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ABSTRACT

Speckle is a random multiplicative noise which aipss the perception and extraction of fine details
ultrasound images and speckle reduction is negessamprove the visual quality of ultrasound imader
better diagnosis. This study aims at introducinglgorithm by hybridizing bilateral filter with NghShrink.
The bilateral filter is applied before decompositand after reconstruction of the image using discwavelet
transform to improve the denoising efficiency anggerve the edge features effectively. The wavelet
thresholding scheme NeighShrink is used for thrieliing of wavelet coefficients. The algorithm is texb
with synthetically speckled and real ultrasounddes Quality evaluation metrics such as Peak Signal
Noise Ratio (PSNR), Edge Preservation Index (ERt) @orrelation Coefficient (CoC) are used to assess
the performance of the proposed method. Experirhezgalts show that the proposed scheme improwes th
visual quality of ultrasound images by suppres#iegspeckle noise while retaining edges.

Keywords: Speckle Noise, Ultrasound Image, NeighShrink, tBiia Filter

1. INTRODUCTION Kuan et al., 1987) use a defined filter window to
estimate the local noise variance and perform the
Ultrasonography (US) is one of the widely used individual unique filtering process. The result is
diagnostic imaging tools, it is non invasive ancsimot generally a greatly reduced noise level in areas dhe
use X-rays or radiation. US has achieved exceflatient homogeneous. But the image is either blurred or ove
acceptance because it is safe, fast, painlessedatively smoothed due to losses in detail in non-homogenous
inexpensive when compared with the other imagingareas like edges or lines. To overcome the drawgbatk
modalities. One of the major drawbacks of the siirend spatial domain techniques, wavelet thresholding
image is poor image quality due to speckle noissz(iu techniques have been proposed for denoising of
and Pattichis, 2008). Only skilled radiologist camake medical images. The soft thresholding technique
effective diagnosis and hence limiting its use avevide proposed by Donoho (1995) is used for denoising of
network. In addition the presence of speckle corapdis  medical images (Fouragt al., 2005), in which the main
the image processing tasks like segmentationcritical task is the selection of threshold. VistiBk
(Hiransakolwonget al., 2003), feature extraction and (Donoho, 1995), SUREShrink (Donoho and Johnstone,
classification. Hence, speckle suppression is @atdn 1995) and BayesShrink (Chargy al., 2000) are the
improve the visual quality and possibly the diadicos different methods proposed for the selection oéghold
potential of ultrasound imaging. Many noise recutti  value. Cheret al. (2004) proposed a wavelet thresholding
techniques have been developed for removing specklscheme based on wavelet -coefficients within a
noise and retaining edge details in ultrasound @sag neighborhood and its improved version
Most of the standard filters (Lee, 1981; Fretsal., 1982; NeighShrinkSURE was proposed by Dengwen and
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Wengang (2008). In SmoothShrink (Mastriani and « Reconstruct the image using the modified detail

Giraldez, 2005) a Directional Smoothing (DS) funati subband coefficients
is used to reduce the speckle noise in Synthetic
Aperture Radar (SAR) images. The main strengtthef t The hard and soft thresholding functions are

wavelet thresholding technique is the capabilityreat described as in Equation (1 and 2):
the different frequency components of an image

separately but the problem experienced in this is w,|w|>T

generally smoothening of edges. The bilateralrfittas T —{ ' . (1)
proposed as an alternative to wavelet thresholding "™ 0,otherwise

(Tomasi and Manduchi, 1998). Bhongeal. (2012)

used bilateral filter for denoising of medical inesgand w-T,ifw >T

the filter performed well in the case of Additivehite T (W)=|w+T,ifw <-T @)

Gaussian Noise (AWGN) compared to speckle noise.
To improve the efficiency of wavelet thresholding 0,if[w|<T

techniques, efforts have been taken to hybridizth wi

spatial domain filters. Wavelet domain Total Vaoat  \here, T is the threshold value and w is the wavele
(TV) denoising is one such hybrid technique presént coefficient. In  hard thresholding the wavelet
for suppressing both Gaussian noise (Bhoi and Mehercoefficient is unaltered if the absolute value bfis

2008) and speckle noise (Abrahienal., 2012). This  yreater than the threshold, otherwise it is setem as
method works well but the number of iterations & T (1). The soft thresholding given in (2) is artension

denoising lead to blurring effect. Multi-resolution ¢ o hard thresholding and in which the coeffitse
property of the wavelet and bilateral filter arentned, 456 apsolute values are lower than the threstield
for the removal of Gaussian noise (Zhang and Guntur set to zero and if the absolute value is greater th

2008) and speckle noise (NagaPrudhviRaj andcoefficients are modified b :
: y subtracting T from The
Venkateswarlu, 2012). In this framework based am th selection of threshold piays an important role in

application, the image is decomposed into multilevel wavelet denoising. The first category of threshold

th)pfgzr;na:tei(\)/ﬁl SL%% agga;enr? alf;l'éeraﬂlgr ?epc%“r?sdtrut&?otr? selection uses a universal threshold, in whichthheshold

the image. Wavelet thresholding is applied to tbeaidl IS common for all the wavelet coefficients of _thelsy

subbands. Due to multilevel processing the image and whereas the second category is subband
adaptive in which the threshold value is estim@oeeach

computational complexity is high. Rogt al. (2010) .
proposed a new model based on the hybridizatisofif subband separately. Most of the wavelet domainkipec

thresholding and bilateral filter for denoising riety ~ SuPpression filters (Sudhat al., 2009) apply first

of noisy images including ultrasound image. Iog_anthmlc transformation to convert_ multlp!|cae|v
This study aims at introducing a novel method which Noise to AWGN. The transformed image is then

uses bilateral filter and the wavelet thresholdsepeme ~ denoised by wavelet thresholding or by Bayesian

NeighShrink to enhance the visual quality of uthasd shrinkage. The medical ultrasound devices oftetude

images for better diagnosis. internal data pre-processing like a logarithmic
compression of the dynamic range of the data (lLoaad

2.MATERIALS AND METHODS Pattichis, 2008). Noise in the resulting image ® n

purely multiplicative and additional logarithmic

2.1. Wavelet Thresholding transformation prior to speckle filtering seemssles

appropriate. Also, the wavelet based homomorphic

In wavelet based denoising methods the imagess fir filtering is computationally expensive due to laganic

decomposed into approximation (LL) and detail (ItH,, : 4 .
;. . and exponential operations. In a non-homomorphic
HH) subbands. The smaller coefficients of detddbsunds wavelet domain technique (Thakur and Anand, 2006) f

are processed via hard or soft thresholding and thethe effective speckle reduction in ultrasound insaghe

modified coefficients are used to reconstruct thage. - ) . .
The general wavelet based denoising involvesN0IiSy image is decomposed up to five levels. Thay m
three steps: increase the computational complexity, hardware
requirement and also cost. The proposed algorithra i
e Compute the wavelet transform of the noisy image non-homomorphic approach and the noisy image is

+  Apply a threshold to the detail subband coeffigent subjected to one level of decomposition.
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2.2. NeighShrink

The wavelet-domain image thresholding scheme

NeighShrink (Chen et al., 2004) incorporates
neighboring wavelet coefficients. In Neighshrinke th

magnitude of the squared sum of all the wavelet y(i,]) =s==ntimn

coefficients within the neighborhood window is take
into account for thresholding. The neighborhood
window size should be odd; i.e., it can be 3x3, ,5x5
7x7, 9x9 But, through the results the authors ssigge
that the window sizes of 3x3 and 5x5 are good @wic
for NeighShrink and the shrinkage function for any
arbitrary 3x3 window, depicted iRig. 1 centered at (i,

j) is given by Equation (3):

el

In  NeighShrink the universal
estimated as in Equation (4):

T,=0,42logL

where, L is the size of the image and the noisedstal
deviationo, is estimated using Equation (5):

B, = 3)

threshold , Tis

(4)

o = median{ w; :i,j0 HH]

" 0.6745 ®)

The squared sumi,jé of all the wavelet coefficients
within the neighborhood window is computed accogdin
to Equation (6):

(6)

The ‘+' sign in the formula indicates to keep the
positive values and when it is negative it is serzéro.
The centre wavelet coefficiesit; is then estimated from
the noisy wavelet coefficientjypas in Equation (7):

Wi,j =B,;wi;

(7)

2.3. Bilateral Filter

The bilateral filter proposed by (Tomasi and
Manduchi, 1998) is a nonlinear, edge preservingffil
The filter replaces each pixel by the weighted ager
of the pixels in the neighborhood. Let g(i, j) Heet
current processing pixel in the selected window fw o
size (2n+1), where n is the span of the filter. The
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output of the bilateral filter y(i, j) is computeas in
Equation (8):

itn i+n

2 2 We(s )W (sh (s}
8

itn i+n

2 2 W (s W (s

s=i-nt=i-n

where, W, and W are the domain and range weights,
which are described as in Equation (9) and (10):

e o 1 .
W.(s,t)= ex{-g(i'j)z‘cg(s’t)z] 10)

The domain and range parameteyando, control the
behaviour of weights. The bilateral filter is usiedthe
proposed algorithm since it is non iterative amdpse.

2.4. Proposed Method

The proposed method is a combination of
bilateral filtering and wavelet thresholding and is
illustrated in Fig. 2. In this method the image is
first denoised using bilateral filter. Daubechies-8
wavelet is used to decompose the image into four

subbands. The  wavelet shrinkage technique
NeighShrink is applied on the detail subband
coefficients and the image is reconstructed using

modified wavelet coefficients. Finally bilateraltéiring
is applied to get the despeckled image.

Algorithm:

Step 1: The noisy image is processed using bilatera
filter

The processed image is decomposed to one
level using discrete wavelet transform, which
gives rise to four subbands (approximation
subband LL, detail subbands LH, HL and HH)
and wavelet thresholding technique
NeighShrink is used to threshold the wavelet
coefficients of the detailed subbands

The inverse wavelet transform is applied on
the modified wavelet coefficients to
reconstruct the image

The bilateral filter is applied at the lagtge to
get the despeckled image

Step 2:

Step3:

Step 4:
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Fig. 1. lllustration of the neighborhood window
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Fig. 2. Proposed method

The performance of the proposed method mainly Peak Signal to Noise Ratio (PSNR) (Sakrison, 1997)
depends on the parameters of the bilateral filfdre is computed as in Equation (11):
parameters are window size w, domain and range
parameterscy and o,. The optimal values of these pgNR= 10|093(2552] [dB (11)
parameters are obtained by performing experiments o MSE '
both synthetically speckled images and ultrasourabes.
The window size w of the bilateral filter for desinig of Root Mean Square Error (RMSE) (Gonzalez and
synthetically speckled images is 11x11 and fomstiund ~ Woods, 2008), which is the square root of the sfLiarror
images, it is 3x3. The value 6f = 1.8 for both the type of ~ averaged over MxN window is given by Equation (12):
images ana, = ko wherec is the noise standard deviation
estimated using robust median estimator. The \afiles _ 1 o )
tuned to get the optimal performance. RMSE \/MXN .=z1§1 05 -3 (12)

2.5. Quality Metrics MxN is the size of the image and X, y represents th
The performance of various speckle reduction original and denoised images respectively.

techniques is evaluated using the following stathdar Edge Preservation Index (EPI) (Sattaal., 1997) is

image quality assessment metrics. computed according to Equation (13):
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_ 3 (A - AX)(Ay - Ay) 13 public medical image databasg Medison available at
—Av\2 A2 13) http://www. medison.Ru/uzi/eho240.htm. The
2 (Bx - Ax)*(Ay - Ay) gde 20 ) _
guantitative evaluation is problematic as therends
¢ reference image without speckle. So, for quantieati
evaluation the noise is added artificially to twpes
of images using MATLAB command. The first type is
L, ) i the synthetic image which consists of regions with
Ay are the mean values of the high pass filteredvess | niform intensity and sharp edges (Test image-te T

EPI

where,Ax and Ay are the high pass filtered versions o
images x and y, obtained with a 3x3 pixel standard

approximation of the Laplacian operator. Th& and

of Ax andAy respectively. second category is ultrasound image (Test image -2,
Correlation Coefficient (CoC) (Sattat al., 1997) is  Healthy brain; Sagittal view) in which the speckle
computed as in Equation (14): noise was previously suppressed. The proposed

L approach is implemented in MATLAB and to compare
CoC = 2X-X)(-y) (14) the performance of the proposed method with the

\/Z(X_;)z(y_y)z existing techniques, the results are presented in
Table 1 and 2. The value of k used in computirg
where, x and y are the mean of the original and fanges from 2 to 20 and it is obtained with differe

. . . . trials.
denoised image respectively. The CoC is used to Table 1 summarizes the PSNR, RMSE, EPI and

measure th? similarity between the original image a CoC of various methods at two different levels of
despeckled image. noise variance o¢ = 0.02, 0.06) for the synthetic
image (Test image-1). The quality metrics obtained
3. RESULTSAND DISCUSSION for ultrasound image (Test image-2) with noise
variance ofs? = 0.03 and 0.05 are given ifable 2.

To test the efficiency of the proposed algorithm o qualitative analysis the despeckled images are
both synthetic and real ultrasound images are usedghown inFig. 3-5.

The ultrasound image of liver was obtained from the

Table 1. Image quality measures obtained by various dempisiethods tested on synthetic image at two diffeneise levelsdq®=

0.02, 0.06)
Quality measures

Method PSNR (dB) RMSE EPI CoC
Speckled input image 28.99 0.0502 0.6427 0.9662
(Test image-1y2= 0.02
Soft thresholding 31.29 0.0385 0.6718 0.9794
BayesShrink 30.62 0.0417 0.7101 0.9762
NeighShrink 32.23 0.0346 0.7832 0.9834
Wiener filter in wavelet domain 30.61 0.0417 0.7500 0.9768
Bilateral Filter 3191 0.0359 0.7707 0.9823
Soft thresholding and bilateral filter 35.26 0.0267 0.9181 0.9913
TV and Wavelet 33.29 0.0314 0.8228 0.9831
Proposed method 36.55 0.0230 0.9272 0.9931
Speckled input image 24.21 0.0871 0.4259 0.9058
(Test image-1y= 0.06
Soft thresholding 28.30 0.0544 0.4833 0.9589
BayesShrink 26.83 0.0644 0.4863 0.9438
NeighShrink 28.39 0.0538 0.5586 0.9596
Wiener filter in wavelet domain 29.01 0.0501 0.5617 0.9655
Bilateral Filter 28.76 0.0516 0.5820 0.9628
Soft thresholding and bilateral filter 29.73 0.0504 0.7286 0.9676
TV and Wavelet 29.92 0.0471 0.6413 0.9609
Proposed method 30.29 0.0473 0.7431 0.9707
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Table 2. Image quality measures obtained by various derpisiathods tested on ultrasound image (Test imaga-®)yo different

noise levels¢?= 0.03, 0.05)

Quality measures

Method PSNR (dB) RMSE EPI CoC
Speckled input image 28.39 0.0481 0.6427 0.8702
(Test image-2y2= 0.03

Bilateral Filter 31.08 0.0352 0.5928 0.9190
Soft thresholding 31.73 0.0328 0.4461 0.9267
BayesShrink 31.49 0.0337 0.5936 0.9256
NeighShrink 32.24 0.0309 0.5951 0.9358
Wiener filter in wavelet domain 31.75 0.0327 0.4574 0.9249
Soft thresholding and bilateral filter 32.69 0.0294 0.4872 0.9392
TV and Wavelet 31.99 0.0318 0.4466 0.9303
Proposed method 33.33 0.0273 0.6019 0.9475
Speckled input image 26.21 0.0619 0.4027 0.8038
(Test image-2y2= 0.05

Bilateral Filter 30.17 0.0392 0.5148 0.9002
Soft thresholding 30.39 0.0382 0.3644 0.9023
BayesShrink 30.04 0.0398 0.4781 0.8982
NeighShrink 30.50 0.0378 0.5173 0.9080
Wiener filter in wavelet domain 31.31 0.0344 0.3805 0.9158
Soft thresholding and bilateral filter 31.68 0.0392 0.4106 0.9227
TV and Wavelet 30.51 0.0377 0.3712 0.9040
Proposed method 32.15 0.0312 0.5222 0.9306

@

Fig. 3. Denoising results of various speckle filtering nogth on 128x128 artificial speckle simulated synithishage (Test image-
1), (a) Test image-1(b) Speckle Simulated(c) Wiener-Wavelet,(d) Soft Thresholding,(e) Bilateral Filter, (f)
NeighShrink,(g) Soft thresholding and bilateral filtl)) Proposed Method
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@) (b) (©)
(e) ® @

Fig. 4. Denoising results of various speckle filtering hreets on 128x128 ultrasound speckle simulated inf&gst image-2), (a)
Test image-2b) Speckle Simulate¢t) Wiener-Wavele{d) Soft Thresholdinde) Bilateral Filter,(f) NeighShrink(g) Soft
thresholding and bilateral filter (h) Proposed Mueth

@) (b) (c)
(d) (e) ®

Fig. 5. Results of various methods on real ultrasound ar(@j Original image- Liver (b) Soft thresholdif@ Wiener-wavelet (d)
NeighShrink (e) Soft thresholding and bilaterétiefil (f) Proposed Method

(d)

(h)
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4. CONCLUSION Donoho, D.L., 1995. De-noising by soft-thresholding
IEEE Trans. Inform. Theory, 41: 613-627. DOI:
From the quantitative results ihable 1 and 2, it 10.1109/18.382009
may be observed that the proposed method outpesformDonoho, D.L. and I.M. Johnstone, 1995. Adapting to
the spatial domain filter (Bilateral filter), wawesl unknown smoothness via wavelet shrinkage. J. Am.
thresholding techniques (Soft thresholding, Stat. Assoc., 90: 1200-1224. DOI:

BayesShrink and NeighShrink), Wiener filter in 10.1080/01621459.1995.10476626
wavelet domain (Rangsanseri and Prasongsook, 2002fourati, W., F. Kammoun, M.S. Bouhlel, 2005. Metlica
soft thresholding and bilateral filter (Rogt al., 2010) image denoising using wavelet thresholding. J.
and TV and wavelet (Abrahimt al., 2012). Test. Evaluat., 33: 364-369.

The higher values of EPI indicates that the Frost, VS., J.A. Stiles, K.S. Holtzman and J.
combination of the wavelet thresholding technique Shanmugam, 1982. A model for radar images and

NeighShrink and bilateral filter preserves edgetebe its application to adaptive digital filtering of
than the soft thresholding and bilateral filter. €Th multiplicative noise. IEEE Trans. Patt. Anal.
significant improvement in the other quality mesric Mach. Intell., 4: 157-166. DOL:

(PSNR, CoC) indicate the usefulness of the proposed 10.1109/TPAMI.1982.4767223

method interms of denoising and feature presematio Gonzalez, R.E. and R.C. Woods, 2008. Digital Image

The resultsKig. 3-5) show that the visual quality of the Processing. 1st Edn., Pearson Education, Upper

images has also been improved by the proposed thetho Saddle River, ISBN-10: 013168728X, pp: 954.
Hiransakolwong, N., K.A. Hua, K. Vu and P.S.
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