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Abstract The goal of this paper is to propose a modified maximally stable extremal region
(MSER) based method for the segmentation of ultrasound liver images. Firstly, the feature
regions including liver lesions are extracted using the modified MSER detector. Unlike the
MSER algorithm, the improved MSER detector merely needs dozens of gray levels rather than
256 possible gray levels ranging from 0 to 255. Next, the edges of the liver lesions are detected
from the binary images, and a merging strategy is designed to refine the contour of the liver
lesion. The last step is the segmentation of the liver lesion according to the refined contour.
The segmentation results of ultrasound liver images demonstrate that there is a significant
correlation between the liver lesions selected by a medical expert and the liver lesions
segmented by the proposed method. A comparison of the proposed method and other
segmented methods shows that the proposed method can detect a more accurate contour of
liver lesion images.

Keywords Modified Maximally Stable Extremal Region - Ultrasound liver image -
Segmentation of liver lesions

1 Introduction

Semi-automatic or fully automatic segmentation methods for liver CT images have been
attracted many researchers’ attention in the past 10 years [6,17,31,33]. Compared to CT
images, ultrasonic images have lower quality due to the inherent presence of speckle noise.
This makes the segmentation of the object and the background in ultrasonic image is more
difficult. In particular, effective and robust algorithms for correct segmentation of ultrasound
liver images are hard to find.
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For years researchers have focused on the segmentation techniques of ultrasound
images [1-5,8,11,13,15,18-21,23,24,26-30,34-39]. Traditional segmentation methods
in digital image processing were applied to ultrasound images in the reported litera-
ture. Liver tumor boundaries extracted using snake model algorithms [2—4,8] were
used to compare tumor size and shape, before and after treatment. Liu [23] presented
an improved GVF snake model to segment breast boundaries of digital mammograms.
Li [21] proposed a radiating GVF snake model to segment cytoplasm and nucleus in
cervical smear images. Rodtook [35] studied an adaptive segmentation of the ultra-
sound images of breast cancer using multi-feature GVF snakes model. Wu [39]
developed an accelerated GVF algorithm for CT images. In addition, K-nearest
neighbor [26] and closest neighbor approach [34] were also performed in the seg-
mentation of ultrasonic liver images. Fractal feature vector [19], level set method [36]
and hidden Markov model [15] have been employed to 2D or 3D ultrasound liver
image segmentation.

Intelligent optimization methods were also utilized in liver medical image pro-
cessing. Support vector machines [1,18] were adopted to extract and optimize the
liver boundary of ultrasound images. An optimization method based on ensemble
[13] was proposed to detect the liver shape in ultrasound image. Masoumi [24]
combined an iterative watershed algorithm with artificial neural network to segment
automatically liver region in MRI images. Moraru [28] developed an optimization of
breast lesion segmentation by combining the snake evolution techniques with statis-
tical textures information of ultrasound image. Torbati [38] improved a self-
organizing map network to segment medical images including ultrasound image
and MRI images. There are a few disadvantages of these methods for the segmen-
tation of ultrasound liver image. The first drawback is that the segmented result
heavily depended on the initialization of boundary. The second is that these seg-
mentation methods run time consuming.

The maximally stable extremal region (MSER) algorithm is a well-known region detector
used in wide-baseline stereo matching [25]. The set of stable feature regions in the MSER
algorithm has the following advantages: (1) it is closed under continuous geometric transfor-
mations; (2) it is invariant to affine intensify changes; (3) it is detected at different scales. The
MSER algorithm has successfully been used in applications such as the automatic 3D-
reconstruction from a set of images [9,25], object recognition [10] and SAR image segmen-
tation [14].

However, the MSER algorithm is few applied to segment ultrasound liver image in the
reported literature. Because the liver lesions lead to connected shadow area in ultrasound
image, it is nature to explore an idea of applying the MSER algorithm in ultrasound image
segmentation. This paper develops an improved segmentation method for ultrasound image of
the liver lesions in terms of the extracted MSERs. The improvement of our method has: (1)
Merely need part of gray levels instead of the total ordered gray levels from 0 to 255, (2)
Smooth the region of interest (ROI) image using anisotropic diffusion filter with a triangle
kernel function, and (3) Merge the edge images corresponding the feature regions.

This paper is organized as follows. Section 2 presents the generalized MSER segmentation
algorithm for ultrasonic liver image. Performance evaluation indicators are introduced to
assess the proposed method in Section 3. The tested results of ultrasonic liver image and the
comparison of several segmentation methods and the improved method are shown in
Section 4. Section 5 concludes the paper with a discussion.
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2 The generalized MSER segmentation algorithm

Inspired by the MSERs algorithm [25], this section presents a generalized MSER extracting
method to segment liver tumor, liver cyst, or liver hemangioma in B-mode ultrasound images.
There are two main steps in the generalized MSER segmentation algorithm. First, the proposed
algorithm uses the generalized MSER detector to obtain the feature regions of the liver lesions.
Then an edge merging strategy is employed to refine the edge map of liver lesions. Figure 1
shows a flow chart of the proposed method for the segmentation of ultrasonic liver lesions.
Details of the presented segmentation method are described in the following text.

2.1 Image preprocessing

Although the MSER detector can extract stable feature regions for nature image, the speckle
noise inherent in ultrasonic liver image makes the MSER algorithm difficult perfectly to
segment the liver lesions in ultrasound images. In order to obtain a better MSER of liver
lesions in ultrasound image, anisotropic diffusion filtering algorithm and mathematical mor-
phology algorithm are used to remove noise and to enhance image.

The main effect of the anisotropic diffusion filtering algorithm is to remove speckles while
preserving the edges in the image [11,12,32]. In the Perona [32], the formulation of an
anisotropic diffusion filter is expressed by

ol
i divie(|[VGo®I|)-VI] (1)
where / is the image intensity, div(+) is the divergence operator, ¢(+) is the diffusion coefficient,
V denotes the gradient and G, ®1 is given as a convolution between the image / and a Gaussian
kernel Gy at the time . Here, we selected a triangle window function instead of the Gaussian
kernel function because of the time consumption using the Gaussian kernel in Eq. (1).

Selected Generalized
ROI MSER
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Filtered Generalized
image image MSER images

Edge
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s
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Fig. 1 Flow chart of the proposed method
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The main effect of mathematical morphology algorithm is to eliminate details or isolated
pixels from the binary images and smooth boundaries. The openings or closings in mathe-
matical morphology [7] are utilized many times in the implementation process of the proposed
method.

2.2 Generalized MSER detector

The standard MSER algorithm [25] includes four major parts: (1) A sequence of binarization
images are obtained from threshold 0 to threshold 255. (2) A representation of maximal intensity
regions at each threshold is created from the set of all connected components of all frames of the
sequence. (3) MSER detectors of all regions are tracked and the growth rates are monitored for
local minimums. (4) All pixels belonging to the same detected MSER are identified. The
generalized MSER detector in the proposed method merely needs part of gray levels instead of
the total ordered gray levels from 0 to 255, and it is faster than the standard MSER detector.

The generalized MSER detector is performed for the ROI of the input image according to
the next steps.

(1) Calculate a gray threshold M of the ROI including the liver lesions using the Otsu’s
adaptive algorithm [30].

(2) Take M as a mid-value and obtaining an interval [M—3,M+§], J is a positive number
indicating the threshold range.

(3) Select one threshold value in the interval [M—d, M+ 4] for the ROI and build a set of local
binary images 0= {Oy-s .0 O~ Ouyes)-

(4) Remove the noise or isolated pixels from the binary image set O={QOys,""",0; " O,
=*,Owm+s)» and each binary image in Q is a connected region.

(5) Compute the area A(i) of all connected binary regions in O={QO;—5,""*,O;,"** O """, Oprrs} -

(6) Analyze the area function 4(7) for the potential regions. Suppose there have three consec-
utive binary regions {Q;—1,0;,Q;+1} in set Q, the corresponding area is A(i—1), A(i), and
A(i+1) respectively. The changed rates AA(7) of the area A(7) is estimated by Eq. (2)

G+ 1)/4G1)]
4 (1)]

If AA(D) persists with similar value over a range of thresholds ie[M—§,M+ 6], the connected
binary regions are named the generalized MSER. Generally speaking, several possible MSERs
can be acquired for an image using the generalized MSER extraction algorithm.

In Fig. 1, the gray mean M of the ROI image is 105 and the threshold range J is set as 5.
Eleven binary images with threshold values from 100 to 110 are gotten. The change rate A4 of
the segmented region area A calculated by Eq. (2) is illustrated in Fig. 2. It can be seen the A4
reaches its local minimum at the threshold value 106. Therefore, we can detect maximally
stable extremal regions from a dozen binary images without needing all binary images in terms
of §=(0,1,2,---,255).

AA(i) (2)

2.3 Edge merging strategy

The edge merging strategy is implemented for a few stable binary regions of the
object in the ROI. The edges of the generalized MSERs may be detected by canny
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Fig. 2 The area changed-rate curve of the connected binary regions with threshold value

operator for the stable binary regions. These edges represent the contour of the object
in the ultrasound image. Which may be the true edge of the object? This step will
refine the contour of the object through merging these edges. Let the edges E
corresponding the generalized MSER be

E=(e)yy i=1,...,N (3)

where N is the number of the generalized MSER, and e; is an edge of the object
corresponding each generalized MSER. Each edge e; is a matrix which has the same
size as the ROI image. We may merge the edge through searching the edge points in
the adjacent matrix. If three matrices adjacent to each other have edge point at the
same positions, the value of the element in the merged matrix is one, otherwise, it is
zero. That is to say, the merged edge may be refined from N edge images through
Eq. 4)

_ laei(x7y):lnei+1(x7y):ln.”meN(xvy)zl
en(x,y) = { 0, otherwise “)

where e,,(x,y) is the merged edge image.

According to the merged edge, the ROI is segmented into two parts. The first part is
background, and the second part is the edge of the object. Namely, when a pixel is inside the
merged edge, the pixel is set as zero. Otherwise, the pixel remains the image background.

3 Performance evaluation indicators

In order to analysis quantitatively the performance of the proposed method, Hausdorff distance
(HD) [38], mean absolute distance (MD) [38], Dice’s similarity index [16] and a relative error
of the extracted area are estimated to describe the segmentation accuracy. HD and MD are two
boundary error metrics to analyze the difference between the manual extracted edge and the
automatic extracted edge. Similar to [38], the vector O=(q;,q2)nx2 and R=(r1;,72;), x> are the
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manual extracted edge points and the automatic extracted edge points, respectively. The
shortest Euclidean distance between each point of R and all points of O is defined as

di = minH(i’u,rzi)—(qU’112.,') HJZ Loymyj=1,""n (5)
where m and n are the number of edge pixels in R and Q,respectively.

HD and MD are written as

HD:max(d17d2,"'7d,,,) (6)

m

> di
MD = ":"n (7)

HD and MD stand for the longest and average distance between the two boundaries. The
smaller are HD and MD, the closer are the detected edges to the truth.

Next, Dice’s similarity index is used to find the overlapping similarity between the manual
segmented area A,;s and the automatic segmented areas A 5. Dice’s similarity index is
computed by Eq. (8).

- 2|AMSﬁAAS\

— A A 8
|Ams| + [Aas] ®)

where |4,,5M A4 45| represents the overlapping area between the manual segmented area and the
automatic segmented areas. Dice’s similarity index approaching to 1 indicates that the
segmented result is closer to the manual segmented area. The relative error of the extracted
area is defined as follows:

Ays—A
Agrr = [us~Ass| Mj as| 9)
Ms

where A, indicates the manual segmented area, and A 45 is the automatic segmented areas.

4 Experiment results

We utilize a dataset of 40 ultrasound liver lesion images from Zhangshu people hospital and 48
ultrasound abdominal images from Shijiazhuang forth people hospital to validate the proposed
method in the experiments.

4.1 Comparison of standard MSER and generalized MSER detector

A comparison of the standard MSER detector and the generalized MSER detector is presented
in this experiment. More than 30 ultrasonic images of the liver lesions are tested. One of
experiment results is shown in Fig. 3.

Figure 3a is the ROI image including liver cyst. Figure 3b1 to b8 is eight binary images,
and their corresponding threshold values are 1, 5, 10, 40, 70, 120, 250, and 255 respectively.
Figure 3cl to c7 displays part of the feature extractions, and the corresponding threshold
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Fig. 3 Segmentation results of the liver cyst. a the ROI image; (b1) to (b8) the binary images corresponding the
threshold values 1, 5, 10, 40, 70, 120, 250, 255; (c1) to (c7) the generalized MSER extractions in our method,;
(c8) and (c9) the edge merging; (c10) segmented results

values are 59, 61, 63, 65, 67, 69, and 71 respectively. Figure 3b9 is the detected feature
MSERs using Matas’s method [25] where a few background regions are also regarded as the
MSER extraction. This result shows that Matas’s method needs to obtain the scores or even
hundreds of the binary images in order to extract the MSER.

The running time both the standard MSER detector and the generalized MSER
detector is estimated for the ROI image Fig. 3a of ultrasound liver cyst image,
respectively. PC with 2.93GHz and Matlab7.0 are used in experiment. The estimated
running time are shown in Table 1. In the standard MSER detector, the range of
threshold is [0,255] and we use three kinds of threshold steps. For the generalized
MSER extraction, 30 threshold levels from 48 to 77 are applied to detect the feature
extractions of the ROI image. It can be seen that the generalized MSER extraction is
less time-consuming.

Table 1 The estimated running

time both the MSER and the gen- Method Running time
eralized MSER detector (Unit:
second) the MSER detector with threshold 2 1.7849

the MSER detector with threshold 4 0.9464

the MSER detector with threshold 8 0.5081

the generalized MSER detector 0.3824
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Fig. 4 Preprocess results of ultrasound liver image: the first column is original image, the second one is ROI, the
third one is the results processed by anisotropic diffusion filtering, the fourth one is the binary image, and the last
column is the results processed by mathematical morphology

In the proposed method, the binary images are extracted using threshold values from 50 to
68 gray levels. The area changed rates A4 of the feature extractions are estimated by Eq. (2).
The mean and standard deviation of A4 are 0.0095 and 0.0023, respectively. These results
indicate that A4 holds stable over a range of thresholds from 50 to 68. These binary images are
considered as the generalized MSER extractions in this paper. Figure 3¢8 displays the detected
edges of the feature extractions. Figure 3¢9 is the refined result according to edge merging
strategy, and the broken yellow line in Fig. 3c10 is the segmented result. These figures show
that the proposed method can acquire a more accurate segmentation.

4.2 Preprocess experiment of ultrasound image

This experiment tests and verifies the effect of the anisotropic diffusion filtering algorithm and
mathematical morphology algorithm. Figure 4 is the preprocessed results of ultrasound
images. The first original ultrasound image is from Zhangshu people hospital, and the latter
two original images is from Shijiazhuang forth people hospital. Although the third original
image is blurry, the contour of the object is still distinct after the anisotropic diffusion filtering.
It can be seen that the anisotropic diffusion filtering algorithm preserves the edges of the object
from the third column of Fig. 4. The effect of mathematical morphology algorithm to eliminate
isolated pixels is very apparent by comparing the forth column with the last column in Fig. 4.

4.3 Experiments on free parameter of the proposed method

In the propose method, there have several free parameters: the average gray value of the ROI
and the number of adjacent matrices showing an edge at the same location. This experiment
demonstrates the method performance depending on these parameters.

Fig. 5 The tested results on free parameters in the proposed method. The first row is original image, the second P>
one is RO, the third one is the merged edge by two adjacent matrices, the fourth one is the merged edge by three
adjacent matrices, the fifth one is the merged edge by four adjacent matrices, and the last column is the merged
edge by five adjacent matrices
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Table 2 The segmented areas of

the object under the number of ad- The number of adjacent matrices 2 3 4 5
jacent matrices (Unit: pixels)
The first image 5307 5191 5061 4973
The second image 5408 5280 5166 5072
The third image 2395 2259 2134 2037

Figure 5 is the experimental results. The first and second columns are applied to
verify the dependence on the average gray value of the ROI, and the second and third
columns validate the dependence on the number of adjacent matrices showing an edge
at the same location. In the first experiment, the area of the ROI in the same original
image is 22,932 pixels and 17,666 pixels, respectively. The estimated average gray
value of the ROI is 55.89 and 51.62 pixels, respectively. The segmented areas of the
object have little difference under the same number of adjacent matrices. These results
are shown as the first two rows in Table 2.

In the latter experiment, we select 2, 3, 4 and 5 adjacent matrices showing an edge
at the same location in the ROI of ultrasound liver image and obtain the different
segmented result of the object. These results in Fig. 5 and Table 2 are shown that the
merged edge points are sparse with increasing of the number of adjacent matrices. It
can be seen that the extracted edge is a better while three or four adjacent matrices
are applied in the edge merging strategy.

4.4 Segmentation of ultrasound liver image

In this subsection, we first present the segmentation of the liver abscess image and the liver
cyst image using the proposed method. Then two comparison experiments are performed to
evaluate the segmentation accuracy and the segmentation runtime.

4.4.1 Tested experiment of the proposed method

The tested experiment is the segmentation of the liver abscess and the liver cyst image.
Figure 6a and 7a are ultrasound liver cyst image and ultrasound liver abscess image

(b4) (b5)

Fig. 6 Segmented results of the liver cyst image
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visdd

(b1) (b3)

(b4) (b5)

Fig. 7 Segmented results of the liver abscess image

respectively. Figures (bl) in Figs. 6 and 7 are the binary images using Otsu’s
algorithm [30], and it is difficult to segment the object from the two binary images.
Figures (b2) to (b5) in Figs. 6 and 7 are the generalized MSER extraction using 4
threshold values. Figures 6¢1 and 7cl are the merged edges, and the segmented
results are shown in Figs. 6¢2 and 7c2. These experimental results show that the
proposed method is effective and feasible.

4.4.2 Comparison of the proposed method and other methods

This experiment is the comparison of the proposed method with other segmentation
method for ultrasound liver lesion image, which is from Zhangshu people hospital and
Shijiazhuang forth people hospital. Figure 8 is the segmentation results of the liver
lesions in ultrasound image using the proposed method, traditional snake-GVF algo-
rithm [40], improved snake-GVF algorithm [23], watershed algorithm [24] and level
set method [22], where three images from left to right are named as “image 17,
“image 27, and “image3”.

The segmentation result is highlighted by red line in Fig. 8. The first and second
row is the original ultrasound image and the ROI selected by white rectangle. The
third row is region of liver lesions manually delineated by a medical expert. The forth
row is the segmentation of the proposed method. The fifth and sixth row is the
segmented results using traditional snake GVF algorithm [40] with different initial
contour. It’s obvious that the segmented results are changed with the initial contour.
The seventh row is the segmented results of watershed algorithm [24], which used the
eight-connected neighborhood.
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Fig. 8 Comparisons experiments
the proposed method, traditional
snake-GVF algorithm [40], water-
shed algorithm [24], Level Set [22]
and improved snake-GVF algo-
rithm [23] for liver lesions. The
first row is original image, the
second row is ROI, the third row is
manually delineated result by a
medical expert, the forth row is the
segmented result by the proposed
method, the fifth and sixth row are
the segmented results by tradition-
al snake-GVF algorithm with dif-
ferent initial contour, the seventh
row is the segmented result by
watershed algorithm, the eighth
and ninth row are initial contour
and the segmented result by Level
Set, and the tenth and last row are
gradient map and the segmented
result by improved snake-GVF
algorithm
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Table 3 The parameters selected

in level set algorithm Parameters Image 1 Image 2 Image 3
The internal energy term 0.04 0.1 0.05
The weighted length term 3.0 5.0 5.0
The weighted area term 1.5 1.0 1.5
The time step of iteration 5 2 4
The number of iterations 120 350 150

The parameters of level set algorithm [22] are selected with different images in
Fig. 8 and are listed in Table 3. The initial contour is marked by red rectangle in the
eighth row, and the ninth row is the final segmented contour. It can be seen that the
segmented results usual include the strong reflection regions of ultrasound images
besides the liver lesions.

The tenth and last row are the results using improved snake-GVF algorithm [23],
where the tenth row is gradient map in terms of adjusting strategy. Liu [23] presented
weights adjusting strategy to improve the edge map in the traditional snake-GVF
algorithm. The improved method increased the segmentation accuracy, but it still ran
time consuming.

Compared these results, it can be seen that the segmented results using the proposed
method is approximate to the result manual delineated by a physician, and even a few details
of the liver lesions are segmented. These experimental results show that the proposed method
is effective and more precise.

In order to assess these segmented results, we estimated HD, MD, Dice’s similarity
index and a relative error of the extracted area for ultrasound images of the liver
lesions. The liver lesions in Fig. 8 are segmented manually 10 times by the physician
and the average segmented areas are obtained. The automatic segmented areas using
the proposed method, traditional snake-GVF algorithm [40], improved snake-GVF
algorithm [23], watershed algorithm [24] and Level Set [22] is calculated 30 times
for the ROI of ultrasound image in Fig. 8.

Table 4 Performance metrics of the segmented results in Fig. 8

Method Dice’s similarity index HD MD

Image 1 Image2 Image3 Image! Image2 Image3 Image! Image2 Image3

Traditional 0.83 0.63 0.75 5.39 8.01 1697  1.18 2.75 4.94
snake-GVF
algorithm [40]

Improved 0.82 0.62 0.77 498 7.28 12.05 1.34 2.13 443
snake-GVF
algorithm [23]

Watershed 0.78 0.60 0.71 10.77 1217  24.17  3.02 3.09 7.58
algorithm [24]

Level set 0.79 0.57 0.68 16.12 21.11 23.94 4.10 8.81 10.91
algorithm [22]

The proposed method 0.83 0.69 0.78 3.61 8.12 11.71 1.17 2.56 3.59
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Table 5 The estimated Azzz between the manually labeled area and the automatically extracted areas

Max Min Mean Std
traditional snake-GVF algorithm [40] Image 1 0.0785 0.0030 0.0291 0.0280
Image 2 0.1715 0.0474 0.1277 0.0549
Image 3 0.0931 0.0065 0.0517 0.0365
Improved snake-GVF algorithm [23] Image 1 0.0641 0.0019 0.0371 0.0278
Image 2 0.1653 0.0176 0.1112 0.0674
Image 3 0.0765 0.0108 0.0380 0.0313
watershed algorithm [24] Image 1 0.2881 0.0175 0.1068 0.1068
Image 2 0.2617 0.0681 0.1895 0.0904
Image 3 0.1916 0.0367 0.1218 0.0644
Level set algorithm [22] Image 1 0.2668 0.0061 0.2128 0.0974
Image 2 0.3295 0.0295 0.02002 0.1299
Image 3 0.2502 0.0307 0.1727 0.0997
The proposed method Image 1 0.0629 0.0023 0.0343 0.0199
Image 2 0.1593 0.0517 0.1257 0.0498
Image 3 0.0711 0.0043 0.0384 0.0295

Let the boundary in the third row of Fig. 8 be Q and the boundaries in the forth, sixth, seventh,
ninth and last row of Fig. 8 be R respectively. The HD, MD and Dice’s similarity index are
estimated from Eqgs. (6), (7) and (8), and are displayed in Table 4. HD and MD in Table 4 show
that the results using the proposed method and improved snake-GVF algorithm are more stable
and closer to the manual detected object. And the estimated Dice’s similarity index indicates that
the overlapping areas using the proposed method are better in most cases. These results show that
the segmented result using the proposed method is close to the manual segmented result.

The estimated relative errors Aggg for three ultrasound images in Fig. 8 are shown in
Table 5. In the experiment, the proposed method and improved snake-GVF algorithm [23] are
more stable than other methods. Traditional snake-GVF algorithm [40] and Level set algorithm
[22] are actually influenced by the initial contour of the object.

We also estimated the runtime performance of these methods. PC with 2.93GHz and
Matlab7.0 are used in experiment. The runtime of these methods includes the ROI input, program
running, and the segmented result output. For each ultrasound liver image, we carried out 15
experiments using the proposed method, traditional snake-GVF algorithm [40], improved snake-

Table 6 Mean of the segmentation runtime for ultrasound image in Fig. 8 Unit: second

Method Runtime

Image 1 Image 2 Image 3
Traditional snake-GVF algorithm [40] 16.1868 18.0704 35.4797
Improved snake-GVF algorithm [23] 11.5217 13.7043 22.5630
Watershed algorithm [24] 1.0038 1.0286 1.0247
Level set algorithm [22] 1.9687 2.3943 3.5832
The proposed method 1.1663 1.3989 2.1526
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(b)

Fig. 9 Comparisons experiments on our method, Milko’s method [26], Lee’s method [19] and Chen’s method
[5] for liver cyst. a Original image, b manually delineated result, ¢ segmented result by our method, d segmented
result by Chen’s method, e the texture image and f segmented result by Milko’s method, g the multifractal image
and h segmented result by Lee’s method

GVF algorithm [23], watershed algorithm [24] and Level set algorithm [22]. The mean of runtime
is listed in Table 6. It can be seen that the running time of the proposed method is nearly in concert
with watershed algorithm [24] and Level set algorithm [22]. Although improved snake-GVF
algorithm [23] may improve the segmented accuracy, it still run time consuming.

In addition, we further estimated the segmentation accuracy and the runtime of the proposed
method, Milko [26], Lee [19] and Chen [5]. The ultrasound liver image is from Shijiazhuang forth
people hospital. The Dice’s similarity indices are computed to evaluate the segmentation accuracy of
these methods in this experiment. The manual segmented area in Fig. 9b is regarded as a reference
value and it is 3482 pixels. The Dice’s similarity indices and the segmentation runtime are shown in
Table 7. Although the proposed method needs a little long runtime, the segmentation result is more
consistent with the manual segmented result from Fig. 9 and Table 7.

5 Conclusions

This paper proposed a modified MSER extraction based method for the segmentation of
ultrasound image of the liver lesions. The proposed method utilized the improved MSER
algorithm to obtain stable feature regions, and saved the running time. Plenty of ultrasound
images including the liver lesions were evaluated the performance of the proposed method.
The experimental results indicated that there were a better consistency between the proposed

Table 7 Mean of Dice’s similarity . o . .
index and the segmentation runtime Method Dice’s similarity index Segmentation runtime

(Unit: second)

Milko’s method [26]  0.5596 1.8914
Lee’s method [19] 0.4962 3.8906
Chen’s method [5] 0.4650 4.7951
The proposed method 0.6001 4.3489
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method and the manually extracted regions by medical experts. The future work is to integrate
the proposed method into an automatic segmentation software system.
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