c o m p u t e r m e t h o d s a n d p r o g r a m s i n b i o m e d i c i n e 1 2 3 ( 2 0 1 6 ) 43–53

journal homepage: www.intl.elsevierhealth.com/journals/cmpb

A novel breast ultrasound image segmentation
algorithm based on neutrosophic similarity score
and level set
Yanhui Guo a,∗ , Abdulkadir Şengür b , Jia-Wei Tian c
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Breast ultrasound (BUS) image segmentation is a challenging task due to the speckle noise,
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poor quality of the ultrasound images and size and location of the breast lesions. In this
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paper, we propose a new BUS image segmentation algorithm based on neutrosophic sim-
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ilarity score (NSS) and level set algorithm. At ﬁrst, the input BUS image is transferred to
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the NS domain via three membership subsets T, I and F, and then, a similarity score NSS
is deﬁned and employed to measure the belonging degree to the true tumor region. Finally,
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NSS image. Experiments have been conducted on a variety of clinical BUS images. Several
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measurements are used to evaluate and compare the proposed method’s performance. The
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experimental results demonstrate that the proposed method is able to segment the BUS
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images effectively and accurately.
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1.

Introduction

According to the statistics, breast cancer is one of the most
common cancers among women and 232,670 new cases of
invasive breast cancer were diagnosed among women in the
US during 2014 [1], and an estimated 40,430 breast cancer
deaths were expected in 2014 in US [2]. In statistics, breast
cancer is indicated as the ﬁfth most common causes of cancer death. However, these deaths can be reduced if cases
are detected and treated early [2]. Breast ultrasound (BUS) is
known to be a major imaging modality due to its low cost, real
time and dynamical imaging, and without ionizing radiation
[3]. BUS has also proved to be a suitable tool for large-scale

∗

screening addition to mammography in early detection of
breast lesions [3]. However, clinical experience and expert
knowledge are important factors to achieve accurate and fast
diagnosis using BUS [3]. In other words, highly skilled physicians and radiologists are needed for interpretation of the BUS
images.
In the last decades, several decision support systems have
been proposed for helping the physicians in order to interpret the BUS images [4]. Generally these systems are using
image processing and pattern recognition algorithms. Especially, image segmentation is vital to localize the lesions in
these systems. However, speckle noise, poor quality and size
and location of the breast lesions make this crucial step still
challenging and difﬁcult [3]. Up to now, a great number of
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automatic, semi-automatic and manual BUS image segmentation methods have been proposed.
According to the literature, the segmentation methods for
BUS images are categorized into four groups [5]: histogram
thresholding, active contour model, Markov random ﬁeld, and
neural network based methods.
Histogram thresholding is one of the widely used techniques for gray level image segmentation [6]. It is necessary
to apply the histogram thresholding in BUS images segmentation. Although, the histogram thresholding methods are too
simple and easy to implement, they generally do not perform
well when the histograms are unimodal.
The active contour model, more widely known as snake
[7], is a framework to delineate an object’s contour from background, and an edge-based segmentation method. The snake
model has been extensively used for BUS images [8,9]. A
hybrid scheme combining region-based and boundary-based
techniques was proposed for BUS image segmentation [10].
The seed points are automatically generated by empirical
rules based formulation. The boundary points are then determined by region growing and directional gradient operation.
Finally, a deformable model is employed for ROI segmentation. An active contour model based method is employed
for BUS image segmentation [11]. The method is composed
of two parts. ROI generation is followed by a ROI segmentation part. The authors reported improved accuracy
according to their comparisons. Seed selection and subsequent contour initialization is carried out based on texture
features and level set segmentation [12]. The deformation
model based methods mostly handle only the regions of
interest in the image (ROIs), not the whole image. In addition, automatically generating a suitable initial contour is
very difﬁcult, and the deformation procedure is very timeconsuming.
Markov random ﬁeld (MRF) model has been used for BUS
image segmentation [13,14]. The MRF method provides a
strong exploitation of the pixel correlations, and the segmentation results are further improved by the application
of maximum a posteriori segmentation estimation scheme.
However, it has complex iteration process and is timeconsuming.
Classiﬁer based methods [4,15,16] are popularly used in
image segmentation. They generally convert the segmentation problem into classiﬁcation decision based on a set of
features. The BUS image segmentation method [4] is based on
adaptive reference point classiﬁcation algorithm, and tumor
extraction is carried out based on a cost function, which is
deﬁned in terms of tumor’s boundary and region information in both frequency and space domains. The classiﬁer
based methods are enough good but the algorithms would
not perform well when the lesion was not compact and
round-like. Moreover, the appropriate number of hidden units
for the neural network was determined empirically. A ROI
generation algorithm is combined multi-domain features to
characterize the lesions in BUS image segmentation [17]. The
lesion segmentation is carried out with neural network classiﬁer. An object recognition based automatic lesion detection
scheme is proposed for BUS images [18]. The method ﬁrstly
ﬁlters the BUS image for speckle noise reduction and then
a graph based segmentation method is applied to segment

Input Image

Transform the
Image into NS
Domain

Calculate
the NSS

Level Set Image
Segmentation

Output Image

Fig. 1 – The ﬂowchart of the proposed method.

the image into a number of sub-regions. Tumor extraction
is carried out based on object recognition methodology. A
two stepped learning based algorithm is proposed for detection of breast tumor in ultrasound images [19]. The initial
tumor localization is carried out with an AdaBoost classiﬁer on Harr-like features and then the detected preliminary
tumor regions are quantized using support vector machines.
The segmentation is further completed with random walk
method.
Other methods were proposed recently for image segmentation. Pereira et al. [20] segmented breast masses on
mammogram using multiple thresholding, wavelet transform and genetic algorithm. The method was quantitatively evaluated using the area overlap metric (AOM). The
mean ± standard deviation value of AOM for the proposed
method was 79.2 ± 8%. A marker-based watershed segmentation method [21] was proposed to segment background
of X-ray images. The method includes image preprocessing,
gradient computation, marker extraction, watershed segmentation from markers, region merging and background
extraction. It yielded a dice coefﬁcient of 0.964 ± 0.069.
Based on the reviewed literature, it is evident that image
segmentation in BUS is still an open area for further research.
In this paper, we propose a new breast ultrasound image segmentation algorithm based on neutrosophic similarity score
and level set algorithm. A BUS image is represented in the
neutrosophic set (NS) domain, and a neutrosophic similarity
score (NSS) is deﬁned and employed to measure the belonging
degree to the true tumor. A level set method is ﬁnally used to
segment the tumor from the background using the NSS value
of the image. Experiments have been conducted on a variety of
clinical BUS images. Several measurements are used to evaluate and compare the proposed method’s performance. The
experimental results demonstrate that the proposed method
segments the BUS images effectively and accurately.
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Fig. 2 – Example of tumor segmentation with different methods: (a) result by NSSLS, (b) result by FCMLS, and (c) radiologist’s
result.

The paper is organized as follows. Section 2 describes
the proposed method. Section 3 discusses the experimental
results and comparisons, and the conclusions are drawn in
Section 4.

A similarity score was deﬁned to measure the similarity
degree between two alternatives in NS [22] as:

SCj (Am , An ) =

Proposed method

2.

TCj (Am )TCj (An ) + ICj (Am )ICj (An ) + FCj (Am )FCj (An )



TC2 (Am ) + IC2 (Am ) + FC2 (Am )

×

2.1.

Neutrosophic similarity score

A = {A1 , A2 , . . ., Am } and C = {C1 , C2 , . . ., Cn } are sets of
alternatives and conditions in neutrosophic set (NS), respectively. The alternative Ai under the Cj condition is denoted
as {TCj (Ai ), ICj (Ai ), FCj (Ai )}/Ai , where TCj (Ai ), ICj (Ai ) and FCj (Ai )
are the membership values to the true, indeterminate
and false set at the Cj condition, respectively. An ideal
alternative A* is the best alternative denoted in NS as:
{TC∗ (Ai ), IC∗ (Ai ), FC∗ (Ai )}/A∗i .
j

j

j

j


j

j

TC2 (An ) + IC2 (An ) + FC2 (An )
j
j
j
(1)

NS is speciﬁed into image domain as: in an image Im , BP is
a bright pixel set in Im , and INS is the image neutrosophic set
domain. A pixel P(x, y) in Im is mapped in NS domain: PNS (x,
y) = {T(x, y), I(x, y), F(x, y)}. T(x, y), I(x, y) and F(x, y) represent
memberships belonging to bright pixel set, indeterminate set
and non-bright pixel set, respectively.
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Fig. 3 – Example of tumor segmentation with different methods: (a) result by NSSLS, (b) result by FCMLS, and (c) radiologist’s
result.

The membership values can be deﬁned under different
conditions. At ﬁrst, based on the intensity values, they are
deﬁned as:

TCg (x, y) =

g(x, y) − gmin
gmax − gmin

(2)

ICg (x, y) =

Gd(x, y) − Gdmin
Gdmax − Gdmin

(3)

FCg (x, y) = 1 − TCg (x, y)

ICm (x, y) =

1
w×w



x+w/2



y+w/2

(4)

(5)

g(m, n)

(6)

m=x−w/2n=y−w/2

Gdm (x, y) − Gdm min
Gdm max − Gdm min

FCm (x, y) = 1 − TCm (x, y)

where g(x, y) and Gd(x, y) are the intensity value and gradient
magnitude at the position of (x, y) on the image.
To make the interpretation robust to noise, two new conditions, local mean intensity criterion Cm and local homogeneity
criterion Ch , are used to map the pixel into NS domain. The
neutrosophic values using the local mean intensity Cm is
deﬁned as:
gm (x, y) − gm min
TCm (x, y) =
gm max − gm min

gm (x, y) =

(7)
(8)

where gm (x, y) and Gdm (x, y) are the intensity value and gradient magnitude value at the position of (x, y) on the image after
mean ﬁlter processing.
The neutrosophic set under the local homogeneity condition Ch is also deﬁned as:
TCh (x, y) =

H(x, y) − Hmin
Hmax − Hmin

ICh (x, y) =

Gdh (x, y) − Gdh min
Gdh max − Gdh min

(9)

(10)

FCh (x, y) = 1 − TCh (x, y)

(11)

H(x, y) = TEM(g(x, y))

(12)
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Fig. 4 – Example of tumor segmentation with different methods: (a) result by NSSLS, (b) result by FCMLS, and (c) radiologist’s
result.

where H(x, y) is the homogeneity value at (x, y), which is
depicted as the ﬁltering result with the texture energy measurement (TEM) ﬁlter [23]. Gdh (x, y) is the gradient magnitude
value on H(x, y).
Then, a similarity value is calculated to identify the degree
to the ideal object under different conditions:
SCg (P(x, y), A∗ )
=

TCg (x, y)TCg (A∗ ) + ICg (x, y)ICg (A∗ ) + FCg (x, y)FCg (A∗ )



(13)

TC2 g (x, y) + IC2 g (x, y) + FC2 g (x, y)

×



TC2 g (A∗ ) + IC2 g (A∗ ) + FC2 g (A∗ )

∗

SCm (P(x, y), A )
=

TCm (x, y)TCm (A∗ ) + ICm (x, y)ICm (A∗ ) + FCm (x, y)FCm (A∗ )



TC2 m (x, y) + IC2 m (x, y) + FC2 m (x, y)

×

(14)





(15)

TC2 (x, y) + IC2 (x, y) + FC2 (x, y)


h

×

h

h

TC2 (A∗ ) + IC2 (A∗ ) + FC2 (A∗ )
h

h

h

The value of A* under three conditions are same as:
= {1, 0, 0}/A∗ .

{TC∗ (Ai ), IC∗ (Ai ), FC∗ (Ai )}/A∗i
j
j
j

The ﬁnal single value of SCg , SCm and SCh is deﬁned as:
NSF (x, y) =

Level set method has been proposed [24], and applied for
image segmentation [25]. The level set based image segmentation methods was usually grouped into two ways: edge and
region based methods. The edge based model tries to ﬁnd
a curve with the maximum edge indicator value which can
minimize the energy function J(C) [26]:


J(C) =

SCg (x, y) + SCm (x, y) + SCh (x, y)
3

| C (s)| g(Im (C(s)))ds

(17)

where g( ) is an edge indicator function, C is the boundary,
and it can be represented implicitly as the zero level set of
a true positive function  : ˝ → R, ˝ is the domain of image.
The evolution equation of boundary C can be derived as:

⎩

TCh (x, y)TCh (A∗ ) + ICh (x, y)ICh (A∗ ) + FCh (x, y)FCh (A∗ )

Level set

⎧ ∂
⎨ = |∇| div g(Im) ∇

TC2 m (A∗ ) + IC2 m (A∗ ) + FC2 m (A∗ )

SCh (P(x, y), A∗ )
=

2.2.

(18)

(0, x, y) = 0 (x, y) in ˝

where v( ) is a term for increasing the evolution speed to reach
the boundary.
The region based model uses the inside and outside mean
values to calculate the energy function [27]:


|Im − c1 |2 dS1

F(C, c1 , c2 ) = 1 L(C) + 2 S(C) + 1


(16)

+ v(Im)

|∇|

∂t

+ 2

S1
2

|Im − c2 | dS2
S2

(19)
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Fig. 5 – Example of tumor segmentation with different methods: (a) result by NSSLS, (b) result by FCMLS, and (c) radiologist’s
result.

where c1 and c2 are the mean intensities of the regions inside
and outside the boundary C, respectively. L and S are the length
of C and the area inside C. S1 and S2 are the region inside and
outside of C, respectively. The associated level set ﬂow can be
represented as:

⎧ ∂
∇
2
2
⎪
= ı()  div
− v − 1 (Im − c1 ) + 2 (Im − c2 )
⎪
⎪
∂t
|∇|
⎪
⎨

2.3.
BUS image segmentation based on neutrosophic
similarity score and level set

(0, x, y) = 0 (x, y)

⎪
⎪
⎪
⎪
⎩ ı() ∂ = 0
|∇| ∂n

where ı() is the Dirac function, and n denotes the exterior normal to the boundary ∂˝. div( ) is the divergence function on
the image.
Usually, edge based approaches often suffer from noise,
especially, when the image has a low signal/noise ratio; while
the region based approaches are more adaptive to noise or
vanishing boundaries due to considering the entire information of the regions to build an energy function.

(20)

A novel BUS segmentation method based on neutrosophic
similarity score and level set algorithm (NSSLS) is proposed to

Table 1 – The performance of computer segmentation with reference to an experienced radiologist’s manually drawn
boundaries for the FCMLS, INSS and the NSSLS methods.
Method
FCMLS
NSSLS
INSS
p-Value

NSSLS vs FCMLS
NSSLS vs INSS

POA (%)

Hdist (mm)

AvgDist (mm)

69.9 ± 11.9
82.3 ± 5.6
79.4 ± 2.6
<10−12
0.023

34.9 ± 45.6
24.1 ± 17.0
30.4 ± 8.3
0.037
0.040

10.3 ± 27.7
4.8 ± 2.5
6·7 ± 3.4
0.044
0.048

The p-values of the differences between the three methods are estimated by the two-tailed t-test.
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Fig. 6 – Example of tumor segmentation with different method in a benign case: (a) result by NSSLS, (b) result by FCMLS,
and (c) radiologist’s result.

Table 2 – The performance of computer segmentation with reference to an experienced radiologist’s manually drawn
boundaries for the INLS and the EMM method: with versus without extensive lung diseases.

Malign cases

Method

POA (%)

Hdist (mm)

AvgDist (mm)

FCMLS
NSSLS

72.5 ± 8.5
83.4 ± 5.7
<10−10

32.6 ± 24.2
22.4 ± 14.4
0.049

7.7 ± 4.0
4.3 ± 1.8
<10−5

FCMLS
NSSLS

66.9 ± 14.4
81.0 ± 5.3
<10−4

37.5 ± 31.8
25.7 ± 19.1
0.049

p-Value
Benign cases
p-Value
Malign vs benign
cases p-value

FCMLS
NSSLS

0.075
0.065

0.431
0.681

13.4 ± 10.4
5.2 ± 3.0
0.048
0.160
0.441
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Fig. 7 – Cumulative percentage relative to the 66 images with radiologist’s manually drawn tumor regions as reference
standards, (a) having percent overlap area (POA) between the computer-segmented tumor region and the reference standard
greater than a certain value, and having (b) Hausdorff distance measure and (c) average Euclidean distance measure
between the computer-segmented boundary and the reference standard smaller than a certain value.

segment the tumors in BUS image. The image is interpreted
using NSS under three conditions, and the boundary of tumor
region is extracted using the level set active contour algorithm
based on the region model. The energy function is deﬁned
using the NSS values.


|T  − c1 |2 dS1

F(C, c1 , c2 ) = 1 L(C) + 2 S(C) + 1
S1


|T  − c2 |2 dS2

+ 2

(21)

S2

The ﬂowchart of the proposed method can be seen in Fig. 1.

3.

Experimental results and discussions

We have tested the proposed algorithm using different clinical
images, and compared its performance with those of newly
developed algorithms. In the experiments, we compare the
NSSLS method with a published method based on fuzzy cmeans and level set (FCMLS) [28].
The proposed algorithm is tested using a number of clinical BUS images provided by the Second Afﬁliated Hospital of
Harbin Medical University, Harbin, China. Approved by IRB in
hospital, we collected the images using a VIVID 7 (GE, Horten,

Norway) with a 4–5 MHz linear probe, and captured directly
from the video signals. The tested database consists of 66
images and a single lesion is in each image. All cases were conﬁrmed by biopsy or operation, and experienced radiologists
outlined the lesions as the ground truth.
Figs. 2–6 show ﬁve representative examples of the segmented tumor regions by two methods. These examples are
from different subcategories of benign and malign diseases,
respectively. They include most cases of breast cancer in our
collection and can represent the distribution of the case in our
data set. From the segmentation results, we can see clearly
the proposed method can segment the tumor completely and
smoothly and well preserve the useful information for diagnosis such as edge and boundary on all examples.
The tumor boundaries identiﬁed by the different methods
are superimposed on the original image using red lines. From
the comparison results, we can see clearly that the results by
NSSLS method are more accurate and closer to the ground
truth than those by FCMLS method.
To evaluate the segmentation results quantitatively, three
measurements are employed to compare the segmentation
results with the experienced radiologists’ manual segmentation results. The tumor boundaries manually outlined by an
experienced radiologist were used as the reference standard
for the performance evaluation of tumor segmentation
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Fig. 8 – Cumulative percentage of cases relative to the 35 malign cases with radiologist’s hand-drawn tumor regions as
reference standards, (a) having percent overlap area (POA) between the computer-segmented tumor region and the
reference standard greater than a certain value, and having (b) Hausdorff distance measure and (c) average Euclidean
distance measure between the computer-segmented boundary and the reference standard smaller than a certain value.

algorithm. Let C = {c1 , c2 , . . ., cp } be the computer-identiﬁed
tumor boundary that contains p singly-connected points,
and R = {r1 , r2 , . . ., rq } be radiologist’s manually outlined
tumor boundary that contains q singly-connected points.
The Euclidean distance between a computer-identiﬁed tumor
boundary point ci and a reference standard point rj is Dist(ci , rj ),
or equivalently, Dist(rj , ci ). The accuracy of tumor segmentation is evaluated by three performance metrics:
(1) Percent overlap area (POA):
POA (C, A) =

AC ∩ AR
AC ∪ AR

(22)

where AC and AR are the computer segmented tumor area and
the reference standard tumor area enclosed by the boundaries
C and R. ∪ and ∩ are the union and intersection of two sets,
respectively.
(2) Hausdorff distance between the boundaries C and R
(Hdist):


Hdist = max


max


max
rj ∈R

ci ∈C


max{Dist(ci , rj )}
rj ∈R



max{Dist(rj , ci )}
ci ∈C

,

(23)

(3) Average distance between the boundaries C and R
(AvgDist):

⎛
1
AvgDist =
2

⎞


1
⎝1
min{Dist(ci , rj )} +
min{Dist(rj , ci )}⎠
p
q
ri ∈R
ci ∈C
p

q

i=1

j=1

(24)

The distance measures are calculated in units of mm.
Total 66 images were selected from the 66 cases and the
tumor boundaries were manually outlined, which were used
as the reference standard for performance evaluation. The
66 representative cases include most categories of breast
cancer in our data set. In comparison with radiologist’s
manual outlines, the performance metrics (POA, Hdist and
AvgDist) were calculated on the corresponding images and
the mean and standard deviation were computed over the
66 images. As shown in Table 1, the mean and standard
deviation of the POA, Hdist and AvgDist were improved
from 69.9 ± 11.9%, 34.9 ± 45.6 mm, and 10.3 ± 27.7 mm using
FCMLS to 82.3 ± 5.6%, 24.1 ± 17.0 mm, and 4.8 ± 2.5 mm using
NSSLS, respectively. The improvement is statistically significant (p < 0.05) for each performance metric by two-tailed
t-test.
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Fig. 9 – Cumulative percentage of cases relative to the 31 benign cases with radiologist’s hand-drawn tumor regions as
reference standards, (a) having percent overlap area (POA) between the computer-segmented tumor region and the
reference standard greater than a certain value, and having (b) Hausdorff distance measure and (c) average Euclidean
distance measure between the computer-segmented boundary and the reference standard smaller than a certain value.

We also compare the proposed method with the newly
published segmentation algorithm based on interval neutrosophic set (INSS) [29], and the results are also listed
in Table 1. The mean and standard deviation of the POA,
Hdist and AvgDist of INSS are 79.4 ± 2.6%, 31.4 ± 8.3 mm, and
6.7 ± 3.4 mm using FCMLS, which are worse than those of
NSSLS method. The improvements from INSS to NSSLS are
also signiﬁcant (p < 0.05) for each metric by two-tailed t-test.
Fig. 7(a)–(c) shows the cumulative percentage of cases having POA greater than a certain value and Hdist and AvgDist
smaller than a certain value on the results of FCMLS and
NSSLS, respectively. From the results of NSSLS, it shows that
90.3% cases in the computer-segmented tumor had POA ≥ 85%,
and that 82.1% and 99.8% cases in the computer-segmented
tumor boundaries had Hdist ≤ 25 mm, and AvgDist ≤ 5 mm,
respectively.
To test the segmentation performance for the malign and
benign cases, the 66 test cases were separated into two groups:
35 malign cases and 31 benign cases. Table 2 shows the segmentation results for the different cases using the FCMLS
and the NSSLS method. For both the FCMLS method and the
NSSLS method, the average POA was higher and the Hdist and
AvgDist were smaller for the malign cases than those benign
cases. For all cases, all three performance measures by the

NSSLS method were signiﬁcantly (p < 0.05) better than those
by the FCMLS method.
Comparing the NSSLS method with the FCMLS method, the
POA improved by 15% and 21.1% in the malign and benign
cases, respectively, and the Hdist and AvgDist improved by
31.3% and 44.2% in the malign cases, and by 31.5% and 61.2%
in the benign cases, respectively. Furthermore, comparing
the performance in the malign and benign cases, the POA,
Hdist, and AvgDist were degraded by only 2.9%, 14.7%, and
20.9%, respectively, by the NSSLS method, whereas they were
degraded by 7.7%, 15.0% and 74.0%, respectively, by the FCMLS
method.
The comparison demonstrates that the NSSLS method can
achieve better performance on both the malign and benign
cases than the FCMLS method, and the NSSLS method is more
robust against different cases than the FCMLS method for all
three-performance measures.
Figs. 8 and 9 show the cumulative percentage of slices
having distance measurements less than a certain value.
The results show that both the FCMLS and NSSLS methods
achieved better performance for the malign cases than the
benign cases. For each metric, the NSSLS method reaches
higher percentage than the FCMLS method. From the experiments and evaluation on clinical images, we can draw a
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conclusion that the NSLS method is feasible to segment tumor
in the BUS images.

4.

Conclusions

This study demonstrated that our new NSSLS method utilizing neutrosophic similarity score for the indeterminate
information on the breast image and fusion with level set
method improved the tumor segmentation signiﬁcantly, for
both malign and benign cases with different tumor size and
shape. Automated and accurate tumor segmentation is a
fundamental step for many image analysis tasks and CAD
applications in breast cancer detection and diagnosis, and the
proposed method will ﬁnd more application in these areas.
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