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Abstract 
We suggest an innovative method for eliminating speckle sound from 

the ultrasound pictures. Speckle sound is seen in ultrasound images like 

multiplicative sound. The intended algorithm integrates bilateral filter and 

also shrinkage combined enhanced total variation (SCETV) method. For 

denoising, we intend the adaptive trilateral filter to speckle noise exclusion 

and it is integrated with Shrinkage combined total variation method. The 

images that result from the SCETV method is merged utilizing the Dual 

Tree Complex Wavelet Transform (DTCWT). Accordingly, images are 

noiseless which are further subjected to image reinstallation methodology 

employing the hybrid Krill Herd (KH) algorithm and Richardson-Lucy 

(RL) approach. This method efficiently eliminates the speckles from the 

ultrasound images. Quantitative measures of signal denoising were 

achieved better and computational complexity of the design is lesser than 

that of numerous other methods to speckle elimination in ultrasound 

images. Simulation result illustrates that the intended method outperforms 

the other existent methods resulting higher PSNR value.  
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bilateral filter.  

 

1. Introduction and Background  

Digital images are generally affected by noise signals that pose challenges in 

several image processing applications of medical image assessment and 

diagnosis; astronomical image processing; inaccessible sensing applications etc. 

Therefore, it becomes essential to evacuate noise signals from the medical or 

any digital images before the images are predominated to further assessment 

and processing. Divergent image denoising methodologies [1-4] utilizing 

divergent filters are suggested and executed in former decade. Several linear 

and also non-linear filters [5, 6] have been implemented for image denoising 

purpose used for different applications. Medical images [1, 7-10] are now used 

for diagnosing the diseases in all modern hospitals regarding detection of 

abnormalities in human body with the assistance of a radiologist. Here, Medical 

images are attained utilizing medical imaging systems [11] that provide the 

information about the anatomy, physical and metabolic activities of various 

parts of human body. 

Magnetic Resonance Images (MRI) [7,9], Positron Emission tomography 

(PET)[12], Computerized Tomography (CT) [7,9,13,14] scan, Ultra Sound(US) 

[ 7,15-22] images etc are hugely used in all modern diagnosis institutes. Though 

it is tough to derive the required medical images owing to the imaging environ; 

restrictions of physical imaging; and also the noise signals owing to divergent 

sources [8], Noise is intrinsically presenting in medical images which may 

cause reduction in visibility of the image details of edges, fine structures, ridges 

etc. MRI images have been sternly influenced by rician noise [8], ultrasound 

images are influenced through speckle noise. Generally Gaussian noise prevails 

in CT images [1, 8, 23, 24]. Speckle noise has been the inherent belongings in 

the US images [16]. Due to presence of noise, details of images are not visible 

properly that creates difficulty in reliable diagnosis of the diseases by the 

radiologists and physicians.  

The noise is typically assumed as additive signal with a zero-mean, constant-

variance having Gaussian distribution [8] or Poisson distribution [8]. But the 

noise of MRI images has rician probability density [8] function (PDF) and 

Gaussian distribution is found in CT images. The speckle noise existing in US 

images are observed like multiplicative noise [7] which is multiplied with the 

pixel values in the images. Speckles are generated owing to scattering 

phenomenon in consistent imaging systems used for ultrasound imaging. 

Scattered features imitate the incident waves fronting the sensors and also the 

back scattered consistent waves with divergent phases experience constructive 

and also destructive intrusion in haphazard manner. Lastly, the image despoiled 

by a haphazard granular pattern, named as speckle. Sometimes, the noise is 

called as “texture” and thence its removal becomes a significant task to get good 
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ultrasound images [11]. The usage of US systems is generally safer and easier 

as matched with MRI [7,9] and CT scan [13,14].  

    

2. Related Works 

We have studied several research papers related to image de-noising of 

ultrasound and other medical images. The salient conclusion and restrictions of 

few important research contributions are discussed.  

Zong et al. (1998) presented an algorithm for speckle noise elimination and also 

for contrast development of echo-cardiographic images. Wavelet shrinkage 

methods were utilized for eliminating the noise preserving local structures and 

object boundaries further to contrast enhancement. These preserved details are 

important for diagnostic applications. This method does not have effect of 

pseudo-Gibbs phenomena. However denoising and feature enhancement are two 

conflicting objectives hence there would be a trade-off betwixt such two 

requirements. Also quantitative analysis is not measured regarding PSNR in this 

paper[15].  Elad(2002) suggested bilateral filter utilizing the Bayesian concept 

implemented as an iterative algorithm. The method removed the noise signal 

efficiently and produced better results but statistical parameters were not used 

properly for assaying the noise removal amount. This method is utilized as 

substitute methods of anisotropic diffusion, the weighted least-squares and other 

techniques. However, no theoretical background supports the supporting the 

bilateral filter [23]. 

Zhang et al. (2008) implemented a nonlinear filter which is actually a bilateral 

filter that performs averaging operation without any adverse effect on edges. 

Choice of the parameters of filter was reported as a salient component for 

checking whether the outcomes are consistent or not. The disadvantage of this 

methodology is that it needs training process for optimizing the filters’ 

parameters [6]. An empirical assessment of the optimal bilateral filter was made 

regarding parameter selection for image denoising. The bilateral filter was 

slightly modified and multiresolution bilateral filter was integrated with wavelet 

thresholding to develop a new framework for noise evacuation from digital 

images. This method’s performance is satisfactory as Bilateral filtering 

methodology is integrated with the bayes-shirnk thresholding. The result could 

be improved after selecting the other thresholding method. Also detailed 

analysis of parameter selection is not done [5].    

Wong (2008) presented perceptually based noise removal method addressing 

the signals characterized through minimal signal to noise ratios. This method 

utilizes local phase characteristics in an image signal used for performing 

bilateral filtering methodology adaptively. The noise was removed along with 

enhancement of perceptual quality of images quantitatively and qualitatively. 

[26]. Zhang et al. (2008) presented an adaptive bilateral filter (ABF) which 

removes the noise and enhances the sharpness by augmenting the edges slope 
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with no outcome of any overshoot or else undershoot. The edge slope is 

developed through renovating the histogram having the assistance of a filter 

utilizing adaptive offset and also width [5]. Anyhow the obtained PSNR values 

for the denoised images in [5,26] are lesser than the other presenting methods.       

Rabbani et al. (2008) studied multiscale nonlinear thresholding techniques for 

despeckling US images for dealing with the multiplicative property of speckle 

noise. A logarithm of image is computed and thresholding; logarithm of image 

is designed as the total of a noise-free feature and an isolated noise. Noise-free 

component assumed to carry local mixture distribution (MD) and noise 

component can be of Gaussian or Rayleigh distribution. The minimum mean 

squared error (MMSE) and the averaged maximum a posteriori (AMAP) 

estimators to noise reduction were assayed utilizing for noise evacuation. In this 

paper it is noted that the method performance is enhanced by utilizing 

complicated prior designs [16].     

 Fu et al. (2010) proposed speckle reduction method in ultrasound images 

through integrating DTCWT with an innovative quantum-inspired adaptive 

threshold function where a non-Gaussian statistical design is utilized for the 

complicated wavelet coefficients in adaptive manner. The probability of noise is 

selected as per the noise coefficients and also their parents in multi-scale sub-

bands. However quantitative with qualitative parameters are not demonstrated 

regarding PSNR, SSIM etc. [17]. Finn et al. (2011) studied fifteen speckle 

reduction methodologies to denoise medical ultrasound such as anisotropic 

diffusion, wavelet denoising, local statistics etc. This was reported that oriented 

speckle reducing anisotropic diffusion (OSRAD) method gives the optimal 

results regarding SNR hence it is capable of strong speckle reduction. [18].     

Andria et al. (2013) proposed parametric thresholding technique to evacuate the 

speckle from the ultrasound images utilizing an adaptive data-driven 

exponential operator. This method operates on wavelet coefficients of the US 

image and suppresses the undesired effects preserving image signal details. The 

method results improved image quality. Although the performance parameters 

observed in [7] demonstrates that the recommended method in [7] outperforms 

regarding PSNR but edge preservation is not mentioned which is most 

important in medical imaging. Ranjani et al. (2015) implemented DTCWT 

based Levy Shrink algorithm for speckle noise removal from the US images. 

The coefficients in each wavelet sub-band are modeled by heavy tailed Levy 

distribution and scale parameters. These parameters of Levy distribution are 

projected by utilizing fractional moments and Bayesian estimator was used to 

evacuate the noise from ultrasound images [19].  

Gupta et al. (2015) presented a speckle removal methodology which is 

regarding modified non-linear diffusion model and non-sub sampled shearlet 

transform (NSST) employing depiction of the image coefficients. The amended 

anisotropic diffusion is utilized to the noisy coarser NSST coefficients which 

assists for enhancing the efficacy of the noise removal methodology and 
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conserved the edges potentially [20]. The method proposed in [20] gives 

satisfied results but it can be further improve to get better results.  

The review of prevailing literature highlights various challenges in current 

research on noise removal from ultrasound images. Many techniques have been 

discussed above which removes the noises efficiently but there is a trade-off 

between noise repression and feature conservation. Therefore a novel technique 

is yet to discover which will not only suppress the noise but conserves the fine 

structures, features and other details also the complexity must be minimum. The 

proposed method as a combined approach attempts to deal with the difficulties 

of existing research contributions and produce better results. 

3. Methodology 

This section discusses the proposed Shrinkage Combined Enhanced Total 

Variation (SCETV) method to remove speckle noise from the US images. We 

have implemented this method by integrating two de-noising methods, Bivariate 

thresholding technique [18] and Enhanced total variation method [2, 28], with 

the assistance of DTCWT fusion technique [27]. The method of implementation 

includes following steps: 

 Pre-processing   

 SCETV based de-enoising  

 Image fusion utilizing DTCWT 

 Image restoration by optimized KH based RL 

In this paper Speckle noise removal technique is proposed hence considering 

the US image ),( jiI U

 is despoiled through speckle noise [16] hence it gets 

converted to ),( jiI USP

. Our intent is evacuating speckle noise from ),( jiI USP

and for obtaining the actual image ),( jiI U

. However it is not possible to 

removal the complete noise from the noisy image and to get the actual image. 

So our intent is to derive the denoised image that has several details as in 

original one. Following are the step to achieve our goal. 

 Preprocessing 

This step includes the filtering of the noisy US image by using three various 

filtration techniques. Speckle noise can be removed by bilateral [23] filter but 

this noise added image is passed through the three filters Median 

Filter[10,29,30], Median Modified Weiner Filter[31] and Bilateral filter[23] for 

the better quality of the image. 

  Median Filter 

Median filter is one of the most effective filters used for image denoising. It 

evacuates the noise which is available in the image in the spikes form. In this 

filter square window of size (2k + 1) × (2k + 1) are used and the central pixel is 

substituted with the median of the window pixels. Here, the inner values of grey 

levels of each window are categorized and the middle value is then the median. 

International Journal of Pure and Applied Mathematics Special Issue

1113



One of the benefits of the median filter is its high capability in mitigating 

impulse noise [10, 29], but it is not true for Gaussian noise. Another advantage 

of this filter is a new grey level value will not be generated, although it may 

occur in mean filtering. But, its chief disadvantage is the relocation of the image 

edges as large as half of the window size. In this approach, the level of 

denoising is improved by considering a larger window size, but it may cause 

more relocation on the image edges [30].  

  Median Modified Weiner Filter (MMWF) 

It has been a nonlinear adaptive spatial filter. It is appropriate for global 

denoising i.e. owing to its finest setting invariant of the kind of noise unlike MF 

and also wavelet related filters whose best performance is for spikes and also 

Gaussian noise respectively. In the spatial domain filters; the general parameter 

is the kernel size which is also called window or mask. It is a small m  n pixels 

area around a pixel which is to be processed. Normally n  n kernel is used. In 

MF; the processed pixel value is resolved by the median (a nonlinear operator) 

of the adjacent pixels unlike mean (averaging) filter in which mean (a linear 

operator) of the adjacent pixels is calculated to replace the processed pixel. 

Hence it is lesser sensitive than the mean to maximum values (named outliers). 

MF mitigates the spikes from the images and conserves the edges as matching 

with the mean filter. Another 2D denoising technique is adaptive Wiener 

filtering(WF) which belongs to the linear filter family and it is utilized to an 

image adaptively, that tailors itself to the local image variance. When the 

variance is huge, it functions little smoothing and also if variance is tiny, it 

functions more smoothing. It frequently proffers improved results than non-

adaptive linear filtering regarding smoothing the edges hence WF preserves the 

edges. The assay of the local (i.e. considered in the kernel) means µ and 

variance σ
2
 around every pixel in the image is 

         (1) 

         (2) 

where M-by-N is the dimension of the local neighbourhood area η enclosed in 

the kernel, and a(m, n) is a notation for recognizing every pixel enclosed in the 

area η. Pixel-wise WF is implemented by using these estimation to calculate the 

novel pixel value b which is denoted as: 

  (3) 

where ² is the noise variance. MMWF merges the complementary qualities and 

abilities of both MF and WF simultaneously it nullifies the respective defects. 

The MMWF [31] concerns the local kernel mean around every pixel m. This 

value is substituted with the approximation of the local kernel median around 

every pixel ),( jiI A ~m, resulting in the following formula.    

)),((),(
~

2

22~

jiajiIMMWF

         (4)
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The MMWF function is available for free downloading from http:// 

www.mathworks.com/matlabcentral/ (tag: Median-Modified Wiener Filter). 

 Bilateral Filter  

This is an alternative of the wavelet based denoising methods. By the 

combination of two Gaussian filters; Bilateral Filtering is achieved. One filter 

functions in spatial domain while another filter functions in intensity domain. It 

is an alternative technique to wavelet thresholding methods. It evacuates the 

noise signals from the images effectively and retains their edges by applying 

spatial weighted averaging without smoothing the edges [23]. Since it uses two 

filters in spatial domain and intensity domain; therefore  the  spatial  distance  

and also    the  intensity  distance  has been also significant for  the    weights 

determination. At a pixel x  location, the throughput of a bilateral filter is 

formulated that follows, 

)(
2

)()(1
)(

2

2

)(

2 2

2

jI
iIjI

ee
NC

iI
riNj

ij

USP d                                             (5) 

Where rd and  have been parameters restricting the weights fall-off in 

spatial and also intensity domains, correspondingly, )( jN has been a spatial 

neighborhood in pixel and NC  has been the normalization constant that is 

mentioned as, 

       )(
2

2

2

2

)()(2

2

iNj r

ij

iIjI
eeNC d                                                         (6) 

In Equ. (4), the parameter rd and  have been the spatial and also intensity 

domain attitude and controls the behavior in the bilateral filter.  

 

  SCETV Denoising Technique 

The image derived from the bilateral filter ),( jiI USP to speckle noise appended 

US image is provided to the following step that is known as SCETV method. 

This suggested technique is the amalgamation of the Bivariate Shrinkage[32] 

and  also the Enhanced Total variation method. The throughput of the BF is 

provided to the bivariant shrinkage and also Enhanced Total Variation 

technique in equivalent.   

  Bivariant Shrinkage 

Several nonlinear wavelet thresholding methodologies presumed that wavelet 

coefficients have been independent. Anyhow, wavelet coefficients in the images 

contain salient dependencies. In [32], a bivariate probability density function 

(pdf) is suggested to design the statistical dependency betwixt a coefficient and 

also its parent, and associating bivariate shrinkage function is derived. The 

denoising in an image despoiled through speckle noise having variance 2

n
 is 

regarded.  Let 
kw2
denote the parent of 

kw1
 . The issue is created in wavelet 
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domain as 
kkk nwy 111

and 
kkk nwy 222

for considering the statistical 

dependencies betwixt a coefficient and also its parent. 
ky1

and
ky2

have been 

noisy observations of 
kw1

and 
kw2 ;  kn1

and
kn2

have been the noisy 

coefficients. We can write  

kkk nwy     (7) 

In which ),(),,( 2121 kkkkkk yyywww and 
kkk nnn 21 .   k= 1…no. of 

wavelet coefficients from this point, the coefficient index k are misplaced from 

the equations for enhancing the equations readability. The standard MAP 

estimator to w  provided the corrupted observation y  is 

(8) 

 

After few manipulations, such equation  is written as 
 

   (9)          

A non-Gaussian bivariate pdf  to the coefficient and also its parent as 

).
3

exp(.
2

3
)( 2

2

2

12
LBL

       (10)
 

The marginal variance 2 has been also reliable on the coefficient index k . 

Utilizing above equations, the MAP estimator of 
BI

I1
is obtained to be 

1
2

2

2

1

2
2

2

2

1

1

^

.
)(

3
)((

y
yy

yy

I

n

BI

                (11)                            

which is demonstrated as a bivariate shrinkage function[18]. Here (g)+ is 

signified as  

.,

0,0
)(

otherwiseg

gif
g

               (12)
 

This estimator demands the preceding information of the noise variance 2

n
and 

also the marginal variance 2 for every wavelet coefficient. The last throughput 

image of the derived bivariant shrinkage is explained as BI
I1

^

. 

  Enhanced Total Variation 

In this technique; denoising issue is created as an optimization issue whose 

solution is obtained utilizing the split-bregman procedure. The enhanced total 

variation (ETV) design expands the typical total variation design [33] and 

accounts for the spatial and also the spectral correlation. Here, the resulting 

optimization issue is rectified utilizing a split-Bregman approach. The images 

derived from the previous process is passed through the TV algorithm which 

)(maxarg)(
^

ywpyw wy
w

)]().([maxarg)(
^

wpwypyw wn
w
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gives the resulting image 

!
1

^
KTv

II                                                       (13) 

  Image Fusion Utilizing DTCWT 

The throughput of the BF is passed through the bivariant shrinkage technique 

[32] and Enhanced Total Variation technique in parallel which yields two 

resulting images. The throughputs of both the different technique give two 

denoised images; which are to be integrated together by using dual tree complex 

wavelet transform (DTCWT) technique and after image fusion [27] the output is              

  
BITvDTCWT

III 1

^

1

^

1

^

                                 (14)  

The DTCWT is preferred over conventional Discrete wavelet transform (DWT) 

techniques because DTCWT has good directional property and it is almost shift 

variant [25,34]. It is complex valued expansion to standard DWT. It utilizes 

complicated value sorting that disintegrates the real/complicated signal into 

actual and also imaginary segments in transform domain. Here, the original and 

also imaginary coefficient is utilized for computing amplitude and also phase 

facts. DTCWT have separated sub bands to positive and also negative 

orientations. DTCWT compute intricate transform of signal utilizing two 

discrete wavelet transform (DWT) decomposition.  

  The Image Restoration Using Optimized KH based RL 

This technique uses the KH method along with Richardson-Lucy (R-L) 

algorithm. In the image restoration process, the all-powerful Point Spread 

Function (PSF) is entrusted with the task of carrying out successful restoration. 

The optimized PSF through our new-fangled KH is advantageous to the RL 

algorithm for restoring the distorted image. The fused image DTCWT
I1

^

is passed 

through the optimized KH based RL algorithm. 

The noiseless image 
'

fI  attained from the hybrid filter appears to be distorted, 

hence it is highly essential to fine-tune the quality of the image. With an eye on 

boosting the noiseless image quality, we have resorted to the deployment of KH 

method along with Richardson-Lucy (R-L) algorithm [35]. In the image 

restitution procedure, the all-powerful Point Spread Function (PSF) is entrusted 

with the task of carrying out successful restitution. The optimized PSF through 

our new-fangled KH is advantageous to the RL algorithm for restoring the 

distorted image. The modus operandi of KH regarding PSF calculation is 

detailed as follows: 

STEP 1: Initially let us presume that the complete number of population as K  

and iterations as m xJ . 

STEP 2: Create the initial total population randomly with value
AM , where A = 

1, 2, 3....K individual enthalpies respectively. Establish the following 

parameters for the subsequent functions:  

 Foraging Speed 
AR  
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 Maximum induced speed maxM  

 Maximum iteration number m xJ  

STEP 3: Compute the fitness function through determining all individual 

enthalpies based on its present position. 

STEP 4: Analyze the motion by considering the three elements which are 

mentioned below: 

i) Accordance with other Total population values 

Selection of the 
thj  individual total population, such that 

jM can be defined as 

old

jsj

new

j MZMM max
                                       (15) 

Where, maxM maximum induced speed, 
old

jM previously induced motion, 

s
Inertia weight,          

T

j

L

jj ZZZ      (16) 

L

jZ Local effect delivered by the vicinity total population value, 
T

jZ

Target effect delivered by the vicinity total population values. 

ii) Foraging motion 

Foraging motion is nothing but the motion provoked to an individual total 

population owing to the existent of resources and its localities in the 

explanation. The foraging motion value for the j
th

total population is estimated 

by the succeeding equation: 
old

jfjfj RRR     (17) 

Where, Rj  Foraging Motion, R Foraging Speed, Ωf Inertia weight of 

the foraging motion, Rj Last foraging motion value 
best

j

evalue

jj
    (18) 

While, j Effect of total population values, 
evalue

j
 Effect of available 

total population values,
best

j  Effect of best total population value 

iii) Physical diffusion. 

This is the random diffusion of the enthalpies in the solution space. The total 

population computation is estimated from the speed of the enthalpies and a 

randomly created directional vector. The expression to compute this diffusion 

effect of total population is signified as follows: 
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mx

mx
j J

JJ
SS max      (19) 

Whereas,
maxS Maximum diffusion speed, Random directional vector 

between [-1, 1] 

STEP 5: If the condition of the optimization issue is not pleased, then again go 

to step3. 

STEP 6: Improve the new positions of the selected total population among the 

available total enthalpies correspondingly, 

Employing all the efficient parameters (
jM ,

jR ,
jS ) of the motion attained over 

time, the random position of the complete population during the interval f and 

f can be completed by the subsequent equation and the position of the each 

total population value is updated. According to uniform distribution function, 

dfdXffXff jj .    (20) 

jjjj SRMX            (21) 

Whereas, Δf, is termed as a Scale factor, 

STEP 7: If the termination standard is not met, then go to step3 and iterate the 

process duly. 

STEP 8: Else, if the termination standard is satisfied, then determine the finest 

possible solution in the search space. 

 Richardson-Lucy Algorithm 

The Richardson-Lucy (R-L) algorithm [35] employs a probabilistic method for 

restoring the deformed image. At this time the degraded image 
'

fI   is furnished 

as input, and an image k  that optimizes the possibilities of monitoring the 

image 
'

fI  is discovered. Taking the image as an scrutiny of a Poisson 

procedure, the probability function is denoted as: 

            z

zkzhzI

zI

ezkzh
kIp

)!(

)(*)(
)|(

'

)()*()(
'

'

             (22)
 

From this equation, a functional to be reduced, )|(log)ˆ( ' kIpkL  is 

achieved, expressing the maximum probability estimate as: 

 

))(ˆ*()]()ˆ*log[().()ˆ( ' zkhzkhzIkL

z          (23)

 

An iterative algorithm is likely to be derived from the above functional. It is 

termed as the Richardson-Lucy algorithm and is furnished by: 

 

)(ˆ)(*
)(*)(ˆ

)(
)(ˆ

'

1 zkzh
zhzk

zI
zk nn

        (24)
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This algorithm comes to a stop after a stable number of iterations. When the de-

convolution is ill-posed, which usually happens in real applications, the signal-

to-noise ratio tends to become exceedingly lesser to the number of iterations

n . In RL algorithm, a set of operations is performed for permanent 

number of iterations and at last, we come face to face with the expected, 

improved, reclaimed image '

fI  

4. Experimental Results 

The suggested denoising methodology discussed above is performed in 

MATLAB version 7.15. As we acknowledge that speckle is the inbuilt property 

of the ultrasound image and it debases the US images quality; it is essential to 

removal it from US images. Database of US images contains 50 images that are 

liberated from speckle noise. Thence for observing the performance of the p 

suggested novel methodology it is requisite for us adding speckle noise in the 

database of ultrasound images with divergent noise levels of the noise values. 

Our database contains the US images of various sizes. Since images are of 

different sizes; it is mandatory to resize and reformat the images so that 

performance evaluation can be done on the same basis.  

A noisy image is passed through the MF, MMWF and bilateral filters. Bilateral 

filter suppresses the noise to a certain extent. For further betterment The 

throughput of BF is given to two different filters simultaneously. These filters 

exploit ETV method and bivariate thresholding method.  The throughput of both 

the methods is fused using DTCWT related image fusion technique.  Further, 

the denoised image is regained by Richard-Lucy technique. The sample input 

images employed in this novel approach which are exhibited in figure 1. It 

contains five different US images randomly selected from the database. 

 

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

Figure 1:  US Images from Database Image 1 to Image 5 from Left to Right 

Speckle noise is appended to the US images which is observed from figure 1. 

To see the performance of the proposed techniques single US image is 

despoiled by different noise levels. Figure 2(a) to 2(e) exhibit noisy images 

despoiled by speckle with noise variance 0.1, 0.3, 0.5, 0.7 and 0.9 respectively. 

 

               (a) (b) (c) (d) (e) 
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Figure 2: US Noisy Images Influenced through Speckle Noise Variance 0.1 

 

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

Figure 3: US Noisy Images Influenced through Speckle Noise Variance 0.3 

 

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

Figure 4: US Noisy Images Influenced through Speckle Noise Variance 0.5 

After adding speckle noise; noise elimination process is to be started using 

proposed method of SCETV denoising technique.  The figure 5, 6 and 7 shown 

below illustrate the denoised images corresponding figure 2,3 and 4respectively. 

By observing the denoised figures; it is apparent that our suggested method 

proffers better performance. 

 

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

Figure 5: Denoised US Images which were Influenced through Speckle Noise Variance 0.1 

 

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

Figure 6: Denoised US Images which were Influenced through Speckle Noise Variance 0.3 

 

(a) (b) (c) (d) (e) 
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Figure 7: Denoised US Images which were Influenced through Speckle Noise Variance 0.5 

 Performance Analysis 
 Experiment 1 

The functioning of the novel method is effectively appraised with the assistance 

of four efficiency metrics viz. PSNR MSE, SNR and SSIM by duly modulating 

the speckle noise on both high and low levels of noise. In addition, graphical 

representation is given below for better comprehending of the suggested work. 

In this connection, the noise elimination feat of the novel technique for the 

evacuating of speckle noise joined to US image (splab.cz/en/download/ 

database/ultrasound) is associated with those of the prevailing denoising 

procedures regarding their performance evaluation parameters are effectively 

furnished in Table 1. 

Table 1: Proposed Filtering Methods PSNR, SNR, MSE and SSIM Value  

of Divergent Noise Variance Levels for Speckle Noise Added to US Image 
Performance Criteria Noise Variance Image 1 Image 2 Image 3 Image 4 Image 5 

PSNR 

0.1 34.4904 32.4035 32.0747 30.7071 31.2221 

0.3 31.6079 28.6678 28.7789 27.6354 28.002 

0.5 29.5911 26.5641 27.1486 25.3189 25.9839 

0.7 28.6958 24.8623 26.0848 24.0287 24.736 

0.9 27.1387 24.1924 25.2536 23.2821 23.736 

MSE 

0.1 0.0003556 0.00057498 0.00062099 0.00084976 0.00075472 

0.3 0.00069057 0.001359 0.0013247 0.0017237 0.0015842 

0.5 0.0010987 0.0022059 0.0019281 0.0029384 0.0030312 

0.7 0.0013503 0.0032641 0.0024633 0.0039549 0.0033605 

0.9 0.0019325 0.0038086 0.0029829 0.0046967 0.0042306 

SNR 

0.1 14.7856 16.112 14.5749 15.785 15.071 

0.3 11.9031 12.3764 11.2791 12.7133 11.8508 

0.5 9.8863 10.2727 9.6488 10.3968 9.0327 

0.7 8.9909 8.5709 8.5849 9.1066 8.5848 

0.9 7.4339 7.9009 7.7538 8.36 7.5848 

SSIM 

0.1 0.92724 0.89573 0.91142 0.83893 0.87751 

0.3 0.90652 0.85101 0.88293 0.78716 0.83988 

0.5 0.88296 0.82057 0.8607 0.74487 0.79141 

0.7 0.87352 0.79384 0.84223 0.72182 0.78758 

0.9 0.86307 0.77287 0.8314 0.69807 0.76835 

The above mentioned table 2 includes the PSNR and also MSE values of the 

intended SCETV method and the existing RL related methodology for the 

speckle noise at both low and also high noise level appended to the ultrasonic 

images. From the table it is noticed that the PSNR and MSE values for the 

suggested SCETV are higher than that of the existing one. The graphical 

representation for the table 2 is given below for the improved comprehending of 

the suggested one. 

 

Figure 8(i): PSNR Values Betwixt Test Images and their Denoised Images for  
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Divergent Speckle Noise Level 

 

Figure 8(ii): SSIM Values between Test Images and their Denoised Images  

for Divergent Speckle Noise Variance 

 

Figure 8(iii): SNR Values between Test Images and their Denoised Images  

for Divergent Speckle Noise Variance 

The above illustrated figure gives the comparison of the PSNR and also MSE 

values in the suggested SCETV technique with the existing RL based method. 

The comparison scenario of Figure 8(i) and (ii) gives the PSNR values and 

MSE values. From the graph it is understandable that the SCETV method yields 

the higher values than the existing one even varying on different noise levels. 

Table 2 presents the performance matrix for comparing our methodology with 

the other existent methods mentioned below. The methods whose performance 

is illustrated in [20]  

 

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

International Journal of Pure and Applied Mathematics Special Issue

1123



Figure 9: (a) Fetus Image (b) Noisy Fetus with Noise Variance=0.1 (c) Denoised Image 

Corresponding to Image b (d) Noisy Fetus with Noise Variance=0.3 (e) Denoised Image 

Corresponding to Image d 

For quantitatively evaluating the noise repression and also edge conservation 

capacity, divergent performance measures are utilized in our analysis. The peak 

signal-to-noise ratio (PSNR) [4] and SNR [43] are commonly used measures for 

quantifying the noise repression excellence of the filtered image. Anyhow, they 

do not imitate the edge or structure preservation execution of the denoising 

methodologies. Thus, for the quantitative assessments of structure and also edge 

conservation in the filtered images, structural similarity index (SSIM) [44]. 

Table 2 elucidates the performance stricture comparison amidst the divergent 

techniques against the proposed method. 

Table 2: Comparison among Various Methods of Spackle Reduction Methods  

Regarding PSNR,SNR  and SSIM 

Parameter Method Applied Noise Variance 

0.1 0.3 

PSNR method 1 17.06 15.58 

method 2 19.56 17.91 

method 3 18.31 16.5 

method 4 18.03 16.38 

method 5 18.8 16.82 

method 6 20.7 18.43 

method 7 20.89 18.59 

Proposed method 22.5353 19.0373 

SNR method 1 12.08 10.59 

method 2 14.57 12.92 

method 3 13.32 11.51 

method 4 13.04 11.39 

method 5 13.81 11.83 

method 6 15.71 13.45 

method 7 15.9 13.6 

Proposed method 16.5494 13.75 

SSIM method 1 0.5925 0.45978 

method 2 0.68 0.5752 

method 3 0.6077 0.5445 

method 4 0.6381 0.5816 

method 5 0.649 0.5095 

method 6 0.682 0.605 

method 7 0.6851 0.627 

Proposed method 0.72838 0.675 

From the table 2 it is apparent that the recommended method in this 

methodology outperform the other existent speckle reduction technique as 

calculated PSNR and SNR values obtained by the proposed method is higher 

than the other techniques. Also; calculated SSIM values are higher for different 

noise levels which indicate that it preserves the edge information. From the 

above discussion it is apparent that proposed method evacuates the speckle 
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noise and also retains the edge information efficiently which desirable in 

medical image is processing for accurate diagnosis. Plots for the parameters 

obtained by all the methods are elucidated in the graphs in figure 9(i) 9(ii) and 

9(iii) for PSNR, SNR and also SSIM respectively. 

  

 

 

Figure 10(i): PSNR Values Derived from Various Methodologies for Noise  

Variance 0.1 and 0.3 (ii): SNR Values obtained from Various Methodologies  

for Noise Variance 0.1 and 0.3 (iii): SSIM Values Derived from Various  

Methodologies for Noise Variance 0.1 and 0.3 

5. Conclusion 

In the suggested methodology repression of the impact of speckle noise by the 

US images in accomplished. In this structure combination of divergent filters is 

utilized for enhancing the US image quality which contains diagnosis 

significance. Firstly US image which is despoiled through speckle noise; is 

covered the three filters viz. median filter, MMW filter and BF and then output 

of BF is given for the equivalent processing called SCETV method. In this 

method ETV method and Bivariate shrinkage technique both are applied in 

parallel and their outputs are combined utilizing image fusion method. This 

fusion is done using DTCWT technique. During noise suppression process, 

parameters RL are optimized by using KH Algorithm. All this process has 

improved the noise removal performance and restoration techniques. The 

proposed technique’s performance is observed through computing denoised 

images’ PSNR value. From the above outcomes it is elucidated that 
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performance of the recommended method is more improved than the condition 

of art methods. Also this method revamps the image quality. 
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