2011 International Conference on Modeling, Simulation and Control
IPCSIT vol.10 (2011) © (2011) IACSIT Press, Singapore

Undecimated Wavelet Based New Threshold Method for Speckle
Noise Removal in Ultrasound Images
,a

,b

Sanyam Anand1 , Amitabh Sharma2 , Akshay Girdhar3

,c

1

Dept of IT, CEC Landran,Mohali
Dept of IT Asst. Prof, CEC Landran,Mohali
3
Dept of IT(HOD), GNE Ludhiana
a
anandsanyam@gmail.com, bamit_72in@yahoo.com, cakshay1975@gmail.com
2

Abstract. This paper includes different approaches for adaptive wavelet threshold (Bayes Shrink and
Normal Shrink) and a robust wavelet domain method for noise filtering in ultrasound images. The search for
efficient image denoising methods is still a valid challenge at the crossing of functional analysis and statistics.
The proposed work in this paper extends the existing technique by improving the threshold function and
produces results which are based on different noise levels. The standard signal to noise ratio (SNR) is not
adequate to evaluate the noise removal in speckled images therefore to calculate multiplicative noise
suppression a signal-to-mse (S/MSE) ratio is used as a measure of the quality of denoising.
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Introduction
An image is often corrupted by noise in its acquisition and transmission. In recent years there has been a
fair amount of research on wavelet thresholding and threshold selection for signal and image denoising [2] [3]
[4] [5] [6] [7], because wavelet provides an appropriate basis for separating noisy signal from image signal.
Many wavelet based thresholding techniques like VisuShrink [8], BayesShrink [9] have proved better
efficiency in image denoising. We describe here an efficient thresholding technique for denoising by
analysing the statistical parameters of the wavelet coefficients.
The paper is organized as follows. Section2. introduces the concept of wavelet. Section3. Explains
different denoising techniques with proposed threshold. Section 4.describes the proposed denoising
algorithm.Section5.contains the Experimental results & discussions. Section6 gives conclusion.

Wavelet Transform
Undecimated wavelet packet transform. Widely applied in image processing, the wavelet transform is
a powerful approach to multiresolution analysis (MRA) which is concerned with the representation and
analysis of images at more than one resolution. In MRA detection, the wavelet technique can well spot the
nonstationary features of images such as edges, details and isolated points. Important edges and details could
be separated and preserved during this type of processing. The wavelet transform of an image I(x,y)∈L2(R2)
is defined as a series of 4 subbands of different levels: LL j, LH j, HL j and HH j. The LL j subband denotes
the lowpass or coarse subband at level j, the remaining subbands are highpass or detail ones: the LH j
subband carries horizontal direction details, the HL j subband carries vertical direction details, and the HH j
subband carries diagonal direction details. The wavelet transform has the property of representing an image
sparsely. After the wavelet transform, the energy of the signal in the image has been focused on a few
coefficients, while the coefficients representing noise of the image are always at low value. Moreover, in the
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same orientation detail subbands the coefficients of similar position and adjacent levels have highly
correlated [10].
The wavelet packet transform (WPT)[23] is a generalization of the wavelet transform which offers a rich
set of decomposition structures. The decomposition in WPT is possibly applied to all subbands. A best basis
is selected which decides a decomposition structure among the library of possible bases. In our work, the
WPT is used to decompose ultrasound images and separate the signal and noise in WPT domain. To avoid
the down-sample step in WPT, we use the undecimated wavelet packet transform (UWPT) so that every
subband has the same number of coefficients [11]. The decomposition level is chosen as 3, and the
decomposition structure is shown as figure1 the decomposition structure of the proposed method.

Fig. 1 The decomposition structure of the proposed method.

Denoising Techniques With Existing Threshold
Bayes Shrink. Wavelet shrinkage is a method of removing noise from images in wavelet shrinkage, an
image is subjected to the wavelet transform, the wavelet coefficients are found, the components with
coefficients below a threshold are replaced with zeros, and the image is then reconstructed[9]. In particular,
the BS method has been attracting attention recently as an algorithm for setting different thresholds for every
subband[21]. Here subbands are frequently bands that differ from each other in level and direction. The BS
method is effective for images including noise. Bayes Shrink was proposed by Chang, Yu and Vetterli. The
goal of this method is to minimize the Bayesian risk, and hence its name, Bayes Shrink [9]. The Bayes
threshold, is defined as

(1)
The observation model is expressed as follows:
(2)
Here Y is the wavelet transform of the degraded image, X is the wavelet transform of the original image,
and V denotes the wavelet transform of the noise components following the
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(3)
is computed as below:
(4)
The variance of the signal,

is computed as
(5)

With this we can compute the bayes threshold.
Normal Shrink. The method for computing the various parameters used to calculate the
threshold value (TN) [25] which is adaptive to different subband characteristics.
(6)
Where scale parameter β is computed once for each scale using the following equation:
(7)
Lk is the length of the subband at kth scale.
is the noise variance, which is estimated from the subband HH1, using the formula [5][12]
(8)

(4)

and σy is the standard deviation of the subband under consideration computed by using equation

Pizurica. In a wavelet decomposition of an image a wavelet coefficient
represents its bandpass
content at resolution scale 2j (1 ≤ j ≤ J), spatial position k and orientation D. The lowpass image content is
represented by scaling coefficients uk,J[1] . Typically, three orientation subbands are used:
D ∈ {LH,HL,HH}, leading to three detail images at each scale, characterized by horizontal, vertical and
diagonal directions. We use a non-decimated wavelet transform, with an equal number of coefficients at each
resolution scale. The algorithm is implemented using the quadratic spline wavelet [14] as in [15] [16]. Our
wavelet domain estimation approach relies on the joint detection and estimation theory [20] and is related to
the problem of the spectral amplitude estimation in [17][18][19].
Ultrasound images are corrupted by speckle noise [27], [28], which affects all coherent imaging systems.
Figure 3, figure4 and figure 5 illustrates the examples of gradual speckle suppression using the proposed
method and various denoising techniques for threshold. The results in this figure correspond to the window
size 3x3.To investigate the quantitative performance of the method, we use images with artificial speckle
noise. A speckled image d = {d1...dN} is commonly modelled as [29], [30] dk = fkvk where f = {f1...fN} is a
reference noise-free image, and v = {v1...vN} is a unit mean random field. Realistic spatially correlated
speckle noise vk in ultrasound images can be simulated by lowpass filtering a complex Gaussian random
field and taking the magnitude of the filtered output [30].
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We perform the lowpass filtering by averaging the complex values in a 3x3 sliding window. Such a
short-term correlation was found sufficient [29] to model the realistic images well. We compare the
performance of the proposed method to one conventional approach proposed by pizurica and one of the
adaptive threshold techniques (NS,BS). The window size of the Shrinks was experimentally optimized to
produce the maximum output S/MSE for each test image and for each amount of noise used in the
simulations. The results clearly demonstrate that the proposed method outperforms the spatially adaptive
thresholding methods both in terms of the visual quality (Fig. 3 and Fig. 4). Finally, Fig. 5 enables us to
make a visual comparison of the results of the proposed method and rest of the techniques.
New Threshold function. There are different denoising scheme used to remove noise while preserving
original information and basic parameter of the image. Contrast, brightness, edges and background of the
image should be preserved while denoising in this technique. Performance measured in terms of signal to
mean square error ratio. New threshold function is calculated as:

(9)
Where M is the total number of pixel, m is the mean of the image at particular level (J). This function
preserves the contrast, edges, background of the images. This threshold function calculated at different scale
level.

Speckle Noise Reduction Algorithm.
This section describes the image denoising algorithm, which achieves near optimal soft thresholding in
the wavelet domain for recovering original signal from the noisy one. The algorithm is very simple to
implement and computationally more efficient. It has following steps:
Input

Wavelet

Noisy

Transform

Estimate
Threshold
& Shrink

Denoised

Output

Inverse

Image

Filter

Wavelet

Fig. 2 Procedure to denoise an ultrasound image
A. Compute the non decimated wavelet transform with J resolution levels.
B. Initialize
C. For each orientation D and for each scale J for J= 1...J-1 apply new threshold using
equation (9), which preserve edges & minimize the mean square error.
D. Invert the multiscale decomposition to reconstruct the denoised image.

Experimental Result
Our test consists of an image of ultrasound of baby, liver and bladder of size (256×256). The kind of
noise is Speckle with variance 0.09, 0.1,…..0.3. In the test, Speckle noise is added to original image. In this
test, we used from several methods for image denoising. Pizurica, Bayes shrink, Normal shrink. The result
shows proposed method performs denoising that is consistent with the human visual system that is less
sensitive to the presence of noise in vicinity of edges. However, the presence of noise in flat regions of the
image is perceptually more noticeable by the human visual system. Bayes shrink performs little denoising in
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high activity sub-regions to preserve the sharpness of edges but completely denoised the flat sub-parts of the
image.
Performance of normal shrink is similar to bayes shrink. But pizurica’s code produces better noise
removal In order to quantify the achieved performance improvement, three different measures were
computed based on the original and the denoised data. For quantitative evaluation, an extensively used
measure is the mse defined as

(10)
Where
Si original image;
Sˆi denoised image;
K image size;
The standard signal to noise ratio (SNR) is not adequate to evaluate the noise suppression in case of
multiplicative noise. Instead, a common way to achieve this in coherent imaging is to calculate the signal-tomse (S/mse) ratio, defined as [24],[25]

(11)
This measure corresponds to the classical SNR in the case of multiplicative noise. Remember that in
ultrasound imaging, we are interested in suppressing speckle noise while at the same time preserving the
edges of the original image that often constitute features of interest for diagnosis.
Thus, in addition to the above quantitative performance measures, we also consider a qualitative measure
for edge preservation. More specifically, we used a parameter originally defined in [22] and [23]

(12)

Where and are the high-pass filtered versions of and respectively, obtained with a 3×3 pixel standard
approximation of the Laplacian operator

(13)
The correlation measure, should be close to unity for an optimal effect of edge preservation. The
obtained values of S/mse, and for all methods applied to the ultrasound images of baby, bladder and liver are
given in Tables (1,2&3). It is evident from the table that the proposed threshold function is more successful
in speckle noise suppression than normal shrink, bayes shrink and pizurica threshold. Observing the metric
values, we see that the multiresolution techniques exhibit a clearly better performance in terms of edge
preservation, as expected. Among them, our proposed threshold approach exhibits the best performance
according to all three metrics. The simulated speckle noise is added to images shown in all figures. Noise
suppression in ultrasound images using the proposed method, corresponds to a S/mse value in dB. For the
various noise levels, all the methods that are tested achieved a good speckle suppression performance.
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Fig. 3 Noise suppression for different ultrasound liver images using the proposed method, Pizurica,s
code, Bayes Shrink and Normal Shrink

Fig. 4 Noise suppression for different ultrasound gall bladder images using the proposed method,
Pizurica,s code, Bayes Shrink and Normal Shrink

Conclusion
The work in this paper is done on different methods that depend upon the noise variance for image
denoising is proposed by adaptive threshold techniques and a very robust and efficient wavelet domain
denoising technique applicable to various types of speckled ultrasound images in different formats. The
proposed method, applied to medical image in order to remove speckle noise, produces better results that
vary according to the level of noise

variance which is added to the image, the new threshold function is superior as compare to other
threshold functions, gives better edge perseverance and improved signal to mean square error. It is
further suggested that the proposed threshold may be extended further to improve the denoising
performance of ultrasound images.
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Table 1 Image Quality Measures Obtained by Four denoising methods tested on ultrasound baby
with varience 0.09, 0.1 and 0.3
Method
Normal
Bayes
Pizurica
Proposed
Normal
Bayes
Pizurica
Proposed
Normal
Bayes
Pizurica
Proposed

S/MSE
16.0496
14.4031
18.6884
21.6856
16.0721
14.3883
18.5468
21.5173
15.5784
14.2409
16.9554
18.1746

Β
0.6539
0.6528
0.7191
0.8905
0.6494
0.6442
0.7071
0.8282
0.6356
0.6389
0.6547
0.8227

ρ
0.9876
0.9820
0.9932
0.9936
0.9877
0.9820
0.9930
0.9965
0.9861
0.9812
0.9899
0.9924

Table 2 Image Quality Measures Obtained by Four denoising methods tested on ultrasound gall
bladder with varience 0.09, 0.1 and 0.3.
Method
Normal
Bayes
Pizurica
Proposed
Normal
Bayes
Pizurica
Proposed
Normal
Bayes
Pizurica
Proposed

S/MSE
21.4383
21.7917
22.5061
25.7315
21.0135
21.3673
22.4752
25.3918
18.3661
18.2619
18.6521
19.3412

β
0.7806
0.8055
0.8078
0.9862
0.7570
0.7833
0.9023
0.9280
0.7569
0.7602
0.7973
0.8662

Ρ
0.9965
0.9967
0.9972
0.9987
0.9961
0.9964
0.9972
0.9986
0.9926
0.9925
0.9932
0.9940

Table 3 Image Quality Measures Obtained by Four denoising methods tested on ultrasound liver
with varience 0.09, 0.1 and 0.3
Method
Normal
Bayes
Pizurica
Proposed
Normal
Bayes
Pizurica
Proposed
Normal
Bayes
Pizurica
Proposed

S/MSE
8.5614
7.2790
10.2828
12.0007
8.5218
7.2664
10.2750
11.9565
8.5617
7.3008
10.1837
11.7980

β
0.8511
0.8715
0.8240
0.8856
0.8387
0.8492
0.8283
0.8537
0.8480
0.8508
0.8245
0.8556
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ρ
0.9282
0.9027
0.9525
0.9686
0.9275
0.9023
0.9524
0.9682
0.9282
0.9030
0.9513
0.9668

Fig. 5 Noise suppression for different ultrasound baby images using the proposed method,
Pizurica,s code, Bayes Shrink and Normal Shrink
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