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The echogenicity, echotexture, shape, and contour of a
lesion are revealed to be effective sonographic features
for physicians to identify a tumor as either benign or
malignant. Automatic contouring for breast tumors in
sonography may assist physicians without relevant
experience, in making correct diagnoses. This study
develops an efficient method for automatically detecting
contours of breast tumors in sonography. First, a
sophisticated preprocessing filter reduces the noise,
but preserves the shape and contrast of the breast
tumor. An adaptive initial contouring method is then
performed to obtain an approximate circular contour of
the tumor. Finally, the deformation-based level set
segmentation automatically extracts the precise con-
tours of breast tumors from ultrasound (US) images. The
proposed contouring method evaluates US images from
118 patients with breast tumors. The contouring results,
obtained with computer simulation, reveal that the
proposed method always identifies similar contours to
those obtained with manual sketching. The proposed
method provides robust and fast automatic contouring
for breast US images. The potential role of this approach
might save much of the time required to sketch a precise
contour with very high stability.
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INTRODUCTION

T he American Cancer Society (ACS) has

observed that accurate and reliable diagnos-

tic procedures are the most significant factor in

early diagnosis.1 Early detection and treatment is

undoubtedly the most effective way to lower the

mortality rate from breast cancer. Mammography

and sonography are frequently applied in clinical

practices, and such modalities can help physicians

differentiate between benign breast tumors from

malignant lesions. Mammography can visualize

nonpalpable and minimal tumors, but always has a

high false-positive value.2 By contrast, breast

sonography has been shown to be an effective

adjunct to mammography in lowering the number

of negative biopsy results.3Y5 Although breast

sonography acts as an auxiliary to mammography,

an ultrasound (US) examination is more conve-

nient and safe than mammography for patients

during a regular physical examination, especially

for palpable tumors.

Physicians diagnose breast tumors by analyzing

the characteristics of the lesion in US images.

Experienced physicians can identify a breast

tumor in an US image from the tumor_s shape

and the contrast of internal echoes. Shape data,

provided by a tumor contour, is important to

physicians in making diagnostic decisions. A

previously proposed computer-aided diagnosis

(CAD) algorithm6 has been shown to distinguish

effectively and reliably between benign and

malignant lesions based on the tumor_s shape.

The appearance of the proposed shape features

was almost independent of the sonographic gain
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setting, and could tolerate reasonable variation in

boundary delineation associated with the different

machines employed. However, a digital sonography

always includes speckle noise and tissue-related

textures. In practice, contouring tumors in a digi-

tized ultrasonic image is difficult and time-consum-

ing.7 As ultrasonic imaging becomes increasingly

widespread, the clinical application of an effective

automatic contouring technique is becoming ur-

gent. A precise US image segmentation method

can facilitate accurate diagnosis of a breast tumor.

Most traditional edge-based segmentation

methods depend on the gradient of an image to

determine the object_s boundary. Such methods

were not designed to detect discontinuities of

image intensity, so edge-based methods do not

perform well when applied to sonography. Re-

gion-based segmentation methods,8 such as split-

and-merge,9 region-growing10 and morphological

watershed transformation,11 are sensitive to noise

and contrast in images. The speckles, weak edges,

and tissue-related textures in US images undoubt-

edly prevent most split-and-merge and region-

growing models from satisfactorily determining

the desired boundary of a tumor. The watershed

transformation, which is a reliable unsupervised

model, was applied to solve diverse image

segmentation problems. Various approaches12Y14

presented preprocessing procedures to enhance the

segmentation effectiveness of watersheds. How-

ever, a breast US image has many varieties of

tissues, and boundary discontinuities often lead to

difficulties in obtaining accurate tumor contours.

The snake deformation method, ie, active

contour model (ACM), is extensively employed

to determine the boundary of an object of interest

in an ultrasonic image.15Y17 Obtaining the real

boundary of a region by applying the ACM-

deformation depends on an initial estimate of

contours. However, automatically generating a

fitted initial contour is an arduous task; moreover,

the ACM-deformation procedure is very time-

consuming. Therefore, this work developed an

adaptive contour initializing procedure, as part of

the proposed contouring algorithm, to generate

formal initial contours for tumors in breast US

images. The level set method,18 a newly devel-

oped deformable model that surpassed ACM in

segmentation performance, was utilized to con-

serve the time needed to sketch a precise contour.

The level set method is based on an active contour

energy minimization that solves the computation

of minimal distance curves. The curvature-depen-

dent speeds of moving curves determine the

deformation directions. The proposed approach

integrates the advantages of an adaptive initial

contouring procedure and the level set segmenta-

tion methods to extract breast tumor contours

from US images with very high stability. Reliable

contouring systems improve the accuracy of

diagnostic decisions in CAD applications.

MATERIALS AND METHODS

Data Acquisition

An ultrasonic image database included 118 US images of

pathologically proven benign breast tumors from 84 patients and

carcinomas from 34 patients. The database included only one

image from each patient. The US images were captured at the

largest diameter of each tumor (the largest diameter of tumor 91

cm in all cases). The patients_ ages ranged from 22 to 67 years. All

digital US images were obtained using Philips HDI 5000 system

(Advanced Technology Laboratories, Bothell, WA) with a L12-5

small part transducer, which is a linear-array transducer with a

frequency of 5Y12 MHz and a scan width of 38 mm. Breast

nodules were scanned by real-time compound imaging (SonoCT)

in the survey mode, but without the use of the harmonic

techniques. No acoustic stand-off pad was used. The capturing

resolution of US images was 640�476 pixels. The sonographic

gain setting remained unchanged throughout the entire period of

study, except for small changes made to obtain a better view in a

few cases. Each monochrome ultrasonic image was quantized into

eight bits with 256 gray levels. The entire database was supplied

by the coauthor, an experienced radiologist, Dr. Moon from the

Department of Diagnostic Radiology Seoul National University

Hospital, Seoul, South Korea. Another coauthor, Dr. Chen, a breast

surgeon who is familiar with breast US interpretations, manually

determined the contours of the tumor and then saved them in files

for comparison with the automatically generated contours.

Preprocessing

Medical US images include considerable noise, speckles,

and tissue textures, making segmentation difficult. Preprocess-

ing must be performed before segmentation. The effective

preprocessing method for contouring should aim to decrease

noises and preserve valuable information, such as the edge and

boundary of the mass lesions. The anisotropic diffusion

method, which is based on a partial differential equation,19,20

is very practical not only in image de-noising but also in

preserving the important boundary information. However, the

anisotropic diffusion equation is not widely adopted, since it

has not been widely analyzed, and lacks a stable, accurate

numerical implementation. A sophisticated filter performing

modified curvature diffusion equation (MCDE) has been

demonstrated to be more aggressive than anisotropic diffusion
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at enhancing and preserving edges for low-contrast image.21

The MCDE de-nosing approach modifies the anisotropic

diffusion equation, and employs a variable conductance to en-

hance the contrast of image edges (see Appendix 1).

This study performed the MCDE filter with k=5 to enhance

the breast US images. Figure 1 depict the de-noised results

from applying the MCDE preprocessing method and two

practical filters, ie, the arithmetic average filter and Gaussian

low-pass filter. Figure 1(a) is an original magnified mono-

chrome breast US image that includes a tumor with various

contrast levels and noises. The processed images obtained

using arithmetic average filter, Gaussian low-pass filter, and the

MCDE filter are shown in Figure 1(b)Y(d), respectively. These

results clearly indicate that MCDE is superior to the other two

filters in removing noise and preserving edges for the US

image. The proposed method, using MCDE preprocessing, not

only reduced the number of speckles, the amount of noises, and

the number of tissue-related textures in ultrasonic images, but

also preserved the shape and contrast of the breast tumor. After

the US images are preprocessed, the suspected masses are

extracted based on the following segmentation steps.

Initial Contouring

After the image preprocessing, an automatic thresholding

method22 was conducted to transform a gray-level image into a

binary image to locate the tumor position. Otsu_s method can

specify the threshold to minimize the intraclass variance of the

black and white pixels automatically. In this work, this auto-

matic method always obtained a satisfactory coarse region of

breast tumor. Therefore, the threshold-segmented area was ap-

plied to identify the largest connected region as a reference to

define a rectangular region of interest (ROI) for the tumor. The

automated ROI cannot only be employed to obtain the initial

contour in the proposed method, but also in various ROI-based

CAD systems.23Y26

Since the tumor shape is nearly ellipsoid, a circular contour

with adaptive parameters (the center and radius of a circle) was

adopted as the initial contour. Let points p1 and p2 with

coordinates (x1, y1) and (x2, y2) be the upper-left corner and

lower-right corner, respectively, of the identified ROI rectangle.

The center of the circular contour is positioned at the midpoint

of p1 and p2, ie, x1 þ x2ð Þ=2; y1 þ y2ð Þ=2ð Þ. Besides, the radius

of the circular is determined as y2 � y1ð Þ � �, where g is an

adaptive proportion parameter that prevents the circular contour

out of the identified ROI compass. Figure 2 illustrates the

processing results from adaptive initial contouring method. The

proposed method always obtains a satisfactory initial contour for

the following level set segmentation to extract a precise breast

tumor contour from US images. Furthermore, the proposed

system also applies an additional control scheme to change the

positions of p1 and p2 manually when the physician is not

satisfied with the ROI assigned by automatic thresholding.

Fig 1. Results of the distinct preprocessing: (a) the original magnified US subimage, (b) through with 3�����3 arithmetic average ltering,
(c) through with Gaussian low-pass ltering, (d) by the MCDE method
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Level Set Contouring

The level set method, which is a numerical technique for

calculating and analyzing the curve propagation, has been

applied successfully to solve a wide range of difficult image

segmentation problems. It offers a highly robust and accurate

model for tracking interfaces with complex motions. The

concept of level set method was introduced in Appendix 2. In

the proposed contouring method, the original US image was first

processed using the MCDE filtering. A closed circle contour was

obtained as the initial contour function after the adaptive initial

contouring. Finally, the level set method was performed to

segment the tumor in the US image. Figure 3 presents a

flowchart of the proposed approach, in a form that includes the

preprocessing, initial contouring and segmentation phases.

Contour Evaluation

Three practical similarity measures,27 the similarity index

(SI), overlap fraction (OF) and extra fraction (EF) between the

manually determined contours and the automatically detected

contours were calculated for quantitative analysis of the

contouring result. The SI is defined as

SI ¼ 2* REF \ SEGð Þ
REF þ SEG

; ð1Þ

where REF and SEG denote the areas covered by the manually

sketched contours (by an experienced physician) and that

covered by the contours generated by the proposed method,

respectively. Figure 4 illustrates the relationship between the

REF and SEG. The term REF7SEG denotes the area of the

intersection of the reference and the automated segmentation

(overlap). The SI expresses the similar degree between SEG

area and REF area. The OF and EF are defined as

OF ¼ REF \ SEG

REF
; ð2Þ

EF ¼ REF \ SEG

REF
: ð3Þ

The OF measures the correctly segmented area relative to

the reference area. The EF measures the area that is falsely

segmented as lesion relative to the area in the reference. The

Fig 2. Ultrasonic image is processed with the adaptive initial contouring method: (a) an original 640�����476 digital image was captured
from the sonographic scanner, (b) after the MCDE filter, (c) after automatic thresholding method and then obtains the ROI rectangle, (d)
result of the circular initial contour.
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area of REF \ SEG corresponds to the extra area in Figure 4. If

SI and OF are close to 1 and EF computation is close to 0, then

the contours generated by automatic segmentation are similar

to the manual contours obtained by a physician. The similarity

measures thus allow evaluation of the segmentations in a

quantitative and objective way.

RESULTS

This section presents the evaluation of contours

to analyze the effectiveness of the proposed

method. This work experimented on a total of

118 pathology-proven cases (including 84 benign

breast tumors and 34 malignant ones) with

manual-sketched contours to test the accuracy of

the proposed contouring method. These simula-

tions were made on a single CPU Intel Pentium-

VI 2.4 GHz personal computer with Microsoft

Windows XP operating system. The MCDE

preprocessing and the automatic thresholding

methods were first performed to yield the ROI

area of the tumor in an ultrasonic image. The

selected ROI was applied to generate the initial

contour, where the adaptive proportion parameter

g=0.85. The level set method was then employed

to achieve a precise segmentation for the tumor.

With the curvature parameter a ranging from 0.15

to 0.25, the proposed level set method obtained a

stable and the highest accuracy.

Figures 5 and 6 show the contour evaluations

(curvature parameter a=0.20) for benign and

malignant cases, respectively. Figure 7(a)Y(c)

shows the original magnified monochrome breast

ultrasound images with benign masses (benign

case nos. 11, 55, and 71). Figure 7(d)Y(f) shows

the contours manually sketched with reference to

the corresponding US images, Figure 7(g)Y(i)

plots the contours determined by the proposed

system and the results of measures (SI, OF, EF)

are (0.95, 0.93, 0.02), (0.86 0.85 0.13), and (0.95

0.94 0.05), respectively. Figure 8(a)Y(c) show the

original magnified monochrome breast US images

with malignant tumors (malignant case nos. 4, 5,

and 8). Figure 8(d)Y(f) show the manually

sketched contours, Figure 8(g)Y(i) illustrate the

corresponding contours using the proposed meth-

od and the results of measures (SI, OF, EF) are

(0.95, 0.93, 0.03), (0.94, 0.90, 0.02) and (0.91,

0.90, 0.02), respectively. Table 1 presents the

results of the SI, OF, and EF measurements

categorized by pathology-proven results for the

118 US images. The segmentation results reveal

that only a small number of cases (less than 5%)

might generate an undesired segmentation. Such

cases include the benign case no. 74 and malig-

nant case no. 29, as depicted in Figure 9(a) and

(b), respectively. Figure 9(c)Y(d) and (e)Y(f)

illustrates the manually sketched contours and

the corresponding contours using the proposed

method. Because the boundaries are extremely

unclear, the proposed method obtained unfavor-Fig 3. The flowchart of the proposed method.

Fig 4. Comparison of an automated segmentation area (SEG)
with the manual contouring area (REF), with (overlap) the
correctly segmented pixels, (extra) the false positives and (miss)
the false negatives.
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able results (0.78, 0.91, 0.43) and (0.75, 0.78,

0.30), respectively. In terms of image segmenta-

tion, automatic contouring for these cases is

unattainable; the tumor contour needs further

manual adjustment to attain a satisfactory result.

DISCUSSION

This study has presented an efficient method for

automatically detecting contours of breast tumors

in sonography. The preprocessing of the proposed

method applied an MCDE filter to reduce the any

amount of noises, but preserved the shape and

contrast of breast tumor. An adaptive initial

contouring method was utilized to generate the

circular contour using the chosen ROI within the

US image, and then the deformation-based level

set segmentation automatically produced an exact

contour of the tumor. A US image database

consisting of 118 cases was employed for evalu-

ation in this study. The proposed method was

found to determine the breast tumor contours that

are very similar to manual-sketched contours. The

experimental results reveal that the proposed

method can practically determine the contours of

a breast tumor from US images.

Superficial measure and shape information from

tumor_s contours is thought to be usable in clinical

diagnosis. Shape-based breast tumor diagnosis has

the benefit of being nearly independent of the

different US machines. Chen et al.6 have pre-

sented a CAD based on the shape analysis with

good system performance. However, it relies on

physicians to manually segment tumors. This

study proposes an automatic tumor segmentation

method for shape analysis of a CAD system.

Moreover, the deformation time of the ACM28 is

about 100 times as long as that of the proposed

level set contouring method. The proposed meth-

od obtained better segmentation precision and

faster computation than the ACM method.

The main point of this study is not that the

automatic contouring technique is superior to the

one undertaken manually, as the automatic and

manual contours do not necessarily follow the

same factual pathological border. However, in

CAD applications, automatic segmentation can

save much of the time required when sketching a

highly stable precise contour. Future work should

apply the proposed approach to derive the precise

shapes of tumors in three-dimension (3-D) US

images. Information about the shape and volume of

a tumor may be significant to physicians in making

diagnoses. A physician cannot manually sketch the

contours of tumors in a 3-dimensional sonography

of many hundreds of 2-dimensional (2-D) images.

The morphological features obtained using the

proposed method, describing the shape and contour

of the lesion from other organs such as liver,

kidneys, and thyroid glands, are also useful in

assisting radiologists in their interpretations and

increasing diagnostic accuracy. Developing this

automatic contouring method is of priority con-

cern, and its medical application is urgent.
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Fig 5. Contouring performance (84 benign cases) of the

proposed method for the US images.

Fig 6. Contouring performance (34 malignant cases) of the
proposed method for the US images.
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APPENDIX 1

Let I(x, y) denote an input image. The MCDE

equation is given as

ft ¼ rfj jr�c rfj jð Þ rf

rfj j ; ð4Þ

where f=f(x,y,t) and f x;y;0ð Þ ¼ I x;yð Þ. Progres-

sively smoothed versions of the image are

obtained by choosing progressively greater values

of t from the solution. The conductance function

c(I) is monotonically decreasing and c rfj jð Þ ¼
k2
.

k2 þ rfj j2
� �

, where k is a constant parame-

ter used to determine the contrast of edges.

APPENDIX 2

The basic concept of level set approach is to express a

closed curve as a set of 2-dimension planar curve function

Fig 7. Results of contour segmentation (benign cases): (a)jjj(c) original magnified monochrome breast US images, (d)jjj(f) manual-
sketched contours, and (g)jjj(i) the corresponding automatic-sketched contours.
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G (t), which consists of the zero level set point at time

t.18 Let G (t=0) be a closed initial planar curve; instead

of propagating the curve directly, it embeds the curve as

the zero level set of a higher order function � called the

level set function. The function � is defined by

� x; t ¼ 0ð Þ ¼ �d; ð5Þ

where x is a point in Euclidean plane R2 and d is

the distance from x to the initial contour G (0). The

sign is chosen if the point x is outside (+) or inside

Fig 8. Results of contour segmentation: (a)jjj(c) original magnified monochrome breast US images (malignant cases), (d)jjj(f) manual
sketched contours, and (g)jjj(i) the corresponding automatic-sketched contours.

Table 1. The Contouring Evaluations Using the Measurements

for US Images

Pathology-proven Result Average SI Average OF Average EF

Benignancy (84 cases) 0.8826 0.8710 0.1037

Malignancy (34 cases) 0.8610 0.8222 0.0761

Whole database (118 cases) 0.8764 0.8570 0.0957

SI: similarity index, OF: overlap fraction, EF: extra fraction
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(j) the initial contour. Thus, the initial function

�(x,t=0) has the property of

� 0ð Þ ¼ x � x; t ¼ 0ð Þ ¼ 0jð Þ: ð6Þ

The objective is to produce an equation for the

evolving function �(x,t), which contains the embedded

motion of G (t) as the level set {�=0}. Because the

evolving function � is always zero on the propagating

hypersurface, no matter how much time t is, �(x(t),t) is

zero. Now, G (t) can be expressed as �(x,t)=0, by the

chain rule, the equation can be expressed as

@�

@t
þr� x tð Þ; tð Þ�x0 tð Þ ¼ 0: ð7Þ

Suppose F is a speed function in direction of normal

vector in planar curve, then x 0 tð Þ � r�jr�j ¼ F ; where

r�j j represents the absolute gradient value of

level set function. Thus, the level set evolution

equation can be defined as

@�

@t
þ F r�j j ¼ 0; ð8Þ

with a given value of the initial function �(x,t=0).

Fig 9. Examples of the undesired segmentation: (a)Y(b) original magnified US tumor images with extremely unapparent boundaries
(the arrows), (c)Y(d) manual-sketched contours, and (e)Y(f) the corresponding automatic sketched contours.

Fig 10. Level set curve propagation: (a) the initial curve and
the corresponding surface, (b) the curve and the corresponding
surface at time t.

246 HUANG ET AL.



The speed function F at any one point is based

solely on the input intensity u0 at that point:29

F ¼ � �D u0ð Þ þ 1� �ð Þr� r�r�j j

� �
ð9Þ

and

D u0ð Þ ¼
U � Lð Þ

2
� u0 �

U þ Lð Þ
2

� �
; ð10Þ

where a is a free curvature parameter that controls

the degree of smoothness, and U and L denote the

adaptive maximal and minimal intensities in the

identified ROI subimage, respectively. Figure 10

shows the surface propagation of an initial curve

and the accompany movement of the level set

function �.
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