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Abstract— This paper presents a review of wavelet thresholding techniques for despeckling of medical
ultrasound images. An ultrasound image is first transformed into wavelet domain and then the wavelet
coefficients are processed by different wavelet thresholding techniques. The denoised image is obtained
by taking the inverse wavelet transform of the modified wavelet coefficients. The performance of the
techniques reviewed in this paper is evaluated using the image quality assessment parameters such as
Peak Signal to Noise Ratio (PSNR), Edge Preservation Index (EPI) and Correlation Coefficient
(CoC).The practical implementation of this work is to determine the effective wavelet thresholding
technique that compromises between edge preservation and noise suppression.
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I. INTRODUCTION

Ultrasound imaging has become an important and widely accepted modality for non invasive imaging of the
human body because of its ability to produce real time images, its low cost and low risk to the patients. One of
the major drawbacks of this imaging is poor image quality due to speckle noise [1]. Only skilled
radiologist can make effective diagnosis and hence limiting its use over a wide network. In addition the
presence of speckle complicates the image processing tasks like segmentation [2], feature extraction and
classification. Hence, speckle suppression is essential to improve the visual quality and possibly the
diagnostic potential of ultrasound imaging. Speckle reduction filters in both spatial and transform domain are
discussed in [1].The spatial domain techniques may result in some problems such as blurring of edges,
destroying lines and other important image information [3]. To overcome the drawbacks of spatial filtering, a
wavelet based denoising method is introduced [4]. The soft thresholding technique [4] is used for denoising
of medical images ([5], [6]). The noise reduction in the wavelet domain is called wavelet shrinkage or wavelet
thresholding. In wavelet thresholding the image is first decomposed into approximation (low frequency) and
detail subbands (high frequency). The coefficients of the detail subbands are processed via hard or soft
thresholding. The selection of threshold plays an important role in wavelet denoising. There are two basic
threshold selection categories. The first category of threshold selection uses a universal threshold method, in
which the threshold is common for all the wavelet coefficients of the noisy image and whereas the second
category is subband adaptive and in which the threshold value is estimated for each subband separately. The
various threshold selection schemes proposed are Visushrink [4], SUREShrink [7] and BayesShrink[8]. In
NeighShrink [9] neighbor wavelet coefficients are taken into account for thresholding. NeighShrink SURE,
an image denoising method which is an improved version of NeighShrink [10]. The NeighShrink uses a
suboptimal universal threshold and identical window size in all the wavelet subbands, whereas the improved
version of it determines an optimal threshold and neighbouring window size for every subband by using SURE.
SmoothShrink proposed in [11] applies a Directional Smoothing (DS) function on the wavelet coefficients of the
detail subbands to reduce the speckle noise in Synthetic Aperture Radar (SAR) images.

In this paper, the different wavelet thresholding schemes are compared for ultrasound image denoising
based on the image quality assessment parameters.

Il. WAVELET THRESHOLDING

The properties which make wavelet transform attractive for denoising are multi-resolution and sparsity, and
as the wavelet transform is good at energy compaction, the smaller coefficients represent noise and larger
coefficients represent the important image features. The smaller coefficients present in the detail subband are
modified using wavelet thresholding techniques while the larger coefficients of the approximation subband are
unaltered. The Discrete Wavelet Transform of an image is implemented by filtering with a pair of quadrature
mirror filters along the rows and columns aternatively, followed by down sampling by a factor of two in each
direction. This filtering operation decomposes the image into four subbands (LL,HL,LH and HH) as shown in
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Fig.1(a).The LL subband contains the low frequency components in both the directions, where as HL, LH and
HH subbands contain the detail components in horizontal, vertical and diagonal directions respectively. The
above filtering process is iterated on the LL subband splitting into four subbands in the same way, and is given
in Fig. 1(b).

LL2 | HL2

LL1 HL1 HL1
LH2 | HH2

LH1 HH1 LH1 HH1

Figurel. Two dimensional Discrete Wavelet Transform- (a) First level of decomposition (b) Second level of decomposition

The general wavelet based denoising involves three steps

i) Compute the wavelet transform of the noisy image

ii) Apply athreshold to the detail subband coefficients

iii) Reconstruct the image using the modified detail subband coefficients
The main task of wavelet thresholding is the selection of threshold value and the effect of denoising depends on
the selected threshold. A bigger threshold will throw off useful information and noise components at the same
time while a smaller threshold cannot eliminate the noise effectively. The two thresholding functions frequently
used are hard and soft thresholding. The hard thresholding eliminates coefficients that are smaller than a
threshold; the soft thresholding shrinks the coefficients that are larger than the threshold as well.The hard and
soft thresholding functions are given by (1) and (2).

w,|w|>T
T W)= 1
herd (") {O,otherwise @
w-T,ifw>T
Tsoft(w): w+T,ifw <-T 2
0,if w|<T

where T is the threshold value and w is the wavel et coefficient.
A. VisuShrink

VisuShrink [4] uses universal threshold givenin (3)

Ty =on+/2logl (3)

where o the noise standard deviation and L is the total number of pixels in an image. This technique yields

overly smoothened images with less preserved details. This is due to the fact that the universal threshold with
high probability yields an estimate that is at least as smooth as the signal. So the threshold value tends to be high
for large values of L, and that may kill many signa coefficients along with noise. Hence this does not adapt
good with discontinuities in the signal.

B. SUREShrink

A subband adaptive thresholding selection technique based on Stein’s Unbiased Risk Estimate (SURE)
is proposed in [7]. It attempts to select thresholds ( Ty, ) that minimize mean square error. The threshold
parameter T, iSestimated using

T

SURE :argmin.l.h (SURE(Th;W)) 4
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SURE(T,,W) iis defined by

SURE(T, W) =03 —ix[zoﬁ .#{i W <T, —élmin(vvl ,Th)ZH ©

where, c% is the noise variance

L isthetotal number of wavelet coefficientsin a particular subband
W isawavelet coefficient in a particular subband

The[0.Ty ], Ty isthe universal threshold

C. BayesShrink

The BayesShrink [8] method is effective for images corrupted by Gaussian noise, which uses an
adaptive data driven threshold. It performs soft thresholding, and the threshold is determined for each subband
by modeing the wavelet coefficients within each subband as random variables with Generalized Gaussian
distribution (GGD). The Bayes threshold is given by (6)

~2
Ty =20 ©)
B Sp
, |
median| W ; i, jy€ HH
o = [{ Ly J @

0.6745
Where, 6% is estimated noise variance by robust median estimator (7) and 6F is the estimated signal standard

deviation in wavelet domain.
The signal standard deviation is estimated asin (8)

GF:\/max((c“s\%,—érz]),Oj )

wherec”s\%, isthe variance of W. Since W is modeled as zero mean, c”s\%,canbe calculated as
n
2 1 2
0W=7 z W I,J (9)
n~i =1

when, 5% > 6'\,2V, o will become zero and Ty becomes «o. For this case

TB=maXUWI,j

) (10

D. SmoothShrink

SmoothShrink [11] is proposed to remove speckle noise from Synthetic Aperture Radar (SAR) images.
It uses a Directional Smoothing (DS) filter that performs spatial filtering in a square moving window to protect
edges from blurring while smoothing. The speckled SAR image is first decomposed into four wavelet subbands:
Approximation (LL), Diagona detail (HH), vertical detail (LH) and Horizontal detail (HL) respectively. Then
DS function is applied on the wavelet coefficients of the detail subbands, and the coefficients of approximation
subband are unaltered. Finaly the SAR image is reconstructed using the modified coefficients. The size of the
window can range from 3x3 to 33x33, but the studies show that the 3x3 gives better results.

Algorithm

Step 1: The average of the wavelet coefficientsin four directions asin Fig.2 (d1, d2, d3, d4) is calculated.

Step 2: The absolute difference between the centre wavelet coefficient and each directional average is
calculated as:

D(n)=abs(d(n)-w(i,j)).n=1234 (1)
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where d (n) is the average of wavelet coefficients in n direction and w(i, j)is the centre wavelet
coefficient.
Step 3: The directional average which gives minimum absolute difference is found out as given in (12).
I'=min(D) (12)

Step-4: The estimated center wavelet coefficient is replaced with the minimum directional average obtained in
Step-3 and it is given in Equation (13).

W, =T (13)
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Figure2: 3x3 window for directional smoothing

E. NeighShrink

The wavelet-domain image thresholding scheme NeighShrink [9] incorporates neighboring wavel et
coefficients.

3x3 window

wavelet coefficient to be
thresholded

Figure 3: Illustration of the neighborhood window

It takes into account the magnitude of the squared sum of all the wavelet coefficients within the neighborhood
window for thresholding. The neighborhood window size should be odd; i.e.it can be 3x3, 5x5, 7x7, 9 x 9 etc.
But, through the results the authors suggested that the window sizes of 3x3 and 5x5 are good choices for
NeighShrink, and the shrinkage function for any arbitrary 3x3 window, depicted in Fig.3 centred at (i,j) is
given in Equation (14).

B =1~ 2 (14)

S ),

where, T,, is the universal threshold and the squared sum (S; jz) of al the wavelet coefficients within the
neighborhood window is estimated using (15).
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5 i+1  j+1
S = % % Wmn (15)
m=i-1n=|-1

The' + sign in the formulaindicates to keep the positive values, while setting it to zero when it is negative.
The estimated centre wavelet coefficient VAVi i is then obtained from the noisy wavelet coefficient W, ; using
(16).

Wi =B (16)

F. NeighshrinkSURE

NeighshrinkSURE, an image denocising method proposed in [10] is an improved version of
NeighShrink. The NeighShrink uses a suboptimal universal threshold and identical window size in all wavelet
subbands, whereas the improved version of it determines an optimal threshold and neighboring window size for
every subband by the Stein’s unbiased risk estimate (SURE) as givenin (17).

(Ts,ks):arg_lmilg SURE (g, T, k) (17

where T isthe threshold, k is the window size and s denotes the subband.

I11. IMAGE QUALITY ASSESSMENT MEASURES
The performance of various speckle reduction techniques is evaluated using the following standard
image quality assessment metrics:
Peak Signal to Noise Ratio (PSNR) [12]:

2552

PSNR =10 oglo['vISE

][dB] (18)

where MSE is the Mean Square Error, M x N is the size of the image and X, y represents the original and
denoised images respectively. The PSNR is higher for a better transformed image.

The Edge Preservation Index (EPI) [13]:

¥ (AX — AX)(Ay — Ay)

EPI =
3 (AX—AX)2(Ay - Ay)2

(19)

where Ax and Ay are the high pass filtered versions of images x and y, obtained with a 3x3 pixel standard
approximation of the Laplacian operator. The Ax and Ay are the mean values of the high pass filtered
versions of Ax and Ay respectively.

Correlation Coefficient is computed using (CoC) [13]:

Coc = ZEUY) (20)
VEx-x)2(y-y)
where ¥ and ¥ are the mean of the original and denoised image respectively. The CoC is used to measure the
similarity between the original image and despeckled image.

In addition to these quantitative measures, the origina and denocised images are shown for visual
comparison.

IV.RESULTSAND DISCUSSION

To compare the performance of different wavelet thresholding techniques both synthetic and real
ultrasound images are used. The quantitative evaluation is problematic as there is no reference image without
speckle. So, for quantitative evaluation the noise is added artificially to two types of images using MATLAB
command. The first type is the synthetic image which consists of regions with uniform intensity and sharp edges
(Test image-1).The second category is ultrasound image (Test image -2, Healthy brain; Sagittal view) in which
the speckle noise was previously suppressed.All the techniques use db8 wavelet filters for one level of
decomposition. The quality metrics obtained are presented in Table 1-6.
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TABLEI
PSNR values obtained by various denoising methods tested on ultrasound image
(Test image-1) at different noise levels.

Peak Signal to Noise Ratio (PSNR)

Wavelet thresholding Noise variance(c?)
Techniques

0.02 | 0.03 0.04 0.05 0.06 0.07
VisuShrink 3146 | 30.31 29.57 28.96 2840 | 27.81
SUREShrink 30.63 | 30.04 29.39 28.67 2822 | 27.77
BayesShrink 30.61 | 29.35 28.09 27.27 26.83 | 26.04
SmoothShrink 28.75 | 27.75 26.79 25.55 2551 | 24.90
NeighShrink 31.70 30.87 29.66 28.87 28.17 | 27.87
NeighShrink SURE 30.78 | 29.93 29.26 28.80 28.33 | 27.66

TABLEII

EPI values obtained by various denoising methods tested on ultrasound image (Test image-1)
at different noise levels.

Edge Preservation Index (EPI)

Wavelet thresholding Noise variance(c?)
Techniques
0.02 0.03 0.04 0.05 0.06 0.07
VisuShrink 0.6949 | 0.6147 |0.5739 0.5256 0.4997 0.4760
SUREShrink 0.5673 | 0.5406 0.5160 0.4836 0.4709 0.4465
BayesShrink 0.7101 | 0.6319 0.5629 0.5078 0.4863 0.4225
SmoothShrink 0.4854 | 0.4422 0.3830 0.3330 0.3316 0.3059
NeighShrink 0.7624 | 0.7101 0.6367 0.5811 0.5330 0.5003
NeighShrinkSURE 05709 | 05413 | 0.5094 | 04915 | 0.4769 | 0.4476
TABLEIII

CoC values obtained by various denoising methods tested on ultrasound image (Test image-1)
at different noise levels.

Correélation Coefficient (CoC)

Wavelet thresholding Noise variance(c?)
Techniques
0.02 0.03 0.04 0.05 0.06 0.07

VisuShrink 0.9801 | 09741 | 09692 | 0.9647 | 0.9596 | 0.9537
SUREShrink 0.9760 | 0.9724 | 0.9680 | 0.9623 | 0.9585 | 0.9542
BayesShrink 0.9762 | 0.9685 | 0.9575 | 0.9493 | 0.9438 | 0.9333
SmoothShrink 0.9632 | 0.9539 | 0.9430 | 0.9256 | 0.9157 | 0.9141
NeighShrink 0.9814 | 0.9773 | 0.9700 | 0.9640 | 0.9578 | 0.9548
NeighShrinkSURE 0.9768 | 0.9717 | 0.9671 | 0.9636 | 0.9594 | 0.9524
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(e) BayesShrink (f) SmoothShrink (9) NeighShrink (9) NeighShrink SURE

Fig. 4. Denoising results of various wavelet thresholding methods on 128x128 artificial speckle simulated synthetic image (Test imagel).

TABLEIV
PSNR values obtained by various denoising methods tested on ultrasound image (Test image-2)
at different noise levels.

Peak Signal to Noise Ratio (PSNR)

Wavelet thresholding Noise variance(c?)
Techniques
0.02 0.03 0.04 0.05 0.06 0.07
VisuShrink 32.78 31.85 30.97 30.28 29.89 29.41
SUREShrink 32.24 3151 30.75 30.14 29.69 29.27
BayesShrink 3281 | 3149 | 30.88 | 30.04 | 2074 | 2829
SmoothShrink 3195 | 3034 | 2901 | 2819 | 2750 | 26.72
NeighShrink 3377 | 3266 | 3151 | 30.70 | 2091 | 29.34
NeighShrinkSURE 32.24 31.49 30.77 30.23 29.80 29.17
TABLEV

EPI values obtained by various denoising methods tested on ultrasound image (Test image-2)
at different noise levels.

Edge Preservation Index (EPI)

Wavelet thresholding Noise variance(c?)
Techniques
0.02 0.03 0.04 0.05 0.06 0.07

VisuShrink 05131 | 0.4461 | 0.3997 | 0.3644 | 0.3493 |0.2967
SUREShrink 0.3737 | 0.3506 | 0.3263 | 0.2946 | 0.2855 |0.2735
BayesShrink 0.6655 | 0.5951 | 0.5313 0.4781 0.4611 |0.4177
SmoothShrink 0.6197 | 0.5448 | 0.4963 | 0.4466 | 0.4350 |[0.3842
NeighShrink 0.7032 | 0.6502 0.5772 | 0.5433 | 0.5004 |0.4556
NeighShrinkSURE 0.3773 | 0.3573 | 0.3250 | 0.3056 | 0.2994 |0.2730
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TABLEVI
CoC values obtained by various denoising methods tested on ultrasound image (Test image-2)
at different noise levels.

Correlation Coefficient (CoC)

Wavelet thresholding Noise variance(c?)
Techniques
0.02 0.03 0.04 0.05 0.06 0.07

VisuShrink 0.9427 | 09267 | 0.9151 | 0.9023 | 0.8921 | 0.8799
SUREShrink 0.9333 | 0.9222 | 0.9086 | 0.8957 | 0.8859 | 0.8773
BayesShrink 0.9444 | 0.9256 | 0.9157 | 0.8982 | 0.8907 | 0.8616
SmoothShrink 0.9345 | 0.9090 | 0.8821 | 0.8610 | 0.8441 | 0.8157
NeighShrink 09521 | 0.9324 | 09141 | 0.9019 | 0.8964 | 0.8813
NeighShrinkSURE 0.9334 | 0.9219 | 0.9100 | 0.8970 | 0.8903 | 0.8769

The quantitative results in Tables I-VI show that the NeighShrink method outperforms the other wavelet
thresholding techniques discussed. The higher values of PSNR indicate that the NeighShrink method reduces
speckle noise effectively, and higher values of EPI and CoC indicate that the feature preservation ability is also
good. From the Fig.4 and Fig. 5, it is observed that the visual quality is also improved by NeighShrink.

(a)Test image-2 (b)Speckle Simulated (c) VisuShrink (d) SUREShrink
(e)BayesShrink (i)Smoothshrink (f) NeighShrink (9) NeighShrink SURE

Figure5: Denoising results of various wavelet thresholding methods on 128x128 ultrasound speckle simulated image (Test image-2).
V. CONCLUSION

The performance of different wavelet thresholding techniques is compared based on the image quality
assessment parameters PSNR, EPI and CoC. These parameters helped in identifying a suitable thresholding
technique for effective despeckling of medical ultrasound images. Results indicate that among the wavelet
thresholding techniques discussed the performance of the NeighShrink is better in terms of denoising and edge
preservation.
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