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Abstract – Denoising of Medical Images is challenging
problems for researchers noise is not only effect the quality of
image but it Creates a major change in calculation of medical
field.  The Medical Images normally have a problem of high
level components of noises. There are different techniques for
producing medical images such as Magnetic Resonance
Imaging(MRI), X-ray, Computed Tomography and
Ultrasound, during this process noise is added that decreases
the image quality and image analysis. Image denoising is an
important task in image processing, use of wavelet transform
improves the quality of an image and reduces noise level.
Noise is an inherent property of medical imaging, and it
generally tends to reduce the image resolution and contrast,
thereby reducing the diagnostic value of this imaging
modality there is an emergent attentiveness in using multi-
resolution Wavelet filters in a variety of medical imaging
applications. We Have review recent wavelet based denoising
techniques for medical ultrasound, magnetic resonance
images, and some tomography imaging techniques like
Positron Emission tomography and Computer tomography
imaging and discuss some of their potential applications in
the clinical investigations of the brain. The paper deals with
the use of wavelet transform for signal and image de-noising
employing a selected method of thresholding of appropriate
decomposition coefficients.

Keywords – Image Denoising, Image Enhancement,
Wavelets,  fMRI, Ultrasound.

I. INTRODUCTION

These noises corrupt the image and often lead to
incorrect diagnosis. Each of these medical imaging
devices is affected by different types of noise. For
example, the x-ray images are often corrupted by Poisson
noise, while the ultrasound images are affected by Speckle
noise. Speckle is a complex phenomenon, which degrades
image quality with a backscattered wave appearance
which originates from many microscopic diffused
reflections that passing through internal organs and makes
it more difficult for the observer to discriminate fine detail
of the images in diagnostic examinations. Thus, denoising
or reducing these speckle noise from a noisy image has
become the predominant step in medical image
processing. Multi-look process and spatial filtering are the
two techniques of reducing speckle noise. Multi-look
process is used at the data acquisition stage while spatial
filtering is used after the data is stored. Among the two
any method can be used to remove the speckle noise, but
they should preserve radiometric information, edge
information and spatial resolution. These conditions are
met by speckle noise reduction technique. Many methods
have been developed to reach the above mentioned
objectives, The speckle noise reduction techniques use
traditional filters like lee, kaun, frost, median, and hybrid
filters and wavelet filters[1].

The field of image processing has seen much research
and progress since 1964, when the pictures of the moon

transmitted by Ranger 7 were processed by a computer to
correct various types of image distortions. Generally, for
modification and analysis of an image, image processing
refers to a broad class of algorithms. During acquisition,
post-processing, or rendering/visualization, Image
Processing refers to the initial image manipulation. For
converting the captured RGB image found from the real
source, pre-processing steps are essential so that they can
be capable for performing any binary operations onto it .
Image processing modifies pictures to develop them
(enhancement, restoration), extract information (analysis,
recognition), and change their structure (composition,
image editing). Image processing is exploited for
improving the visual appearance of images to a human
viewer and preparing images for measurement of the
features and structures present. In image pre-processing
Denoising, Restoration, Pre-Segmentation, Enhancement,
Sharpening and Brightness Correction are some of the
steps comprised.

Noise reduction is an important step for any
complicated algorithms, in computer vision and image
processing. Denoising is necessary and the initial step to
be taken prior to the image data is analyzed. It is essential
to apply an efficient denoising technique, to compensate
such data corruption. The effort of image denoising is to
improve an image that is cleaner than its noisy
observation. Therefore, a substantial technology in image
analysis is noise reduction and the initial step to be taken
prior to images is analyzed. Image denoising removes
additive noise and retains the important signal features as
much as possible. Denoising of images is classically done
with the following process: The image is transformed into
some domain where the noise component is recognized
without difficulty, to eliminate the noise, a thresholding
operation is then applied, and finally to reconstruct a
noise-free image, the transformation is inverted.

This paper reviews some of the recent denoising
methods for medical ultrasound imaging and their
applications in some clinical investigations of the human
brain. Wavelet methods have been previously used to
enhance specific features and reduce noise in medical
images. We try to present an objective and critical
discussion of several representative, recent noise filters
based on their performance in a controlled environment
(simulations) as well as in practical Contrasting many
imaging applications (like commercial broadcast) where
the quality of the denoised image is evaluated by how well
it pleases the human eye, medical applications impose
other priorities, where for example smoothing of “features
of interest” is intolerable as well as the generation of
artifacts that could be misinterpreted as clinically
interesting features. We stress the importance of such
conditions and formulate some requirements that medical
noise filters need to meet in order to be of better assistance
in real clinical investigations.
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II. WAVELET MODEL

Considering the advantages and limitations of the
statistical model a new model is proposed based on the
wavelet coefficients. Wavelet coefficients with large
magnitudes are representatives of edges or some textures.
While those with small magnitude are associated with
smooth regions such as the background. In this smooth
region the signal variance for every sub band are estimated
by a ML estimator. This method presents effective results
but their spatial adaptivity is not well suited near object
edges where the variance field is not smoothly varied. To
overcome this the coefficient in each sub band except the
first fine scale is partitioned into two classes based on the
magnitudes of their parents, namely significant class and
insignificant class in the corresponding region .The
significant class represents high activity regions and
insignificant class corresponds to smooth region. The sizes
of the two classes are controlled by the significance
threshold T. If the magnitude of the parent is larger than T
then the coefficient is included in significant class
otherwise it is included in insignificant class. The two
classes have different statics. The histogram of the
coefficient in insignificant class is highly concentrated
around zero while that of significant class is more spread
out. Hence the coefficients in significant class are
modelled as independent identically distributed (iid)
Laplacian with zero mean. For the coefficient in
insignificant model which corresponds to homogeneous
regions, the usage of intra scale model in Estimation
Quantization [EQ] coder is appropriate [19]. It provides a
good fit for the first order statics of wavelet coefficients
and well models the non stationary nature of low-activity
regions. Wavelet Based Denoising method relies on the
fact that noise commonly manifests itself as fine- grained
structure in the image and DWT provides a scale based
decomposition. Thus, most of the noise tends to be
represented by wavelet coefficient at the finer scales.
Discarding these coefficients would result in a natural
filtering of the noise on the basis of scale. As the
coefficients at such scales also tend to be primary carriers
of edge information, the DWT noisy coefficients can be
made zero if their values are below its optimum threshold
value. On the other hand, the edge relating coefficients are
usually above the threshold. The inverse DWT of the
thresholded coefficients is the denoised image.
A. Image Denoising Algorithm-

This section describes the image denoising algorithm,
which achieves near optimal soft threshholding 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:
1. Perform multiscale decomposition of the image

corrupted by guassian noise using wavelet transform.
2. Estimate the noise variance σ2 using equation.
3. For each level, compute the scale parameter β using

equation.
4. For each sub band (except the low pass residual)

a) Compute the standard deviation σy.
b) Compute threshold TN using equation.
c) Apply soft thresholding to the noisy coefficients.

5. Invert the multiscale decomposition to reconstruct the
denoised image fˆ.

According to wavelet analysis, one of the most effective
ways to remove speckle without measuring out the sharp
edge features of an ideal image is to threshold only the
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 details. This process is sometimes called wavelet
shrinkage since the detailed coefficients are shrunk
towards zero.

There are three schemes to shrink the wavelet
coefficients, namely the “keep-or-kill” hard thresholding,
“shrink-or-kill” soft thresholding introduced by Donoho et
al. (1995) and third is semi-soft or firm thresholding from
Bruce and Gao (1997). Shrinking of the wavelet
coefficient is most efficient if the coefficients are sparse
that is the majority of the coefficients are zero and a
minority of coefficients with greater magnitude can
represent the image.
B. Thresholding Selection

There are three thresholding techniques- VisuShrink,
SureShrink and BayesShrink
1. VisuShrink-

While the idea of thresholding is simple and effective,
the task to determine a suitable threshold is not easy.
Choosing a very large threshold λ will shrink almost all
the coefficients to zero and may result in over smoothing
the image, while selecting a small value of λ, will lead to
the sharp edges and details being retained but may fail to
suppress the speckle. Thus, one of the fundamental
problems in wavelet analysis is to select an appropriate
threshold.

An approach introduced by Donoho and Johnstone
(1994) to denoise in the wavelet domain is known as
universal thresholding as given in eqn (4.1). The idea is to
obtain each threshold λi to be proportional to the square
root of the local noise variance σ2 in each sub band of a
speckle image after decomposition. M is the block size in
the wavelet domain.

)log(2 M  (4.1)

The estimated local noise variance, σ2 in each sub band
is obtained by averaging the squares of the empirical
wavelet coefficients at the highest resolution scale as
given in eqn
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The threshold of (4.2)  is based on the fact that for a
zero means i.i.d. Gaussian process with variance σ2, there
is a high probability that a sample value of this process
will not exceed λ. Thus the universal threshold is
applicable to application with white Gaussian noise and in
which most of the coefficients is zero. In such cases, there
is a high probability that the combination of (zero)
coefficients plus noise will not exceed the threshold level
λ.
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2. Bayes Shrink
Bayes Shrink is an adaptive data-driven threshold for

image denoising via wavelet soft-thresholding. The
threshold is driven in a Bayesian framework, and we
assume generalized Gaussian distribution (GGD) for the
wavelet coefficients in each detail sub band and try to find
the threshold T which minimizes the Bayesian Risk.
BayesShrink performs better than SureShrink in terms of
MSE. The reconstruction using BayesShrink is smoother
and more visually appealing than one obtained using
SureShrink.

III. BIVARIATE MODELS

With good properties of multi-resolution, localization,
anisotropy and directionality, quaternion wavelet
transform could represent edges and singularities more
efficiently. Quaternion wavelet coefficients exhibit strong
non-Gaussian statistics. So there are strong dependencies
between a quaternion wavelet coefficients and its parent.
In this section, we use bivariate model to characterize the
dependency between a quaternion coefficient and its
parent. The corresponding bivariate maximum a posterior
(MAP) estimator based on noisy quaternion wavelet
coefficients. The basic Bayesian estimation method is
modified via considering the dependency between
quaternion wavelet coefficients and its parent. Let 2 w
represent the parent of 1 w ( 2 w is the quaternion wavelet
coefficient at the same position as 1 w ).New shrinkage
function which depends on both coefficient and its parent
yield improved results for wavelet based image denoising
Let w2 represent the parent of w1 (w2 is the wavelet
coefficient at the same position as w1, but at the next
coarser scale.)
Then

y1 = w1+n1
y2 = w2+n2

where y1 and y2 are noisy observations of w1 and w2 and
n1 and n2 are noise samples .Then we can write

y = w+n
y = (y1,y2)
w = (w1,w2)
n = (n1,n2)

IV. DENOISING USING FILTERS

A. Median Filtering: Median filtering is similar to
using an averaging filter, in that each pixel is set to an
average of the pixel values in the neighbourhood of the
corresponding input pixels. However with median
filtering, the value of an output pixel is determined by the
median of the neighbourhood pixels, rather than the mean.
The median is much less sensitive than the mean to
extreme values. Median filtering is therefore better able to
remove this outlier without reducing the sharpness of the
image.

Max and Min filter: The median filter is by far the
order-statistics filter most used in image processing; it is
by no mean the only one. Max filter, given by f^ (x, y) =

max {g(s, t)} (s, t)€ Sxy This filter is useful for finding the
brightest points in an image. Also, because pepper noise
has very low values, it is reduced by this filter as a result
of the max selection process in the sub image Sxy. The 0th
percentile filter is the min filter. f^ (x, y) = min {g(s, t)} (s,
t)€ Sxy This filter is useful for finding the darkest points in
an image.
B. Lee filter: The Lee multiplicative filter [l] is based on
a multiplicative noise image model: %ivj = Xi,j ’ Vij
(1)where z, x and v denote the observed image, underlying
image and noise processes, respectively. Based on an
assumption that the noise is white with unity mean and
uncorrelated with the image x, the multiplicat.ive Lee
filter seeks the best mean-squared estimate ? of 2. At each
pixel zi,j, Pi,j = z + ki,j (zi,j - Z) (2) where the gain factor
ki,j can be obtained as ki,j = Var(x) P2fsz + Var(x) (3) The
local adaptation of the filter is based on the calculation of
the local statistics, Z and Var(x) from the data sample
estimat.es P and Var(z) determined over a local
neighbourhood window. By adapting its parameters to
both low-variance areas and high-variance areas, the filter
both smooths noise and preserves edges. In order to
preserve edges, the filter essentially shuts itself off in high
variance areas (i.e. ki,j x SO that the estimate 3i’i,j is
approximately equal to the observed pixel value zij.
C. Kaun filter: The kuan filter transforms multiplicative
noise model into additive noise model. this is similar to lee
filter but using different weighting  function. The Kuan
filter is considered to be more superior to the Lee filter. It
does not make an approximation on the noise variance
within the filter window. The Kuan filter simply models
the multiplicative model of speckle into an additive linear
form as in eqn (3.5), but it relies on the ENL from a SAR
image to determine a different weighting function W given
in eqn (3.5) to perform the filtering
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The weighting function is computed from the estimated
noise variation coefficient of the image, Cu given in eqn
(3.6)

)6.3(/1 ENLCu 
and Ci is the variation coefficient of the image given in
eqn (3.7).

)37(/ mi ISC 
where S is the standard deviation in filter window and Im
is mean intensity value within the window. The only
limitation with Kuan filter is that the ENL parameter is
needed for computation.
D. Frost filter-The frost filter is exponentially damped
circularly symmetric filter where a calculation based on
the distance from the filter centre. The damping factor &
local variance determines new pixel value. The parameters
in the Frost filter are adjusted according to the local
variance in each area. If the variance is low, then the
filtering will cause extensive smoothing. Whilst in high
variance areas, little smoothing occurs and edges are
retained.
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V. CONCLUSIONS

Image parameters has not disturb when denoising. It can
be determined that for salt and pepper noise, the median
filter is optimum compared to mean filter and LMS
adaptive filter. It produces the supreme SNR for the output
image compared to the linear filters considered. The LMS
adaptive filter proves to be better than the mean filter but
has more time complexity. The image attained from the
median filter has no noise present in it and is close to the
high quality image. The sharpness of the image is retained
unlike in the case of linear filtering. In the case where an
image is corrupted with Gaussian noise, the wavelet
shrinkage denoising has proved to be nearly optimal. Sure
Shrink produces the best SNR compared to Visu Shrink
and Bayes Shrink.  However, the output from Bayes
Shrink method is considerable closer to the high quality
image and there is no blurring in the output image. When
denoising we have to preserve contrast of the image.
Image brightness in denoising kept same but preserves the
background and the gray level tonalities in the image. The
noise term is considered as a random phenomenon and it is
uncorrelated, hence the average value of the noise results
in a zero value, therefore consider proper kernel to get
denoised image The low pass spatial filter reduces the
noise such as bridging the gaps in the lines or curve in a
given image, but not suitable for reducing the noise
patterns consisting of strong spike like components. The
high pass filters results in sharp details, it provides more
visible details that obscured, hazy, and poor focus on the
original image. Now wavelets preferred in denoising while
preserving all the details of the image. Image denoising
has become a crucial step for correct diagnosis. The
current need of healthcare industries is to preserve useful
diagnostic information with minimum noise. Ultrasound
images often suffer with a special type of noise called
speckle. Introduction of speckle degrades the image
contrast and block out the underlying anatomy. In order
for the medical practitioners to achieve correct diagnosis,
the ultrasound images have to be despeckled.In this paper
some practical applications of wavelet domain denoising
in ultrasound, fMRI, CT, PET and in MRI imaging were
demonstrated. The presented results demonstrate the
usefulness of wavelet denoising for visual enhancement of
images as well as for improving some further automatic
processing like the segmentation and classification of
ultrasound images.
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