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Abstract

This paper deals with anisotropic diffusion in images af-
fected by speckle. Two existing methods are reviewed. The
first is a robust diffusion technique, non adapted to speckle,
based on the Tukey function. The second applies anisotropic
diffusion to speckle but lacks robustness. The contribution
of this paper is to create a robust anisotropic diffusion fil-
ter adapted to speckle. The proposed approach is based on
the two reviewed methods and introduces an original diffu-
sion tensor. Experimentation results are presented and the
performance of the three methods compared. The proposed
algorithm shows significant enhancement.
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1. INTRODUCTION

Filtering images affected by speckle is required for many
applications including medical imaging. Most widely used
techniques to reduce speckle include the Lee filter [6], Frost
filter [4], Kuan filter [5] and the Gamma Maximum a Poste-
riori (MAP) [7]. All these filters seek a balance between av-
eraging and all-pass filters. In this paper we aim to enhance
the quality of ultrasound images affected by speckle using
an anisotropic diffusion filter. This technique, introduced by
Perona and Malik [8], has been widely studied [1, 3, 11, 12].
It performs well on images affected by additive noise, but
tends to increase the noise when images contain speckle.
Recently several works have aimed to improve the quality of
anisotropic diffusion; Yu and Acton [13] have adapted this
technique to reduce speckle, and Black [2] established the
relationship between the diffusion equation and the robust
estimation of a piecewise smooth image from noisy data.
Our approach aims at creating a robust speckle reducing
anisotropic filter based on the advantages of the methods of
Yu and Black. The remainder of this paper is organized as
follows. In section 2 we revisit classical anisotropic diffu-
sion algorithm. We also present the recent techniques from
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which we have derived our algorithm. In section 3 we de-
velop the proposed method. The experimentations are de-
scribed in section 4.

2. ANISOTROPIC DIFFUSION TECHNIQUES

The anisotropic diffusion technique has been introduced by
Perona and Malik [8]. The partial differential equation rep-
resenting the diffusion is :
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where ¢ : Rt — R is called a diffusion tensor. One of
the diffusion tensors introduced by Perona and Malik is :
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where k is a constant that depends on the application. The
main focus of this paper is to create a robust diffusion tensor
optimized for speckle.

2.1. Robust anisotropic diffusion

Black developped a statistical interpretation of anisotropic
diffusion [2]. He showed that anisotropic diffusion can be
considered as a robust estimation of a piecewise smooth im-
age with the relation :

c(x) = 3)

where p represents a robust error norm. It is then easy to
apply any robust error norm from litterature to anisotropic
diffusion. Robust error norms in the diffusion eliminate the
influence of outliers. The diffusion tensor (2) used by Per-
ona and Malik is related to the Lorentz error norm, whereas
Black uses the Tukey error norm. Using the relation be-
tween c and p, Black’s diffusion tensor is written :
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This norm has a value of zero above the threshold o,
a scale defined with tools from robust statistics [2, 10], al-
lowing to set the influence of neighbours to zero. As op-
posed to the Lorentz norm, this approach of diffusion does
not modify a piecewise constant image where discontinu-
ities between regions are significantly high.

2.2. Anisotropic diffusion adapted to speckle

Speckle is a multiplicative locally correlated noise. Yu and
Acton [13] have defined a model of anisotropic diffusion
tailored to this kind of noise. Earlier filters that aimed to re-
duce speckle, such as Lee [6] and Frost [4], are based on the
coefficient of variation. Yu and Acton reused such a coeffi-
cient and applied it to anisotropic diffusion. They expressed
the coefficient of variation as:
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They also established the instantaneous coefficient of
variation, with I; ; > 0 V1,5 :
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their diffusion coefficient is written as :
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where qo(t) is the scale factor of speckle (see [13]). For
ultrasonic images we can estimate qo(t) with :

qo(t) ~ exp(—put) ®)

where 1 is a constant (¢ < 1) allowing to slow down the
decrease of go while iterating the algorithm.
The weakness of this method is its sensitivity to outliers.

3. THE PROPOSED DIFFUSION TECHNIQUE

In this section we first present another way to compute the
instantaneous coefficient of variation that reduces the com-
plexity of our algorithm. Then we present our new tech-
nique which combines, in an original way, the anisotropic
diffusion methods of Yu and Black. Our method has the ad-
vantages of being robust to outliers and adapted to speckle.

3.1. Instantaneous coefficient of variation

The instantaneous coefficient of variation (7) is used to dif-
ferentiate homogeneous regions (qi0 is close to 1) from bound-

aries (L > 1). |VI, ;|? is discretized as the mean of
|VLIZ',]'|2 and of |VRIZ'7J‘|2, with :
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This expression of the coefficient of variation does not
depend on the value of the central pixel of the window. It
is a weighted mean of differences between all the pairs of
neighbours of the current pixel.

In the next section we show how to introduce this coef-
ficient in the Tukey norm resulting in a robust method. We
also compare theoretically this method to those of Yu and
Black.

3.2. The proposed tensor

Let R, be :
(i, jst) — a5 ()
a3 (t)(1 + g3 (t))
For iteration ¢, Ry depends on the image gradient at the
pixel (i, j), on the parameter ¢, and on the image laplacian
at pixel (¢, 7). This allows to detect boundaries not only with
a high gradient amplitude, but also with a zero-crossing of
the laplacian. Similarly to the ratio (|V(I)|/k)?, the ra-
tio Iy is higher on boundaries than in homogeneous areas.
Thus it can be used as a parameter of the Tukey error norm:
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where the parameter gy should be adapted to the application.

In order to make a comparison between the diffusion
coefficients, we scale our function as follows :

(g2+1)3
a=2=5"—==
93 (95 +2)?

15
&(q) — acla) >

Figure 1 shows a comparison of the functions ¢(q) used
by Yu (thin line) and in our algorithm (thick line). These
curves are associated to the first (1a) and the fortieth (1b)
iterations. Our new function assigns zero weight to out-
liers corresponding to instantaneous coefficients of variation
greater than (g3 + 2¢3). At the fortieth iteration the thresh-
old is lower due to the decrease of gg. The use of the Tukey
function leads to a similar diffusion when ¢ is small (i.e.
in homogeneous areas). When q is higher, near a boundary,
the value of our function is zero while the function of Yu de-
creases slowly. Hence the prediction of sharper boundaries
obtained using our algorithm compared to Yu’s.
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In addition to enhancing the method of Yu, our algo-
rithm performs better than the algorithm of Black which is
not adapted to speckle since it uses exclusively the gradient
amplitude.

(a) (b)

Fig. 1. Comparison of the diffusion tensors

4. EXPERIMENTATION

4.1. Generating test images

In order to compare the algorithms, we have generated syn-
thetic echographic images. We simulated the speckle with
the model © = s + s'/2n, where z is the observed signal,
and s the original signal. n follows a zero mean, o vari-
ance, gaussian law. This model is well suited for ultrasound
images which have been manipulated numerous times (log-
arithmic compression, high pass and low pass filters, post
treatment and other transforms).

4.2. Results

We evaluated the performance of our algorithm with sev-
eral performance or feature indicators. We applied the al-
gorithms both on the synthetic image described above and
on an ultrasound image. A successful speckle filtering al-
gorithm should reduce the variation within homogeneous
regions and make sharper edges.

Method FOM | NGM MEAN
Noisy image - | 0.2313 | 187.2879
Perona-Malik | .6378 | 0.3601 | 187.5587
Black 5157 | 0.2089 | 187.3169
Yu-Acton .8790 | 0.4637 | 187.4586
Our algorithm | 9142 | 0.4874 | 187.3807

Table 1. Results on the synthetic image

Feature Mean SD Sk Ku En
U.image | 35.17 | 6.83 | 76.99 | 4.85e3 | 3.12e5
Yu-Acton | 35.19 | 4.89 | -19.97 | 1.23e3 | 3.02¢e5
Ours 35.20 | 4.47 | -27.58 | 1.05e3 | 3.08e5

Table 2. Results on the ultrasound image (U. image)

Fig. 2. (a) Synthetic image, (b) Noisy image, and results for
the algorithms of Perona (c), Black (d), Yu (e), and ours (f).

(b) (©)

(d) (e)

Fig. 3. (a) Ultrasound image, Results :
Black, (d) Yu, and (e) ours.

(b) Perona, (c)

On the synthetic image we have evaluated the perfor-
mance using the classical Pratt’s Figure Of Merit (FOM)
[9], which measures the preservation of contours. We also
used a performance indicator that we created : “Normalized
Gradient Mean” (NGM). It is the ratio of the sum of the gra-
dient amplitudes of edge pixels over the sum of the gradient
amplitudes of all pixels of the image :

ZSEC |VI5|
ZSGI |VIS|

with ¢ the set of edge pixels. Edges were extracted on the
initial synthethic image with a Sobel filter. NGM indicator
is higher when the gradient amplitudes on edge are higher
and when these amplitudes are lower inside homogeneous
regions. Unlike FOM, it doesn’t need an edge detection on

NGM = (16)
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the result images. Table 1 shows the results. The FOM of
our algorithm is slightly higher. Our algorithm also gets
the best NGM score, while Black’s score reflects that it is
unadapted to speckle.

For the ultrasound image we measured several texture
features: Mean, Standard Deviation (SD), Skewness (Sk),
Kurtosis (Ku) and Entropy (En). These features evaluate
mainly the quality of smoothing. The Mean was calculated
on the entire image and shows that all tested filters are un-
biaised. SD, Skewness and Kurtosis were calculated in a
32x32 window inside the right auricle. Table 2 shows the
results. The Skewness and the Kurtosis are smaller in the
filtered images. The Entropy also becomes smaller, depict-
ing a loss of information in the filtered images. However the
preserved Entropy corresponding to our algorithm is higher.

Figures 2c-2f show the results of Perona (c), Black (d),
Yu (e) filters and ours (f) on the synthetic image (b), using
30 iterations, A = 0.05 and = 1. As predicted our algo-
rithm leads to sharper edges. Figure 2d shows that the algo-
rithm of Black is totally ineffective in presence of speckle.

Figure 3 shows the results on a real ultrasonic image
(128x128 pixels) of a 12 weeks old foetus heart (3a) with
the four filters tested on the synthetic data. We used 80 it-
erations, A = 0.03 and p = 1. Note the smoothness of the
homogeneous regions and the sharp edges given by our fil-
ter. Perona filter smoothes the image globally and Black’s
sharpen the edges everywhere even inside homogeneous re-
gions, they are both inadapted to speckle. The filter of Yu
is more suited to speckle but produces edges not as sharp as
our filter.

5. CONCLUSION

This paper presented a new robust anisotropic diffusion tech-
nique adapted to speckle. This method is based on the work
of Yu and Black and introduces an original diffusion tensor.
Two factors have been considered when evaluating perfor-
mance: contour preservation and smoothing quality. The
FOM and NGM (a new quantitative performance indica-
tor particularly adapted to diffusion) indicators were used
to evaluate the first factor and Mean, Standard Deviation,
Skewness, Kurtosis and Entropy for the second. The pre-
dicted analytical results are confirmed by experiments on
both synthetic and real images. Results show that the pro-
posed algorithm brings significant enhancement. Future work
will im at taking into consideration the dynamics of motion
during the diffusion process. Application to assisted echo-
graphic medical imaging is planned.
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