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ABSTRACT

Breast ultrasound image segmentation is challenging task
due to the low quality of ultrasound images and the com-
plex breast structure. An accurate and automatic algorithm
is presented to segment breast ultrasound images by combin-
ing image boundary and region information. The algorithm
decomposes the image into a set of superpixels using the Nor-
malized Cuts method along with texture analysis. An SVM
classifier is employed to estimate the tumor likelihood of each
superpixel based on five texture features. A seed superpixel
is identified based on the tumor likelihoods and spatial loca-
tions of the superpixels. The seed superpixel is extended to
accurately highlight the tumor region using a region growing
approach that combines both the superpixels tumor likeli-
hoods and edge-based analysis. The proposed algorithm and
two popular segmentation algorithms are used to segment 50
breast ultrasound images. The proposed algorithm achieved
higher sensitivity and lower error rates compared to the two
existing algorithms.

Index Terms— Ultrasound imaging, Image segmenta-
tion, Superpixels, Normalized Cuts, Texture analysis, Region
growing, Computer-aided diagnosis, Cancer detection

1. INTRODUCTION

Breast cancer is the most diagnosed cancer in females world-
wide and a leading cause of cancer death among women [1].
Early diagnosis is vital for successful treatment of the disease
and decreasing breast cancer mortality rate [2]. Mammogra-
phy is currently the most widely used imaging modality for
breast cancer screening [3]. However, the low specificity of
mammography leads to unnecessary biopsies and the ionizing
radiation of this imaging modality increases the health risks
for the patients and physicians [3]. Due to the advantages of
low-cost, portability, non-invasiveness, and real-time imaging
capability, ultrasound has become an important complemen-
tary to mammography for breast cancer screening [4].

Breast ultrasound images are characterized by a speckle
interference pattern and low signal-to-noise ratio. Also, breast
tumors have complicated shapes. Hence, accurate interpreta-

tion of ultrasound images is often a challenging task that usu-
ally depends on the experience level of the physician. This
limitation has fostered the development of computer-aided di-
agnosis (CAD) systems to provide the physicians with an ob-
jective second opinion to improve the classification of abnor-
malities in breast ultrasound images [5]. A crucial component
of CAD systems is the accurate tumor segmentation. In fact,
the tumor shape provides an important feature to differentiate
benign and malignant tumors. Manual tumor segmentation is
time-consuming and involves high operator variability.

Various methods have been proposed in the literature
for segmenting breast ultrasound images. Commonly used
methods include active contour models [6], machine learn-
ing [7], graph-based methods [8], Markov random fields [9],
level set [10], and region growing [7]. Many of the previ-
ous methods are either region-based or boundary-based. The
boundary-based methods rely on the edge information, while
the region-based methods employ image statistics obtained
from the entire region. Combining both boundary-based
and region-based information can improve the accuracy and
robustness of breast ultrasound image segmentation.

In this paper, a fully automatic algorithm is presented that
combines both boundary-based and region-based information
to enable accurate breast ultrasound image segmentation. In
this algorithm, the breast ultrasound image is preprocessed to
suppress speckle. The Normalized Cuts (NCuts) [11] method
is combined with texture analysis to decompose the ultra-
sound image into a set of homogeneous superpixels. For each
superpixel, the tumor likelihood is estimated using a support
vector machines (SVM) classifier and five texture features.
The estimated tumor likelihoods and the spatial locations of
the superpixels are processed to select a seed superpixel. Fi-
nally, a region growing mechanism that employs both contour
cues and tumor likelihood estimates is employed to grow the
seed superpixel and highlight the tumor region.

2. METHODS
2.1. Data acquisition

The image database consists of 50 breast ultrasound images
of pathologically proven benign and malignant tumors (23
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Fig. 1. (a) The original breast ultrasound image. (b) The
preprocessed image. (c) The parametric image obtained using
the sum average feature. (d) The decomposition of the image
into superpixels (red lines) that are consistent with the tumor
outline (white line). (e) The tumor likelihood map. (f) The
seed superpixel. (g) The soft contourness (pcon) of the image.
(h) The tumor outline obtained using the proposed algorithm
(red line) along with the manual tumor outline (white line).

benign and 27 malignant). The ultrasound images were ac-
quired with an Acuson S2000 system (Siemens AG, Munich,
Germany) and 14L5 linear transducer. The image size was
418 × 566 pixels and the pixel size was 89 µm × 89 µm.
For each image, the tumor was manually outlined by an ex-
perienced radiologist. Informed consent to the protocol was
obtained from each patient. A sample breast ultrasound image
is shown in Fig. 1a.

2.2. Image preprocessing
Speckle is an inherited interference pattern in ultrasound im-
age that might degrade the accuracy of tumor segmentation.
Therefore, the ultrasound images are preprocessed using the
speckle reducing anisotropic diffusion (SRAD) [12] algo-
rithm to suppress speckle and preserve the tumor boundary.
The SRAD algorithm is run for 50 iterations. Fig. 1b shows
the outcome of preprocessing the ultrasound image in Fig. 1a.

2.3. Feature extraction
The texture analysis of breast ultrasound images is sensitive
for both benign and malignant tumors. Therefore, texture

analysis was employed in this study to identify breast tumors.
To extract the texture features, each ultrasound image was
divided into 0.5 mm × 0.5 mm regions of interest (ROIs),
which is equivalent to 6× 6 pixels. Five texture features were
extracted from each ROI. The first feature (F1) is the mean
pixel intensity in an ROI. The second feature (F2) is the block
difference of inverse probabilities (BDIP) [13]. The last three
features are the auto-correlation (F3) [14], energy (F4) [14],
and sum average (F5) [15], which are based on the gray-level
co-occurrence matrix (GLCM) [15]. The GLCM quantifies
the joint frequencies of all pairwise combinations of intensity
levels u and v that are separated by spacing d along orienta-
tion angle θ. In this study, the GLCM was computed using
a spacing, d, of 1 pixel and four different orientation angles
(θ = 0◦, 45◦, 90◦, 135◦). The features F3, F4, and F5 can
be extracted for each GLCM computed at a specific orienta-
tion angle. To reduce the computational complexity, the mean
value of each GLCM feature across the four orientation an-
gles is employed in this study. Fig. 1c presents the parametric
image computed using F5 for the ultrasound image in Fig. 1a.

2.4. Decomposing the ultrasound image into superpixels

The preprocessed breast ultrasound image is partitioned us-
ing the NCuts method [11] into small homogeneous regions,
called superpixels [16]. Each superpixel represents a patch
of pixels with similar characteristics. When the size of the
superpixels is sufficiently small, their boundaries are usually
consistent with the outlines of the objects in the image. De-
composing the ultrasound image into superpixels reduces the
complexity of tumor segmentation by operating on the level
of superpixels instead of the individual pixels.

In the NCuts method, the image is represented as a
weighted graph, G = {V,E}, such that the set of graph
nodes, V , corresponds to the image pixels and the set of
weighted edges between nodes, E, models the similarities
between pixels. In this study, the weight, wi,j , of an edge that
connects nodes i and j is computed as follows:

wi,j =

e
−∥F (i)−F (j)∥2

σ2
I if ∥X(i)−X(j)∥ < r

0 otherwise
(1)

where F (i) is the image feature computed at node i, X(i) is
the spatial location of node i, σI is a positive integer, and r is
a threshold. The edge weights were computed using each of
the five features described in Subsection 2.3. The value of σ2

I

is taken as the variance of the feature across the entire image
and r is set to 5. The NCuts method was configured to de-
compose the image into 50 superpixels. The results indicated
that the most effective decomposition of the ultrasound image
was achieved by employing the sum average feature to com-
pute the edge weights. Therefore, this feature was employed
to generate the segmentation results reported in this paper.
Fig. 1d shows the decomposition of the image in Fig. 1a into
superpixels based on the sum average feature.

719



2.5. Estimating the tumor likelihood of the superpixels
The aim of this phase is to compute the average tumor likeli-
hood of each superpixel. To achieve this goal, a well-trained
support vector machine (SVM) classifier [17] with radial ba-
sis function (RBF) kernel was used to classify the image ROIs
into two classes: tumor or healthy. The classification was car-
ried out using the five features described in Section 2.3. The
posteriori tumor likelihood of each ROI was estimated from
the SVM output using Platt’s approach [18]. The tumor like-
lihood of a superpixel was taken as the mean posteriori tumor
likelihoods computed for the ROIs covered by that superpixel.

In this study, a ten-fold cross-validation procedure was
employed. In particular, the 50 ultrasound images were ran-
domly divided into ten groups, where each group included 5
images. At each iteration of the cross-validation procedure,
nine image groups were used to train the classifier and the re-
maining group was employed to evaluate the performance of
the segmentation algorithm. This process has been repeated
for 10 iterations so that each of the ten image groups is em-
ployed once in the evaluation. During classifier training, the
ground-truth labels of the image ROIs were identified based
on the manual outline of the tumor. Fig. 1e presents the tumor
likelihood map of the ultrasound image in Fig. 1a.

2.6. Identifying the seed superpixel
The seed superpixel is assumed to overlap with the image cen-
tral region, i.e. a two-dimensional region located at the center
of the image and has a size of 50% the image size. Therefore,
the seed superpixel is identified by considering all superpix-
els that overlap with the image central region and selecting
the one with the highest tumor likelihood. Fig. 1f shows the
seed superpixel selected for the ultrasound image in Fig. 1a.

2.7. Tumor outlining
The seed superpixel is grown using a low-complexity region
growing procedure to highlight the tumor. The region grow-
ing procedure starts by setting the tumor region, T , to only in-
clude the seed superpixel. At each iteration, the set of neigh-
boring superpixels, N , that surround the tumor region, T , are
identified. A provisional tumor region, T̂ , is synthesized by
combining T with the superpixel in N that has the highest tu-
mor probability. If the contour energy of T̂ is 5% higher than
the contour energy of T , then T is set to T̂ . Otherwise, T does
not change during the current iteration. This iterative process
continues until all superpixels in N are considered.

Generally, the pixels located at the boundary between two
superpixels that belong to different regions are expected to
have high contour energy. On the other hand, the pixels at
the boundary between two superpixels from the same region
have low contour energy. In this study, the contour score
aims to quantify the contour energy at the region boundaries.
The computation of the contour score is based the interven-
ing contour framework proposed by Leung and Malik [19].
Using this framework, the contour cues are evaluated at the

pixel level of the ultrasound image. In particular, the orienta-
tion energy is computed for each pixel in the image. A non-
linear transform is applied to convert the orientation energy
to soft ”contourness” (pcon). The contour score of T is equal
to the mean value of pcon over all pixels at the boundary of
T . The same method is used to compute the contour score of
T̂ . Fig. 1g shows the soft contourness, pcon, computed for the
ultrasound image in Fig. 1a.

At the end of the region growing procedure, all super-
pixels are indicated if they belong to the tumor or the back-
ground. Therefore, a binary image can be obtained by assign-
ing the white color to the tumor and black to the background.
The tumor outline is refined by eroding the binary image us-
ing a disk structure element with a radius of 3 pixels, and then
dilating the image using the same structure element. Fig.1h
presents the tumor outline obtained using the proposed algo-
rithm (red line) and the matching manual outline (white line)
for the ultrasound image in Fig.1a.

2.8. Performance evaluation

The proposed tumor segmentation algorithm was imple-
mented using MATLAB (Mathworks Inc, MA, United States).
The MATLAB implementation was used to segment the tu-
mors in the 50 breast ultrasound images described in Section
2.1. The performance of the proposed algorithm was com-
pared with two popular image segmentation algorithms. The
first algorithm is the Biased Normalized Cuts (Biased NCuts)
[20], which is an interactive NCuts approach that allows the
user to bias the segmentation towards the region of interest
based on a set of manually-selected seed points. In this study,
six seed points were manually selected for each breast ul-
trasound image such that they evenly cover the entire tumor.
The second algorithm is the Gradient Vector Flow (GVF)
[21], which is a semi-automated active contour model. The
GVF deforms a manually-drawn initial contour towards the
tumor boundary based on an edge map of the image. In
this study, the edge map was computed based on the soft
”contourness”, pcon, described in Section 2.7. To insure fair
comparison, the initial contour of the GVF was drawn close
to the tumor boundary.

The performance of the three segmentation algorithms
was compared with the ground-truth tumor outline delineated
by an experienced radiologist. The comparison was based
on three area error metrics: fractional true positive (FTP),
fractional false positive (FFP), and fractional false negative
(FFN). The three metrics can be expressed as:

FTP =
| Ac

∩
Am |

| Am |
(2)

FFP =
| (Ac

∪
Am)−Am |
| Am |

(3)

FFN =
| (Ac

∪
Am)−Ac |

| Am |
(4)
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Table 1. Performance results of the proposed tumor segmen-
tation algorithm, the Biased Normalized Cuts (biased NCuts),
and the Gradient Vector Flow (GVF) obtained using 50 breast
ultrasound images.

Algorithm FTP (%) FFP (%) FFN (%)

Proposed algorithm 90.7 ± 6.3 9.3 ± 6.3 7.6 ± 5.4
Biased NCuts 82.4 ± 8.3 17.6 ± 8.3 9.1 ± 7.2
GVF 83.7 ± 9.8 16.3 ± 9.8 10.7 ± 8.1

Fig. 2. Benign (a) and malignant (b) ultrasound images out-
lined using the proposed algorithm (red) and by an experi-
enced radiologist (white).

where Am is the pixel set of the manually-outlined tumor re-
gion and Ac is the pixel set of the tumor region obtained using
each of the three segmentation algorithms.

3. RESULTS

The mean ± standard deviation FTP, FFP, and FFN computed
for the proposed tumor segmentation algorithm, the Biased
NCuts algorithm, and the GVF algorithm are shown in Ta-
ble 1. For all breast ultrasound images, the FTP of the pro-
posed algorithm is higher than that of the Biased NCuts and
GVF algorithms. Moreover, the FFP and FFN of the pro-
posed algorithm are lower than both the Biased NCuts and
GVF algorithms. These results indicate that the proposed al-
gorithm can outline breast tumors with high accuracy. Two
sample ultrasound images of benign and malignant breast tu-
mors that are outlined using the proposed method (red line)
and by the experienced radiologist (white line) are shown in
Fig. 2a and Fig. 2b, respectively. The figures show that there
is good agreement between the tumor outlines obtained using
the proposed algorithm and the manual outlines.

4. CONCLUSION

A fully automatic segmentation algorithm is presented to out-
line tumors in breast ultrasound images. The algorithm com-
bines both region-based and boundary-based techniques to
achieved high segmentation accuracy. The proposed segmen-

tation algorithm and two popular segmentation algorithms are
used to outline 50 breast ultrasound images of benign and
malignant cases. The results show that the sensitivity of the
proposed algorithm is higher that both existing algorithms.
Moreover, the error rates of the proposed algorithm are lower
than those of the two existing algorithms.
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