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Abstract. This article presents a de-speckling technique for clinical
ultrasound images with an aim to preserve the fine structural informa-
tion and region boundaries in images. The algorithm generates restored
images by minimizing the variational energy on them. To compute vari-
ational energy, a weighted total variation based method is proposed
where the weights are determined from both historical (previous/earlier
time stamp) as well as instantaneous oriented structural information
of images. This helps in defining the anistropy at edges in the image
which, in turn, helps in identifying homogenous regions on it. Moreover,
the method is able to preserve the vague echo-textural differences which
might be of clinical importance but may get destroyed due to smoothing
operations. To elicit effectiveness, comparative analysis of the proposed
approaches have been done with four state-of-the-art techniques on both
in silico and in vivo ultrasound images using four standard measures
(two for phantom images and two for clinical ultrasound images). Qual-
itative and quantitative analysis reveals the promising performance of
the proposed technique.

Keywords: Clinical ultrasound image · Speckle de-noising
Bayesian MAP · Bregman alternate method of multipliers

1 Introduction

Speckles are inherent noise in ultrasound images which arise due to interference
of scattered signals from the interface of tissues with the reflected ones [17]. They
tend to obscure the structural details and hence induce heterogeneity in images.
Thus designing automated tool for localization of organ becomes a challenging
task. As a result, despeckling of images is considered to be an integrated pre-
processing module for such automated tool [14,17].
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Several researchers have been working on despeckling of clinical ultrasound
images [3,23]. Many filtering [3,23] and Partial differential equation (PDE)
[12,25] based approaches have been developed in this regard. However, most
of these algorithms fail to balance smoothing and preservation of edges in
images. Moreover, they suffer from broadening of edges as they evolve over
time. Recently, variational energy minimization based de-speckling strategy has
been in the spotlight. This approach is characterized by a regularization term
(measuring the variational vitality) and an information fitting term (measuring
the residual vitality) After a pioneering work from Aubert and Aujol [1], many
researchers [9,19] have been focusing on defining suitable data fitting term so
that the optimization function is a convex one. It is to be noted that the said
methodologies consider total variation (TV) as a regularizer, which yields piece-
wise smooth images. Though TV yields sharp edges, the restored images expe-
rience ill effects of staircase artifacts, expansion of edges and the methods do
not save the directionality of edges in images. To overcome this effect, many
non convex [8] and total high order variation [7] and their combination [11,22]
based regularizer have been developed. The TV as regularizer do not takes the
echo texture semantics into account due to which it is difficult to identify the
false variation due to speckle and vague structures. Furthermore, as the TV are
computed on instantaneous edge variation, there is a probability for failure in
preserving the vague structures.

This motivated use to define a regularizer that could take into account the
above information for preserving vague edges along with their directionality.
This direction specific information of tissue textures and edges can be of impor-
tance for diagnosis and tissue characterizations. In this article, a historical and
instantaneous local oriented structure information based weighing mechanism is
proposed. This oriented structure information introduces anisotropy in TV reg-
ularizer and historical edge information controls the loss of vague tissue bound-
ary across the scale space. A block diagram of the proposed approach is given
in Fig. 1.

Fig. 1. Block diagram of proposed method
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The proposed algorithm is compared with four state-of-the-art techniques
(namely, oriented speckle reducing anisotropic diffusion filters (OSRAD) [12],
optimized Bayesian non-local mean (OBNLM) [3], anisotropic diffusion filter
with memory based on speckle statistics (ADMMS) [16], Rayleigh based total
variation (RayleighTV) [9]) in different in silico and clinical ultrasound images.
Two performance measures viz. figure of merit (FoM) and structural similarity
index (SSIM) are used for comparing the results on in silico images and two
measures namely, speckle suppression index (SSI) and effective number of look-
ups (ENL) are used for comparing the result of clinical ultrasound images. To
demonstrate the effectiveness of the proposed algorithm for de-noising images,
results are analyzed both qualitatively and quantitatively. Experiment reveals
the promising performance of the proposed algorithm in reducing speckles while
preserving structural details in images.

The rest of the article is organized as follows. In Sect. 2, proposed de-speckling
procedure is described. Experimental results and analysis are provided in Sect. 3.
Finally, conclusion and future scope are put in Sect. 4.

2 Proposed Approach

In this approach, the de-speckling strategy follows a Maximum A Posteriori
(MAP) estimation based framework for recovering piecewise smooth image (orig-
inal signal) from a given noisy image. The direction and vague structures are
preserved using present and historical (earlier time stamp) local oriented struc-
tural information from images. We term the algorithm as “despeckling with
historical structure information weighted total variation” (DsHSIWTV).

Let Z ∈ R
m×n
+ be the noisy image and A be its noise free reflectivity which

is of the same size as Z. Then the multiplicative noise model can be written as
[2,24]

Z(x) = A(x)N(x) (1)

where x ∈ R
d is the spatial location in d dimensional space and N represents

noise and is of the same size as Z.
It may be noted that, clinical ultrasound images undergo a non-linear trans-

formation to fit the dynamic range of display. Thus the noise model defined in
Eq. (1) transforms to (as done in [5])

Y (x) = D log(Z(x)) + G. (2)

Here Y is the log compressed image which is of the same size as Z. D and G
are parameters representing the dynamic range of input and linear gain of the
amplifier, respectively. Substituting Eq. (1) in (2) and rearranging we get,

Y (x) = U(x) + W (x), (3)

where U(x) = log [A(x)]D + G and W (x) = log [N(x)]D.
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Here we assume that the log compressed speckle noise W follows Generalized
Fisher Tippett distribution given as

pW (w) =
2sem

√
2π
m

em[(2sw−lnΩ)−e(2sw−ln Ω)], s =
1
D

; (4)

where m and s are shape parameters and Ω is the scale parameter. Thus this
distribution is used to define the posterior probability of the MAP.

In Bayesian framework, let U be a random variable representing the piecewise
smooth reflective image that can be estimated from the observed image Y . Let,
u and y respectively, be the realizations of the random variable U and Y . η is
realization of noisy random variable N . Bayes’ rule in logarithmic form can be
written as

− log(p(U |Y )(u(x)|y(x))) = − log pN (η(x)) − log p(u(x)). (5)

The likelihood in Eq. (5) is computed considering the distribution defined in Eq.
(4). So, substituting the instance of noise η(x) with (y(x) − u(x)) in (5), we get

log(pW (y(x) − u(x))) � ∑
x

m(2su(x) +
1

2σ2
e2s(y(x)−u(x))). (6)

The prior probability p(u) can be modeled with Markov Random Field which
explains the statistical properties of the logarithm of a true image [13]. Thus,

− log(pU (u)) � ∑
x

λ (A(x) (| � u(x)|) , (7)

where weight A defines the anisotropy at each pixel position of the image.
Putting Eqs. (6) and (7) in the MAP estimation criterion, defined in Eq. (5),

unconstrained optimization function can be written as

argmin f(u)
û

=
∑
x

m

(
2su(x) +

1
2σ2

e2s(y(x)−u(x))

)
+ λ

∑
x

A(x) (|�u(x)|) ,

(8)
where the regularizer λ is determined empirically.

To incorporate local oriented and historical structural information, A is mod-
eled with delay differential equation (DDE) given as [16]

dA
dt

=
1

τ(U)
[A((x), t) − S{D((x), t)}] , (9)

where τ((x)) is the relaxation time and D is the instantaneous diffusion tensor
which is computed as [12]

Dt((x)) =

⎛
⎝

C (q, t) 0

0 Cmax

⎞
⎠ .
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Here, C : R+ → R
+ is a continuous function which takes large values at the

edges in order to cease smoothing near the edges. Mathematically,

C(q, t) = e

{
− [q2((x),t)−q20(t)]

[q20(t)(1+q20(t))]

}
(10)

where q represents the instantaneous coefficient of variation [25]

q =

√
0.5(|∇u(x)| /u(x))2 + 0.0625(∇2u(x)/u(x))2

[1 + 0.25(∇2u(x)/u(x))]2
(11)

and

q0(t) =

√
var(u((x), t))

u((x), t)
.

Cmax defines the amount of smoothing that is carried out along the boundary.
It is computed as

Cmax(x) = Lxx(x) + Lyy(x) +
√

(Lxx(x) − Lyy(x))2 + 4L2
xy(x) ; (12)

The diffusion tensor S{D((x), t)} is defined as

S{D((x), t)} = pc((x), t)D((x), t).

Here pc((x), t) denotes the degree of belonging of a pixel to the echotexture of
a tissue. As it is known from literature in medicine, an ultrasound echotexture
can be grouped into three categories (namely, echogenic, hypo-echogenic and
hyper-echogenic). In this context, a fuzzy C-means (FCM) algorithm is used to
cluster the intensity of the pixel into three echotextures and a cluster map is
constructed in decreasing order of intensity of cluster centers. The final echo-
texture map is generated by assigning each pixel x the intensity of the cluster
center to which it belongs.

The DDE of Eq. (9) can be easily integrated to find the solution as

A((x), t) = S{D(x, 0)}e
−t
τ +

t∫

0

e
s−t

τ S{D((x), s)}ds, (13)

where τ is the relaxation time which is responsible for selective historical edge
preservation mechanism. It specifies the contribution of historical edge informa-
tion in defining the weights at each location x. Thus τ is defined as

τ(pc((x), t)) =
1 − pc((x), t)
[pc((x), t)]n

. (14)

Equation (13) is continuous in nature and needs to be discretized. Hence we
adopt discrete form for Eq. (9) and is given as
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At+1(x) =
1

1 + βt

[
βtAt(x) + S{Dt(x)}]

, (15)

where βt =
(pc((x), nδt))

δt
and δt is the time interval between two time instances.

At+1 denotes the updated weights at time t + 1.
The functional f(u) is minimized by decomposing into two sub-problems

using Bregman alternate method of multipliers [21]. Such decomposition results
into following two functional forms

argmin f(u)
û

=
∑
x

(m(2su(x)+ 1
Ω e2s(y(x)−u(x)))+μ

2 (u(x)−vt(x)−dt(x))
2), (16)

argmin f(v)
v̂

=
∑
x

(
λA(x)(|�v(x)|)+μ

2 (ut(x)−v(x)−dt(x))2
)

, (17)

with dt+1=dt(x)+(Ut+1(x)−V t+1(x)); (18)

A closed form solution, derived for the first functional, is written as

û(x)= ν
0.25 (u(x))+(1− ν

0.25 )(v(x)+d(x))−ν(2sm(1− 1
2σ2 e2s(f(x)−u(x)))). (19)

The second function can be solved using the generalized Chambolle projec-
tion algorithm [6]. These two functions are solved iteratively to obtain the final
restored images. Here the number of iterations (pre-specified) is used as stopping
criteria for the algorithm.

3 Experimental Analysis

Experiments were carried out on an Intel Core i7 3.40 GHz processor, with
16 GB RAM, Windows operating system and Matlab programming environment.
Though experiments are conducted on various phantom and clinical US images,
quantitative results are reported on a test suite of 5 images with various scat-
tering scenario. However, due to the space limitation visual results of only two
images are discussed here.

As mentioned, performance of the proposed approach is compared with
those of different popular de-speckling methodologies present in the literature.
The algorithms, taken into consideration, include filtering approaches like opti-
mized Bayesian non-local mean filters (OBNLM) [3]; Partial differential equa-
tion (PDE) based approaches like oriented speckle reducing anisotropic diffusion
(OSRAD) [12] & anisotropic diffusion filter with memory model based on speckle
statistic (ADMMS) [16] are also considered. Along with it, total variation with
Rayleigh distribution (RayleighTV) [9] is used for evaluation.

Quantitative analysis of results obtained using different de-speckling meth-
ods is made based on the measures proposed in [14]. Here the structural fea-
tures are assessed using structural similarity index (SSIM) and Prattś figure of
merit (FOM) [4]. Higher value of the indices indicate better performance of the
algorithm.
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Let g represent the original image and û represent the de-noised one. The
measures are as follows:

SSIM =
(2gû + c1) (2σgû + c2)(

g2 + û
2

+ c1

)
(σg

2 + σû
2 + c2)

, (20)

where c1 = 0.001dr and c2 = 0.003dr with dr = 255 representing the dynamic
range of US images.

FOM =
1

max(Ng, Nu)

Ng∑
i=1

1
1 + di

2α
, (21)

where Ng and Nu are the number of edge pixels in ground truth and de-noised
images respectively. di is the distance between the ith pixel in the ground truth
image and the neighboring pixel of the denoised image. Here α represent a con-
stant used to penalise displaced edges.

There are a few direct measures for quantitative analysis of de-noising algo-
rithms on clinical US images. These include speckle suppression index (SSI) [4]
which is defined as the ratio of variance of homogeneous region (as specified by
user) before and after de-noising. The lower value indicates better suppression
of speckle noise. It is defined as

SSI =

√
var(û)

mean(û)
× mean(y)√

var(y)
. (22)

The effective number of lookup (ENL) [4] defined as the ratio of mean and
standard deviation of filtered image, is also considered in the present investiga-
tion, where

ENL =
mean(û)√

var(û)
. (23)

For experimentation, 10000 random regions were selected and the SSI and ENL
were computed to avoid bias in evaluating the performance of the algorithms.
The experiment is repeated 100 times and the average result is reported in this
article.

3.1 Dataset

Facsimile US images of two well known phantoms were simulated with a pseudo
ultrasound simulator as described in [12]. A 3 month old fetus is emulated in the
second phantom image (Fig. 2(a)). The echogenicity map is drawn by construct-
ing a bitmap image with different levels of scattering strength in the region
of interest. Shepp-Logan phantom [10] simulates the slice of a human brain.
The echogenicity map of the phantom contains ellipses with different absorption
properties, which resembles the outline of a head. Clinical test suite constitutes
real life US images collected from various US image databases. These test images
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include slice of sagittal plane of cardiac 3D image (captured with 3D X3-1 matrix
array transducer, Philips Healthcare, The Netherlands) [20]. A micro-calcified
thyroid USG images are collected from open access thyroid US image data-
base (TOSHIBA Nemio MX Ultrasound devices, Toshiba, Tokyo, Japan) [15].
In micro-calcified thyroid image, the calcified region gives a hyper-echogenic
texture. The longitudinal section of carotid artery ultrasound images were taken
from US carotid artery detection dataset (Sonix OP ultrasound scanner, Ultra-
sonix, Ohio, US and ATL HDI-3000 ultrasound scanner Advanced Technology
Laboratories, Seattle, USA) [14,18].

3.2 Result and Analysis

Experiments are done in two phases. In the first phase, phantom images cor-
rupted with speckle noise are denoised using the proposed DsHSIWTV and other
state-of-the-art approaches. The denoised images of a noisy phantom obtained
from these approaches are shown in Fig. 2 and the zoomed view of the same are
shown in Fig. 3. In the second phase, the de-speckling approaches are applied
on real ultrasound images. Figure 4 shows the restored images obtained from
different de-speckling techniques. Quantitative measures like SSIM & FOM (for
analysing phantom images) and SSI & ENL (for analysing of real ultrasound
images), computed from different denoised ultrasound images (obtained using
different algorithms) are reported in Tables 1 and 2, respectively. Entries in bold
denote the best result. It is noteworthy that two different kind of measures are
used for reporting the quantitative results. This is done due to the fact that the
ground truth echogenic maps are not available for the real ultrasound images.
From Fig. 2, it is seen that OSRAD and DsHSIWTV provide better results as

Fig. 2. (a) Noisy image of phantom with speckle variance σ = 0.01, (b) Echogenicity
map, de-noised results using: (c) OBNLM, (d) ADMMS, (e) OSRAD, (f) RayleighTV,
and (g) DsHSIWTV
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compared to other approaches both in terms of smoothing and edge preser-
vation. However, DsHSIWTV does not induce blurring effect near structural
boundary and preserves finer details better in images in contrast to OSRAD.
Rayleigh TV based method (Fig. 2(f)) also attains comparable results; however,
some spike noise is noticed in the restored images. Zoomed view of the results,
obtained using proposed approach and Rayleigh TV based method (Fig. 3), con-
firms this findings. Moreover, it is observed that due to use of TV as regularizer
in RayleighTV, a staircase artifact and loss of directional information is noticed
in the restored image (Fig. 3(a)) as opposed to the one obtained using proposed
approach. Analysis of quantitative results (Table 1) also corroborates this fact.
Among all the methods used, the proposed approach has the largest SSIM and
FoM value for restored images. Both from quantitative and qualitative analy-
sis, it can be seen that ADMMS has poor performance. This is due to the fact
that the said method explicitly inhibits smoothing in the hyper-echogenic echo-
textured region.

Table 1. Values of Structural Similarity index (SSIM) and Figure of Merit (FoM)
measures computed on de-noised results of phantom images obtained using various
algorithms

Algorithm used Values of different measures using

Fetus (Phantom 1) Brain (Phantom 2)

SSIM FoM SSIM FoM

ADMMS 0.9937 0.2583 0.9980 0.4633

OSRAD 0.9980 0.6504 0.9984 0.7769

OBNLM 0.9960 0.7639 0.9980 0.7533

RayleighTV 0.9829 0.6092 0.9955 0.5199

DsHSIWTV 0.9989 0.7445 0.9990 0.8046

Fig. 3. Zoomed view of fetus phantom result obtained from (a) RayleighTV and (b)
DsHSIWTV

Efficiency of the proposed approach over other strategies of denoising has
also been confirmed by experimenting with clinical ultrasound images. This is
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evident after observing the sample result as shown Fig. 4. Texture boundary and
fine edges (Fig. 4(e and f)) in the images are well preserved by Rayleigh TV and
proposed approach as opposed to others. Directional information is prominent
in case of DsHSIWTV. Moreover, spike noise is produced with RayleighTV.
OSRAD also preserves the strong edges but fails to preserve finer details and
vague texture boundary leading to over-smoothing of image (Fig. 4(d)). From
quantitative results (Table 2) it is found that the proposed approach has better
speckle suppression index in almost all images except for carotid artery image. It
is to be noted that though the output obtained using RayleighTV has good edge
preservation (Fig. 4(e)), quantitative result is not promising. This is due to the
isotropic nature of the regularizer that fails to differentiate the variations due to
edge and those due to noise. While, the proposed approach uses anisotropy of
the edge to measure the variation.

Fig. 4. (a) Noisy ultrasound image, De-noised results of micro-calcified thyroid ultra-
sound image obtained using: (b) OBNLM, (c) ADMMS, (d) OSRAD, (e) RayleighTV,
and (f) DsHSIWTV

To summarize the result, the proposed approach has an edge as compared
to other methods and provides a balance between smoothing and structural
details preservation. The use of directional information of edges in the regularizer
helps to induce the anisotropy while computing the variational energy of images.
The degree of preservation of historical edges depending on nature of the echo
texture helps to provide a implicit semantics coding of structures. Depending
on this implicit information, smoothing could be controlled at the vicinity of
the structures. Furthermore, the use of fuzzy clustering helped in capturing the
vagueness of the echo texture due to which a proper degree of preservation of
structural information could be defined. This in turn helped in identifying and
removing the false variation due to speckle. Thus, integrating all this together
in weights helps in preserving the structures in the restored images.
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4 Conclusion

In this article, a speckle denoising strategy for clinical ultrasound images is pro-
posed. The goal of the algorithm is to obtain a piecewise smooth restored ultra-
sound image while preserving fine structural details. A Bayesian MAP estima-
tion framework based optimization function is minimized to obtain the restored
images. To preserve the direction information of the edges and differential tissue
characteristics in images, a weighted total variation based regularizer is used.
The weights are recomputed from the present orientation information of the
edges as well as previous structural information which were preserved over time.

Experiments are carried on various in-silico and in-vivo clinical ultrasound
images to confirm the effectiveness of the proposed strategy. From the results it
is found that the proposed approach has better speckle suppression ability, and
the restored images are found to be piecewise smooth and highly contrasted.
The structural details are also well preserved in the restored images, though
vagueness in the echotexture in depth scan images makes the estimation of tissue
related information difficult. Exploration of spatial information may improve the
estimation of tissue information.

Table 2. Values of speckle suppression index (SSI) and effective number of look ups
(ENL) computed from restored images of various clinical US images

Algorithm
used

Values of different measures using

Sagittal slice Longitudinal carotid Microcalcified thyroid Prostrate

SSI ENL SSI ENL SSI ENL SSI ENL

ADMMS 0.7833
(0.0250)

7.9197
(0.6642)

0.5233
(0.0208)

5.0392
(0.3262)

0.8033
(0.0244)

6.0865
(0.3853)

0.445909
(0.0216)

7.007343
(0.0366)

OSRAD 0.6535
(0.0193)

9.4629
(0.8048)

0.5357
(0.0217)

4.1394
(0.3089)

0.5802
(0.0242)

8.5756
(0.5527)

0.495866
(0.0141)

6.460714
(0.5249)

OBNLM 0.5869
(0.0169)

8.9757
(0.7919)

0.4593(0.0257) 5.3135
(0.4489)

0.6055
(0.0320)

7.5775
(0.5502)

0.479192
(0.0172)

7.945573
(0.8990)

Rayleigh
TV

0.7872
(0.0274)

8.1895
(0.8733)

0.6065
(0.0253)

3.9604
(0.3086)

0.7164
(0.0233)

6.4428
(0.4092)

0.7995
(0.0158)

3.6595
(1.2613)

DsHSIW
TV

0.5655(0.0213) 9.6198(1.3770) 0.5534(0.0232) 4.8645(0.4219) 0.4635(0.02490) 9.0935(0.3907) 0.3227(0.0166) 14.8395(3.5979)
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