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Abstract 

Speckle noise is inherent in ultrasound 
images, and it generally tends to reduce 
the resolution and contrast, thereby，to 
degrade the diagnostic accuracy of this 
modality. Speckle reduction is very im-
portant and critical for ultrasound imag-
ing. In this paper, we propose a novel ap-
proach for speckle reduction using two-
dimensional (2D) homogeneity and direc-
tional average filters. We have conducted 
experiments on numerous artificial im-
ages, clinic breast ultrasound images and 
vascular images. The experimental results 
are compared with that of other methods 
and the performance is evaluated using 
several metrics, and they demonstrate that 
the proposed approach can reduce the 
speckle noise effectively without blurring 
the edges and damaging the textual in-
formation. It will be useful for computer 
aided diagnosis (CAD) systems using ul-
trasound images. 

Keywords: Speckle reduction, Homoge-
neity, 2D homogeneity histogram, Direc-
tional average filter, Ultrasound image. 

1. Introduction 

Ultrasound medical imaging uses low-
power, high frequency sound waves to 
visualize body’s internal structures and 
create pictures of the tissues and organs 
[1]. As the sound waves pass through a 
body, they are reflected back to the ultra-

sound machine in different ways, depend-
ing on the characteristics of the tissues 
encountered. Among the currently avail-
able medical imaging techniques, ultra-
sound imaging is regarded as a noninva-
sive, practically harmless, portable, accu-
rate, and cost effective method for diag-
nosis [2]. These properties make the ul-
trasound imaging be the most prevalent 
diagnostic tool in nearly all of the hospi-
tals around the world. 

Unfortunately, the quality (resolution 
and contrast) of ultrasound image is gen-
erally limited by the noise called 'speckle' 
[2-6]. Speckle noise occurs when a co-
herent source and a non-coherent detector 
are used to interrogate a medium, whose 
surface is rough on the scale of a typical 
ultrasound wavelength. Especially, 
speckle noise occurs in the images of soft 
organs such as liver and kidney whose 
underlying structures are too small to be 
resolved by the large wavelength ultra-
sound. Speckle noise can significantly 
degrade the image quality, and increase 
the difficulties in diagnosis. 

In order to remove the speckles, we 
propose an algorithm for speckle reduc-
tion based on textural homogeneity histo-
gram. A 2D homogeneity histogram is 
built and the threshold is obtained using 
the maximal entropy principle. The pixels 
are divided into two groups according to 
the threshold: a homogenous set, Hs and 
a non-homogenous set, NHs . The pixels 
in the non-homogenous set are handled 
by the newly proposed directional aver-
age filters iteratively, and the speckle 
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noise will be removed without blurring 
the edges. 

The paper is organized as follows. In 
the next section, the proposed speckle re-
duction method based on 2D homogene-
ity is presented. Different ultrasound im-
ages are used to evaluate the performance 
of the algorithm and to illustrate the ef-
fectiveness and usefulness of the pro-
posed approach. Finally, the conclusions 
are given.  

2. Proposed method 

2.1. Texture information extraction 

We use texture information to describe 
speckle noise. The Laws’ texture energy 
measures (TEM) are used to determine 
the textural properties of an image. Four 
masks [7] 5 5TL E× , 5 5TL S× , 

5 5TE L×  and 5 5TS L×  are used: 
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where 5 5( , )TL E i jf × , 5 5( , )TL S i jf × , 

5 5( , )TE L i jf ×  and 5 5( , )TS L i jf ×  are the 
convoluted results of the intensity ( , )g i j  
with the four masks ( 0 1i H≤ ≤ − , 
0 1j W≤ ≤ − ). H  and W  are the height 
and width of the image, respectively. 

The value of texture information is 
normalized. 
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where { ( , )}maxf max f i j=  and 
{ ( , )}minf min f i j=  ( 0 1i H≤ ≤ − , 

0 1j W≤ ≤ − ). 
2.2. 2D homogeneity histogram 

The homogeneity of each pixel and the 
mean of the homogeneities in a neighbor-
hood of the pixel are calculated. Then, the 
value of homogeneity threshold 

( , )ththT Ho Ho  is determined based on 
the maximal entropy principle. The pixels 
having the homogeneity values and mean 
values higher than ( , )ththT Ho Ho  are 
unchanged, and the other pixels are proc-
essed by the novel directional average 
filter. The process will be iterated until it 
stops. 

The value of the homogeneity of each 
pixel is normalized into the range of [0, K] 
(K is a constant to normalize the homo-
geneity values). Here, 100K =  

( , ) (1 ( , ))Ho i j K F i j= × −⎢ ⎥⎣ ⎦  (3) 

Then, ( , )Ho i j  is computed. 
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where w  is the local widow’s size. 
Finally, a 2D homogeneity histogram 
(homogram) , ( , )Ho Hoh m n  is built based 

on ( , )Ho i j  and ( , )Ho i j . 
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where minHo  and maxHo  are the minimal 
and maximal homogeneity values, respec-
tively. 
2.3. Determination of the homogeneity 

threshold 

A novel automatic method to determinate 
the homogeneity threshold is proposed 
based on the characteristics of the 2D 
homogram.  

Let ( , )Hop i j  be the probability distri-
bution at the homogeneity i  and mean 
homogeneity j , , 1,2, ,i j N= . 

( ( , ), ( , ))N max Ho m n Ho m n⎡ ⎤= ⎢ ⎥ . Two 

groups, HoF  and HoB , are classified 
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according to the threshold, representing 
the foreground and background in the 
homogeneity domain, and their entropies 
are defined as: 

1 1
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where ( , )HoFH s t  represents the 2D en-
tropy of the foreground and ( , )HoBH s t  
represents the 2D entropy of the back-
ground. ( , )H o P s t  is the sum of 

( , )H o p i j  whose coordinates are lower 
than ( , )s t . 

The maximum entropies of the fore-
ground and background are computed and 
the threshold can be obtained by 
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1

1
( , ) max ( , ) ( , )

t N

thth HoF HoB
s N

H HT HO HO Arg s t s t
≤ ≤

≤ ≤
= +

                                                             (11) 
Once the threshold ( , )ththT Ho Ho  is 

obtained, the pixels are divided into two 
sets: Hs  and NHs .  
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where Hs  is the homogenous set and 
NHs  is the non-homogenous set. ( , )P i j  
is the pixel at the coordinates ( , )i j . 

2.4. Handle the non-homogenous 
set using directional filters  

The non-homogenous pixels are handled 
by the novel directional average filters  
( DAF ) to reduce the speckle noise and 
the pixels on the edges become more dis-
tinct: 

( , ) ( , )
( , )

( ( , )) ( , )
g i j i j Hs

g i j
DAF g i j i j NHs

⎧ ∈⎪⎪=⎨⎪ ∈⎪⎩
(14) 

where ( )DAF i  is the directional average 
filter function. 

Conventional average filter has no di-
rections, and it removes the noise while 
makes the edge blur. However, the pro-
posed directional average filter can re-
duce noise and enhance the edge at the 
same time.  

A pixel’s direction is determined ac-
cording to the neighboring information 
which can be categorized into one of the 
three types. In Fig. 1(a), the pixel direc-
tion is called all-directional. The pixel 
direction is horizontal in Fig. 1(b), and 
the pixel direction is vertical in Fig. 1(c). 
If the value of the horizontal edge is 
higher than the value of the vertical edge, 
the pixel direction is horizontal; If the 
value of the vertical edge is higher than 
the value of the horizontal edge, the pixel 
direction is vertical; Otherwise, the pixel 
direction is all-directional. 

       
      (a)               (b)                 (c) 

Fig. 1 Pixel’s directions 
An edge operator, Sobel operator [8] is 

utilized to compute the edge values which 
are normalized 

( , )
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−
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 (16) 
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where ( , )he i j  and ( , )ve i j  are the ab-
solute values of the horizontal and verti-
cal edge values obtained by using the So-
bel operator, max ( ( , ), ( , ))h ve max e i j e i j= , 
and min ( ( , ),  ( , ))h ve min e i j e i j=  ( 0 1i H≤ ≤ − , 
0 1j W≤ ≤ − ). 

The directional average filter has 3 dif-
ferent masks according to the pixel’s di-
rections. 

1 2 3

1 1 1 0 0 0 0 1 0
1 1 11 1 1 1 1 1 0 1 0
9 3 3

1 1 1 0 0 0 0 1 0
M M M
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where 1M , 2M  and 3M  are the masks 
with size 3x3 to process all-directional, 
horizontal, and vertical pixels, respec-
tively. 1R , 2R  and 3R  are the filtering 
results when the image is convoluted with 

1M , 2M  and 3M , and cov( )i  is the con-
volution function. 

The function of the directional average 
filter DAF  is defined as: 

1
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where lδ  is the variance in the local win-
dow. 

If ( , ) ( , )Eh i j Ev i j= , it means that the 
region is smooth, and the result after av-
erage filtering replaces the current inten-
sity; If ( , ) ( , )Eh i j Ev i j≠ , the edges exist 
in the local region, and the edge values 
are enhanced and replaced by the 
weighted directional filtering results. 

After the pixels in the non-
homogenous set are handled by the itera-
tive process, the speckle noise will be de-
creased. If the iterative process is con-
ducted, most speckle noises can be elimi-
nated while the edges and details are pre-

served. A criterion should be used to ter-
minate the iterative process. 

We will use the homogenous ratio 
HR  as the criterion to terminate the it-
erative process. If HR  is low, the image 
is non-homogeneous, and the iterative 
process should continue. Otherwise, the 
iterative process should stop. 

The homogenous ratio is: 
( )Num HsHR

H W
=

×
  (20) 

where ( )Num Hs  is the number of ele-
ments in Hs . H  and W  are the height 
and width of the image, respectively. 

The procedure to terminate the itera-
tive process is as following: 

Step 1: Calculate [ ]HR i ; 
Step 2: If  [ ]HR i HRTh> ,  then ter-

minate the process; 
Else 1i i= +   go to Step 1; 
The value of HRTh  is determined by 

experiments, which is equal to 0.9 here. 
 

3. Experimental results and discus-
sions 

We assess the performance of the pro-
posed method using the clinical breast 
ultrasound images. To assess the per-
formance of the proposed method, the 
results by the proposed method were 
compared with those obtained by a wave-
let-based method [9]. 

Figs. 2(a) and 3(a) are the original im-
ages, Figs. 2(b) and 3(b) are the results 
obtained by using the wavelet-based 
method [9], and Figs. 2(c) and 3(c) are 
the results obtained by using the proposed 
algorithm. The values of the three metrics 
indicate clearly that the proposed method 
performs better than the wavelet-based 
approach. 

Fig. 2(a) has a loose mass at the right 
region, which is an important feature to 
distinguish malign tumors. The mass is 
affected by speckle noise and the edges 
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are unclear. The situations were not im-
proved much in Fig. 2(b).  However, in 
Fig. 2(c), the speckles on the mass are 
removed and the edges become distinct. 
In addition, some of the speckles appear 
in the middle line-like area, which relate 
to the muscle’s texture characteristics. In 
Fig. 2(b), the speckles are not depressed 
enough; however, they are reduced effec-
tively in Fig. 2(c). Severe speckle noise 
appears in Figure 3, and many regions 
become non-homogenous. In Fig. 3(c), 
the lesion features are significantly im-
proved.  

 
(a) 

    
(b)  (c) 

Fig. 2 (a) The original image. (b) result by the 
wavelet-based method [9]. (c) result by the 

proposed method. 

 
(a) 

 
(b) 

 
(c) 

Fig. 3. (a) The original image. (b) result by the 
wavelet-based method [9]. (c) result by the 

proposed method. 

4. Conclusions 

In this paper, a novel speckle suppression 
algorithm using 2D homogram and direc-
tional average filter is developed. The lo-
cal homogeneity defined by using the tex-
ture information is used to describe 
speckle noise, and the pixels are divided 
into homogenous set and non-
homogenous set based on the homogene-
ity threshold value obtained using the 
maximum 2D entropy principle. The pix-
els in the non-homogeneous set will be 
handled by directional average filters it-
eratively. 

All the parameters for describing 
speckle and terminating the iterative 
process are derived automatically based 
on the characteristics of the given ultra-
sound images. The experimental results 
demonstrate that the proposed approach 
can remove the speckle noise and pre-
serve the edges and details of the ultra-
sound image at the same time, and the 
proposed algorithm has better perform-
ance. The proposed approach may find 
wide applications in ultrasound imaging. 
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