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Abstract—Its multiplicative nature complicates speckle noise
reduction in images because of the effort required for
separation of noisy pixels from other pixels. In this study, a
novel adaptive anisotropic diffusion filter algorithm based on
Haar wavelet transform has been proposed. Initially, Haar
transform of image to be filtered was taken and then median
absolute deviation of wavelet coefficients was used to tune the
conductance parameter, K of diffusion filter with different
diffusion functions. The suggested strategy has been tested with
different images and different noise variances. Moreover,
experimental results have been compared with conventional
diffusion filters, and also Lee filter and Wiener filter which are
frequently used for despeckling.
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Figure 1. Problem with a conventional nonlinear diffusion filter

I. INTRODUCTION
Noises in images have either additive or multiplicative
characteristics. Speckle noise is a multiplicative noise and
indicates an undesirable random signal attained during
capturing and transferring signal [1]. Images with this kind
of signals are called the corrupted images. It is important to
reduce the effect of noise in image processing applications
such as segmentation and recognition so that the accurate
results could be obtained. Since speckle noise has a grainy
structure in image, more effort than that of filtering of other
noises is required for despeckling [2-3]. In this sense, many
speckle noise reduction algorithms have been developed up
to date. Perona and Malik proposed nonlinear heat diffusion
algorithm for noise reduction in 1990 [4], but the
requirement of user-defined parameters was the main
drawback of the method. Authors in reference [5] and
reference [6] modified primitive diffusivity functions
suggested by Perona and Malik, and recommended new
diffusivity functions. Black et al. considered Tukey’s
biweight scheme for a statistical solution to diffusivity
problem [7]. Despite varieties of improvements, the speckle
noise removal capabilities of conventional nonlinear
diffusion filter have been insufficient since proper
conductance parameters of filters for images with different
noise variances must be determined by the user [3].
Consequently, user dependency and value of conductance
parameter K are main issues with conventional nonlinear
diffusion as shown in Fig. 1.
Additionally, it was shown by researchers that although
anisotropic diffusion filter was successful for additive noise,
it was not good enough for image degraded speckle noise
[8]. Edge preserving capacities of image filter are essential
as much as filtering performances.

In 2001, Aja et al. presented that linear and median filters
didn’t preserve edge of images degraded with speckle noise
[9]. Although many approaches have been proposed for a
solution, most of them suffer from computation costs. In
2004, Gupta et al. suggested a filtering strategy using
logarithmic transformation; multiscale decomposition and
variance of wavelet transform results [10]. But, the cost of
the implementation was so high. Accordingly, adaptive
methods to overcome the user dependency and computation
cost have been indispensable. The other some approaches
were to transform multiplicative noise into additional noise
through logarithmic computations, too. Then homomorphic
filter was employed within transformed images [3, 11-12].
Performance of the adaptive filtering scheme highly
depends on conductance parameter K and the determination
of it is a critical issue [13]. Automatic estimation of
conductance parameter K for each noise image to be filtered
has been the recent research subject in the area of
anisotropic image filtering. In 2006, Aja-Fernández et al.
suggested to use median and median absolute deviation
(MAD) of the image as conductance parameter estimator
[14]. Krissian et al. emphasized the importance of accurate
estimator with stable iterations [15]. Some approaches to
noise estimation emphasized the importance of
mathematical approaches rather than statistical approaches
[16-17]. Kbiri Alaoui et al. proved that the diffusion filter
would be solved using the space of functions [18].
Nevertheless, conductance parameter, K and stopping
criteria still depend on user intervention.
In this study, a novel adaptive speckle noise reduction
algorithm using anisotropic diffusion filter based on Haar
wavelet transform and the median absolute deviation was
proposed. In offered strategy, no user intervention is
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required. It is noticed that the proposed method not only
preserves edges but also filters speckles in the image.
II. ANISOTROPIC DIFFUSION FILTER
As mentioned in the introduction section, many filters
have been developed by researchers for reducing noise in
the degraded image. Their main aims were to obtain betterpreserved edge and fine-scale details in the image while
filtering. One of the filters used for this purpose is called a
nonlinear diffusion filter proposed by Perona and Malik in
1990 [4]. The anisotropic diffusion filter was based on heat
equations as follows:

I ( x, y; t )
 div( c( x, y; t ) I ( x, y; t ))
t
I ( x, y;0)  I 0 ( x, y)

(1)

where div is divergence and  is the gradient operator.
The c is conductance or diffusivity function and it must be
close to 1 in each region and 0 at the edge of the image,
I(x,y). I0(x,y) represents the image degraded with speckle
noisy at the time t=0. So far, several diffusivity functions
have been developed by many researchers since it is vital for
the filtering process. Commonly used diffusion functions, c
in (1) were recommended by Perona and Malik (PM) [4],
Charbonnier et al. (CH) [5], and Weickert (WC) [6] as
follows:

c( x, y, t )  1 1   I / K 

2

c  x, y, t   1 1 I K 

2

(6)

Pixels belong to noise and edge in the image are located
at high-frequency components of wavelet: horizontal,
vertical, and diagonal coefficients. Subsequently, noisy
pixels in the image are easily detected utilizing these
coefficients. The well-known Cameraman is shown in Fig.
2(a) was degraded with speckle noise as shown in Fig. 2(b).
The Haar wavelet coefficients of the original image in
horizontal, vertical, and diagonal directions were shown in
Fig. 3(a), Fig. 3(b), and Fig. 3(c), respectively. Also, Haar
wavelet coefficients of degraded Cameraman image in
horizontal, vertical, and diagonal directions were shown in
Fig. 3(d), Fig. 3(e), and Fig. 3(f), respectively. When it is
carefully looked at, it is possible to see the effect of noise in
Haar wavelet coefficients. Also, histograms of horizontal,
vertical, and diagonal images were also obtained in Fig.
4(a), Fig. 4(b), and Fig. 4(c), respectively. Typically, the
normalized histogram with the total number of pixels is used
as a pre-processing in image processing applications such as
image retrieval, segmentation and filtering [19-21]. As could
be seen in Fig. 4, the histogram curves of noisy images are
shifted to the right relative to the original image.

(2)

(3)


1






c( x, y, t )  
 2.33666 
1  exp 
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I  0
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(4)

where K is the most crucial parameter determined by the
user according to the image, and it should be appropriately
selected for every noisy image.

(a)
(b)
Figure 2. Cameraman a) Original b) Degraded with speckle noise (σ=0.01,
PSNR= 23.15 dB)

III. HAAR WAVELET TRANSFORM
Haar wavelet transform is a kind of discrete wavelet
transform. This transformation detects the high and lowfrequency components of the image. It is a vital part of the
proposed method because of its separating capability of
noisy pixels in the image [12]. Haar wavelet transform is
defined as:
 2 j 1

f  x   c0    c   x 
jk jk

(a)

(b)

(c)

(5)

j 0 k 0

where j is non-negative integer scale factor, k is
translation parameter 0  k  2 j 1 , and cjk is scale
function. On the other hand,  jk is a function derived from
mother function of wavelets, which is represented by
 jk  x     2 j x  k  . Main wavelet function is defined as

100

(d)
(e)
(f)
Figure 3. Haar wavelet coefficients of original a) horizontal b) vertical c)
diagonal, and of noisy images d) horizontal e) vertical f) diagonal
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superiority of the method.
Apart from noise estimator using wavelet transform,
image filtering could be done by thresholding wavelet
coefficients. In VisuShrink approach, the diagonal
coefficient of wavelet transform was used for thresholding
[25] whereas the wavelet coefficients in each direction were
separately used in SureShrink [26], and BayesShrink
methods [27]. Although wavelet shrinking methods produce
smoothed images, they are profoundly affected by the
dimension of images, and edge persevering capabilities are
weak [28]. The wavelet transform in the literature appears to
be frequently used in this context [29].

(a)

IV. ADAPTIVE ANISOTROPIC DIFFUSION FILTER
The numerical implementation of (1) was done to achieve
anisotropic diffusion filter as follows:

I it,j1  I it, j    cN  N I  cS  S I  cE  E I  cW W I i , j (7)
t

where i and j are spatial coordinates of pixels, c is
diffusivity coefficient in each direction, N, S, E, W are the
mnemonic subscripts for North, South, East, and West,  is
chosen for the stable scheme, which is  0,1 4  , and t is
iteration time. Accordingly, spatial directions of anisotropic
diffusion are shown in Fig. 5.

(b)

Figure 5. Diffusion directions in the image
(c)
Figure 4. Normalized histograms of wavelet coefficients of Cameraman a)
horizontal b) vertical c) diagonal

This means that the wavelet transform of image holds
significant information about the presence of noise. The
problem is to convert the related information into a single
value. If it could be done somehow, the original image and
noisy image will have different values. Consequently, noise
information from histograms could be reduced as a single
parameter. Mercorelli and Frick used Haar wavelet
transform as useful noise estimator [22]. Then it was
employed in the anisotropic diffusion filter, and Finn et al.
observed that even though anisotropic diffusion filter based
on wavelet transform was successful regarding the reduction
of speckle noise, it failed to adequately prevent the edges in
the image [23]. Furthermore, the center of gravity of the
histogram of the wavelet transform was employed as noise
estimator by authors [24]. In this study, the anisotropic
diffusion filter has been performed by the estimated values,
and it has been compared with conventional diffusion filter
and well-known Lee and Wiener filter to demonstrate the

Although the anisotropic diffusion filters for images have
many advantages over conventional filters, the selection of
suitable conduction parameter, K has remained an unsolved
issue. In this study, an automatic mechanism to tune K has
been developed. Initially, Haar wavelet transform of the
noisy image, I0(x,y) was obtained. Then the median absolute
deviations of the coefficient in each direction were
computed. The MAD of the image is a robust statistical
scheme and was previously used to tune image filter based
on the gradient of the noisy image [7]. Also, Sun and Xu
used it as noise estimator for image segmentation as well
[30]. Although the gradient of the image produces
significant information about edge and noises, directional
intensity changes were not individually considered in
gradient technique. Only magnitude information was used.
On the other hand, anisotropic diffusion filter works
depending on directions. Therefore, the parameter obtained
with gradient magnitude could not be satisfactory. However,
the wavelet transform considers directional intensity
variations independently. This information obtained from
wavelet transformation is quite parallel with anisotropic
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diffusion. This was motivation point of suggested adaptive
anisotropic diffusion filter. Consequently, the design stages
of developed image filter were completed as follows:

and g(x, y), respectively and 

is covariance of f(x, y)
fg
and g(x, y). Parameters: c1 and c2 are selected according to
the suggestion of Wang et al. [31] as c1   0.01* L  and
2

Step 1. Calculate Haar wavelet coefficients in horizontal,
vertical, and diagonal, I H ( x , y ) , IV ( x , y ) , I D ( x , y ) of the noisy

image using (5) and (6).
Step 2. Calculate MAD from the normalized histogram of
the each of coefficients as:
horizontal direction; K h  median  I H ( x , y )  median  I H ( x , y )   (8)
vertical direction; K v  median  IV ( x , y )  median  IV ( x , y )   (9)
diagonal direction; K d  median  I D ( x , y )  median  I D ( x , y )   (10)

Step 3. Calculate average of MAD as:
K

K K K
h
v
d
3

(11)

Step 4. Substitute the value obtained in step 3 into (2),
(3), and (4) for each direction as shown in Fig. 5. The whole
structure of the proposed adaptive anisotropic diffusion filter
was shown in Fig. 6.

Figure 6. A block diagram of proposed adaptive diffusion filter

V. PERFORMANCE CRITERIA

c2   0.03* L  where L is maximum intensity level, 255.
2

Diffusion filters are iterative filters. Therefore, while
employing (12), (13), and (14) for performance comparison,
the image f(x, y) and g(x, y) are replaced by I t

i, j

and I t 1 ,
i, j

respectively. Consequently, if image f(x, y) and g(x, y) are
close to each other, the MSE goes to zero whereas the SSIM
goes to one.
VI. EXPERIMENTAL RESULTS AND DISCUSSIONS
Experimental verification of the proposed strategy, a
well-known Cameraman, synthetic and brain tomography
images [32] was corrupted by adding the speckle noise. All
of the test images corrupted by speckle noise are filtered
using diffusivity functions of Perona Malik, Charbonnier,
and Weickert. Since there has not been a definite criterion
for selection of conductance parameter, the conventional
diffusion filter with the PM diffusivity function with
randomly tuned conductance parameter, K: 25, 50, and 100
were tested with Cameraman images. Iteration number, t
was fixed as 50 for all experiments.
Fig. 7(a), Fig. 7(b) and Fig. 7(c) shown filter outputs for
K: 25, 50 and 100, respectively. It was observed that
arbitrarily selected diffusion parameters produced
unsatisfactory results as edge information or object
boundaries were blurred. Additionally, as Lee [33] and
Wiener [34] filters are commonly used for speckle noise
reduction [28], [33-35], Lee and Wiener's filters were
employed to the denoise image for the reason that speckle
noise was added into the original image. Fig. 7(d) and Fig.
7(e) show responses of Lee and Wiener filters, respectively.
Since the edges in the image were not adequately protected,
their performances are insufficient.

The objective performance comparison of image filters
could be done by using the mean square error (MSE), peak
signal to noise ratio (PSNR), and the structural similarity
(SSIM) index proposed by Wang et al. [31] was used. The
MSE is defined as
2
1 M -1 N -1 

MSE 

  f (x , y ) - g(x , y ) 
i j
i j 
M N i0 j0

(12)
(a)

(b)

(c)

where f(x, y) and g(x, y) are the original and the filtered
images, respectively. The PSNR is stated as:
 2552 

PSNR  10 log 
10  MSE 



(13)

Additionally, the structural similarity index between two
images f, g is:

SSIM ( f , g ) 

(2 f  g  c1 )(2 fg  c2 )

(  2f   g2  c1 )( 2f   g2  c2 )

(14)

where  f and  g are means of image f(x, y) and g(x, y),
respectively. The  f and  g are variances of image f(x, y)
102

(e)
(d)
Figure 7. Cameraman a) K: 25, SSIM: 0.9480 b) K: 50, SSIM: 0.8957
c) K: 100, SSIM: 0.8835 d) Lee, SSIM: 0,9851 e) Wiener, SSIM: 0,9884

It can be seen that the conductance parameter, K is crucial
for degraded images with speckle. In this sense, the
conventional diffusion filter by using different values of
conductance parameter blurred the edges in the image. This
means that it doesn’t preserve the edges of the image.
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Conventional diffusion filter uses the same conductance
parameter, K in the whole image and is user-dependent. It is
a drawback for conventional diffusion filter. Adaptive
anisotropic diffusion filter recommended was tested for
Cameraman image by using different diffusivity functions.
Fig. 8(a), Fig. 8(b), and Fig. 8(c) shows the output of the
image filter with Perona and Malik, Charbonnier, and
Weickert functions, respectively. As could be seen, edgepreserving capacities and the SSIM values are better than
that of convention diffusion filters. Additional, variation
curves of PSNR versus iteration time for Cameraman were
shown in Fig. 9. The experiments were completed with
Perona and Malik, Charbonnier, and Weickert functions.
Although the success of Weickert functions is insignificant
at the beginning, it becomes the best of them as time
increases. Therefore, it was concluded that Weickert
function was the best choice with our proposal.
The proposed diffusion filter, Lee and Wiener filters were
tested with Cameraman image for different noise variances:
{0,01, 0,02, 0,04, 0,08, 0,1, 0,12, 0,14, 0,16, 0,28, and
0,20}. The SSIM and PSNR curves obtained with different
filters were shown in Fig. 10(a) and Fig. 10(b) respectively
where the robustness of developed adaptive filter could be
easily seen.

Volume 18, Number 4, 2018

Figure 9. Cameraman: PSNR versus iteration time, t

(a)

(a)

(b)
Figure 10. Performance curves with Cameraman a) SSIM versus variance
b) PSNR versus noise variance

(b)

Apart from the standard test image, synthetic image
shown in Fig. 11(a) and its noisy version shown in Fig.
11(b) were also employed to understand the performance of
devised image filter. Although SSIM values of Lee and
Wiener filter are high, their visual judgment is not
satisfactory as shown in Fig. 11(c) and Fig. 11(d),
respectively. On the other hand, the performance of the
proposed filter is better than that of conventional diffusion
filter as shown in Fig. 11(e) and in Fig. 11(f). Additionally,
the robustness of the proposal for the synthetic image was
confirmed. The related SSIM and PSNR responses are
shown in Fig. 12(a) and in Fig. 12(b), respectively.

(c)
Figure 8. Cameraman with proposed filter with K=(4+4+2)/3 a) PM, PSNR:
29.40 dB, SSIM: 0,9904 b) CH, PSNR: 31.03 dB, SSIM: 0.9933 c) WC,
PSNR: 33.29 dB, SSIM: 0.9960
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(a)

(a)

(b)

(c)

(b)
Figure 12. Performance curves with synthetic a) SSIM versus variance b)
PSNR versus noise variance

(d)

Figure 13. Brain tomography [32]

(e)

(f)
Figure 11. Synthetic image a) Original b) Degraded with σ=0.01 c) Lee,
SSIM: 0.9590 d) Wiener, SSIM: 0.9957 e) Conventional diffusion filter,
SSIM: 0.9243 f) Proposed filter, SSIM: 0.9977
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Figure 14. Degraded of Fig. 13 with σ=0.01
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(a)

(a)

(b)

(b)
Figure 16. Performance curves with brain tomography a) SSIM versus
variance b) PSNR versus noise variance
(c)

(d)
Figure 15. Brain tomography [32] a) Lee, SSIM: 0.9797 b) Wiener, SSIM:
0.9753 c) Conventional diffusion filter, SSIM: 0.9680 d) Proposed filter,
SSIM: 0.9849

Wavelet-based anisotropic image filter developed was
also tested with the real image shown in Fig. 13. It was
firstly degraded with speckle noise as shown in Fig. 14, and
then it was denoised with Lee and Wiener filter as illustrated
in Fig. 15(a), and Fig. 15(b), respectively. Also, it was
observed that the SSIM value of proposed filter was higher
than that of the conventional anisotropic filter. Fig. 15(c)
shows the output of conventional anisotropic filter whereas
Fig. 15(d) shows the output of the proposed adaptive
anisotropic filter.
Performance curves are given in Fig. 16(a), and Fig.
16(b). The filter of brain tomography also confirms that the
wavelet-based anisotropic filter has resistance against to
noises with different variances.
VII. CONCLUSIONS
In this study, a novel adaptive anisotropic diffusion filter
without user intervention has been developed. The main
filter parameter called, K is automatically calculated by the
proposed method depending on noise variance in the image.
Suggested method has been tested with different diffusivity
functions, and it was verified that the most successful
function was Weickert diffusivity function for image
degraded by speckle noise. Performance of the developed
anisotropic diffusion filter has been evaluated, and it was
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indicated that the proposed method would be used for
different images with speckle noises.
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