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ABSTRACT

This paper introduces a novel speckle noise removal method
for medical ultrasound images. First, the logarithmic trans-
form of the original image is analyzed in the wavelet do-
main. We show that the subband decompositions of ul-
trasound images have signi£cant non - Gaussian statistics
that are best described by families of heavy-tailed distribu-
tions such as the alpha-stable. Consequently, we design a
Bayesian estimator that exploits these statistics. Using the
alpha-stable model we develop a blind noise-removal pro-
cessor that performs a non-linear operation on the data. Fi-
nally, we compare our proposed technique to current state-
of-the-art speckle reduction methods and we quantify the
achieved performance improvement.

1. INTRODUCTION

Ultrasonography is a widely used medical imaging modal-
ity because it is low-cost, relatively safe, portable, and ver-
satile. However, one of its main disadvantage is the poor
quality of images, which are affected by speckle noise. The
presence of speckle is undesirable since it degrades image
quality and it affects the tasks of human interpretation and
diagnosis. As a result, speckle £ltering is a critical pre-
processing step for feature extraction, analysis, and recog-
nition from medical imagery measurements.
Several methods for speckle mitigation have been already
proposed. Among them, the classical Wiener £lter is not
adequate since it is designed mainly for additive noise sup-
pression. To address the multiplicative nature of speckle
noise, Jain developed a homomorphic approach, which by
taking the logarithm of the image, converts the multiplica-
tive into additive noise, and consequently applies the Wiener
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Fig. 1. Block diagram of the proposed multiscale homomor-
phic Bayesian-based algorithm for speckle suppression.

£lter [1].
Recently, there has been considerably interest in using the
wavelet transform as a powerful tool for recovering signals
from noisy data [2, 3, 4]. For the purpose of speckle reduc-
tion, Zong et al. [4] use the above described homomorphic
approach to separate the noise from the original image. Sub-
sequently, they adopt regularized soft thresholding (wavelet
shrinkage) to remove noise energy within the £ner scales
and nonlinear processing of feature energy for contrast en-
hancement.
Simoncelli et al. [3] developed nonlinear estimators, based
on formal Bayesian theory, which outperform classical lin-
ear processors and simple thresholding estimators in remov-
ing noise from visual images. They used a generalized Lapla-
cian model for the subband statistics of the signal and devel-
oped a noise-removal algorithm, which performs a “coring”
operation to the data.
In a recent work, Tsakalides et al. showed that alpha-stable
distributions, a family of heavy-tailed densities, are suf£-
ciently ¤exible and rich to appropriately model wavelet co-
ef£cients of images in coding applications [5].
The processor described in this work consists of two major
modules: (i) a subband representation function that utilizes
the wavelet transform, and (ii) a Bayesian denoising algo-
rithm based on an alpha-stable prior for the signal. The de-
tails of the proposed method are outlined in the following.

To appear in Proc. NSIP-01, June 03-06, 2001, Baltimore, Maryland USA c© IEEE 2001



−2.5 −2 −1.5 −1 −0.5 0 0.5 1 1.5 2 2.5

10
−2

10
−1

10
0

10
1

Data, x

P
ro

b
ab

ili
ty

Fig. 2. Comparison between SαS and “generalized Laplacian”
density functions depicted in solid and dashed lines, respectively.
SαS has characteristic exponent α = 1.244 and dispersion
γ = 0.095 while the “generalized Laplacian” has parameters
p = 0.541, and s = 0.035. The dotted line corresponds to the
empirical pdf of the data.

2. METHODS

Three are the main processing stages of our approach (see
Figure 1). First, the logarithm of the image is decomposed
into several scales through a multiresolution analysis em-
ploying the 2-D wavelet transform [6]. The second and third
steps differentiate our technique from existing ones. After
decomposing the original image, the signal and noise com-
ponents in various scales are modeled as symmetric alpha-
stable (SαS) and Gaussian processes, respectively. The
choice of the SαS prior is motivated by the modeling re-
sults obtained using a series of 44 noise-free abdominal ul-
trasound images (DICOM format, 4-MHz transducer, 256
gray-level resolution). In order to estimate the parameters of
the presumptive SαS model, we used the maximum likeli-
hood method described by Nolan in [7], which gives reliable
estimates and provides the most tight con£dence intervals.
Naturally, the real question was whether the stable £t de-
scribes the data more accurately than other probability den-
sity functions (pdf) proposed in the literature. In particular,
we have found the class of SαS distributions to be superior
to generalized Laplacian densities [3] because it provides
a better £t to both the mode and the tails of the empirical
density of the actual data. Figure 2 shows an example of a
vertical wavelet subband coef£cients of an ultrasound im-
age modeled using these two density functions.
In experiments with noisy data the observed signal is a mix-
ture of SαS signal and Gaussian noise. Thus, the param-
eters of the distributions can be estimated in this case by
means of a least-square £tting in the characteristic function
domain. Speci£cally, since the pdf of the measured coef£-
cients (d) is the convolution between the pdfs of the signal
(s) and noise components (ξ), the associated characteristic
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Fig. 3. Bayesian processor input-output curves for alpha-stable
signal (1 < α ≤ 2) and Gaussian noise prior distributions. The
case α = 2 corresponds to a Gaussian distribution of the signal.

function of the measurements is given by the product of the
characteristic functions of the signal and noise:

Φd(ω) = Φs(ω) · Φξ(ω), (1)

We estimate the parameters αs, γs, and σ by £tting the
Fourier transform of the empirical pdf of the measured co-
ef£cients with function Φd(ω). In practice, we £rst estimate
the level of noise σ as in [2], and we perform the optimiza-
tion only with respect to the SαS parameters αs and γs.
In the third step, a Bayesian processor based on a SαS sig-
nal prior is built at each scale. The Bayes risk estimator
under a quadratic cost function minimizes the mean-square
error (MSE) and is given by the conditional mean of s, given
d:

ŝ(d) =

∫
sPs|d(s |d) · ds =

∫
Pξ(d− s)Ps(s)s · ds∫
Pξ(d− s)Ps(s) · ds

(2)

In this work, the signal component of the wavelet coef£-
cients is modeled as an alpha-stable random variable that
does not have £nite second-order statistics and thus the MSE
is not de£ned. For this reason we consider instead the esti-
mator that minimizes the mean absolute error and that can
be shown to be the conditional median of s, given d. But,
since the conditional density Ps|d(s |d) is symmetric around
zero, the conditional median coincides with the conditional
mean. Hence, the Bayesian estimator for the absolute error
cost function is again given by equation (2).
Figure 3 illustrates the processor dependency on the param-
eter α of the signal prior pdf. Speci£cally, for a given ra-
tio γs/σ, the amount of shrinkage decreases as α decreases.
The intuitive explanation for this behavior is that the smaller
the value of α, the heavier the tails of the signal pdf and the
greater the probability that the measured value is due to the
signal.
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Table 1. Quantitative image enhancement measures ob-
tained by the 3 denoising methods. The S/MSE is given
in dB.

Without Filtering 4.19 9.67 16.95
Homomorphic Wiener 11.33 13.66 18.00
Soft Thresholding 11.01 14.60 18.17
Bayesian Denoising 12.18 16.11 20.58

Table 2. Values of the correlation measure, β obtained by
the 3 denoising methods.

Without Filtering 0.2455 0.4326 0.7461
Homomorphic Wiener 0.1926 0.2428 0.6341
Soft Thresholding 0.3701 0.6034 0.8106
Bayesian Denoising 0.4716 0.6352 0.8304

3. SIMULATION RESULTS

We compared the results of our approach with the homo-
morphic Wiener £ltering, and wavelet shrinkage denoising
using soft thresholding. We applied all these techniques
to a real kidney ultrasound image for three different lev-
els of log-normal multiplicative noise. The soft threshold-
ing scheme was developed using Daubechies’ Symmlet 8
mother wavelet as suggested in [4]. Moreover, in order to
minimize the effect of pseudo-Gibbs phenomena, we have
embedded both wavelet-based methods into the cycle spin-
ning algorithm [8]. The maximum number of wavelet de-
compositions we used was 5.
In order to quantify the achieved performance improvement,
two measures were computed based on the original and the
denoised data. For quantitative evaluation, we used the signal-
to-MSE (S/MSE) ratio, de£ned as:

S/MSE = 10 log
10
(

K∑

i=1

S2

i /

K∑

i=1

(Ŝi − Si)
2) (3)

This measure corresponds to the classical SNR in the case
of additive noise. Remember that in ultrasound imaging, we
are interested in suppressing speckle noise while at the same
time preserving the edges of the original image that often
constitute features of interest for diagnosis. Thus, we also
consider a qualitative measure for edge preservation [9]:

β =
Γ(∆S −∆S, ∆̂S − ∆̂S)√

Γ(∆S −∆S,∆S −∆S) · Γ(∆̂S − ∆̂S, ∆̂S − ∆̂S)
(4)

where ∆S and ∆̂S are the high-pass £ltered versions of
S and Ŝ respectively, obtained with a 3 × 3-pixel standard

(a)

(b) (c)

(d) (e)

Fig. 4. Results of various speckle suppressing methods. (a)
Original image. (b) Image degraded with simulated speckle
noise (S/MSE = 9.67dB). (c) Homomorphic Wiener £l-
tering. (d) Soft thresholding. (e) Bayesian denoising.

approximation of the Laplacian operator, and

Γ(S1, S2) =

K∑

i=1

S1i
· S2i

. (5)

The correlation measure, β should be close to unity for an
optimal effect of edge preservation. The results are summa-
rized in Tables 1 and 2 respectively. It can be seen that our
proposed Bayesian approach exhibits the best performance
according to both metrics.
Figure 4 shows a representative result from the process-
ing of the noisy kidney image. All the methods that we
tested achieved a good speckle suppression performance.
However, the homomorphic Wiener £lter looses many of
the signal details and the resulting image is blurred. On
the other hand, the image processed by soft thresholding is
oversmoothed. Clearly, our proposed Bayesian processor
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effectively reduces speckle, it preserves step edges, and it
enhances £ne signal details, better than the other methods.

4. CONCLUSION

The main advantage of our method is that the obtained input-
output shrinkage functions are optimal in the Bayesian sense.
As a result, statistically optimal signal feature extraction
and speckle suppression is achieved in each scale.
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