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Abstract - In this paper a new method of image denoising
is proposed. This method combines two very popular
techniques of denocising, Wavelet decomposition and total
variation filtering. We will use this method for denoising of
medical images aswell as natural images. I n thisalgorithm, a
noisy image is first decomposed in its wavelet coefficients.
Then these coefficients filtered by soft thresholding. This
threshold is calculated by total variation method. Inverse
wavelet transform of filtered and modified coefficients of
image give the reconstruction of denoised image. Total
variation minimization filter will sufficiently remove noisy
coefficients and retain fine edge information of image. Very
few iteration of TV will produce denoised image with edge
information. Split bregman method is applied for TV
minimization. I n terms of PSNR values, this combination will
produces better results.

Keywords — AWG noise, image denoising, split bregmam
method, total variation (TV), wavelet thresholding.

|. INTRODUCTION

The goa of denoising is to remove the noise while
preserving the important image information as much as
possible. Traditiona filters introduce blurring effect to the
image and wavelet is failed in keeping edge information
(1], (6].

Noise may be generated due to imperfect instruments
used in image processing, problems with the data
acquisition process, and interference, all of which can
degrade the data of interest. Most of the natural images are
assumed to have additive random noise, which is modeled
as Gaussian type (AWGN). Speckle noise is observed in
ultrasound images, whereas rician noise affects MR
images. Noise in a digital image has low as well as high
frequency components[9], [10].

The agorithm presented in this paper is based on
wavelet  threshold filtering and total variation
minimization method, which exploits the potential features
of both wavelet thresholding and total variation filter at the
same time their limitations are overcome. Algorithm
works as a wavelet domain low pass filter for high
frequency noisy detail components of image and TV
minimizer for low frequency noisy edge coefficients. The
proposed method gives better denoising over other spatial
and wavelet domain filters keeping edge information and
other detail of image very well and PSNR of the image
after denoising is optimal.

In this algorithm, first image is decomposed in wavelet
sub-bands, LL, LH, HL and HH. The LL sub-band of
noisy image is used to find the horizontal, vertical and
diagonal edges [3]-[4]. Using the pixel position of
horizontal edges, the corresponding wavelet coefficientsin

HL sub-band are retained and using a proper threshold
value, threshoding others to zero. Adopting the same
procedure the vertical and diagonal details of LH and HH
sub-bands is retained. By applying inverse wavelet
transform on modified wavelet coefficients, we get back
the image with a partial noise. This partial noise can be
removed using TV filter with single iteration.

In this research paper, section 2 introduces wavelet
decomposition and thresholding, whereas section 3
presents concept of total variance. Section 4 gives
introduction of split bregman’s solution of TV
minimization problem. New proposed algorithm is
discussed in section 5. Implementation reference is given
in section 6. Expected Performance of proposed algorithm
is presented in section 7. PSNR result is discussed is
section 8. Finaly the conclusions have been drawn in
section 9.

Il. WAVELET DECOMPOSITION AND
THRESHOLDING

After wavelet transformation, most of the energy of
signal is supposed to be clustered in a few wavelet
coefficients [7], whereas noises are not. The thresholding,
or shrinkage on the wavelet coefficients with a proper
threshold [12], can then significantly reduce the noise. The
key point of wavelet threshold denoising is selecting a
proper threshold, the higher the threshold is, the better
effect of denoising will be, and, at the same time, the
blurrier the edge will be.

A. Wavelet  Thresholding
Algorithm

In wavelet domain methods, the noisy image is
decomposed to around five level of decomposition for
efficient denoising. This leads to increase in computational
complexity. Any kind of decomposition of an image into
wavelets involves a pair of waveforms. one to represent
the high frequencies corresponding to the detailed parts of
an image (wavelet function) and another for the low
frequencies or smooth parts of an image (scaling function)
[2]-[4]. Fig. 1 shows its operation.
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Let W and W™ denote the two dimensional orthogonal
discrete wavelet transform (DWT) matrix and its inverse,
respectively. Then Y = W.g represents the matrix of
wavelet coefficients of g having four sub-bands (LL, LH,
HL and HH) [7]. The sub-bands HH,, HL,, and LH are
called details, where k is the scale varying from 1, 2 and J,
where Jis the total number of decompositions. The LL has
the average information, LH has the details across the
horizontal direction, and the HL has the details across the
vertical direction whereas HH has the details across the
diagonal direction. The wavelet thresholding denoising
method processes each coefficient of Y from the detail
sub-bands with a soft threshold function to obtain X. The
denoised estimate isinverse transformed to f = W™X.

Soft thresholding function with threshold T [2], [3].

Y[n]-T Y[n]>T
X[n]=13Y[n]+T Y[n]<-T

0 |Y[N] T
Where T is the threshold value calculated by total
variational method, discussed in  next section.

Disadvantage of this method is that it produces blurring
effect at the edge of image. In case of medical images
blurred edge may results in wrong diagnosis.

[11. TOTAL VARIATION METHOD

Total variation based filtering was introduced by Rudin,
Osher, and Fatemi [5]. TV denoising is an effective
filtering method for recovering piecewise-constant signal.
‘TV/ROF Denoising’ in the form of BV or Besov norm

. y7] 2
min uly, +Zu-fl, @

In that paper, the authors propose to minimize this
energy using a gradient projection method. While this
approach is simple, the non-linearity and poor
conditioning of the problem make this approach very slow.

Let the noisy image is uy(X,y) = u(x,y)+N(x,y) where
u(x,y) denotes the desired clean image and x,y € Q. N is
the additive noise. The total variation denoising modal can
be stated as follows:

a ux + i Uy

x| JuZ+u? | Y| JuZ+u?

-Au-u0), for t>0, x,y € Q

‘N’ is the tuning or regularization or minimization
parameter [8], [11]. This is used to balance the tradeoff
between the suppression of oscillations and fitting term.
Larger value of A gives blurring effect to the image. A
careful selection of this parameter gives better denoised
image with fine edge information and other details [5]. A
can be calculated as

jg divm;ﬂ(u ~u, ) dxdly

202 |Q|

U,

i:
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Total variation method provides smoothness to the
homogeneous region while retaining the edges.

1V. SPLIT BREGMAN ANISOTROPIC TV
DENOISING METHOD

The general form of 11 regularized problemsis
min|®(u)|+ H (u) (4.1)
u

Where |.| denotes the 11-norm, and both |®(u)| and H(u)
are convex functions. Many important problems in
imaging science (and other computational areas) can be
posed as |1-regularized optimization problems. One of
them is shown in ROF method eg. (3.1) [13].
The anisotropic problemis

. U 2
mu|n|qu|+‘Vyu‘+E||u— fl, @2

Applying Bregman iteration and iterative minimization
approach to solve this problem [13]-[15]. The optimality
condition which gives optimal efficiency with iterative
algorithm is given below:

(] =AU = puf + AV (dif —bf) + AV (dy - bY)

The Gauss-Seidel solution of this problem can be
written component wise as: U =G%;. Where

A k k k k
G = (U, +u*,  +u  +u _ +
1] ,U+4/1 i+1, ] i-1,] i,j+1 i,j-1
k k k k k
Oyiaj = O Ty —dys = By
K k k H
+b’. . —b’. ., +b). )+ f
X1, yi,j-1 Vi, ] ,u+4/1 ih]

Split Bregman method decouples the 11 and 12 portions
of the energy. Split Bregman agorithm for anisotropic TV
denoising is written as:

Initialize: u’=f, and d,’=d, =b,’=b,’=0

While [Ju- U], > tol

Uk+1=Gki'j

d T =shrink(% U+ bX, 1/A)

dytj:shrkink(vy ll,l(k;l+ bkykl, 1))

b= b+, U 0

byk+l: byk +(Ty uk+l_ dyk+l)

end

Where u*'=G", ; is Gauss Seidel solution.

V. PROPOSED DENOISING METHOD

Block diagram shown in fig. 2 is the representation of
new proposed denoising a gorithm.
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Fig.2. Block diagram of proposed algorithm

Thisisan improved a gorithm which utilizes only useful
feature of wavelet and TV filtering. Soft thresholding of
wavelet coefficients is performed using the local threshold
value which is calculated using Split bregman’s method of
TV minimization.

A. Description of Block’s Function

First block is input block which provides noisy image
for next decomposition block. Second block will take the
wavelet transform of input noisy image and decompose it
into 4 sub bands (LL, LH, HL and HH). For less noisy
LL sub bands TV minimization with soft thresholding is
performed. Horizontal, vertical and diagonal noisy wavelet
coefficients from LL band image are diagnosed. This edge
information is used in thresholding of other bandsi.e. LH,
HL, HH band. Now al four bands with modified
coefficients are then forwarded to inverse wavelet
transform block for the retrieval of denoised image. For
more pleasing image with fine edge information and
detailed information one median filter can be introduced in
the next block, which will finally produce noiseless
smooth image with sharp edges.

B. Sepsof Algorithm

As stated above the proposed method follows these
steps:
> Sepl

The noisy image is decomposed in wavelet domain. Out
of four sub-bands (LL, HL, LH, and HH), the LL sub-band
contains low frequency components with small amount of
noise. Fig. 3 shows this decomposition.
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Fig.3. Wavelet decomposition
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» Sep2

LL sub band aready has less noisy image. A little noise
is present at the edges. Small amount of noise is removed
by proposed method. Pixel position of noisy horizontal,
vertical, and diagonal edge coefficients is noted from LL
band. .
> Sep3

Taking the pixel positions of these edges the
corresponding wavelet coefficients of HL, LH and HH
sub-bands are retained thresholding others to zero
according to proposed method.
> Sep4

Finally denoised image is reconstructed by inverse
discrete wavelet transform (IDWT) of these modified
wavelet coefficients.

=R
E:{;e 2 pF@
L Hwe
hodified LH =
— 1‘ F@ constructed
1: '@ Image
= 12 Hi@
Fig.4. Reconstruction of modified (HL, LH, HH) and LL
coefficients.
> Sepb

For more pleasing image quality we can add median
filter before our final denoised image.
C. PNR Analysis
Peak signal to noise ratio is the parameter which is
calculated for the result analysis.
PSNR (db) = 20 x logyo (255/¢)
Where € is RMSE (root mean square error) given by:

= [EEX {10

Where, N is the total number of pixelsand f, f are
original and filtered image respectively.

VI. IMPLEMENTATION REFERENCE

Proposed method is easy to implement with MATLAB
or C++ Platform. Proposed implementation of this
denoising method can be easily done in MATLAB 7.5
platform. Preferred image size for this test is 512x512.
Bior 6.8 filter will be preferred. Noise introduced is zero
mean white Gaussian noise with 0.05 variance (in Matlab).

VII. EXPECTED RESULTS

Various medical images like ultrasound (USG), MR
images (MRI), and CT images and X-ray images can be
denoised by this proposed combination of two methods.
This method can also be used for natural image denoising.
Fig. 5 shows test result of proposed method on various
images.
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Colum 5(a) shows the original image. This image is
mixed with a known noise in 5(b), expected result after
passing through our proposed denoising filter is presented
in 5(c). From figure 5, it is clear that the denoised image is
most similar to the original image, having most of the edge
information with denoised detailed information.

VIIl. PSNR RESULTS

Results of this new method are analyzed on the PSNR
terms. Table | shows the result of denoising using
proposed algorithm on various types of image.

Tablel:
Image Lena | MRI | CT Ultra- | X-Ray
sound
PSNR (in | 37.46 | 28.13 | 28.03 | 30.45 | 27.77
dB)

(a) Original image (b) Noisy image (c) denoised image
Fig.5. Initial results of proposed combined method.

|X. CONCLUSION

The proposed combination of Split Bregman’s total
variation denoising algorithm with wavelet domain
thresholding is easy to implement and effective method for
the removal of Gaussian noise. This method is
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outperforming in removing noise while keeping edge
information and other details very well. This hybrid
method is a solution for medical image denoising with fine
edge information. Hence, it is concluded that it can be a
better solution of TV minimization denoising in wavelet
domain.
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