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ABSTRACT

Digital Imaging plays important role in major areas of life such
as clinical diagnosis etc. But it faces problem of speckle noise.
Speckle noise is referred as ‘texture’ in medical literature and it
may contain useful diagnostic information. Speckle has a
negative impact on ultrasound images, as the texture does not
reflect the local echogenicity of the underlying scatterers.
Physicians generally prefer original noisy images, more willingly
than the smoothed versions, even if they are more sophisticated,
can destroy some relevant image details. Thus, it is essential to
develop noise filters, which can preserve the features that are of
interest to the physician. One of the most prevalent cases is
distortion due to additive white Gaussian noise, which can be
caused by poor image acquisition or by transferring of the image
data in noisy communication channels. Moreover there is a long
list of image denoising techniques. But problem is that which
technique is to be used and for what kind of format. In this paper,
we have discussed various spatial filters in chapter 1. The
comparison of the results gives the conclusion and the future
scope of the discussion.
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1. INTRODUCTION

Digital images play an important role in today’s life. It is used in
the applications, such as, satellite television, magnetic resonance
imaging, ultrasound imaging, geographical information systems,
and astronomy and computer tomography. However, one major
issue when using this imaging modality is the inherent presence
of speckle noise. Its occurrence is often undesirable, since it
affects the tasks of interpretation. Ultrasound images suffer from
speckle noise, creating images that appear inferior to those
generated by other medical imaging modalities. Within each
resolution cell, a number of elementary scatterers reflect the
incident wave towards the sensor. The back scattered coherent
waves which have different phases undergoes constructive or
destructive interference in a random manner. The acquired image
is thus corrupted by a random granular pattern, called ‘speckle’,
which delays the interpretation of the image.
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Speckle filtering is thus a critical pre-processing step in digital
imaging providing physicians with enhanced diagnostic ability.
Efficient speckle noise removal algorithms may also find
applications in real time surgical guidance assemblies. However,
it is vital that regions of interests are not compromised during
speckle removal [30]. In a recent work [1], we have studied that a
successful ultrasound imaging algorithm can achieve both noise
reduction and feature preservation if it takes into consideration
the true statistics of the signal and noise components. Various
filters based upon spatial filtering are observed like Wiener
filter, Lee filter, Kuan filter and Median filter. But the discussion
is focused on the best image outcome after denoising is done.
The approach presented here is totally based upon the
comparison of the above said spatial filters for speckle reduction
based on the CoC, PSNR and S/MSE parameters.

2. NOISE REDUCTION IN ULTRASOUND
IMAGES

Some of the best known standard de-speckling filters are the
methods of Lee [10], Frost [26] and Kuan . These filters use the
second-order sample statistics within a minimum mean squared
error estimation approach. Another common de-speckling
approach is the homomorphic Wiener filter where the image is
first subjected to a logarithmic transform and then filtered with
an adaptive filter for additive Gaussian noise [2]. Except these,
Median filter is the common a common step in image processing.
Its edge-preserving nature makes it useful in cases where edge
blurring is undesirable. Since the median value must actually be
the value of one of the pixels in the neighbourhood, the median
filter does not create new unrealistic pixel values when the filter
spans an edge. For this reason the median filter is much better in
preserving sharp edges. Median filtering is a non-linear
technique that works best with impulse noise (salt & pepper
noise) and speckle noise while retaining sharp edges in the
image. The main disadvantage of this technique is that to find the
median it is necessary to sort all the values in the neighbourhood
into numerical order and this is relatively slow because an extra
computation time is needed to sort the intensity value of each set.

Secondly, Lee filter is based on the approach that if the variance
over an area is low, then the smoothing will be performed.
Otherwise, if the variance is high (e.g. near edges), smoothing
will not be performed. Kuan filter is considered to be more
superior to the Lee filter. It does not make approximation on the
noise variance within the filter window.
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The filter simply models the multiplicative model of speckle into
an additive linear form, but it relies on the Equivalent Numbers
of Looks (ENL) from an image to determine a different weighted
W to perform the filtering.

W = (1-Cu/Ci) (1+Cu)
Where Cu is the noise variation coefficient and Ci is the image
variation coefficient. Next, the Wiener is a low pass filter that
filters an intensity image that has been degraded by constant
power additive noise. It uses a pixel wise adaptive wiener
method based on statistics estimated from a local neighbourhood
of each pixel.

3. ULTRASOUND IMAGE DENOISING

USING SPATIAL FILTERS

Figure 1. (a) Original Image (b) Noisy Image (c) Filtered
Image using Median filter.

Median filter sorts the surrounding pixels value in the window to
an orderly set and has replaced the centred pixel within the
defined window with the middle value in the set.
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Figure 4. Original Image (a), Noisy Image (b), Filtered
Image using Kuan filter.

4. ULTRASOUND IMAGE DENOISING
USING WAVELET TRANSFORM

Wavelet transform is a tool for improving medical images from
noisy data. It consists of a set of basis functions that are used to
analyse signals both in time and frequency domains

simultaneously. Wavelet denoising attempts to remove the noise
present in the signal while preserving the signal characteristics,
regardless of its frequency content.

According to wavelet analysis, one of the most effective ways to
remove speckle without smearing out the sharp edge features of an
ideal image is to threshold only high frequency components while
preserving most of the sharp features in the image. The approach is to
shrink the detailed coefficients (high frequency components) whose
amplitudes are smaller than a certain statistical threshold value to
zero while retaining the smoother detailed coefficients to
reconstruct the ideal image without much loss in its detail. This
process is sometimes called wavelet shrinkage. The schemes to
shrink the wavelet coefficients are ‘“keep-or-kill” hard
thresholding, and “shrink-or-kill” soft thresholding.

a. b. C.
Figure 2. (a) Original Image (b) Noisy Image (c) Filtered
Image using Lee filter.

a. b. C.
Figure 3. (a) Original Image (b) Noisy Image (c) Filtered
Image using Wiener filter.

Figure 5. (a) Original Image (b) Noisy Image (c)
decomposition image (d) denoised image using Normal
Shrink.

Normal Shrink (Figure 5) is an adaptive threshold estimation
method for image de noising in the wavelet domain based on the
generalized Gaussian distribution (GGD) modelling of sub band
coefficients.
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Bayes Shrink is an adaptive data-driven threshold for image
denoising via wavelet soft-thresholding. Threshold is driven in a
Bayesian framework, and is assumed Generalized Gaussian
Distribution (GGD) for the wavelet coefficients in each detail
subband.

Figure 6. (a) Original Image (b) Noisy Image (c)
decomposition image (d) denoised image using Bayes Shrink.

5. RESULTS

The four filters have been discussed in the paper. The various
parameters collected include the CoC, PSNR and S/IMSE which
will give the quality related outcomes of the experiment. Peak
Signal-to-Noise Ratio (PSNR) is considered to be the least
complex metric, as it defines the image quality degradation as a
plain pixel by pixel error power estimate. PSNR is an
engineering term for the ratio between the maximum possible
power of a signal and the power of corrupting noise that affects
the fidelity of its representation. In order to quantify the achieved
performance improvement, this measure was computed based on
the original and the denoised data. Signal to Mean Squared Error
for both noisy and de-noised images was identified. The
correlation is defined only if both of the standard deviations are
finite and both of them are nonzero. It is a corollary of the
Cauchy-Schwarz inequality that the correlation cannot exceed 1
in absolute value. The correlation is 1 in the case of an
increasing linear relationship and - 1 in the case of a decreasing
linear relationship. Its value lies in between in all other cases,
indicating the degree of linear dependence between the images.
The closer the coefficient is to either -1 or 1, the stronger the
correlation between the images.

Table 1. Comparison of Filters for Ultrasound Images (Jpeg
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Table 2. Comparison of Filters for Ultrasound Images (Tif

Format)
Image Filters PSNR S/IMSE CoC
s

D.tif Median Filter | 33.1583 5.8337 0.9798
Lee Filter 35.3022 7.9775 0.9879
Kuan Filter 33.9787 6.6541 0.9854
Wiener Filter | 33.8325 6.5079 0.9974
NormalShrin | 33.0141 7.85 0.973
k
BayesShrink | 34.8838 7.91 0.978

Format)

Image | Filters PSNR SIMSE CoC

s

A.jpg | Median Filter | 30.2064 6.1251 0.9064
Lee Filter 32.2341 8.1528 0.9467
Kuan Filter 29.4931 5.4118 0.8736
Wiener Filter | 31.2508 7.1695 0.9184
NormalShrin | 35.1114 11.0301 0.9824
k
BayesShrink | 35.2723 11.191 0.9838

6. CONCLUSION

It have been concluded that amongst all type of spatial filters and
wavelet based homomorphic techniques, wavelet based
techniques gives better results as compared to spatial filtering
techniques. Wavelet based uses a logarithmic transform to
separate the noise from the original image. They adopt
regularized soft thresholding (wavelet shrinkage) to remove noise
energy within the finer scales and nonlinear processing of feature
energy for contrast enhancement.

In case of wavelet based denoising methods, noise is removed
while preserving the edges with less loss of detail. The main idea
is the use of realistic distributions of the wavelet coefficients. By
combining these distributions with a simple shrinkage function
(soft-thresholding), a closed-form expression for  soft
thresholding is derived analytically. All the parameters for
estimating the threshold are derived automatically from a given
ultrasound image.

In future it would be interesting to explore the work in different
types of medical images like CT, MRI, and X-ray images
collected from hospitals/radiologists may be considered for
qualitative and quantitative evaluation. Validation of the work
may be done from experts in medical field. Other multi
resolution techniques like curve lets may be used instead of
wavelets.
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