
 

 

 

 

SAR IMAGES DENOISING USING INVASIVE WEED OPTIMIZATION SCHEME 

A.Ravi1 1, Dr.M.N. Giriprasad 2, Dr. P.V. Naganjaneyulu 3 

1 Research Scholar 

JNTUH, Hyderabad, 500085, India 

E.mail: ravia7219@gmail.com 

2 Department of ECE,  

JNTUA, Anantapur 515002,  

Andhra Pradesh, India 

3 Department of ECE 

MVR College of Engineering & Technology, 521180 

Andhra Pradesh, India 

 

ABSTRACT 

A Synthetic Aperture Radar (SAR) is an active microwave remote sensor. This has 

the ability to form images during any weather and at any time. However, the inherent speckle 

noise causes the SAR image visibility to considerably reduce. Hence, effectively eliminating 

the speckle noise in a SAR image remains a challenge. Multiplicative noise model is 

representative of the speckle noise. Owing to the superior time-frequency representation 

properties of a wavelet transform, good denoising effects can be achieved. The singularity of 

line and the surface can be effectively detected by curvelet transform; It can also effectively 

deal with line singularity of the 2D space. This work proposes the wavelet and curvelet filter 

bank optimization using Invasive Weed Optimization (IWO) method. The IWO is a novel 

evolutionary algorithm that can effectively solve optimization problems. It imitates the 

ecological behaviour of the colonizing weeds and it is a derivative-free, meta-heuristic 

algorithm. The proposed algorithm is employed in choosing the optimal noise reduction 

parameter and results in the maximum filtration. The superiority of the proposed approach 

over other methods has been proven by experimental results. 

Keywords: Synthetic Aperture Radar (SAR), Image Denoising, Wavelet Transform, 

Curvelet Transform and Invasive Weed Optimization (IWO). 

1 INTRODUCTION 

In various areas like remote sensing, a crucial role is played by digital images which have 

also been employed in various research areas. Due to faulty instruments or erroneous 

techniques in capturing the data, images are subject to different types of noise in them. 

Sometimes, when an image is being transmitted over different media, noise is added to it. 

Hence, an essential task is denoising an image; This is performed before the image can be 
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employed for different purposes. An ideal technique for denoising should have the ability to 

eliminate most noise from an image while, at the same time, preserving its fine details [1]. 

A significant pre-processing step of an image is denoising. This technique essentially 

preserves the usable structural components of the image like the edges, discontinuities and 

other finer details. At the same time, it can recover a decent estimate of the unchanged image 

from the noisy one without altering it. Denoising refers to the reconstruction of the original 

image after eliminating the useless noise from the affected image. Designing a system 

wherein noise is maximally eliminated and essential features are minimally affected is the 

challenge in the process of denoising. Domains like remote sensing imaging, object 

recognition, digital entertainment etc make use of this. With the increase in the number of 

image sensors per unit area, the frequency with which the camera captures noise with the 

image also increases. The visual quality of the images that are degraded by different types of 

noise improves by making use of the denoising techniques [2]. 

The SAR having a grain like appearance and hinders the automatic image processing as 

well as the visual interpretation of the image as , Although it is an intelligent imaging system 

, suffers intrinsically from speckle noise.  It is always better to develop suitable filtering 

techniques even though multi-look averaging is a usual way of suppressing the speckle noise 

at the cost of decreased spatial resolution. Conventional  filters, such as lee filter, frost filter, 

and Kuan filter are viable in static image areas . This is followed when they denoise the SAR 

images in the spatial domain by recalculating the center pixels of the filtering windows on the 

basis of the provincial local heterogeneity; However, an issue is that they may preserve the 

speckle noise or remove weal scene signal in the heterogeneous areas such as point targets, 

boundary, line or the texture areas. A Speckle Reduction Anisotropic Diffusion (SRAD) 

method has been designed for preserving the image edges in a better manner ; This technique 

can be considered as an edge-sensitive version of the classical filters. Depending on whether 

the imposed gamma distribution can precisely delineate the SAR image, the performance of 

the gamma MAP filter which removes noise in the SAR image using Maximum a Posteriori 

(MAP) criteria is evaluated [3]. 

The efficacy is better in the transformed domain, instead of the spatial domain; in the 

former domain, it is easier to separate the signal and the noise .It is asssumed by the wavelet 

methods that normally noise is present on high frequency wavelet components and this can be 

eliminated by removing (filtering) the wavelet coefficients in this domain.  The Additive 

White Gaussian Noise (AWGN). Has been successfully denoised using this technique. Many 

of the methods that adapt wavelet for SAR denoising , make use of the homomorphic 

approach wherein the speckle noise that is exposed to log-transformation is considered to be 

AWGN ; By thresholding or modelling the wavelet coefficients, it has been denoised in the 

wavelet domain .Despite this, the approaches that use Additive Signal-Dependent Noise 

(ASDN) model [4] for denoising have distorted radiometric properties of SAR images as  

they are  very sensitive to the logarithmic operation . 

A new generation of de-speckling methods that operate in transform domain was opened 

up in the early 1990s due to the diffusion of wavelets in the signal processing community[5]. 
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Thus, one of the first and the most successful application of this transform  has been using the 

AWGN hypothesis for wavelet shrinkage image denoising. This technique can also be used 

for SAR image despeckling post the homomorphic transformation leading to an additive 

noise model .This approach can be followed for testing both hard and soft thresholding. 

Despite the empirical selection of threshold experiments on both simulated and real SAR 

images have shown a gain in performance with respect to the spatial domain adaptive filters. 

By optimizing the shrinkage parameter through statistical Bayesian approach , there can be 

further improvement. Lastly, the disadvantages of the homomorphic approach can be 

overcome, akin to the spatial domain, where there can be better techniques resorted to 

additive signal dependent speckle model [6]. 

For better preserving the image boundaries and textures, all of the wavelet based 

techniques such as the classical spatial domain techniques assume some forms of spatial 

adaptively in the filtering process. This is also apparent in some of the of late articles that 

make use of the 2
nd

 generation wavelet for representing the edges and the details of the 

arbitrary spatial orientation in a better way. Hence, the main challenge in SAR de-speckling 

continues to be the main challenge. Performing decompositions on every source image  is the 

basic idea of Discrete Wavelet Transform (DWT) based methods. All these  decompositions 

can be combined to get an integrated representation from which, by finding the inverse 

transform, the fused image can be obtained and the efficacy of this technique has already 

been proven [7]. 

These wavelet transforms cannot express “along” edge characteristics and they reflect 

“through” edge characteristics. Also, the edge direction cannot be directly shown by the 

wavelet transform as it adopts isotropy. Due to the restrictions that are presented by the 

wavelet transform, the notion of curvelet transform that makes use of the edge as basic 

elements has the maturity and can also adjust itself well to the features that are contained in 

the image. Additionally, curvelet transform has better direction as well as anisotropy  and can 

provide more information for image processing . Possessing the feature of direction, the 

curvelet transform also satisfies the content anisotropy relation with its base supporting 

session; however, it does not have multi scale wavelet transform and local characteristics. 

With almost the same precision as the inverse transform, the smoothness area as well as the 

edge of the image can be precisely represented by curvelet transform . 

While a target is being searched, finding the global maximum of the objective function 

can be correlated as an optimization problem. Searching the solution space  in depth is 

infeasible ; for that matter , so is the building of a detailed representation of the objective 

function. The IWO algorithm is derived from the weed colonization and the environment is 

the inspiration for its technique. The natural behavior of the weeds to search and colonize an 

ideal location where it can grow as well as reproduce forms the basis for this algorithm. This 

algorithm is both stochastic , robust and is devoid of derivatives.The invasive characteristics 

of the weeds that have excellent exploration features and the ability to exploit the search area 

forms the basis for the IWO. Several engineering problems such as economic load dispatch of 

the power systems, recommender system design, antenna system design , unit commitment 

problem solution and the state estimation of the non linear system have all implemented the 
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IWO quite successfully. It is better to maintain a balance of exploitation and exploration in 

the search procedure for obtaining excellent performance using the optimization technique 

[8]. 

This work proposes using the IWO for wavelet and curvelet filter in the SAR image 

denoising approach. The remainder of the work is structured thus: The second section 

delineates the related works in literature; The materials and the techniques that are used are 

presented in the third section. The outcomes are discussed in the fourth section and finally the 

fifth section concludes the work. 

2 RELATED WORKS 

Chabira & Skanderi [9], have proposed one un-regulated process to detect the changes 

from multi temporal multi channel SAR images that does not require the removal of speckle. 

The following forms the basis for this proposed process: 1) Generating a multi-resolution set 

of each sinle channel log ratio image using stationary wavelet transform (SWT) . 2) ) 

applying the T-point algorithm for all the images of the multi-resolution sets. 3) Using the 

Linear Discriminant Analysis (LDA) for each scale for fusing all the channels. 4) generating 

the change map by fusing the image that has been obtained. Semi-simulated and real dual 

polarimetric images that have been acquired by RADARSAT-2 satellite have been used for 

experimentally validating the suggested procedure. 

Ahmed et al.,[10] has presented an overview of various techniques for SAR images and 

optical images denoising. The threshold value keeps changing from one image to another  for 

various regions in the wavelet; Based on performance parameters such as Peak Signal to 

Noise Ratio (PSNR) and Mean Squared Error (MSE), it is chosen. For denoising of SAR 

images that have been corrupted due to multiplicative noise and the optical images corrupted 

by Gaussian noise, this technique has been widely employed for denoising.  The outcomes 

are weighed against the filters in use like median filter, frost filter and Wiener filter. Various 

wavelet families that include family of Daubechies and Biorthogonal filter banks are used for 

comparison. 

A novel model for partitioning water and land SAR images was presented by  Mao & 

Wan [11]. The global matrix of the oriented gradient of the histograms on wavelet subbands 

is calculated by the suggested model based on the multi scale property. The edge information 

is obtained by evaluating the shift invariance and the directional sensitivity of the Complex 

Wavelet Transform (CWT) and then thresholding the matrix. By the addition of the 

restriction of the extracted edge data, the conventional Chan-Vese (CV) model was 

improvised. Then, a new water/ land segmentation algorithm is suggested on the basis of the 

novel model.  Experimental results have confirmed the effectiveness of the suggested 

algorithm. 

Liu et al.,[12] has investigated a curvelet based feature extraction method that makes use 

of te dynamic feature of or Marginal Ice Zone (MIZ). This method has been done as a 

primary step for making use of the SAR imagery for purposes such as identifying MIZ, 

classifying the SAR image into open water, dynamic ice and consolidation ice and also used 
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in feature extraction. They have also performed an experiment of 10-fold cross validation. 

Finally, for testing the efficiency of curvelet based feature, the Support Vector Machine 

(SVM) has been used. The accurate classification of dynamic ice due to the curvelet based 

feature has been shown. 

Shanthi & Valarmathi [13] have provided Comparative analysis based on curvelet 

transform and Modified Particle Swarm Optimization (MPSO) with contourlet and wavelet 

transform. These two were combined for improvising the gain function that would expand 

and contract the curvelet coefficient optimal parameter in the gain function, for improving the 

SAR image quality by de-speckling and enhancing edges. It was experimentally 

demonstrated that in comparison to the wavelet and the contourlet transform, the MPSO 

based techniques not only could preserve the edges but also effectively decrease the speckle 

nosie ; comparing this to a technique called skipped edge preservation, the image quality 

obtained in this case has been far superior. 

Sukawattanavijit et al., [14] suggested a Genetic Algorithm (GA) –SVM algorithm. This 

was basically a technique for categorizing multifrequency RADARSAT-2 (RS2) SAR images 

as well as Thaichote (THEOS) multispectral images, The outcomes of the GA-SVM 

algorithm have been weighed against that of the grid search algorithm which is a traditional 

technique of parameter searching. The outcomes have demonstrated that the GA-SVM 

performed far better than the grid search technique and it also gave a better accuracy of 

classification with fewer inputs. Nearly 95% accuracy of classification has been attained by 

the images by fusing RS2 and THEOS data. Also it was demonstrated that greater precision 

using fewer features could be obtained using GA-SVM . 

3 METHODOLOGY 

In this section, the SAR data acquisition, wavelet transform, curvelet transform, SDS, 

IWO and proposed SDS-IWO methods are discussed. 

3.1 SAR Data Acquisition 

SAR data acquisition [15] will be modelled as a linear range-variant operator 

transforming the complex reflectivity function of the scene to be imaged to the acquired raw 

data d (.). The point scatter response ha (.) serves as a (range-variant) "convolution" kernel in 

this process. 

A unit point in the (base banded) object function in (1): 

0

0 0( , ) ( , )r t r r t t   
      (1) 

Corresponds to the complex reflectivity function in (2): 

0

0 0 0( , ) ( , ).exp{ 4 . / }r t r r t t j r   


  
   (2) 

And thus gives rise to a response of (3): 
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0 0 0 0 0 0( , ; ).exp{ 4 . / } ( 2 / , ; )a ah t t r j r h r c t t r   


     (3) 

Where ha (.) is the normalized point scatter response. It can now use the more elegant 

normalized point scatter response by adopting the base banded reflectivity function from
0

0 ( , ) : ( , ).exp{ 4 . / }r t r t j r   


  ,. In other words, the high sensitivity of the received signal 

phase to range r0 has been conceptually packed into the object function. 

Hence, the SAR data acquisition model is given by this linear relationship between raw 

data ( , t)d   and object
0 (r, t)

 in (4): 

0 ' ' '

0

( , ) ( , ). ( 2 / , ; )

          ( , ) ( 2 / , ; )

a

t a

d t r t h r c t t r drdt

r t h r c t r dr

  

 









  

  

 

    (4) 

Obviously, this integral is a convolution in the azimuth dimension (expressed by the 

symbol t ) but is space-variant with respect to range. The point scatter response ha (.) has the 

meaning of a "respective field", if    is considered as constant. It indicates how different 

areas of the object are integrated to contribute to a single value in the raw data signal. ha (.)) 

concentrates along an arc of an ellipsis in the (r, t) object domain. In the ( , t)-domain the 

support of ha (.) has a hyperbolic shape. 

3.2 Wavelet Transform 

Despite the fact that several tools exist for multi-signal processing, time frequency 

analysis with wavelets is the main focus of this work. It is viable to interpret the wavelet 

transform as a differential operator with multi-scale [16] for enhancing the edges. More 

specifically, if a wavelet ψ has a compact support and n vanishing moments, i.e. equation (5): 

( ) 0,    0kt t dt for k n




  
      (5) 

There exists a function θ with a fast decay such that in (6): 

( )
( ) ( 1)

n
n

n

d t
t

dt


  

       (6) 

Then, the wavelet transform of a signal f can be expressed as (7): 

( , ) ( * )( )
n

n
s

n

d
Wf u s s f u

du


     (7) 
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Where
1/2( ) ( / )s t s t s  

 , here, the scale is represented by s and the time or the space 

coordinate is represented by u. Because of this, under these conditions, the wavelet transform 

Wf (u, s) is an nth-order derivative of an averaging of f, with s  over a domain proportional 

to s. 

Separable products of scaling and wavelet function are used for constructing a wavelet 

orthonormal basis for 2D images ; Thee scaling function is passed through Low Pass (L) and 

the wavelet function is passed through Band Pass filter (H) as shown in 8 & 9. 

1
[ ] , ( )

22

t
l n t n 

 
  

        (8) 

1
[ ] , ( )

22

t
h n t n 

 
  

        (9) 

HJ,LH and HH are the  wavelets that have been defined. For a given orientation, each of 

them extract given details. The low-pass filtered version of the original image is LL. To be 

more precise, the wavelet transform is done at each and every iteration; The different 

frequency components of the original image are separated as per their orientation; The 

horizontal, vertical and the diagonal edges  correspond to the coefficients of large amplitude 

of varying components of the subbands [17]. 

The prior reduction of speckle involved the use of Discrete Wavelet Transformation 

(DWT) by the researchers whose disadvantage is that the DWT is a translational variant.This 

leads to the loss of some significant coefficients during the course of transformation from 

original signal to the sub bands. Coeffecients can be saved  using Undecimated Discrete 

Wavelet Transform (UDWT) or commonly known as Non-Decimated Wavelet Transform 

(NDWT). The usage of the UDWT results in  redundant notation of the original data in 

addition to an exaggerated data. Selecting the optimal threshold is important irrespective of 

whether discrete or continuous wavelet is used [18]. 

3.3 Curvelet Transform 

Candes and Donoho in 1999 suggested the curvelet transform; The ridge wave theory 

forms a basis for this. For representing the single ridge-wave or the local ridge wave 

transform, the curvelet transform is formulated for expressing those objects having curved 

singular boundary and the benefits of ridge have been combined to suitably express the points 

character and also which one of the wavelets expresses the points character by completely 

exploiting multi scale analysis ; This is typically suited for large class of image processing 

problems [19]. 

The curvelet transform of function is written as (10), 

, ,( , , ) : , ij l kc j l k f  
       (10) 
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Among which, , ,ij l k
is curvelet coefficient, j is parameter of scale, l is the parameter of 

direction, k is the parameters of position. The central theme of the Wrapped Based curvelet is 

the wrapping round origin.It realizes one to one through the periodization technology in the 

affine region. Fast digital curvelet transform via wrapping as follows: 

1. Apply the 2D FFT and obtain Fourier sample 1 2 1 2[ , ], / 2 , / 2f n n n n n n


     

2. For each scale j and angle l, form the product

~

, 1 2 1 2[ , ] [ , ]j lU n n f n n


  

3. Wrap this product the origin and obtain in (11): 

~ ~ ~

,1 2 1 2 1 2,
[ , ] ( [ , ]) [ , ]j lj l

f n n W U n n f n n
      (11) 

Where the range for n1 and n2 is now 1 1,0 jn L 
  and 1 2,0 jn L 

 (for    in the range (

/4, /4  )) 

4. Apply the inverse 2D FFT to each

~

,j l
f

, hence collecting the discrete coefficients 

( , , )DC j l k
  

5. It has been shown by prolonged practice that the phenomenon of conventional curvelet 

transform has the slight appearance of “scratches” and “ringing” especially in the image that 

has been subject to de-noising as well as reconstruction. 

3.4 Stochastic Diffusion Search (SDS) Algorithm 

Issues such as the interpretation of best fit pattern have been interpreted by a new 

probabilistic approach known as the SDS (al-Rifaie& Bishop 2013). Making use of the 

correlation between simple agents, SDS exhibits distributed mode of computation. This is 

because it is not only a multi agent based global population search but also an optimization 

methodology. Geoff Hinton’s 3-D object classification as well as mapping provides the 

computation root for the SDS. SDS comprises a strong mathematical model as opposed to 

many of the search algorithms that have been motivated by nature. The robustness of the 

algorithm has been has be delineated by the way the method has handled the following: 

researching the allotment of resources, convergence to global optimum, robustness and 

minimum convergence condition including linear time complexity [20]. The standard SDS 

algorithm is shown below: 
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Initialisation phase All agents generate an initial hypothesis

while Halting criteria not satisfied do

Test phase All agents perform hypothesis evaluation

Diffusion phase All agents deploy a co  

    Re   ;     

         

         

 

mmunication strategy

late phase Optional active agents with

the same hypothesis randomly deactivate

Halt phase Evaluation of halting criteria

end while  

By means of shrinkage of wavelet, the selection of threshold is a critical problem in 

denoising an image. Generally, the thresholds are either given or changed to adapt to the 

image content. Hence obtaining an optimum de-noised image is considerable harder. The 

denoising of image can be considered to be an optimization problem. By means of searching 

the optimum threshold, the optimum output may be obtained. 

The optimization objective can be the evaluation of the image quality [21]. The 

conventional approach is using weighted linear technique to convert the multi objective issue 

into a single objective one. In order to get the denoised image as the output, for this 

technique, evolutionary multi objective optimization methods that are based on the Pareto 

theory for looking out for the optimum threshold have to be included. The current work 

includes Adaptive Multi-Objective SDS (AMOSDS), in order to optimize the wavelet and the 

curvelet threshold of image denoising. It has been experimental proven that image denoising 

based on AMOSDS is more effective (Majid et al, 2011). 

The seismic energy can be converged to a few large curvelet coefficients using the 

curvelet transform. This happens even as the white noise is by itself having the same 

amplitude after transform has been applied to any of the orthogonal basis. Hence, the signal’s 

curvelet coefficients have a greater value than the noise. The noise energy is distributed and 

the amplitude of the noise is also lower. Using an appropriate thresholding value, the curvelet 

can effectively eliminate the noise and retain the signal. This technique not only provides an 

optimal estimation but also is widely adapted. This is specially the case with the seismic data 

wherein , the ability of the wavelet transform to concentrate, wherein its energy concentrates 

on comparatively greater number of coefficients looks lesser strong compared to the curvelet 

transform. Hence, for seismic data, curvelets have a better de-noising outcomes [22]. 

3.5 Invasive Weed Optimization (IWO) Algorithm 

An optimization algorithm that stems from the colonial invasive weed behaviour is the 

IWO and is population based, first to be pioneered by Mehrabian and Locus. The algorithm 

makes use of the natural as well as basic characteristics of the weeds in a region that include 

reproduction, growth and so the ability to survive. IWO is non-complex and also has the 

sufficient capacity . Additionally it has the advantage of having the convergence rate to the 

global optimum solution of the objective function. Compared to the other algorithms, it is 

also simpler and its features of reproduction, space distribution and exclusive competition 

[23]. 
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The simulation of weed can be done as follows: 

Step 1: Producing the initial set of weeds: a population of N0 seeds is randomly 

distributed in an n dimensional space. 

Step 2: Reproduction: After the growth of every seed, it changes into a fully grown plant 

and then the production of seed for a new generation begins. There are two possible values of 

minimum (Smin) and maximum (Smax) possible amounts of produced seed between which the 

quantity of seeds that are produced by a plant linearly increase [24].  The goal value, the best 

goal value and the worst goal value of a plant given respectively by Fi, Fbest and Fworst  

determine the amount of seeds produced for that ith plant calculated with the following 

equation (12): 

min max min( ) ( ) worst

best worst

f f
Numseed i S S S

f f

 
   

     (12) 

Step 3:  This stage is associated with the distribution space as well as the arbitrary nature 

and the assimilation of the algorithm. The distribution of the seeds that are produced takes 

place  in the d dimensional search space . The distribution is normal distribution which has 0 

mean and different variance of (
(0, )d

tN 
).This is when the seeds are close to the plant that 

reproduces. Although, the standard deviation decreases from initial amount ( initial
) to final 

amount ( final
) in each repeat, in the simulations, non-linear variation of standard deviation 

causes satisfactory results which are illustrated in (13): 

( )

n

t initial final final

T t

T
   

 
    
      (13)  

In equation (13 & 14), T represents the maximum number of repeats related to (t) and is 

the non-linear modulation factor. In this status, the positions of seeds ( jS
) for the ith plant (

iW
) are calculated as (14): 

(0, ) ,1 ( )d

j i tS W N j numseed i   
    (14) 

Step 4: Exclusive competition: When repeated several times over, the number of plants 

reproduced quickly will reach the peak value (Wmax), In this scenario, each plant can produce 

seeds according to the method of reproduction. These seeds can be dispersed in the search 

space using the distribution space technique when the position is determined by the seed. The 

colony is formed along with their parent plants. For the number of members to attain the 

maximum permitted value, the members that have lesser propriety are eliminated. This 

method includes the parent plants being combined with their children ; In this way the plants 

that have the greatest propriety in the group are preserved and replacement is allowed. 
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Until the final period is attained, this mechanism to control proliferation is imposed on 

the subsequent generations .Step 5: If the criterion satisfied end otherwise, return to Step 2. 

Figure 1 shows the flowchart for IWO. 

 
Figure 1 Flow Chart for Invasive Weed Optimization (IWO) 

Using the IWO, the selection of optimization parameters that are in variable form is 

performed as the primary step. By means of the maximum and the least variable value located 

in the N-dimension solution space, the solution has been defined. IWO is iteratively used in 

decomposition and the smoothening of the images for avoiding and decreasing multiplicative 

noise. IWO optimization is also used in performance and image enhancements. The curvelet 

coefficient is fused with hard threshold limit on maximum resolute curvelet coefficient. The 

IWO is used for optimizing the maximum resolute coefficient having hard threshold limit 

which depends on the standard deviation of the noise. 

A random position uniformly distributed value in the range of [0, 2π] is taken by each 

seed- which has the N-dimension issue representing the assignment value randomly for each 

optimizing attribute; This would have otherwise been referred to as initialization of 

population. A flowering plant grows from every seed. Else, the quality of the solution is 

detailed based on the fitness  function  and this would return a fitness function that assumes 

regarding each plant and these are ranked based on fitness value. After the SAR images are 

decomposed using the wavelet or the curvelet , a solution is obtained which is used for the 

measurement of the parameters and this shows the changes of the noticed solution/pattern 
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from the one that is expected for the purpose of ranking the fitness solution referred to as 

fitness evaluation and ranking. 

The parameters are measured from the solution gotten from the SAR images after 

decomposition through wavelet or curvelet and the error which depicts the variation of the 

observed solution/pattern from the expected pattern is used for ranking the fitness solution 

(fitness evaluation and ranking). 

3.6 Proposed SDS-IWO Algorithm 

Wavelet and curvelet filter bank optimization with the help of hybrid SDS-IWO was 

proposed in this work.  The partial functional assessment deployed in SDS is through the 

merging of SDS and IWO, which reduces the high computational overheads which are 

entailed when deploying IWO into an issue with a fitness function that is costly.  There is a 

colony, seeds and invasive weeds for every IWO in the hybrid algorithm, whereas, there is 

hypothesis and status to every SDS agent.  Moreover, every IWO seed is a SDS agent which 

is together termed as psAgents.  SDS hypothesis is defined in the psAgent by the IWO seed 

position and status that determines whether the psAgent is active or inactive [25]. 

Every agent has to evaluate its hypothesis partially in the test phase of SDS.  The personal 

best of the fitness of each psAgent is compared with random psAgent; if there is a better 

fitness value for the selecting psAgent, it will be active and otherwise be considered inactive.  

On an average, 50% of psAgents will remain active from one iteration to the next.  Every 

inactive agent selects a psAgent in the diffusion phase randomly.  If the psAgent that is 

selected is active, there is communication of its hypothesis to the inactive one; on the other 

hand, if the selected psAgent is also inactive, a new hypothesis is generated by psAgent at 

random from the search space.  After each n number of IWO function evaluations, one full 

SDS cycle is executed in the proposed technique. The pseudo code for hybrid SDS-IWO as 

shown below: 
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1.    0       

2. :  1

3. 

.  max   min     

.    2 

.      

Generate random plants ofN individuals from the set of feasible solutions

i

do

a Compute imum and imum fitness in the colony

b For each individualw W

i Compute the number of seeds



 

,     

.         

         .

.       

forw corresponding to its fitness

ii Randomly select the seeds from the feasible solutions around

the parent plant w in a Neighborhood with normal distribution

iii Add the generated seeds to the solu

       

 ,  .

.         lim   ,

        

.

  _    1: 0  _     

tion set W

iv For that parent plant whose seeds number is ited to zero

select corresponding number of generated seeds to do hybrid

operation

Seed x P Parent x p Parent x P is random value

be

 

 0  1.

       ,  .

.     max

.          

.      

tween and

Add the generated seeds to the solution set again

c If total number exceeds p

i Sort the population N in descending order of their fitness
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4 RESULTS AND DISCUSSION 

In this section, the wavelet filter, curvelet, wavelet filter bank optimization using 

SDS, curvelet filter bank optimization using SDS, wavelet filter bank optimization using 

IWO and curvelet filter bank optimization using IWO, wavelet filter bank optimization using 

SDS-IWO and curvelet filter bank optimization using SDS-IWO methods are used. Table 1 

shows summary of results for speckle and Gaussian noise values. The MSE, PSNR and 

Standard deviation/mean as shown in figures 2 to 4 for speckle and Gaussian noise values. 

Table 1 Summary of Results for Speckle and Gaussian Noise Values 

 Speckle Noise Values Gaussian Noise Values 

 MSE PSNR Std. Dev / 

Mean 

MSE PSNR Std. Dev / 

Mean 

Wavelet Filter 43.712 31.754 0.442 43.562 31.596 0.448 

Curvelet 27.094 33.832 0.386 42.462 32.684 0.458 

Wavelet filter bank 

optimization using 

SDS 

21.21 34.906 0.364 21.12 34.664 0.362 

Curvelet filter bank 

optimization using 

20.55 35.874 0.354 20.622 35.85 0.354 
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SDS 

Wavelet filter bank 

optimization using 

IWO 

21.18 34.923 0.378 19.904 35.238 0.35 

Curvelet filter bank 

optimization using 

IWO 

20.513 35.06 0.368 20.222 35.11 0.344 

Wavelet filter bank 

optimization using 

SDS-IWO 

20.144 33.22 0.346 20.168 33.212 0.344 

Curvelet filter bank 

optimization using 

SDS-IWO 

19.548 34.272 0.336 19.64 34.306 0.336 

 

 
Figure 2 MSE for Curvelet Filter Bank Optimization Using SDS-IWO 

From the figure 2, it can be observed that the curvelet filter bank optimization using 

SDS-IWO has lower MSE by 76.39% & 75.7% for wavelet filter, by 32.35% & 73.49% for 

curvelet, by 8.15% & 7.26% for wavelet filter bank optimization using SDS, by 4.99% & 

4.87% for curvelet filter bank optimization using SDS, by 8.01% & 1.33% for wavelet filter 

bank optimization using IWO, by 4.81% & 2.92% for curvelet filter bank optimization using 

IWO and by 3% & 2.65% for wavelet filter bank optimization using SDS-IWO when 

compared with speckle noise and Gaussian noise. 
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Figure 3 PSNR for Curvelet Filter Bank Optimization Using SDS-IWO 

From the figure 3, it can be observed that the curvelet filter bank optimization using 

SDS-IWO has higher PSNR by 7.62% & 8.22% for wavelet filter, by 1.29% & 4.84% for 

curvelet and by 3.11% & 3.24% for wavelet filter bank optimization using SDS-IWO when 

compared with speckle noise and Gaussian noise. The curvelet filter bank optimization using 

SDS-IWO has lower PSNR by 1.83% & 1.03% for wavelet filter bank optimization using 

SDS, by 4.56% & 4.4% for curvelet filter bank optimization using SDS, by 1.88% & 2.68% 

for wavelet filter bank optimization using IWO and by 2.27% & 2.31% for curvelet filter 

bank optimization using IWO when compared with speckle noise and Gaussian noise. 

 
Figure 4 Standard Deviation/Mean for Curvelet Filter Bank Optimization Using SDS-

IWO 
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From the figure 4, it can be observed that the curvelet filter bank optimization using 

SDS-IWO has lower standard deviation/mean by 27.24% & 28.57% for wavelet filter, by 

13.85% & 30.73% for curvelet, by 8% & 7.44% for wavelet filter bank optimization using 

SDS, by 5.21% & 5.21% for curvelet filter bank optimization using SDS, by 11.76% & 

4.08% for wavelet filter bank optimization using IWO, by 9.09% & 2.35% for curvelet filter 

bank optimization using IWO and by 2.93% & 2.35% for wavelet filter bank optimization 

using SDS-IWO when compared with speckle noise and Gaussian noise. 

The figure 5 & 6 shows the input and output images for wavelet and curvelet 

optimization using SDS-IWO. 

  
Figure 5 Input and Output Images for Wavelet Optimization Using SDS-IWO 

  
Figure 6 Input and Output Images for Curvelet Optimization Using SDS-IWO 

5 CONCLUSION 

The SAR images are inherently affected by multiplicative speckle noise, due to the 

coherent nature of scattering phenomena. The technique proposed in this work is wavelet and 

curvelet filter bank optimization using IWO. A noise removal technique called image 

denoising is used in removing noise from noisy image. The wavelet transform concentrates 

on representing the image in multi-scale and it is appropriate to represent linear edges. The 

curvelet transform’s idea is decomposition of the images into subbands i.e., separating of 

objects into a series of disjoint scales. IWO is a technique that is based on the weeds’ nature 

to colonize and find a location which is well-suited for growth and reproduction. IWO is a 

numerical stochastic optimization technique which can find its application successfully to 

determine global minimum or maximum of multivariable function which represents the 

problems that need to be solved. Results show that the curvelet filter bank optimization using 
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SDS-IWO has higher PSNR by 7.62% & 8.22% for wavelet filter, by 1.29% & 4.84% for 

curvelet and by 3.11% & 3.24% for wavelet filter bank optimization using SDS-IWO when 

compared with speckle noise and Gaussian noise. The curvelet filter bank optimization using 

SDS-IWO has lower PSNR by 1.83% & 1.03% for wavelet filter bank optimization using 

SDS, by 4.56% & 4.4% for curvelet filter bank optimization using SDS, by 1.88% & 2.68% 

for wavelet filter bank optimization using IWO and by 2.27% & 2.31% for curvelet filter 

bank optimization using IWO when compared with speckle noise and Gaussian noise. 
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