40.9221 

Noise Variance =0.045 

Lena 28.5546 0.87244 675.2305 0.7798 27.2148 

Cameraman 29.4199 0.84135 363.5747 1.9778 28.3358 

Nimes 24.5676 0.97171 589.4473 1.5804 27.0331 

SAR image1 25.5785 0.87432 843.5676 2.9462 26.5103 

SAR image2 27.6781 0.94972 817.2391 2.1241 42.4072 

Noise Variance =0.055 

Lena 27.5635 0.85437 676.2234 0.9021 27.5067 

Cameraman 29.2236 0.81943 363.1804 1.9753 57.7786 

Nimes 23.8172 0.96026 591.8856 1.7834 27.4445 

SAR image1 25.318 0.85898 838.5294 2.9992 26.2621 

SAR image2 27.48 0.94727 814.7924 2.3100 26.0796 
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Fig.5  The test images from top to bottom (Lena, SAR Baseball, Nimes, SAR image1, SAR image2 Cameraman, Boat, House, Man 

and Peppers), (left) original image, (centre) image under noise and (right) image after filtration. 

 

Table 2. Comparative Performance Analysis 

Image (size) Measure Noisy Gaussian K-SVD Frost SRAD Bitonic Previous Proposed 

Lena 

(512 x 512) 

RMSE 30.31 13.49 15.1 17.4 11.85 13.31 8.18 7.89 

PSNR (dB) 18.50 25.53 24.5 23.3 26.65 25.65 29.88 29.95 

SSIM 0.27 0.70 0.56 0.45 0.72 0.75 0.81 0.89 

Boat 

(512 x 512) 

RMSE 31.66 13.86 16.3 19.5 11.20 14.53 10.93 8.82 

PSNR (dB) 18.12 25.30 23.8 22.3 27.15 24.89 27.36 28.23 

SSIM 0.32 0.65 0.53 0.43 0.70 0.64 0.72 0.91 

Cameraman (256 

x 256) 

RMSE 31.05 19.14 18.2 19.9 12.20 18.77 11.84 8.34 

PSNR (dB) 18.29 22.49 22.9 22.1 26.41 22.66 26.66 28.70 

SSIM 0.41 0.61 0.50 0.47 0.70 0.69 0.77 0.87 

House 

(256 x 256) 

RMSE 33.05 13.90 18.0 19.5 10.28 12.15 9.37 9.13 

PSNR (dB) 17.75 25.27 22.9 22.3 27.89 26.44 28.69 28.92 

SSIM 0.24 0.64 0.53 0.37 0.68 0.73 0.77 0.85 

Man 

(1024x1024) 

RMSE 24.68 10.81 13.5 15.0 8.83 11.76 8.63 7.54 

PSNR (dB) 20.28 27.45 25.5 24.5 29.21 26.72 29.41 29.79 

SSIM 0.47 0.73 0.62 0.58 0.77 0.70 0.79 0.94 

Peppers 

(512 x 512) 

RMSE 30.20 10.56 15.9 17.4 8.42 9.89 7.66 8.35 

PSNR (dB) 18.53 27.66 24.1 23.2 29.63 28.23 30.45 31.64 

SSIM 0.29 0.76 0.60 0.44 0.77 0.82 0.83 0.91 

Airplane 

(512 x 512) 

RMSE 38.53 14.17 23.7 21.0 11.77 14.19 11.06 9.59 

PSNR (dB) 16.42 25.10 20.6 21.6 26.71 25.09 27.26 27.92 

SSIM 0.20 0.67 0.34 0.35 0.68 0.75 0.81 0.81 
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Table 3. ENL Comparative Analysis 

Measure Noisy Gaussian K-SVD Frost SRAD Bitonic Previous Proposed 

ENL 31.41 163.82 340.33 88.80 156.74 260.18 246.17 382.47 

50.49 96.03 255.18 106.57 159.14 213.23 210.88 347.28 

4. CONCLUSION 

After result analysis some difficulties arised that are listed below: 

 Time complexity is approx. 31sec which can further be reduced. 

 Tested samples show an RMSE average of 8, which needs to be further reduced to lower the losses occurs in despeckling. 

 PSNR value of tested samples was approx. 30db that can further be enhanced. 

 

In this paper, wavelet transform is applied to scale as well as to remove speckle noise from the image and convert it into a multi-

resolution representation. For this, the paper has adopted, a bivariate shrinkage function with a combination of wavelet 

decomposition at different noise variance levels. The result is evaluated on different performance parameters and compared with 

some existing techniques. Asa result, a more effective methodology can be developed. In future work, this work can be extended 

with dual-tree complex wavelet transform that can be used for multiresolution image denoising and de-blurring. 
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