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Abstract
High-intensity focused ultrasound (HIFU) therapy has been used to treat uterine fibroids

widely and successfully. Uterine fibroid segmentation plays an important role in positioning

the target region for HIFU therapy. Presently, it is completed by physicians manually, reduc-

ing the efficiency of therapy. Thus, computer-aided segmentation of uterine fibroids benefits

the improvement of therapy efficiency. Recently, most computer-aided ultrasound segmen-

tation methods have been based on the framework of contour evolution, such as snakes

and level sets. These methods can achieve good performance, although they need an initial

contour that influences segmentation results. It is difficult to obtain the initial contour auto-

matically; thus, the initial contour is always obtained manually in many segmentation meth-

ods. A split-and-merge-based uterine fibroid segmentation method, which needs no initial

contour to ensure less manual intervention, is proposed in this paper. The method first splits

the image into many small homogeneous regions called superpixels. A new feature repre-

sentation method based on texture histogram is employed to characterize each superpixel.

Next, the superpixels are merged according to their similarities, which are measured by inte-

grating their Quadratic-Chi texture histogram distances with their space adjacency. Multi-

way Ncut is used as the merging criterion, and an adaptive scheme is incorporated to de-

crease manual intervention further. The method is implemented using Matlab on a personal

computer (PC) platform with Intel Pentium Dual-Core CPU E5700. The method is validated

on forty-two ultrasound images acquired from HIFU therapy. The average running time is

9.54 s. Statistical results showed that SI reaches a value as high as 87.58%, and normHD is

5.18% on average. It has been demonstrated that the proposed method is appropriate for

segmentation of uterine fibroids in HIFU pre-treatment imaging and planning.
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Introduction
Uterine fibroids are one of the commonest benign tumors to occur among women, with an esti-
mated incidence rate of 20–40% of women during their reproductive years [1]. Uterine fibroids
can cause significant morbidity such as heavy menstrual bleeding and pelvic pressure [2]. Addi-
tionally, they seriously threaten women’s health and influence their quality of life. The traditional
treatment for uterine fibroids is hysteromyomectomy, which can cause extensive pain in women
both physically and mentally. Recently, high-intensity focused ultrasound (HIFU) with its nonin-
vasive characteristic has been used to treat uterine fibroids widely and successfully [3–5].

Image guidance in HIFU therapy plays an important role because it offers the ability to
monitor treatment accurately [6–7]. The two most popular methods of guidance are MRI
based and ultrasound based [3]. Both methods have been used in HIFU therapy for uterine fi-
broids, and each has its advantages and disadvantages. Ultrasound guidance is generally ap-
plied because of its extensive availability, real-time visualization capabilities, flexibility and
low cost [7–8]. In this paper, we focus on segmentations of uterine fibroids in ultrasound
guidance images. In HIFU therapy, we have to maximize its action on the target and mini-
mize its effect on the surrounding organs or tissues [9], indicating that accurate segmentation
is needed. Although the patient always undergoes various preoperational examinations to ob-
tain information about the tumor, the tumor region that needs to be ablated is positioned by
real-time updated ultrasound images during ablation. At present, the localization of the tar-
get region is always achieved by physicians segmenting the tumor manually, a procedure that
is onerous and decreases the efficiency of therapy. Thus, it is significant to propose a comput-
er-aided uterine fibroid segmentation method in HIFU therapy that can relieve physicians’
burdens and improve therapy efficiency.

It is a challenging task to segment ultrasound images automatically because ultrasound im-
ages always have low quality. The ultrasound image quality suffers from the speckle effect, sig-
nal attenuation, acoustic shadows and a low signal-to-noise ratio (SNR). In the past decades,
many methods have been proposed to segment ultrasound images [10], and many of them are
within the framework of contour evolution. The basic idea of contour evolution is to minimize
a given energy function beginning from an initial contour to obtain the final tumor contour.
The contour evolution method can integrate multiple features to acquire satisfying results,
such as intensity distribution [11–13], shape [13] and phase [14]. However, a poorly defined
initial contour apparently results in inaccurate segmentation of ROIs (regions of interest) [15],
and automatically generating a suitable initial contour is very difficult [16]. Another group of
schemes to segment ultrasound images is to generate tumor contour from regions that are
formed by clustering pixels. The scheme does not need an initial contour, which can reduce
manual intervention. The popular way is to merge pixels pairwise according to their similarity
until they cannot be merged anymore. The key issues are construction of the similarity measure
and determining when to stop the procedure of merging. Wong and Scharcanski [17] proposed
a prostate lesion segmentation method. The similarity measure is the likelihood function
formed by regional statistics. The condition of stopping mergence is determined empirically.
Huang et al [15] proposed a robust graph-based (RGB) ultrasound segmentation method for
breast tumors; later, a parameter-optimization method was incorporated into this method
[18]. The similarity measure and stop condition are formed according to the mean and stan-
dard deviation of the pixel intensities. Other ways of clustering are also applied in ultrasound
image segmentation. Gao et al proposed a breast tumor segmentation method based on two-
way normalized cut (Ncut) [19]. Hassan et al proposed an improved fuzzy c-means clustering
method and applied it in a decision system for plaque detection in the carotid artery [20].
These methods can also integrate multiple features easily. One key issue for these methods is to
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determine a suitable number of clusters. In these methods, the number of clusters is deter-
mined manually and is always a fixed number. For images with complex structures, such as
uterine fibroids, it would hardly be possible that a fixed number of clusters can be appropriate
for all images.

In this paper, we intend to solve the problem of uterine fibroid segmentation in HIFU thera-
py, a procedure that has been reported scantily in the literatures. Considering that segmenta-
tion is applied in HIFU therapy, we adopted a region-based scheme to reduce manual
intervention. We propose a split-and-merge segmentation method. Initially, the image is split
into many small homogeneous subregions called superpixels. Next, those superpixels are
merged according to the multi-way Ncut criterion. As the uterine fibroid always appears as het-
erogeneous in ultrasound images [21], it will be oversegmented into several superpixels. Here,
we use a hybrid method based on SLIC (simple linear iterative clustering), which is efficient to
obtain superpixels. Texture analysis has proven successful in ultrasound segmentation [10]. A
new feature representation for superpixels is proposed based on texture histograms. We extract
textures for each pixel by stacking gray values in a fixed window. Next, the texture histogram of
each superpixel is constructed based on the extracted textures. Similarity between two super-
pixels is measured by the combination of their texture histogram Quadratic-Chi distance and
space adjacent relationship. Ncut, as an effective criterion based on spectral clustering, is cho-
sen at the procedure of merging. In image segmentation, Ncut always clusters pixels, whereas it
clusters superpixels according to their similarities in our method. The introduction of super-
pixels reduces the computation complexity in clustering compared with clustering pixels di-
rectly. In addition, an adaptive strategy for selecting the number of clusters is integrated to
Ncut to ensure a reasonable result of mergence. The adaptive scheme decreases manual inter-
vention further and can output the tumor region automatically to obtain the final result. The
entire process is summarized in Fig 1. To present the method clearly, the paper is organized as
follows. First, we will provide details on the ultrasound images and proposed segmentation
method. Next, we will display the segmentation results with exhaustive analysis. In the final
section, a clear conclusion will be provided.

Materials and Methods

Materials
Forty-two ultrasound uterine fibroid images of different patients acquired from HIFU ma-
chines (Model JC200; Chongqing Haifu Tech Co., Ltd., Chongqing, China) at the First Affiliat-
ed Hospital of Chongqing Medical University (Chongqing, China) were used for experiments.
Only the image data and corresponding tumor size information from the pre-operational ex-
amination were needed for our study; thus, personally identifiable information was deleted
prior to the authors receiving the image data. Uterine fibroids comprise many types, including
intramural fibroids, subserosal fibroids and submucosal fibroids; most fibroids are of mixed
types [2]. Uterine fibroids appear as well-defined, heterogeneous and hypoechoic masses on ul-
trasound images frequently [21]. However, in some special cases, they may have complex sono-
graphic appearance including iso- or hyper-echoic structures. For example, fibroids with
calcification may have hyper-echo textures. According to the statistics of 1,114 HIFU-treated
cases at the First Affiliated Hospital of Chongqing Medical University, 68% of the uterine fi-
broids were intramural fibroids, 23% were subserosal fibroids, and 9% were submucosal fi-
broids. Most of the cases were hypo-echoic, and the hyper-echoic cases were seldom
encountered. The purpose of our study is to segment tumor regions from the HIFU guidance
images using a computerized algorithm instead of manual delineation, rather than help the ra-
diologist detect the lost tumor boundaries, in which a priori knowledge is generally needed. To
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ensure safety, it is better to position the tumor region in the HIFU ablation process with less in-
formation other than the guiding image itself. Thus, the test images were selected by a radiolo-
gist based on the criterion that they are typical ultrasound guidance images in HIFU therapy
and can be used to position the tumors for HIFU ablation directly. Specifically, tumors in thir-
ty-five test images had a relatively clear boundary, indicating that the tumor boundary can be
recognized primarily dependent on the ultrasonic appearance but not highly dependent on a

Fig 1. Flowchart of the proposedmethod.

doi:10.1371/journal.pone.0125738.g001
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priori knowledge, such as information concerning biological structure and blood supply. An-
other seven images, in which the tumors had weak boundaries were chosen to test the adapt-
ability of the proposed method. Among forty-two images, only one tumor had a hyper-echoic
appearance; the remainder had a hypo-echoic appearance. The JC200 HIFU machine is inte-
grated with B-mode ultrasound equipment (Esaote, Italy) for guiding purposes. A diagnostic
transducer (CA430; Esaote, Italy; convex array, 192 elements, 3.5-MHz center frequency,
1-mm nominal axial spatial resolution, 2-mm lateral spatial resolution) for guidance imaging is
installed in front of a therapeutic transducer in the machine. The combination of transducers is
placed in a sink filled with water because the transducers cannot contact the patient’s skin di-
rectly during the therapeutic process so that water is used to eliminate the obstruction of air to
ultrasound waves. Fig 2 shows a typical configuration of combined guidance and therapy trans-
ducers in the water tank used in this study. The mounting mode of the guidance transducer in-
fluences the image quality. It cannot be improved by the clinician adjusting the probe, such as
compressing the skin and adjusting the incident angle. Moreover, the reflection from the inter-
face between the skin and water always degrades the image quality.

The original image size from HIFU machines is 768×576 (pixels). Radiologists set an ROI
for each image, and these ROI images are segmented automatically by the proposed method.
The ROI is set as a rectangular region that can cover the tumor entirely and make the tumor be
located centrally. Because the ultrasound scanning area is displayed as a sector (Fig 3) other
than a regular rectangle in the original image, it is better to draw the ROI as small as possible to
exclude regions outside the scanning sector. As the tumor size varies, the ROI image size varies.
The average ROI image size is 223×255 (pixels). Fig 3 provides an illustration of the ROI
drawn on the original image. The uterine fibroid is heterogeneous, and its boundary is blurred.
Additionally, in many images, not only tumor and uterine tissues around the uterine fibroid
but also other organs appear, even in ROI images. The complex structure of the image makes it
difficult to determine a suitable number of clusters.

Splitting method
Preprocessing method. The procedure of splitting generates superpixels based on the gray

level and position information. The ultrasound image is always filled with noise, which influ-
ences the performance of the splitting algorithm. Thus, an appropriate preprocess is needed.
Bilateral filtering [22] as a nonlinear filter has been widely used in digital image processing. We
apply it in ultrasound denoising because it can preserve edges while denoising. The idea of bi-
lateral filtering is to consider both the space domain and value domain effects when smoothing.
Given an input image I(x,y), where (x,y) is the space coordinate, the filtered image can be de-
scribed as follows:

If ðx; yÞ ¼

X
i;j

Iði; jÞwf ðx; y; i; jÞ
X
i;j

wf ðx; y; i; jÞ ð1Þ

wf ðx; y; i; jÞ ¼ expð� ðx � iÞ2 þ ðy � jÞ2
2s2

d

Þexpð� kIðx; yÞ � Iði; jÞk2
2s2

r

Þ ð2Þ

where (i,j) represents pixels in a window with the size of Sf×Sf around (x,y), and σd and σr are
parameters of weight function wf. For homogeneous regions, the filter behaves like the Gauss-
ian low-pass filter. When pixels are at the edges, the introduction of the value kernel makes the
edges preserved.
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Superpixel generation. Superpixels are a group of pixels with a homogeneous appearance
and are a more perceptually meaningful form of image representation. The use of superpixels
can reduce the complexity of subsequent image processing. Superpixels have been widely used
in many aspects of computer vision. Many superpixel algorithms have been proposed, includ-
ing graph-based and gradient-ascent-based methods [23–25]. Recently, a new superpixel algo-
rithm called SLIC was proposed, and its performances were compared with 5 state-of-the-art
superpixel methods by the authors of SLIC [25] based on several widely used image databases,
including the Berkeley database and Microsoft Research Cambridge database. The experimen-
tal results show that SLIC ranks at the top by the computing time and among the top two by
the boundary adherence. Although the evaluation databases are mainly composed of natural
images instead of ultrasound images, the segmentation speed will not differ obviously if SLIC is
applied to ultrasound images. Because of the good boundary adherence of the SLIC algorithm

Fig 2. Illustration of the geometry and configuration of the transducers in the HIFUmachine.

doi:10.1371/journal.pone.0125738.g002

Fig 3. Illustration of the original image with an ROI. T: Tumor.

doi:10.1371/journal.pone.0125738.g003
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on natural images, in which the object and background frequently manifest different texture
appearances just as they do in ultrasound images, it is reasonable to expect that SLIC has a
good boundary adherence in ultrasound images. Another study reported in [26] also showed
that the computing speed and boundary performance of SLIC surpass that of two other super-
pixel algorithms according to the experiment results based on medical images, including ultra-
sound images. For the fastest segmentation speed and reasonable adherence, SLIC was adopted
as the superpixel generation algorithm here.

For a gray-scale image I with the size of N pixels, we want to generateM superpixels {O1,
O2,. . .,OM}, Op

T
Oq = ; p,q � [1,M] and O1

S
O2

S
. . .

S
OM = I. The SLIC algorithm clusters

pixels in a 3D space R3: (x,y,I(x,y)), where x, y are space coordinates, and I(x,y) is the image
gray value (intensity). Supposing that superpixels are approximately equal-sized squares, the
area of each superpixel is approximately N/M, and the distance between superpixel centers is

approximately S ¼ ffiffiffiffiffiffiffiffiffiffiffi
N=M

p
. Initially,M pixels are selected evenly as initial cluster centers.

Each pixel is assigned to its nearest cluster center, andM initial clusters are formed. Similar to
the K-Means algorithm [27], the cluster centers and clusters are updated iteratively until they
are converged. The new cluster center is obtained by calculating the average space coordinates
and gray value, respectively, for pixels in a cluster. Once new cluster centers are obtained, each
pixel can be reassigned to the nearest new cluster center in the next iteration so that new clus-
ters are formed. However, unlike K-Means, the SLIC algorithm searching space is confined to a
2S×2S region around the cluster center, not the entire image, thus reducing computations. The
distance measure d of two pixels a and b is as follows:

dg ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðIðxa; yaÞ � Iðxb; ybÞÞ2

q
ð3Þ

dl ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxa � xbÞ2 þ ðya � ybÞ2

q
ð4Þ

d ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð dg
cmp

Þ2 þ ðdl
S
Þ2

s
; ð5Þ

where (xa,ya) and (xb,yb) are coordinates of pixels a and b, and cmp is introduced as the
compactness factor.

Because SLIC does not enforce connectivity explicitly, some clusters are not connective spa-
tially. In the non-connective cluster, several orphaned pixels that are not connective to the
main part of the cluster remains. To correct for it, these pixels are reassigned to its adjacent
connective cluster with the most similar average gray value. After the correction, the number of
superpixels and size of superpixels will be changed. This is deemed acceptable because the goal
of splitting is to oversegment the image sufficiently, not to produce an accurate amount of
small subregions.

Fig 4 shows the result of splitting. It can be seen that the tumor has been segmented into sev-
eral superpixels. Superpixels boundaries fit well with the tumor boundary. Therefore, the fol-
lowing key issue to segment the tumor is to merge those superpixels belonging to the tumor.
Our solution is to use multi-way Ncut to cluster superpixels by measuring their texture features.

Superpixel feature extraction
Texture is an important feature in image analysis and has been widely used in ultrasound image
analysis. Texture analysis is always completed based on regional statistics; thus, it is suitable for
extracting superpixel texture information. It is known that speckles can be regarded as an
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important factor to cause texture appearance in ultrasound images [10]. To preserve more in-
formation, the original image without filtering is used for extracting texture features. The super-
pixel feature extraction includes two steps: texture extraction for each pixel in an image, and
texture histogram construction for each superpixel. The entire process is illustrated in Fig 5.

The texture of each pixel is extracted firstly. For a pixel p, we stack gray values inside a (2r+-
1)×(2r+1) window around the pixel and store them into a vector T(p) with the dimension of
(2r+1)2. Using this method, we can obtain a texture model for each pixel in an image by its cor-
responding vector. Varma and Zisserman reported that this method of texture extraction is ef-
fective in texture classification and noted that it actually represents the joint PDF (probability
distribution function) of the central pixel and their neighborhoods [28]. This texture represen-
tation has been used in natural image segmentation and achieves good performance [29–30].
From these literature sources, to employ texture features for image segmentation, it is supposed
that the distribution of texture features is subject to a mixed Gaussian distribution that can be
degenerated and of different dimensions. However, the intensity distribution of ultrasound im-
ages is complex [31] [32], and the distribution of their texture features cannot always be mod-
eled as a mixed Gaussian distribution simply. To overcome this problem, we constructed a
texture histogram for each superpixel to characterize its feature.

The construction of histograms can be completed by two steps, defining bins (horizontal
axis of the histogram) and determining the values of each bin (vertical axis). First, all texture
vectors are classified into K clusters using the K-Means algorithm. Thus, a pixel p is assigned to
a unique label L(p), indicating to which group the pixel texture belongs. Texture vectors be-
longing to the same cluster have similar characteristics, which can be characterized by the clus-
ter center. The cluster center, whose representing vector is denoted as Tc(η), can be called a
texton [33]. Fig 6 shows an example of textons. The K bins of the histogram are formed natu-
rally based on the K clusters. Next, the texture histogram for each superpixel is constructed by
counting appearance times of each bin as follows:

histmðZÞ ¼
X
p2Om

dðLðpÞ; ZÞ m 2 ½1;M�; Z 2 ½1;K� ð6Þ

dðLðpÞ; ZÞ ¼ 1 ; LðpÞ ¼ Z

0 ; LðpÞ 6¼ Z
: ð7Þ

(

It should be noted that pixels whose windows span different superpixels are not counted as
suggested in [29]. The histogram is normalized to [0,1]. The texture histogram has been widely

Fig 4. Splitting results.Red lines represent the tumor boundary depicted by the radiologist. (a) The original
image. (b) The image after preprocess. (c) Superpixels.

doi:10.1371/journal.pone.0125738.g004
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used in texture analysis [19, 28, 33]. In these studies, the texture histogram was used in a pixel
neighbor to characterize pixel texture information. It is natural to generalize texture histograms
to describe superpixel texture information because superpixels are homogeneous. Because the
superpixel includes many pixels, the texture histogram has much more statistical significance.

Fig 5. Diagram of superpixel feature extraction.

doi:10.1371/journal.pone.0125738.g005

Fig 6. Examples of textons. (a) The image. (b) 20 corresponding textons.

doi:10.1371/journal.pone.0125738.g006
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Superpixel merging
The framework of the Ncut clustering method. Ncut [34] is a data-clustering method

based on graph theory. Given a weighted undirected graph G = (V,E,W), where V is the set of
~V vertices, E is the set of edges connecting vertices, andW is the weight matrix whose element
w(m,n) represents the similarity between two verticesm and n in V. Supposing the vertices set
V is partitioned into F sets {F1,F2,. . .,FF}, Fc

T
Fd = ;c,d � [1,F], F1

S
F2

S
. . .

S
FF = V. The

best partition is to minimize

Ncut ¼
XF

k¼1

cutðFk;V � FkÞ
assocðFk;VÞ

ð8Þ

cutðFc;FdÞ ¼
X

m2Fc ;n2Fd

wðm; nÞc; d 2 ½1; F� ð9Þ

assocðFc;VÞ ¼
X

m2Fc ;n2V
wðm; nÞc 2 ½1; F� : ð10Þ

When F = 2, this is the classic two-way Ncut problem that can be solved by transforming it
to a generalized eigenvalue equation (D-W)x = λDx, where D is a diagonal matrix with its diag-

onal elements dðmÞ ¼
X
n

wðm; nÞ. For F�3, it can be described as multiclass spectral cluster-

ing, and some approaches have been proposed to solve it [33–36]. In general, F-generalized
eigenvalues and their corresponding eigenvectors form an equation, which can be described
generally asWx = λDx, are needed to complete the partition. Here we use the so-called robust
method—namely, it is robust to random initialization compared with other spectral clustering
methods [35].

As 1
F
ð
XF

k¼1

cutðFk;V � FkÞ
assocðFk;VÞ

þ
XF

k¼1

cutðFk;FkÞ
assocðFk;VÞ

Þ ¼ 1, minimizingNcut is equal to maximizing

Nassoc ¼ 1

F

XF

k¼1

cutðFk;FkÞ
assocðFk;VÞ

: ð11Þ

It can be solved by two steps. First, the problem is transformed into an eigenvalue problem
to obtain a set of continuous global optima. Next, the closest discrete solution from the contin-

uous optima is sought. The output is represented by a ~V � F binary matrix X whose element X
(v,k) represents whether the node v belongs to the set Fk. If X(v,k) = 1, the node v belongs to
the set Fk and X(v,k) = 0 by contrast. The specific algorithm is listed below:

1. Obtain F largest eigenvalues and its corresponding eigenvectors {x1,x2,. . .,xF} by solving the

equation D�1
2WD�1

2x ¼ lx, where λ denotes the eigenvalue, and x is its corresponding
eigenvector.

2. Form a matrix Z by arranging column vectors as [x1,x2,. . .,xF].

3. Obtain Ẑ ¼ D�1
2Z , and normalize Ẑ .

4. Initialize an F × Fmatrix R̂ by choosing F rows of Ẑ , which are as orthogonal to each other
as possible.

5. Find the optimal discrete solution X.X̂ ¼ Ẑ R̂. X is obtained by NMS (non-maximum sup-

pression) from X̂ in the row direction.
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6. Update the matrix R̂ by XT Ẑ ¼ UO ~UT and R̂ ¼ ~UUT . If �� ¼ traceðOÞ is converged, stop
and output the final solution X, otherwise go to step 5.

The Ncut algorithm has been widely applied in image segmentation for both natural [33–
34] and ultrasound [19, 37] images. In these studies, the vertex in V represents the pixel in the
image. In our application, the vertex in V represents the superpixel. The key problems of apply-
ing Ncut in our method are the construction ofW and the choice of F.

The construction of matrixW. The elements of matrixW represent the similarity be-
tween two vertices. In the proposed method, the vertex in the graph represents the superpixel.
Thus, the matrixWmeasures the similarity between superpixels. As each superpixel is charac-
terized by a texture histogram, the basic form of matrixW element is

wðm; nÞ ¼ expð� 1

s
disðhistm; histnÞ

maxm;nðdisðhistm; histnÞÞ
Þ ; ð12Þ

where σ is a scale factor. The dis(histm,histn) denotes the distance between two histograms of

superpixels Om and On. The normalized form disðhistm ;histnÞ
maxðdisÞ is used to confine it into [0, 1].

The χ2 distance is always used to measure the difference between histograms [19, 28, 33].
For two histograms histm and histn, their χ

2 distance is defined as

dw2 ¼
X
a

ðhistmðaÞ � histnðaÞÞ2
histmðaÞ þ histnðaÞ

; ð13Þ

where histm(α)denotes the value of the αth bin of the histogram histm. However, the χ2 distance
only considers the bin-to-bin distances, and it is better to consider cross-bin distances. The his-
togram can be regarded as a discrete form of the PDF. The performance of the bin-to-bin dis-
tances depends on the appropriately defined bins. Too many bins make the bin-to-bin distance
not robust because a small amount of data changes will enlarge the difference of the histogram.
In the proposed method, the histogram is constructed using K-Means. The cluster number of
K-Means that determines the bin number in the histogram is always pre-defined as a parame-
ter; thus, it may not be appropriate for each image. To avoid information loss, it is always cho-
sen to be higher to circumvent histogram degeneracy. Thus, the distance that considers the
cross-bin relationship should be adopted to improve the performance of the histogram dis-
tance. Here a cross-bin distance with less computation time called the Quadratic-Chi histo-
gram distance was adopted [38]. The Quadratic-Chi histogram distance can be regarded as the
combination of the Quadratic-Form distance and χ2 distance. For two histograms histm and
histn, the distance between them is defined as

QCA
x ðhistm; histnÞ

¼
X

a;b

ð ðhistmðaÞ � histnðaÞÞ
ð
X

g
ðhistmðgÞ þ histnðgÞÞAgaÞx

Þð ðhistmðbÞ � histnðbÞÞ
ð
X

g
ðhistmðgÞ þ histnðgÞÞAgbÞx

ÞAða; bÞ ; ð14Þ

where histm(α) denotes the value of the αth bin of the histogram histm. ξ is the normalization
factor and is set as 0.5 here to maintain consistency with the χ2 distance. Actually, the χ2 dis-
tance can be regarded as a special form of the Quadratic-Chi histogram distance because it can
be obtained by QCId

0:5=2 directly, where Id represents the identity matrix. The matrix A in (14)
is a non-negative symmetric matrix to measure the similarity of bins, indicating that its ele-
ment A(α,β) denotes the similarity between the αth bin and βth bin. Because bins are formed
from textons, the similarity of bins is the similarity of the corresponding textons of their cluster
centers. Because Tc(η) denotes the corresponding center vector of the ηth bin, the matrix A can
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be defined as

Aða; bÞ ¼ 1� kTcðaÞ � TcðbÞk2

maxa;bðkTcðaÞ � TcðbÞk2Þ
: ð15Þ

Another issue that should be considered is the connectivity. The tumor is connective and
cannot be interrupted by backgrounds. When using Ncut segmenting pixels directly, it is al-
ways ensured by restricting the similarity measurement to a certain geometric distance range
[19, 33, 34, 37]. We use Ncut to cluster superpixels, and the connectivity can be enforced using
the region adjacent matrix (RAM). We define anM×M binary RAM B forM superpixels. Its el-
ement B(m,n) denotes whether superpixelm is adjacent to superpixel n,

Bðm; nÞ ¼ 1 ; if superpixel m is adjacent to n

0 ; otherwise
: ð16Þ

(

Fig 7 shows an example. In [17, 29, 30], a similar region adjacency graph (RAG) scheme is
used in the process of merging. Compared with RAG, our matrix form is easier to be integrated
in the framework of Ncut. Moreover, the introduction of RAM can ensure the sparsity of the
similarity matrixW; thus, the fast algorithm of an eigensolver such as the Lanczos method
[39], which is an iterative solution to find the eigenvalues and eigenvectors computationally ef-
ficiently, can be used. Finally, by putting the above items together, the element of the weight
matrixW is defined as

wðm; nÞ ¼ exp �1

s
QCA

0:5ðhistm; histnÞ
maxm;n½QCA

0:5ðhistm; histnÞ�

( )
Bðm; nÞ : ð17Þ

The adaptive choice of the number of clusters. A different number of clusters F leads to
different results, which can be illustrated in Fig 8, for example. It is not easy to determine an
appropriate number of clusters. As noted before, the uterine fibroid image always has complex
structures because some other organs appear in the image as well. Thus, a simple fixed number
of clusters cannot always lead to the correct segmentation of the tumor. It is tedious to adjust

Fig 7. An example of RAM. Left: The image. Right: corresponding RAM.

doi:10.1371/journal.pone.0125738.g007

A Split-and-Merge-Based Uterine Fibroid Segmentation in HIFU

PLOSONE | DOI:10.1371/journal.pone.0125738 May 14, 2015 12 / 24



the appropriate number of clusters for each image manually. Thus, we developed an adaptive
approach to choosing the number of clusters F automatically.

At the beginning of the approach, the F is set to 2. Next, the superpixels are clustered by
Ncut. After clustering, it is tested whether the tumor region can be extracted from the merged re-
gions. If the tumor region can be extracted, the tumor region is output, and the approach stops;
otherwise, the F value is changed sequentially by F = F+1, and the process of clustering and test-
ing is repeated. Three criteria are used for choosing the tumor region from the merged regions.
First, the candidates should not be regions containing image boundaries. The tumor region
should be complete in the ROI image. The regions containing image boundaries are regarded as
incomplete because they are truncated by image boundaries; thus, those regions cannot be candi-
dates of the tumor region. Second, after superpixel merging, the image background is always sep-
arated into several regions with very irregular shapes compared to the tumor region. Thus,
tumor candidates can be chosen from irregular background regions by an ellipse-fitting algo-
rithm. The fitting ellipse of a region is obtained from its minimum bounding rectangle [40]. The
major and minor axes of the fitting ellipse, which has the same centroid with the bounding rect-
angle, are the width and height of the bounding rectangle, respectively. If one region is the
tumor region, it should satisfy the condition that the ratio of its area to the fitting ellipse area
falls into a pre-defined range. Third, from the tumor candidates, the prior tumor size is used to
select the tumor region finally. In HIFU therapy, a patient always obtains many pre-operational
examinations; thus, the tumor size can be known before ablation. The tumor region is the one
that has the nearest area to the tumor in candidate regions that have the ratios of the area to the
tumor falling into a pre-defined range. If there is no region falling into the pre-defined range, it
indicates that the clustering process should be repeated with the next value of F. The adaptive ap-
proach is simple but performs well in practice. This adaptive approach for the automatic choice
of F can also choose the tumor region directly to obtain the final results.

Results

Evaluation metrics
The proposed method is implemented by using Matlab on a PC (Intel Pentium Dual-Core
CPU E5700, 2G RAM) without acceleration techniques such as parallel computing and GPU

Fig 8. Results with different F values. (a) F = 2. (b) F = 3. (c) F = 4. (d) F = 5. (e) F = 6. (f) F = 7. (g) F = 8. When F = 8, the tumor is segmented. The tumor
boundary is depicted with a red color.

doi:10.1371/journal.pone.0125738.g008
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acceleration. The parameter settings are listed in Table 1. The proposed method is validated on
a data set of 42 real ultrasound images from HIFU therapy described in theMaterials subsec-
tion. The average running time is 9.54 s. Radiologists delineate the tumor boundary, which is
regarded as the standard. We compared the computer segmentation results with standards de-
lineated manually. Two metrics are used to evaluate segmentation effects, SI (similarity) and
HD (Hausdorff distance).

The SI metric is based on overlap. Let AS refer to the manually segmented region area and
AA refer to the automatically segmented area. SI can then be defined as follows:

SI ¼ AS \ AA

AS [ AA

: ð18Þ

A higher SI indicates much more similarity between automatic segmentation and standard
segmentation. When SI = 1, the automatic segmentation coincides with standard segmentation.
HD is another common metric based on contour distance. First, the distance between a point u
and a closed contour CV is defined as:

dðu;CVÞ ¼ min
v2CV

ku� vk ; ð19Þ

where ||u-v|| indicates the 2-D Euclidean distance between point u and point v. Next, HD be-
tween automatically segmented contour CA and standard contour CS is defined as

HDðCA;CSÞ ¼ maxfmaxu2CSdðu;CAÞ; maxv2CAdðv;CSÞg : ð20Þ

HD indicates the worst contour difference between the contours of automatic segmentation
and standard segmentation. Lower HD indicates more precise segmentation. However, HD is
an absolute value that is not suitable to compare between different segmentations. To exclude
the influence of the tumor size, the normalized form of HD [41] is used:

NormHD ¼ HD
jCSj

; ð21Þ

where |CS| is the number of pixels on standard contour CS.

Statistical analyses
Fig 9 shows boxplots of statistical analyses. All SI values are above 80%. The minimum SI is
81.19%, and the maximum is 94.50%. HD values are spread wider because of different tumor

Table 1. Parameter settings of the proposedmethod in validation.

parameter setting

Sf in bilateral filtering 13

σd in bilateral filtering 6

σr in bilateral filtering 30

cmp in SLIC 5

superpixel area in SLIC 1000

r in superpixel feature extraction 2

K in superpixel feature extraction 20

σ in the construction of W 0.1

pre-defined area range in the adaptive choice of the number of clusters 0.7~1.3 times of the tumor area

area ratio range in the adaptive choice of the number of clusters 0.5~1.5

doi:10.1371/journal.pone.0125738.t001
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sizes. The minimum HD is 2.83 pixels, and the maximum HD is 53.76 pixels. NormHD ex-
cludes the influence of tumor size. NormHD values are distributed closely. Excluding the two
outliers, most values of normHD distribute at approximately 5%. The minimum NormHD is
1.84%, and the maximum NormHD is 10.11%. For SI and NormHD, their lengths of boxplots
are short, indicating that their values are distributed closely. The means and standard devia-
tions are shown in Table 2. The average value of SI is 87.58%, and the NormHD is 5.18%. A
high mean of SI and low means of HD and NormHD demonstrate high accuracy of segmenta-
tion. Standard deviations are low, indicating that the proposed method is robust for each
test case.

Individual case study
Heterogeneous appearance. It is common for uterine fibroids to have a heterogeneous ap-

pearance, an example of which is shown in Fig 10. The gray values in the tumor region are not
uniform. The proposed method segments the tumor correctly because the tumor superpixels
have similar texture features that are different from other tissues. However, the successful clus-
tering of tumor superpixels also occurs because the Quadratic-Chi histogram distance is em-
ployed. The comparison of constructingW using different histogram distances is shown in Fig
10. When F = 13, the tumor can be segmented using the Quadratic-Chi histogram distance,

Fig 9. Boxplots of statistical results. Left: SI. Middle: HD. Right: NormHD.

doi:10.1371/journal.pone.0125738.g009

Table 2. Means and standard deviations for SI, HD and NormHD.

SI HD NormHD

Mean 87.58% 20.20 pixels 5.18%

Standard deviation 2.90% 10.50 pixels 1.68%

doi:10.1371/journal.pone.0125738.t002
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whereas it cannot be segmented using the χ2 distance. Fig 10(d) and 10(e) show their merged
results, respectively. Their correspondingW similarity matrices are also visualized using heat-
maps, which are shown in Fig 10(f) and 10(g). In the heatmap, each row or column represents
a superpixel. The square at the crossing point of a row and a column represents the similarity
between corresponding superpixels by different colors. It can be indicated that the Quadratic-
Chi histogram distance can represent similarity between superpixels more obviously than the
χ2 distance because colors of squares in Fig 10(f) spread wider than those in Fig 10(g). The
squares that are indicated by white arrows represent superpixels inside the tumor. The use of
the Quadratic-Chi histogram distance makes the connection of superpixels inside the tumor
more obvious, a phenomenon that benefits clustering.

Weak boundaries. Tumors with weak boundaries are another usual case because of their
acoustic characteristics. Fig 11 shows an example. The tumor boundary is too weak to be recog-
nized. The proposed method also segments it correctly when F = 12. The tumor can be discrim-
inated by texture features, although it is hard to be recognized by gray. Three texture
histograms of superpixels are provided. Superpixels A and B are inside the tumor, while super-
pixel C is outside. They are all adjacent to each other. The histograms indicate that these super-
pixels have different texture features, although they look alike, because their texture histograms
are not the same. Additionally, it can also be observed that the texture features of superpixels A
and B are more similar than the texture features of superpixels A and C or B and C. The calcu-
lation shows that the similarity is approximately 0.82 between A and B, 0.62 between A and C
and 0.42 between B and C. It can be concluded that superpixels inside the tumor have more
similar texture features than superpixels outside the tumor from their histograms. Therefore,
the tumor can be segmented by merging superpixels A and B according to their similarity.

Fig 10. An example of a heterogeneous tumor. (a) The original image. (b) Standard boundary. (c)
Boundary generated by the proposed method. (d) The merged result of the construction ofW using the
Quadratic-Chi histogram distance. (e) The merged result of the construction ofW using the χ2 distance. (f)
Visualization ofW using the Quadratic-Chi histogram distance. (g) Visualization ofW using the χ2 distance.
The white arrow points to superpixels inside the tumor.

doi:10.1371/journal.pone.0125738.g010
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Discussion

Experiment on synthetic data for further performance evaluation
Segmentation results demonstrate good performance of the proposed method in uterine fibroid
images. To further test the performance of the proposed method in different probability distri-
bution functions (PDFs), shapes and multi-object segmentations, we also used the method to
segment synthetic images comprising subregions with differently designed PDFs, shapes and
sizes that may not be included in the real image dataset. Field II [42–43] is an effective program
to simulate the entire process of ultrasound imaging. We used Field II to simulate a linear
transducer with a center frequency of 3.5 MHz. The segmentation results of synthetic images
are presented in Fig 12. For three synthetic images, three tumors appear in each image. Each
synthetic image has different simulating parameters. For the left image, the amplitude of scat-
ters in the three tumors is set to be subject to the same normal distribution. For the middle
image, each tumor has a different distribution for the amplitude of scatters. They are set to a
fixed value, a normal distribution and a uniform distribution, respectively. Different amplitude
distributions of scatters lead to different gray level distributions [44]. For the right image, the
amplitude of scatters is set to be the same as with the middle image, but the tumors have more
complex shapes. The proposed method can segment tumors correctly for all three images by
setting F = 4. The average value of SI for synthetic images is 90.50%. The segmentation result
also shows that the proposed method can handle complex situations in ultrasound image
segmentation successfully.

Fig 11. An example of a tumor with weak boundaries. (a) The original image. (b) Superpixels. Superpixels
A and B are inside the tumor, while superpixel C is outside. (c) The boundary generated by the proposed
method. (d) Standard boundary. (e) Histograms for three superpixels A, B, and C.

doi:10.1371/journal.pone.0125738.g011
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The best choice of F
This paper presents a novel method for uterine fibroid segmentation in HIFU therapy based
on splitting and merging. Because of the complexity of uterine fibroid ultrasound images, the
two-way partition by Ncut cannot always lead to correct segmentation. Thus, multi-way parti-
tion is adopted, and the merged cluster number, namely F, should be selected properly to ob-
tain correct segmentation. An adaptive approach is designed to choose F without manual
intervention. Despite its simplicity, it is demonstrated that the proposed approach performs
well. Nevertheless, it should be noted that the adaptive approach cannot ensure the best F selec-
tion. Fig 13 shows an example. Although the tumor can be segmented correctly when F = 4,
segmentation of the tumor with the best SI is achieved when F = 9. The method to obtain the
best F is to search within all possible values. If the image has been split intoM superpixels, the
possible value of F is from 2 toM-1. It is time-consuming to search all possible values. It is ob-
served from the experiment that the results obtained by our adaptive scheme are satisfying as
well, although those results may not be the best. For example, for the tumor in Fig 13, the adap-
tive approach stops iteration at F = 4 and outputs the tumor, while the best segmentation is
achieved at F = 9. The SI metric of the tumor region segmented with F = 4 is 84.29%, which is
sufficiently high, although the best segmentation has a higher SI of 95.14%. It should also be
noted that cases like those in Fig 13 are few in our experiment. For most images, the SI metrics
of tumor regions segmented by our adaptive method are very close to the best segmentation,
which is achieved due to the use of prior areas as the criterion for tumor region selection.

Running time
The validation of both real data and synthetic data demonstrates the segmentation accuracy of
the proposed method. The average running time is 9.54 s. Compared with the method using

Fig 12. Results for synthetic images. (a) Amplitudes of scatters inside tumors have the same distribution.
(b) Amplitudes of scatters inside tumors have different distributions. (c) Tumors whose amplitudes of scatters
have different distributions have complex shapes. (d) Segmentation of (a). (e) Segmentation of (b). (f)
Segmentation of (c).

doi:10.1371/journal.pone.0125738.g012
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Ncut to cluster pixels [19], the proposed method is efficient because the introduction of super-
pixels reduces the computation complexity of clustering. However, considering that the method
is applied in HIFU therapy, which requires a real-time process, it is necessary to accelerate the
proposed method. The main time-consuming procedure of the proposed method is the super-
pixel feature extraction, which can take up over 70% of the total running time. In superpixel fea-
ture extraction, the K-Means algorithm consumes the most computing time. In K-Means, it is
independent for each pixel to be assigned to a cluster; therefore, GPU acceleration, which uses
multi cores of GPU to compute simultaneously, is applicable in such situations. Moreover, for
SLIC, as a variant of K-Means, it is also suitable to use GPU acceleration. Our future work will
be to transplant the proposed method fromMatlab to CUDA (a GPU acceleration platform)
with optimized codes to satisfy the real-time requirement of HIFU therapy.

The influence of ROI
Like many other region-based segment methods [18–19], the proposed method was tested in
an ROI pre-defined on the image by a radiologist to avoid processing the image margin areas
apparently unrelated with the tumor to save computing time. Of cause, the selection of ROI
definitely has impact on the performance of the methods. To investigate the influence of ROI
selection, another group of experiments is performed based on the new ROI drawn by another
radiologist who is blinded to the former ROI selections. The average size of the new ROI is
291×337, which leads to a 1.7× increase of the ROI average area versus the former. The average
running time for all images increases to 24.89 s. The results show that tumors can be segmented
correctly with an average SI metric of 82.90%. Figs 14 – 16 provide examples of segmented tu-
mors. Fig 14 shows a case of a tumor with a weak boundary. It is observed that the tumor can
be segmented correctly with different ROI selections, although the segmented tumor

Fig 13. An example of tumor segmentation with different F values. (a) The original image. (b) Standard
boundary. (c) Segmentation result when F = 4. (d) Segmentation result when F = 9.

doi:10.1371/journal.pone.0125738.g013
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boundaries show a slight difference. The reason for the slight change in tumor boundary is that
the change in ROI causes a change in superpixels, which are generated based on the gray level
and position. Although superpixels change slightly with different ROIs, they can capture the
tumor boundary as well. Thus, superpixels belonging to the tumor will be merged together be-
cause they have similar texture features. Fig 15 shows the case of tumors with a hyper-echoic
appearance, where the tumor can also be segmented into different ROI settings. Fig 16 shows
the case with a great heterogeneous structure, in which the proposed method can perform cor-
rect segmentations in different ROIs as well.

In general, the experimental results demonstrate that the proposed method can work prop-
erly no matter what size of ROI is selected. Thus, it can be inferred that the proposed method is
applicable to the original image from HIFU guidance. However, the effective area in the origi-
nal image is a sector as shown in Fig 3, and it is best to define an ROI on the image to exclude
the margin area and save computing time. Because the proposed method is not sensitive to the
ROI selection, the ROI can be defined initially to be sufficiently large to suit for all images in
the HIFU therapy process.

Comparison with other methods
In this paper, a tumor segmentation method based on a split-and-merge algorithm is proposed
for HIFU guidance images, which have lower image qualities than conventional clinical

Fig 14. An example of tumor segmentation with a weak boundary in different ROIs. (a) The original
image. (b) The first ROI image. (c) Segmentation result of (b). (d) The second ROI image. (e) Segmentation
result of (d).

doi:10.1371/journal.pone.0125738.g014

Fig 15. An example of tumor segmentation with hyper-echoic appearance in different ROIs. (a) The
original image. (b) The first ROI image. (c) Segmentation result of (b). (d) The second ROI image. (e)
Segmentation result of (d).

doi:10.1371/journal.pone.0125738.g015
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ultrasound images. However, statistical analyses have shown that the segmentation accuracy of
the proposed method is at the same level with the methods already developed [11, 19] for clini-
cal ultrasound images using the SI measure. By considering the application purpose of the pro-
posed method, which is for automatic guidance in HIFU therapy where less manual
intervention is better, a split-and-merge-based idea is proposed instead of contour evolution-
based methods [11–14] to avoid manual initialization of the contour. Due to the inherent com-
plexity of uterine fibroid ultrasound images, it is obvious that a fixed cluster number cannot be
suitable for all images. Compared with the existing methods based on clustering [19, 20, 37], in
which the cluster numbers are fixed or determined by implicit prior information, an adaptive
method for selecting suitable cluster numbers without manual intervention is designed to en-
sure that the performance of the proposed method is adequate. Moreover, the algorithm of the
adaptive choice of cluster numbers can choose the tumor region from merged regions without
manual interaction whereas some other clustering based methods need [17, 37].

Nevertheless, unlike the methods based on contour evolution [11–14], in which the internal
energy can maintain contours smooth and continuous, the segmented tumor regions in the
proposed method tend to have some indentations or protuberances on the boundaries in the
noisy ultrasound images used for HIFU guidance as Figs 8 and 13 show. This could potentially
be improved by imposing shape constraints on the tumor region that will be the subject of the
authors’ future research.

Conclusion
A split-and-merge-based uterine fibroid segmentation method in HIFU therapy is presented in
the present study. As a noninvasive treatment, HIFU has been applied in uterine fibroid treat-
ment widely and successfully. The computerized segmentation of uterine fibroids with less
manual intervention in HIFU therapy is meaningful to realize automatic localization of the tar-
get region to be ablated, which can greatly improve therapy efficiency. The proposed method
splits the image into many superpixels first, thus reducing the computational complexity of the
subsequent merging process. Next, each superpixel texture feature is extracted by the construc-
tion of a texture histogram. Superpixels are merged by measuring their similarities based on
their Quadratic-Chi texture histogram distances and space adjacency. Multi-way Ncut is then
employed in the merging process. An adaptive scheme for selecting the number of clusters is
integrated with Ncut to avoid manual intervention. Compared with ultrasound image segmen-
tation based on snakes or level sets, the proposed method does not require an initial contour,

Fig 16. An example of tumor segmentation with great heterogeneous structure in different ROIs. (a)
The original image. (b) The first ROI image. (c) Segmentation result of (b). (d) The second ROI image. (e)
Segmentation result of (d).

doi:10.1371/journal.pone.0125738.g016
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which is always obtained manually. The proposed method is validated on both real data and
synthetic data. Based on an experiment with 42 real ultrasound images acquired from HIFU
therapy, statistical results show that the average value of SI is 87.58%, and the normHD is
5.18%, indicating a high segmentation accuracy. It can be concluded by theoretic analysis and
experimental results that the proposed method has the potential to be used in the pre-ablation
imaging and planning for HIFU therapy.
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