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ABSTRACT: Wavelet transforms have become one of the most important and powerful tool of signal representation.
Nowadays, it has been used in image processing, data compression, and signal processing. Here, we are discussing about
the basic concept for Wavelet Transforms and the fast algorithm of Wavelet Transform. Now-a-days the wavelet theorems
make up very popular methods of image processing, de-noising and compression. Considering that the Haar functions are
the simplest wavelets, these forms are used in many methods of discrete image transforms and processing. The image
transform theory is a well known area characterized by a precise mathematical background, but in many cases some
transforms have particular properties which are not still investigated. This paper for the first time presents graphic
dependences between the types of wavelet approaches for de-noising. Some properties of the Haar, Daubechies 1 and 2,
coif-let 1 and 5, Symlet-8 and reverse bi-orthogonal wavelets spectrum were investigated. Here, i am using different types
of wavelet approaches for finding the Mean Square Error (MSE) and Peak Signal-to-Noise Ratio (PSNR) based approach
for de-noising the image. For removing the noise from the image wavelet techniques gives good improvement in recovering
the original image. Result will shows the recovery of original images along with noisy images.
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I. INTRODUCTION

An image is affected by noise in its acquisition and processing. The de-noising techniques are used to remove the
additive noise while retaining as much as possible the important image features. In the recent years there has been an
important amount of research on wavelet thresholding and threshold selection for images de-noising [1], because wavelet
provides an appropriate basis for separating noisy signal from the image signal. The motivation is that as the wavelet
transform is good at energy compaction, the small coefficients are more likely due to noise and large coefficient due to
important signal features [1]-[3]. These small coefficients can be threshold without affecting the significant features of the
image. In fact, the thresholding technique is the last approach based on wavelet theory to provide an enhanced approach for
eliminating such noise source [4], [5] and ensure better image quality [6], [7]. Thresholding is a simple non-linear
technique, which operates on one wavelet coefficient at a time. In its basic form, each coefficient is threshold by comparing
against threshold, if the coefficient is smaller than threshold, set to zero; otherwise it is kept or modified. Replacing the
small noisy coefficients by zero and inverse wavelet transform on the result may lead to reconstruction with the essential
signal characteristics and with less noise. Since the work of Donohue & Johnston [3], there has been much research on
finding thresholds, however few are specifically designed for images [14].

Unfortunately, this technique has the following disadvantages:

1) It depends on the correct election of the type of thresholding, e.g., Oracle Shrink, Visu Shrink (soft-thresholding, hard-
thresholding, and semi-soft-thresholding), Sure Shrink, Bayesian soft thresholding, Bayesian MMSE estimation,
Thresholding Neural Network (TNN), due to Zhang, Normal Shrink, , etc. [1]-[5], [8].

2) It depends on the correct estimation of the threshold which is arguably the most important design parameter,
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3) It doesn't have a fine adjustment of the threshold after their calculation,
4) It should be applied at each level of decomposition, needing several levels, and
5) The specific distributions of the signal and noise may not be well matched at different scales.

Therefore, a new method without these constraints will represent an upgrade. On the other hand, similar
considerations should be kept in mind regarding the problem of image compression based on wavelet thresholding.

Il. BIDIMENSIONAL DISCRETE WAVELET TRANSFORM

The Bi-dimensional Discrete Wavelet Transform (DWT-2D) [6], [7], [12] corresponds to multi-resolution
approximation expressions. In practice, multi-resolution analysis is carried out using 4 channel filter banks (for each level
of decomposition) composed of a low-pass and a high-pass filter and each filter bank is then sampled at a half rate (1/2
down sampling) of the previous frequency. By repeating this procedure, it is possible to obtain wavelet transform of any
order. The down sampling procedure keeps the scaling parameter constant De-noising and Compression in Wavelet
Domain via Projection onto Approximation Coefficients (equal to ¥2) throughout successive wavelet transforms so that is
benefits for simple computer implementation. In the case of an image, the filtering is implemented in a separable way be
filtering the lines and columns. Note that [6], [7] the DWT of an image consists of four frequency channels for each level of
decomposition. For example, for i-level of decomposition we have:

LLn, i: Noisy Coefficients of Approximation.

LHn, i: Noisy Coefficients of Vertical Detail,

HLn, i: Noisy Coefficients of Horizontal Detail, and
HH n, i: Noisy Coefficients of Diagonal Detail.

The LL part at each scale is decomposed recursively, as illustrated in Fig. 1 [6], [7].

— ", LL2 |HL2
- HL, LL1 HL1 HL1
LH, | HH, LH2 |HH2

LH, HH, LH1 HH1 LH1 HH1

Fig. 1 Data preparation of the image recursive decomposition of LL parts

To achieve space-scale adaptive noise reduction, we need to prepare the 1-D coefficient data stream which
contains the space-scale information of 2-D images. This is somewhat similar to the “zigzag” arrangement of the DCT
(Discrete Cosine Transform) coefficients in image coding applications. In this data preparation step, the DWT-2D
coefficients are rearranged as a 1-D coefficient series in spatial order so that the adjacent samples represent the same local
areas in the original image. Figure 2 shows the interior of the DWT-2D with the four sub bands of the transformed image
[51], which will be used in Fig.3. Each output of Fig. 2 represents a sub band of splitting process of the 2-D coefficient
matrix corresponding to Fig. 1.

Copyright to IJAREEIE Www.ijareeie.com 4078


http://www.ijareeie.com/

ISSN (Print) : 2320 - 3765
ISSN (Online): 2278 — 8875

International Journal of Advanced Research in Electrical,
Electronics and Instrumentation Engineering
(An ISO 3297: 2007 Certified Organization)
Vol. 2, Issue 8, August 2013

A. Wavelet Noise Thresholding:

The wavelet coefficients calculated by a wavelet transform represent change in the image at a particular resolution. By
looking at the image in various resolutions it should be possible to filter out noise, at least in theory. However, the

definition of noise is a difficult one.
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Fig. 2 Two dimensional DWT. A decomposition step. Usual splitting of the sub bands.

In fact, "one person's noise is another's signal". In part this depends on the resolution one is looking at. One algorithm to
remove Gaussian white noise is summarized by D. L. Donohue and I. M. Johnston [2], [3], and synthesized in Fig. 3.

Noisy Image
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Denoised Image
Fig. 3 Thresholding Techniques
The algorithm is:

1) Calculate a wavelet transform and order the coefficients by increasing frequency. This will result in an array containing
the image average plus a set of coefficients of length 1, 2, 4, 8, etc. The noise threshold will be calculated on the highest
frequency coefficient spectrum (this is the largest spectrum).

2) Calculate the median absolute deviation(mad) on the largest coefficient spectrum. The median is calculated from the
absolute value of the coefficients. The equation for the median absolute deviation is shown below:
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median(|C,, ; )
0.6745

mad

where Cn,i may be LHn,i , HLn,i , or HHn,i for i-level of decomposition. The factor 0.6745 in the denominator
rescales the numerator so that mad ‘6.4’ is also a suitable estimator for the standard deviation for Gaussian white noise [5].

3) For calculating the noise threshold ‘A” we have used a modified version of the equation that has been discussed in papers
by D.L. Donohue and I.M. Johnston. The equation is:

A=06

mad

2log[ N1

Where N is the number of pixels in the sub-image, i.e., HL, LH or HH.

For all higher bands (LH, HL and HH) the de-noising can be achieved by applying a thresholding operator to the
wavelet coefficients in the transform domain followed by reconstruction of the signal to the original image in spatial
domain. In our proposed method, soft shrinkage and Median Absolute Difference (MAD) are used. The scaled MAD noise
estimator is calculated by (4).

median(|X|)
06745 (04)

where X is the high frequency sub-bands coefficients. From the estimated noise, the non linear threshold T is calculated by

()
T'= MAD +,/2logn

Where N is the size of the high frequency sub-band array. Then the soft thresholding is applied to remove the
noise and the soft shrinkage rule is defined by (6). Finally, the noise free image is obtained by taking then inverse SWT.
x=T, if x=T
pr(x)=4x+T, if x=-T
O i IH<T  (06)

The noise free sub-bands are obtained by using adaptive thresholding. Finally, the noise free image is obtained by
taking the inverse SWT using the modified high frequencies sub-bands and the low frequency sub band of SWT.

4) Apply a thresholding algorithm to the coefficients.
3. Estimation of Parameters for Normal Shrink:

This section describes the method for computing the various parameters used to calculate the threshold value (Ty),
which is adaptive to different sub band characteristics.
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Where, the scale parameter ‘B’ is computed once for each scale using the following equation:

B= Jlﬂg[L—f] .
' (02)

Lk is the length of the sub band at K™ scale. o is the noise variance, which is estimated from the sub band HH1, using the
formula [7][13]:
= median( Y,}-|) i
6 =|———|.
0.6745

Y;; median € Yj; sub band HH; and ‘c,’ is the standard deviation of the sub band under consideration computed by using
the standard MATLAB command. To summarize, the proposed method is named as Normal Shrink which performs soft
thresholding with the data driven sub band dependent threshold Ty.

Image De-noising Algorithm:

This section describes the image de-noising 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:

1. Perform multi-scale decomposition [11] of the image corrupted by Gaussian noise using wavelet transform.
2. Estimate the noise variance o” using equation (3).
3. For each level, compute the scale parameter 3 using equation (2).
4. For each sub band (except the low pass residual)
a) Compute the standard deviation oy. b) Compute threshold Ty using equation (1).
c) Apply soft thresholding to the noisy coefficients.
5. Invert the multi-scale decomposition to reconstruct the denoised image f".

EXPERIMENTAL RESULTS:

The proposed algorithm tested for 256x256 images. It is tested for various levels of noise values and also
compared with different type of wavelet techniques. Figure 2 shows the de-noising performance of the proposed algorithm.
Proposed method and based soft shrinkage and different Wavelet Technique approaches with different noise variance.

SOFT THRESHOLDING RESULTING IMAGES:

=0 =0 s 2 " . 2
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(a) Noise variance 0.01 (b) Noise variance 0.02 (c) Noise variance 0.03
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NORMAL SHRINKAGE USING DB-1 (HAAR) TRANSFORMATION:
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(a) Noise variance 0.01 (b) Noise variance 0.02 (c) Noise variance 0.03

USING DAUBECHIES -2 (DB-2) TRANSFORMATION:

sof thresholding noisy image
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(a) Noise variance 0.01  (b) Noise variance 0.02 (c) Noise variance 0.03
USING COIFLET-1 WAVELET TRANSFORMATION:
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Using Coiflet-5 wavelet transformation:

soft thresholding

soft thresholding
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(a) Noise variance 0.01 (b) Noise variance 0.02 (c) Noise variance 0.03

Below tabular forms shows that the Mean Square Error (MSE) and Peak Signal to Noise Ratio (PSNR) of each

approach of different types of wavelet techniques.
Table-1 (SOFT-THRESHOLDING)

Mean | Variance MSE PSNR
0 0.01 197.02 25.18
0 0.02 344.23 22.76
0 0.03 475.81 21.35
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Table-2 (NORMAL-SHRINK USING db-1 (Haar Wavelet))
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Mean | Variance MSE PSNR

0 0.01 126.65 27.15

0 0.02 198.97 25.14

0 0.03 266.82 23.87

Table-3 (Using Daubechies -2)

Mean | Variance MSE PSNR

0 0.01 102.49 28.02

0 0.02 172.60 25.77

0 0.03 237.04 24.38

Table-4 (Using Coiflet-1)
Mean | Variance MSE PSNR
0 0.01 103.54 27.98
0 0.02 171.08 25.79
0 0.03 231.13 24.49
Table-5 (Using Coiflet-5)
Mean | Variance MSE PSNR
0 0.01 94.18 28.39
0 0.02 158.08 26.15
0 0.03 217.08 24.76
TABLE-6 (PSNR Comparison)
Wavelet Te | Variance MSE PSNR
Haar 0.01 126.65 27.15
Db -2 0.01 102.49 28.02
Coiflet-1 0.01 103.54 27.98
Coiflet-5 0.01 94.18 28.39
CONCLUSION

Here, we are calculating the simple soft thresholding and normal shrink of an image. For de-noising the
thresholding value of an image is mandatory. Hence, we used simple soft thresholding technique. Once thresholding value
is calculated, then need to find the value of normal shrinkage. For this am using different types of wavelet techniques like
Haar wavelet, Daubechies -1 and 2, Coif-let wavelet 1 and 5. Among all these coif-let 5 will gives the best peak signal-to-
noise ratio (PSNR). Hence among all these wavelets coif-let 5 is the best approach for de-noising an image. While
comparing with remaining wavelets the resultant Mean Square Error (MSE) and peak signal-to-noise ratio (PSNR) are the
best for coif-let wavelet only. This will gives the best result for calculating an image de-noising. Likewise if remaining
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other wavelets supports for de-noising there may be an opportunity for calculating the better Mean Square Error (MSE) and
Peak Signal-to-Noise Ratio (PSNR). Which will gives the best MSE and PSNRs that particular wavelet technique will be
the best for calculating the best image de-noising.
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