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Abstract—Due to the sampling method for the wavelet coefficients
of image can better adapting to its main directional characteristics,
and the edge detection protects the edge information of the image,
a local adaptive wavelet denoising method based on elliptic
direction window and edge detection is proposed in this paper.
The method first performs wavelet decomposition for image, and
performs edge detection on the wavelet coefficients. Then, the
wavelet coefficients of image are sampled by the elliptic directional
window, and the local threshold of it is calculated. Next, the
wavelet coefficients are quantized by soft threshold function.
Finally, the denoised image is obtained by inverse wavelet
transformation. In addition to be noted that a weight less than 1 is
multiplied to reduce the threshold amplitude as much as possible
to preserve the edge features of the image. In order to validate the
performance of the proposed denoising method, four standard
gray-scale test images are employed and the denoising results are
compared with the Local Wiener Filtering with Directional
Windows (LWFDW). The experimental results show that the
method proposed in this paper performs better in terms of
numerical indicators, is smoother in visual and has fewer pseudo-
Gibbs phenomena than the LWFDW.,
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1. INTRODUCTION

Since different types of noise are inevitably introduced in the
processes of image formation and transmission, image denoising
is a necessary pre-processing process before various image
applications. It aims to effectively remove the noise from the
original image, and while retain the details, structures and edges
of the original image as much as possible [1]-[5]. Due to the
advantages of the multi-resolution and edge detection
characteristics, wavelet transform is widely used in various
signal processing such as feature extraction, signal compression,
image denoising, efc. [1]. In the wavelet domain, the current
image denoising method using global threshold does not take the
local characteristics of the wavelet coefficients into account.
Because the image localization method in the spatial domain
cannot adapt to the directional characteristics of the wavelet
coefficients, the results of which is not ideal in the wavelet
domain [6]-[10]. [11] proposed Local Wiener Filtering with
Directional Windows (LWFDW), which is a localized wavelet
threshold denoising method based on elliptic directional
windows. In the wavelet coefficient matrix, local elliptic
windows are set along the main feature direction, and the

wavelet coefficients in each local elliptic window will have a
larger probability of a higher similarity. This kind of local
elliptic window can better adapt to the wavelet coefficients
consistent with the main feature direction. However, without any
methods applied to protect the edge information of image, the
denoising method in [11] will result in unclear edge and pseudo-
Gibbs phenomena in the recovery image. For addressing the
mentioned-above problem, we propose an adaptive wavelet
threshold denoising method based on elliptic directional window
with edge detection to protect the wavelet coefficients, and
further improve the denoised performance of the restored image.

II.  WAVELET THRESHOLD DENOISING

The threshold denoising model is expressed as:

y=y+n (1

where, y represents the noisy image, ¥ is the clear image, and n
stands for two-dimensional Gaussian noise. The model in
wavelet domain can be gotten as follows:

W, = Wy + W, )

where, W, Wy, and W, represent the wavelet coefficient of the
noisy image, the clear image and the noise, respectively.

There are many commonly used thresholds estimation
methods in wavelet domain, such as the general threshold
VisuShrink [12], the SUREShrink threshold [6], the Minimaxi
threshold [14], GCV threshold [15] and Bayesian threshold
(BayesShrink) [8] and efc.. In this paper, the BayesShrink
threshold estimation method with the best denoised
performance is adopted, which is reviewed as follows.

First, the Bayesian risk function is denoted as:

r(T) = E(Wy - Wy)z = Ewawy|W;,(Wy - Wy)z €)

where, I/IA/'y is the estimated coefficient after thresholding. Wy
obeys the generalized Gaussian distribution with parameters
(O'—, I ) ,  where Oy 1s the standard deviation of wavelet
coefficients of the clear image. And 8 is the shape parameter.
W, obeys the Gaussian distribution with the parameter (Wy, a,%)
under the condition of variable Wy, that is, W, |[W; « (Wy, 0?),



where o7 is the variance of the noisy wavelet coefficient.
Minimize the risk function r(T) to get the optimal threshold
Tpayes- Numerical experiments show that the threshold Ty
is proportional to ¢ and inversely proportional to gy, namely

[8]:
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In the wavelet threshold denoising theory, it is necessary to
determine the threshold function to quantize the wavelet
coefficients. Commonly used threshold functions are hard
threshold function, soft threshold function and semi-soft
threshold function and efc. [6,9,12,13]. After wavelet
transformation, useful signals are concentrated on scale
coefficients and a small number of wavelet coefficients with
larger amplitudes, while the energy of noise is dispersed in all
coefficients with small amplitude. So, the wavelet coefficients
smaller than a certain threshold are set to zero, and the wavelet
coefficients larger than the threshold are reduced by the
threshold shrinkage, which can achieve noise reduction with
principle of the minimum mean square error. The reason for the
use of the soft threshold function in this paper is to avoid "one
size fits all" impact of the hard threshold. That is, the wavelet
coefficients larger than Tg,,. are uniformly subtracted from

Tgayes»> and those smaller than —Tg,,,. are uniformly added to
Tgayes- The image restored by the soft threshold function will
be visually smoother.

III.  WAVELET COEFFICIENT LOCALIZATION METHOD BASED
ON ELLIPTIC WINDOW

Compared with the global threshold denoising method, the
local threshold denoising method can better retain the local
features of the image. The existing methods for image
localization are composed of region merging method [16],
elliptic window sampling method [11] block matching method
[17], strict sampling method using fixed-size square windows
[18] and efc.. Since better adapting to the main characteristic
direction of the wavelet coefficients, the local elliptic window is
adopted to compute the wavelet coefficients for the localization
method. After the image undergoes wavelet transformation,
three wavelet coefficient matrices are generated at each
decomposition scale. Each coefficient matrix contains different
directional characteristics, which are horizontal, vertical, and
diagonal directions. Thus, setting local elliptic windows in each
coefficient matrix along its main characteristic direction will
make the wavelet coefficients in each local window more likely
to have higher similarity [11]. The definition of the elliptic
window is denoted by

W(r,a) = {(m,n) € Z?:m? + a*n? < a®r?} 5)
Wy(r,a) = {(m, n): min{a*m? + n?,a*n? + m?} < ar?}
(6)

where,  and a stand for the direction parameters of the elliptic
window; (m, n) represent the coordinate index of the pixel. Eq.

(5) represents an elliptic window in the horizontal and vertical
directions, and Eq. (6) represents an elliptic window in the
diagonal direction. The shapes of the elliptic window
corresponding to W(6,2), W(6,1/2), W,(6,2) are shown in
Fig. 1.

(a) (b) (c)

Fig. 1 Illustration of elliptical directional windows.
(a)horizontal;(b)vertical;(c)diagonal

IV. THE PROPOSED METHODOLOGY

The local elliptic window consistent with the main feature
direction of the wavelet coefficients can better adapt to the
wavelet coefficient features. If protective measures can be taken
to preserve the characteristics of the image, the noise reduction
effect could be further improved. To this end, this paper
proposes a local adaptive wavelet threshold denoising method
based on elliptic directional window and edge detection. Firstly,
the image is decomposed by wavelet, and its wavelet coefficient
is edge-detected. And then, the wavelet coefficients are
sampled by the elliptic directional window. During sampling,
some elliptic windows may contain some wavelet coefficients
with larger amplitudes that represent edge features. In order to
protect these wavelet coefficients, the threshold amplitude is
reduced by multiplying a weight ¢ less than 1 when the wavelet
threshold is calculated in elliptic windows. For a more accurate
result, the iteration is carried out to update the local signal
standard deviation estimation. The detailed steps are introduced
as follows:

1) A J-scale wavelet transform of the noisy image is performed
to obtain scale coefficients4;(j =1,...,J), and wavelet
coefficients W]k(] =1,..J,k=hvd) , where h,v,d
represent the horizontal, vertical and diagonal directions,
respectively.

2) The edge detection of the wavelet coefficient image with
each scale and each direction are performed to obtain the
wavelet coefficients of the edges.

3) The wavelet coefficients with each scale and each direction
are locally sampled by an elliptic window, and then the local
threshold of the wavelet coefficients in the window is
estimated according to Eq (7).

6,21]. i

Tj,k,m,n =3 ) (7)

9Yjjmn

where Tjy mn is the threshold value of wavelet coefficient
at scale j, direction k, and position (m,n). If the elliptic
window contains wavelet coefficients representing the edge,

T} j,mn can be recast as
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among them, 67’11‘]( represents the noise standard deviation

estimation of the wavelet coefficient, and the estimation
formula of which is

~ median(|W]-‘k|)
0, . = —m—mm
Mk 0.6745

)

where W, corresponding to scale j and direction k .

o represents the local signal standard deviation of the

Yjkmn
wavelet coefficients in the corresponding elliptic window,
and its estimation formula is defined as:

~ 1 ~
Gy iemm = \/(Ez(p'qER) W2m+pn+q)— o,%].‘k)Jr(lO)

where, R represents the elliptic window, Ny stands for the
number of wavelet coefficients in the elliptic window.
Function (a) , represents

0,a<0
a, otherwise

(@), = { (11)

4) The soft threshold function processing of each wavelet
coefficient needs to be performed. The estimated wavelet
coefficients VT/]',k,m,n at scale j, direction k, and position
(m, n) can be obtained as

W-.

Jj,kmn
{ 0' |VVj,k,m,n| < Tj,k,m,n
(12)
sgn(VVj,k,m,n)(|VVj,k,m,n| - Tj,k,m,n)' |V|/j,k,m,n| > Tj,k,m,n

5) The wavelet coefficients quantized by thresholds and scale
coefficients are used to implement the inversed wavelet
transform to obtain the restored image after the first noise
reduction. Repeat steps 1) ~3) for the coarsely restored
image to obtain new wavelet coefficients W), (j =
1,..J,k = h,v,d), and update the local signal standard
deviation of the wavelet coefficients in each elliptic window

I
O-y j,kmn

! 1 1
0} e = JN—Rz(p,qem W2m+pn+q)  (13)

As other steps and data remain unchanged, and new
thresholded wavelet coefficients are obtained.

6) Finally, the inverse wavelet transformation on scale
coefficients and new thresholded wavelet coefficients is
implemented to obtain denoised images. The flowchart of
details is shown in Fig. 2.
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Fig. 2 Flow chart of wavelet local adaptive threshold denoising method based
on elliptic directional window and edge detection
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V.  EXPERIMENT RESULTS AND ANALYSIS

In order to test the effectiveness of the denoising method
proposed in this article, with the platform of MATLAB2018,
four standard gray-scale test images-Lena, Barbara, Peppers,
and Boats are selected for comparison experiments. The size of
the images is 512x512. This paper verifies the importance of
edge detection before threshold processing. The selected
reference method is based on the LWFDW method [11]. The
Symlet-8 wavelet base of the stationary wavelet transform is
selected, the decomposition scale of which is 4. The edge
detection operator selects the Canny operator, the parameters of
the elliptic window areW (6,2),W(6,1/2),W,(6,2), and the
weight c is set to 0.9. The noise standard deviations ¢ used in
the simulation are set to 10, 15, 20, 25, and 30, respectively.
Peak signal-to-noise ratio (PSNR) [8] and structural similarity
(SSIM) [17] are chosen to evaluate the quality of denoised
results.

The numerical results of the experiment are shown in Table
1. The bold items represent the best results among the proposed
method and the reference method under the same experimental
conditions. Fig. 3 and 4 respectively show the original image and
the noisy image with 6=20. The results in Table 1 show that (1)
when the noise level is low, the numerical indexes of the two
local wavelet threshold noise reduction methods are close. (2)
When the noise level is high, the proposed method is better than
the LWFDW method, and the higher the noise level, the more
obviously the proposed method is better than LWFDW. The
results in Fig. 5 show that the two local wavelet threshold
methods have similar recovery capabilities to edges, but the
proposed method is visually smoother than the LWFDW, and
has fewer pseudo-Gibbs phenomena.

TABLE 1. QUALITY EVALUATION INDEXES OF FOUR TEST IMAGES AND
THREE WAVELET DENOISING METHODS
Noise PSNR SSIM
Test standard
image deviation LWFDW  Proposed LWFDW Proposed
Lena o=10 35.63 35.80 0.92 0.93
o=15 33.42 33.77 0.89 0.90



o=20 31.79 32.32 0.88 0.85

o=25 30.51 31.18 0.81 0.86

o=30 29.45 30.27 0.77 0.84

o=10 33.78 33.78 0.93 0.93

o=15 31.33 31.39 0.88 0.89

Barbara  o=20 29.65 29.71 0.85 0.86
o=25 28.32 28.47 0.81 0.83

o=30 27.21 27.39 0.77 0.79

o=10 35.12 35.17 0.90 0.90

o=15 33.20 33.48 0.87 0.88

Peppers  o=20 31.72 32.18 0.83 0.86
o=25 30.46 31.07 0.80 0.84

o=30 29.50 30.28 0.76 0.82

o=10 33.24 33.15 0.87 0.87

o=15 31.25 31.28 0.83 0.83

Boats o=20 29.80 29.96 0.79 0.80
o=25 28.67 28.95 0.75 0.77

o=30 27.73 28.08 0.71 0.74

©
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Fig. 3 Original images of (a)Lena, (b)Barbara, (c)Peppers, (d)Boats
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(a)
Fig. 5 Comparison of the noise reduction results of Lena, Barbara,
Peppers and Boats at the noise level. (a) LWFDW (b) The proposed
denoising method

VI. CONCLUSION

This paper proposes a local adaptive wavelet threshold
denoising method based on elliptic directional window and
edge detection, aiming to protect the edge features and improve
the denoised results. The method first performs wavelet
transformation for the image, and then applies edge detection to
the wavelet coefficient of the image. Next, wavelet threshold



estimation on the wavelet coefficients inside the window is
computed after sampling the wavelet coefficients of image by
the elliptic window. Owing to the elliptic windows which
contains the wavelet coefficients representing the edges, we add
a weight less than 1 to the restored image after the first noise
reduction to reduce the threshold shrinkage to protect the edge.
At the same time, in order to obtain a more accurate estimation,
the iteration is applied to update the estimated value of the local
signal standard deviation to obtain a new thresholded wavelet
coefficient. Finally, the denoised image can be achieved by the
inverse wavelet transformation with the scale coefficient and
the denoised wavelet coefficients. By comparison with
LWFDW, experimental results show that the proposed method
can achieve better denoising effects in terms of numerical
indicators, and the denoised image is smoother in the uniform
area and has fewer pseudo-Gibbs phenomena in visual.

REFERENCES

[1] X.C.LiandS. A. Zhu, "Survey of Wavelet Domain Image Denoising,"

Journal of Image and Graphics, vol. 11, no. 9, 2006.

D. X. Deng, C. S. Lin, S. G. Gong, and Z. G. Wu, " Wavelet Threshold
Denoising Method Based on Neynan-Pearson Criterion," (in chi), Signal
Processing, vol. 19, no. 3, pp. 281-283, 2003.

Q. W. Gao, B. Li, G. J. Xie, and Z. Q. Zhuang, " An Image De-Noising
Method Based On Stationary Wavelet Transform," Journal of Computer
Research and Development, vol. 39, no. 012, pp. 1689-1694, 2002.

C. Y. Liu, Z. X. Chen, and Y. T. Ma, " Adaptive wavelet thresholding
method for image denoising," OPTO-Electronic Engineering, no. 06, pp.
81-85,2007.

X. Li, X. Luo, H. Xue, and T. Yang, " Research on Multispectral Image
Denoising Based on Wavelet-Domain Hidden Markov Tree Model,"
Journal of Geomatics Science and Technology, vol. 000, no. 003, pp. 274-
277,282,2014.

Donoho and L. D., "De-noising by soft-thresholding," IEEE Transactions
on Information Theory, vol. 41, no. 3, pp. 613-627, 2002.

[16

[17

[18

]

]

=

David, L., Donoho, Iain, M., and Johnstone, "Adapting to Unknown
Smoothness via Wavelet Shrinkage," Journal of the American Statistical
Association, 1995.

H. A. Chipman, E. D. Kolaczyk, and R. E. McCulloch, "Adaptive
Bayesian Wavelet Shrinkage," Journal of the American Statistical
Association, vol. 92, no. 440, pp. 1413-1421, 1997.

S. G. Chang and B. Yu, "Adaptive wavelet thresholding for image
denoising and compression," /[EEE Transactions on Image Processing A
Publication of the IEEE Signal Processing Society, vol. 9,n0. 9, p. 1532,
2000.

J. Portilla, V. Strela, M. J. Wainwright, and E. P. Simoncelli, "Image
denoising using scale mixtures of Gaussians in the wavelet domain," JEEE
Trans Image Process, vol. 12, no. 11, pp. 1338-51, 2003.

S. Peng-Lang, "Image denoising algorithm via doubly local Wiener
filtering with directional windows in wavelet domain," [EEE Signal
Processing Letters, vol. 12, no. 10, pp. 681-684, 2005.

S. M. Hashemi and S. Beheshti, "Adaptive image denoising by rigorous
Bayesshrink thresholding," pp. 713-716, 2011.

H. Y. Gao and A. G. Bruce, "WaveShrink with semisoft
shrinkage.Technical report, StatSci Division of MathSoft," 1995.

D. L. Donoho, I. M. Johnstone, G. Kerkyacharian, and D. Picard,
"Wavelet Shrinkage: Asymptopia?," Journal of the Royal Statistical
Society. Series B: Methodological, vol. 57, no. 2, pp. 301-337, 1995.

Jansen and Bultheel, "Multiple wavelet threshold estimation by
generalized cross validation for images with correlated noise," IEEE
Transactions on Image Processing A Publication of the IEEE Signal
Processing Society, 1999.

I. K. Eom and Y. S. Kim, "Wavelet-Based Denoising With Nearly
Arbitrarily Shaped Windows," IEEE Signal Processing Letters, vol. 11,
no. 12, pp. 937-940, 2004.

K. Dabov, A. Foi, V. Katkovnik, and K. Egiazarian, "Image denoising by
sparse 3-D transform-domain collaborative filtering," IEEE Trans Image
Process, vol. 16, no. 8, pp. 2080-95, Aug 2007.

P. Jain and V. Tyagi, "LAPB: Locally adaptive patch-based wavelet
domain edge-preserving image denoising," Information Sciences, vol. 294,
pp. 164-181, 2015.



	I.  Introduction
	II. Wavelet threshold denoising
	III. Wavelet coefficient localization method based on elliptic window
	IV. THE PROPOSED METHODOLOGY
	V. Experiment results and analysis
	VI. Conclusion
	References


