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Abstract To find the optimum threshold of an image is still an important research topic in the
recent years. This paper presents a segmentation of liver cyst for ultrasound image through
combining Wellner’s thresholding algorithm with particle swarm optimization (PSO). The proposed
method firstly obtains an optimal parameter, which expressed as a percentage or fixed amount of
dark objects against a white background in a gray image, of Wellner’s thresholding algorithm by
PSO method. And then the gray image is binarized according to the optimized parameter. Finally, a
semi-automatic method for locating and identifying multiple liver cysts or single liver cyst of
ultrasound images is performed. For a validation, the results of the proposed technique are
compared with those of other segmented methods. We also tested 92 ultrasound images of the liver
cysts by our software. The corrected identification rate of the single liver cysts is 97.7 %, and that of
multiple liver cysts is 87.5 %. Experimental results demonstrate that the proposed technique is
reliable on segmenting the contour of liver cyst and identifying single or multiple liver cysts.
Keywords Ultrasound image . Wellner’s thresholding algorithm . Particle swarm optimization .
Segmentation of liver cyst

1 Introduction
Like magnetic resonance imaging (MRI) and computed tomography (CT), ultrasound image is
an important means of medical imaging and tissue characterization techniques, and is widely
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applied in disease diagnosis. In recent years, the literature has reported on ultrasound image
segmentation, noises filter, texture analysis and classification [7, 9, 12, 13, 15, 19, 20].
However, it is still a difficult problem to implement image segmentation effectively in clinical
diagnosis due to the low signal-to-noise, the low contrast and lots of speckle of medical
ultrasonic image [15].
A number of well-known segmentation techniques on liver ultrasound images are currently
proposed by lots of researchers. Intensity-based methods are usually carried out for the liver
lesions segmentation [3, 21, 27] because intensity of the ultrasound liver image is degraded.
Liver cysts or tumors in these methods are segmented through making use of statistical data of
intensity on liver cyst or tumor image.
With rapid developments of digital image processing technology, plenty of methods in
digital image processing are introduced to medical image processing. Wavelet transform was
applied to texture analysis and segmentation for the ultrasound liver image [23, 28], and
ultrasound image was normally decomposed into high-frequency component and lowfrequency component. Snake model, which describes an object’s contour from a 2D image,
has been studied on ultrasound liver images. For instance, liver cyst or tumor boundaries were
extracted precisely using such an approach [2, 30]. Fractal feature vector [10] and level set
method [22] have been employed to segment the ultrasound liver image. In addition, intelligent optimization methods were also utilized in ultrasonic liver image processing. Support
vector machines [8, 23, 26] were adopted to extract and optimize the liver boundary of
ultrasound images. Supervised fuzzy method [22] was proposed to segment of liver tumors
in the ultrasound image. An optimization method based on ensemble [5] was utilized to
segment the liver structure in the ultrasound image. Although the precise segmentation of
liver cyst and tumor from ultrasound image was made use of computer-aided diagnosis and
therapy, the manual segmentation is time consuming. In order to increase the efficiency of the
clinical work, automatic or semi-automatic segmentation techniques attracted many researchers in recent years [11, 18, 22, 24, 30].
Adaptive threshold algorithm is a general method in digital image processing. Otsu’s algorithm [16], Niblack’s algorithm [14] and Wellner’s algorithm [25] are used extensively in binary
image. The main idea of Wellner’s algorithm [25] is that each pixel is compared to an average of
the surrounding pixels. Bradley’s method [1] is an extension of Wellner’s algorithm [25] for
integral image. These methods were mainly applied to process nature image taken by camera, and
they were seldom used to segment directly the liver cyst image in the reported literature.
Particle swarm optimization (PSO) is an optimized technique, which gets one optimized threshold value for image thresholding. Recently, a few researchers proposed
medical image processing based on PSO algorithm. A multi-scale fuzzy C-means method
integrated with particle swarm optimization was presented for ultrasound image segmentation in Zhang [29]. Huang [6] focused on optimization of a robust graph-based (RGB)
segmentation algorithm to extract breast tumors in ultrasound images. Ozic [17] presented an Otsu-PSO method to find the optimal threshold values on brain magnetic resonance (MR) image segmentation.
The main idea in Wellner’s algorithm is to calculate an average of the surrounding pixels for
each pixel while traversing the whole image and the value of the current pixel is either 1 or 0
from the average. The threshold image in Wellner’s algorithm is usually depending on the
calculated average. We tested Wellner’s algorithm for ultrasonic images, and we found that
Wellner’s algorithm is unsuitable for the segmentation of liver ultrasound images because of
the calculated average intensity fixed. Inspired by Otsu-PSO method [17], the PSO method is
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introduced in order to acquire the optimization of the calculated average intensity for ultrasonic
image.
The motivation of this paper is that single or multiple liver cysts in ultrasound images are
identified to help doctors in computer-aided diagnosis for liver disease. However, the segmented results are poor using conventional segmentation algorithm because ultrasonic liver
images are the low signal-to-noise and the low contrast. Therefore, we combined Wellner’s
thresholding algorithm with particle swarm optimization (PSO) to segment the liver cyst and to
implement a semi-automatic method for locating and identifying single or multiple liver cysts
for ultrasound liver images.
The rest of this paper is organized as follows. In Section 2, Wellner’s adaptive threshold
algorithm with PSO is proposed to segment the ultrasound liver images, and then the location
and identification of single liver cyst or multiple liver cysts is developed. Section 3 is
experimental results, and the conclusion is outlined in Section 4.

2 The proposed methods
The proposed method in this paper is semi-automatic due to select manually the region of
interest (ROI) including liver cyst. An outline of the method is illustrated in Fig. 1. The major
shortcomings of ultrasound image are the low contrast and including speckle noises. In order
to make it easier for estimating connected region’s numbers in the binary image, the preprocessing is essential for semi-automatic segmentation of the liver cyst in the ultrasound image.
The image preprocessing in this work consists of image filtering, image thresholding and
image morphology operations.

Fig. 1 Outline of the presented method
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2.1 The optimization of threshold based on PSO
According to the Wellner’s algorithm the binarized image greatly depends on one parameter t,
which expressed as a percentage of darker than the average value of the previous several
pixels. Generally, the value of the parameter t is fixed. However, the fixed parameter t is
unsuitable for the segmentation of liver ultrasound images.
PSO algorithm is an evolutionary computation technology from the research on the
behavior of predatory birds, and it is an iterative optimization method. Each particle in the
PSO algorithm represents a potential solution for the specific issue, and the particle swarm is
initialized with a population of random individuals in the search space. Suppose that the
position and velocity of the ith particle in the search space are xi and vi. The particle updates
itself by tracking two optimal solutions in the each iteration. One is the best preciously visited
position of the particle during the updating process, that individual extreme pi, and the other is
the global best position of the whole swarm obtained so far, namely the global optimal solution
pg. Each particle updates its velocity vi and new position xi according to the following two
equations:
h
i
vi ðk þ 1Þ ¼ wvi ðk Þ þ c1 r1 ½pi −xi ðk Þ þ c2 r2 pg −xi ðk Þ

ð1Þ

xi ðk þ 1Þ ¼ xi ðk Þ þ vi ðk þ 1Þ

ð2Þ

where k is the number of iterations, w is weight value, r1 and r2 are two random numbers in
[0,1] subjecting to uniform distribution, c1 and c2 are learning factors.
Due to ultrasound images containing speckle noises, the purpose of image filtering is to
reduce noises without destroying the edge feature of the liver cysts for diagnosis. In this work,
we utilize Gaussian filter to denoise the ultrasound images (http://en.wikipedia.org/wiki/
Digital_image_processing). Wellner’s thresholding algorithm based on PSO method is then
adopted to binarize the filtered ultrasound images.
The PSO algorithm is adopted to optimize the parameter t in the Wellner’s algorithm, and
then ultrasound image is segmented using the optimal parameter t*. The proposed thresholding
method in this section is summarized as follows.
(1) Initialized each particle’s i position xi = ti and velocity vi in the swarm. In this method,
random number in [−20, 20] is assigned each ti and vi.
(2) Evaluated the objective function value of each particle’s i. The binarized result Bi of
original ultrasound image by Wellner’s algorithm is got by
(

ti 
1;
I
>
f
im

1−
ð3Þ
Bi ¼
100
0;
otherwise
where I is original ultrasound image and fim stands for the filtered image by Gaussian
filtering method. Here, the original image is classified into two classes Ci0(Bi = 0) and
Ci1(Bi = 1) according to the parameter ti. Let the black pixel ratio be pi0, the average gray
value corresponding to class Ci0 be μi0, the white pixel ratio be pi1 and the average gray
value corresponding to class Ci1 be μi1. Then the four parameters pi0, μi0, pi1 and μi1 are
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estimated from the binarized result Bi. Therefore, between-class variance of original
ultrasound image σ2i is obtained by
σ2i ¼ pi0 ⋅pi1 ⋅ðμi0 −μi1 Þ2

ð4Þ

(3) Stored current particle’s position ti and the objective function value σ2i in the particle’s
best solution pbesti, and then saved the best solution of thein the swarm’s best solutions
gbest.
(4) Updated the particle’s position and velocity vi according to Eqs. (5) and (6).
vi ðk þ 1Þ ¼ wvi ðk Þ þ c1 r1 ½pbesti ðk Þ−t i ðk Þ þ c2 r2 ½gbest ðk Þ−t i ðk Þ

ð5Þ

ti ðk þ 1Þ ¼ ti ðk Þ þ vi ðk þ 1Þ

ð6Þ

(5) Compared the objective function value of each particle with that of the best known
position particle. If yes, its position is saved. Then the particle’s best solution pbesti and
the swarm’s best solutions gbest are updated.
(6) Until a termination criterion is met, that is to say, the number of iterations performed. The
output is the best found solution t*, or else turn to step (4).
After the binarized result is acquired using the proposed thresholding method, the region of
interest (ROI) including liver cyst is selected to be processed in the light of mathematical
morphology operators [4]. Figure 2 is an example of removing the isolated pixels in the ROI
including liver cysts. The first image is original ultrasound image, and the second one is the
binarized results using the proposed thresholding method. The third one is the results of the
ROI (marked by red rectangle) using image morphology operations. It can be seen that a
cleanliness contour of the liver cyst is obtained by mathematical morphology operators.

2.2 Location and identification of single or multiple liver cysts
Although the distinct contour of the liver cysts has been acquired using mathematical
morphology operators, the position of the liver cysts is not determined automatically in the
ultrasound image. In this section, we present an automatic strategy for locating and identifying
multiple liver cysts or single liver cyst. The strategy is described as follows:
(1) Counted the number of connected regions in the binarized image.
(2) Computed the projection of an object along weight and height of the binarized image.

Fig. 2 An examples of isolated pixels removing based on mathematical morphological operations
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Fig. 3 Results of locating and
identifying of multiple liver cysts
in ultrasound image

(3) Determined the position of the liver cysts at weight and height of the binarized image.
(4) Labeled automatically the position of the liver cyst in the original image.
Figure 3 shows the location of multiple liver cysts in the ultrasound image. The
center image is an original image with multiple liver cysts, and the four pictures are
the projection of the result using image morphology operations. The red rectangle is
labeled automatically through computing the projection of the segmented liver cyst
along weight and height of the original image. We can see that the good positioning
results are acquired in this example.
To shorten running time of program and save memory space, the boundary of the
liver cysts is only detected in the automatic strategy. Generally speaking, Fourier’s
descriptors can be used as a representation of 2D closed shapes independent of its
location, scaling, rotation and starting point (http://fourier.eng.hmc.edu/e161/lectures/
fd/node1.html). The high-frequency components in the Fourier’s descriptors represent
the details about the object, and the low-frequency components correspond with the
shape of the object.
Assuming the N pixel points on the boundary of the liver cyst are u(n) = [x(n), y(n)]T
(n = 0, 1, 2, 3, ⋯ N − 1), a complex number of each pixel on the boundary can be formed as
zðnÞ ¼ xðnÞ þ j⋅yðnÞ

Table 1 The average running time under the different Fourier descriptors (Unit: second)
Fourier descriptors(FDs)

Average running time

5 % of the FDs

1.1295

15 % of the FDs

1.1764

40 % of the FDs

1.2908
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Fig. 4 The areas corresponding to
FPVF, TPVF and FNVF,
respectively. CT is the ‘true’ area
delineated by radiologists and Co
is the area produced by a
segmentation method

The Fourier’s descriptor of the boundary is then defined by
ZðmÞ ¼



N −1
1X
−j⋅2π⋅m⋅n
zðnÞ⋅exp
; 0 ≤m≤N −1
N n¼0
N

In this section, we reconstruct the shape of liver cyst using the first m < N low
frequency components in order to reduce computing time and save storage space. We
tested the running time of the presented method under the different reconstructed
contour of liver cysts. We carried out three groups of experiments, which each group
is repeated 50 times. These experiments are performed under MATLAB 7.0 and PC
with CPU 2.93GHz. The results are shown in Table 1. We can see that the running
speed of the first descriptor is slightly quicker than the other two.

3 Performance evaluation of the proposed method
To assess quantitatively the segmentation accuracy, means true positive volume fraction (TPVF), false-negative volume fraction (FNVF), and false-positive volume fraction (FPVF) are often used in evaluation on the performance of segmentation methods
(as shown in Fig. 4). TPVF, FNVF, and FPVF are defined by Eqs. (7), (8) and (9).

TPVF ¼

CTP
CT

ð7Þ

FNVF ¼

C FN
CT

ð8Þ

Table 2 The effects of different iterations k on the optimal parameter
The number of iterations k
The optimal parameter t*

20

40

100

Image1

39.6340

39.7744

39.7744

Image2

37.7233

37.7908

37.7908

Image3

26.5991

26.5684

26.5683
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Table 3 The effects of the number of particles i on the optimal parameter
The number of particles i
The optimal parameter t*

10

20

40

Image1

39.7797

39.7744

39.7743

Image2

37.7901

37.7908

37.7901

Image3

26.5686

26.5683

26.5684

FPVF ¼

C FP
CT

ð9Þ

where CT is the Btrue^ area delineated by radiologists and CO is the area produced by a
segmentation method. CTP is the overlapping regions of the Btrue^ region and the automatic
segmented region. CFN is the Btrue^ region that is missed by the proposed method. CFP is the
area falsely identified by the proposed method. Then, TPVF indicates the total fraction of CT
region with CTP region. FNVF and FPVF denote the amount of CFN and CFP region as a
fraction of the amount CT region, respectively. The bigger TPVF and the smaller FNVF and
FPVF indicate that the segmentation accuracy is higher.
In addition, computation time is an important evaluation indicator. We also compared the
runtime of Wellner’s algorithm [25], Otsu-PSO method [17], K-means clustering method [4],
Fuzzy C-Means (FCM) method (http://fourier.eng.hmc.edu/e161/lectures/fd/node1.html) and
the proposed thresholding method.

4 Experimental results
Ninety-two ultrasound images of liver cyst were taken from Shijiazhuang fourth hospital and
internet (http://www.ultrasound-images.com/liver.htm# Liver cyst). There are 44 single liver
cyst images and 48 multiple liver cysts images. We evaluate the performance of the presented
method through testing the segmentation of the liver cyst and the accurate identification rate of
multiple liver cysts.

4.1 Parameter analysis experiments
The performance of the proposed method greatly depends on the control parameters of the
method, such as the number of iterations k, the number of particles i, the weight value w and
the learning factors c1 and c2 in Eqs. (1) and (2). We analyze the effects of each parameter on
the results in this experiment.
Table 4 The effects of the weight value w on the optimal parameter
The weight value w
The optimal parameter t*

0.2

0.4

0.6

0.9

Image1

39.7783

39.7789

39.7788

39.6095

Image2

37.7906

37.7909

37.7984

37.4951

Image3

26.5684

26.5682

26.5681

26.6831
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Table 5 The effects of the learning factors c1 and c2 on the optimal parameter
The learning factors (c1, c2)
The optimal parameter t*

(1.0, 3.0)

(2.0, 2.0)

(3.0, 1.0)

Image1

39.7785

39.7744

39.7791

Image2

37.7241

37.7904

37.7911

Image3

26.5973

26.5682

26.5688

The optimal parameter t* is demonstrated in Tables 2, 3, 4, and 5 when the parameter of the
proposed method is changed. In Table 2, the number of particles, the weight value and the
learning factors are set as i = 20, (c1, c2) = (2.0, 2.0) and w = 0.5, respectively. The number of
iteration k is selected as 20, 40 and 100. In Table 3, the number of iteration, the weight value
and the learning factors are set as k = 40, (c1, c2) = (2.0, 2.0) and w = 0.5, respectively. The
number of particles i is selected as 10, 20 and 40.
In Table 4, the number of iteration, the number of particles and the learning factors are
set as k = 40, i = 20 and (c1, c2) = (2.0, 2.0), respectively. The weight value w is selected as
0.2, 0.4, 0.6 and 0.9. In Table 5, the number of iteration, the number of particles and the
weight value are set as k = 40, i = 20 and w = 0.5, respectively. The learning factors c1 and
c2 is changed.
Table 2 shows that the optimal parameter reaches a steady value at the number of iterations
k = 40. The number of particles and the learning factors have a little influence on the optimal
parameter from the result in Tables 3 and 5. The larger weight value is good for improving the
global search ability of the proposed method, while the smaller weight value will enhance the
local search ability of the proposed method in terms of the result in Table 4.

Fig. 5 The segmented results under different the number of iterations using the proposed thresholding method.
The number of iterations is 10, 40, 100, respectively
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Table 6 The selected parameters in Otsu-PSO method and the proposed thresholding method
Parameters

Values

Weight

wk = wmax − (wmax − wmin) ⋅ k/G; wmax = 0.9, wmin = 0.4

Learning factors

c1 = c2 = 2.0

Number of particles

20

Number of iterations

40

In addition, we presented three segmented results (seen in Fig. 5) under different the
number of iterations using the proposed thresholding method while i = 20, (c1, c2) = (2.0, 2.0)
Fig. 6 From up to down: the
original images, K-means (K = 2)
[4], FCM (C = 2) (http://fourier.
eng.hmc.edu/e161/lectures/fd/
node1.html), Wellner’s algorithm
[25], Otsu-PSO method [4] and the
proposed thresholding method

Multimed Tools Appl (2017) 76:8951–8968

8961

and w = 0.5. It can be seen that there is a better segmented result when the number of iterations
is to 40.

4.2 Experiments on liver cysts segmentation
The first experiment tested the performance of the proposed thresholding method through
comparing with other thresholding methods. Twenty ultrasound images were tested using
Wellner’s algorithm [25], Otsu-PSO method [17], K-means clustering method [4], Fuzzy CMeans (FCM) method (http://fourier.eng.hmc.edu/e161/lectures/fd/node1.html) and the
proposed thresholding method, respectively. In the Wellner’s algorithm, the parameter t is
equal to 15. In Otsu-PSO method and the proposed thresholding method, the selected
parameters are shown in Table 6.
Figure 6 displays segmented results of three ultrasound images with liver cysts using
Wellner’s algorithm [25], Otsu-PSO method [17], K-means clustering method [4], Fuzzy CMeans (FCM) method (http://fourier.eng.hmc.edu/e161/lectures/fd/node1.html) and the
proposed thresholding method. It can be seen that the proposed method has more distinct
segmentation results of liver cysts and fewer noises. In addition, we plotted the optimal
parameter t for the number of iterations. The charts are shown in Fig. 7, where three curves
correspond to three images from up to down in Fig. 5. This result indicates the optimal
parameter t is acquired by a fast iteration.
In order to assess these segmented methods, we calculated the parameters TPVF, FNVF and
FPVF and the running time of several methods for 20 ultrasound images. Table 7 presents the
average values of the three parameters TPVF, FNVF and FPVF for t using Wellner’s algorithm
[25], Otsu-PSO method [17], K-means clustering method [4], Fuzzy C-Means (FCM) method
(http://fourier.eng.hmc.edu/e161/lectures/fd/node1.html) and the proposed thresholding
method. The FPVF indicating over-segmentation in our method is the minimum, and the

Fig. 7 The parameter t is changed with the number of iterations G, where three images from left to right in Fig. 5
are named as Bimage 1^, Bimage 2^ and Bimage 3^
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Table 7 The average values of the TPVF, FNVF and FPVF using several segmented methods
Methods

TPVF

FNVF

FPVF

K-means method

0.9194

0.0806

0.1042

FCM method

0.9137

0.0863

0.0995

Wellner’s algorithm

0.9677

0.0323

0.0957

Otsu-PSO method
Wellner-PSO method

0.9573
0.9501

0.0427
0.0499

0.0732
0.0474

TPVF and the FNVF of the proposed method are closer to Wellner’s algorithm [25], Otsu-PSO
method [17] and better than K-means clustering method [4], Fuzzy C-Means (FCM) method
(http://fourier.eng.hmc.edu/e161/lectures/fd/node1.html).
The average running time of several methods is estimated for the 20 original images,
respectively. PC with 2.93GHz and Matlab 7.0 are used in the experiment. The estimated
running time is shown in Table 8. It can be seen that our method is less time-consuming than
FCM method. Our approach does not take too much time either, although it combines
Wellner’s method with particle swarm optimization. We also compared the computation time
using the proposed method for the whole image and the ROI, and the result is listed in the
Table 9. This result indicates the running time for the ROI almost reduces in half.
The next experiment presented the segmented results of five ultrasound images, which
include three images with multiple liver cysts and two images with single liver cyst, using the
proposed method. The experimental results are illustrated in Fig. 8. The second column is the
liver cysts edges obtained manually by the medical expert. The third column is that the
reconstructed the boundaries of the liver cysts using the 10 % low-frequency components. It
can be seen that the reconstructed liver cyst shapes using a small percentage of the frequency
components are very similar to the actual shape of liver cyst. The last column is the segmented
result. This experiment demonstrates the potential of the proposed method for the segmentation
and identification of multiple liver cysts or single liver cyst with high efficiency and accuracy.

4.3 Experiments on identification rate of liver cysts
Another objective in this paper is that multiple liver cysts or single liver cyst are detected and
identified automatically while only does the ROI of ultrasound image know.
In this experiment, software with MATLAB 7.0 code is the key of our semi-automatic
detection and identification of single or multiple liver cysts in the ultrasound image. We tested
92 ultrasound images of the liver cyst by our software. The corrected identification rate of the
Table 8 The average running time of several segmented methods (Unit: second)
The average time
K-means method

1.1606

FCM method

15.6299

Wellner algorithm

0.3881

Otsu-PSO method

0.1683

Wellner-PSO method

2.8978
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Table 9 The running time using the proposed method for the whole image and the ROI (Unit: second)
The average time
The whole image

17.3369

The ROI (including selected ROI)

8.0382

single liver cyst is 97.7 %, and that of multiple liver cysts is 87.5 %. Figure 9 displays four
segmented results for ultrasonic images including single cyst and multiple cysts. We can see
that the single cyst is easy to be detected and identified. And multiple liver cysts are not good
to identify when the number of liver cysts is more than two. In the incorrect identified image,
we find that some images have abundant noises and multiple liver cysts of a few images adhere
together (shown as left bottom image in Fig. 9).

Fig. 8 From left to right: the original images, ROI with liver cysts labeled by white curves, the represented
contour by Fourier descriptors and the segmented results of liver cysts
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Fig. 9 The detected results of single or multiple liver cysts in original ultrasonic images

Although there are more and more clinical applications for liver cysts or tumor precise
segmentation from ultrasound image, MRI image and CT image, the automated liver lesions
segmentation is still an interesting challenge in medical image processing. The under- or oversegmentation is influenced by many factors.
In the proposed method, Wellner’s adaptive threshold algorithm based on particle swarm
optimization is applied to extract edges of liver cyst in the ultrasound images. The binarized
results are easy to change with the adaptive threshold. For instance, we tested all ultrasound images
in the experiment, and the detection of liver cysts was successful for ultrasound images taken by
the same type-B ultrasonic. When ultrasound images downloaded from internet (http://www.
ultrasound-images.com/liver.htm# Liver cyst), there are a few under-segmentations and oversegmentations in the detected results. The under-segmentations of liver cysts are about 23.3 %,
and individual ultrasound image is only over-segmentation. The first result (seen in Fig. 8) is an
under-segmented result in contrast with the extracted result by the medical expert. Although there
are a few under-segmentations of liver cysts in our experiments, it is acceptable for identification
rate of liver cysts. Furthermore, we can update the adaptive threshold to obtain the segmented
results for ultrasound liver images taken by different type-B ultrasonic.

5 Conclusions
This work has investigated ultrasound liver cysts segmentation and identification method through
combining Wellner’s adaptive threshold algorithm with particle swarm optimization. The proposed
method was automatic except selecting manually the region of interest (ROI) including liver cyst.
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Furthermore, our method can perform precise segmentation and identification in less than a minute.
An enormous amount of experiments show that the presented method is reliable and effective.
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