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Abstract Color Doppler flow imaging takes a great value
in diagnosing and classifying benign and malignant breast
lesions. However, scanning of color Doppler sonography is
operator-dependent and ineffective. In this paper, a novel
breast classification system based on B-Mode ultrasound
and color Doppler flow imaging is proposed. First, different
feature extraction methods were used to obtain the texture
and geometric features from B-Mode ultrasound images. In
color Doppler feature extraction stage, several spectrum
features are extracted by applying blood flow velocity anal-
ysis to Doppler signals. Moreover, a velocity coherent vec-
tor method is proposed based on color coherence vector,
which is helpful for designing to the optimize detection of
flow indices from different blood flow velocity fields auto-
matically. Finally, a support vector machine classifier with
selected feature vectors is used to classify breast tumors into
benign and malignant. The experimental results demonstrate
that the proposed computer-aided diagnosis system is useful
for reducing the unnecessary biopsy and death rate.

Keywords Color Doppler flow imaging . Feature
extraction . Color coherence vector . Computer-aided
diagnosis system

Introduction

Breast cancer is a leading cause of death among women, and
its incidence is continuing rising [1]. Early detection is an
effective way to control the disease [2]. Due to its noninva-
sive, practically harmless, and inexpensive characteristics,
ultrasound (US) has become one of the most effective and
popular approaches for the early detection of breast cancer
[3]. Computer-aided diagnosis (CAD) system can automat-
ically process images and help radiologists in interpreting
sonography [4]. Many CAD systems for distinguishing be-
tween benign and malignant breast lesions based on B-
Mode ultrasound (BUS) images have been published
[5–7]. BUS has a high sensitivity for the detection of breast
abnormalities, but it has limited specificity in differentiating
benign and malignant lesions [8].

Doppler ultrasound takes a great value in diagnosing and
classifying benign and malignant breast lesions. It has been
proved that Doppler ultrasonic imaging can improve the
diagnostic accuracy of gray-scale imaging in the prenatal
detection of abnormalities of the blood flow and tumor
vascularity [9]. Previous CAD systems focused on quanti-
tative the Doppler image by calculating the density of color
pixels [10–12]. However, since both benign and malignant
tumors may be vascularized, the detection of vessel amount
alone may be insufficient to accurately differentiate benign
and malignant tumors. The flow indices derived from Dopp-
ler sonograms, resistance index (RI) and pulsatility index
(PI), are of high clinical value for the evaluation of breast
tumors [13]. In traditional clinic examinations, the sample
volume was chosen to optimize detection expected from all
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parts of tumor, include margins. However, scanning of color
Doppler sonography is highly dependent on operator’s ex-
perience and is also not effective. [14] demonstrated that the
power spectrum of the Doppler signal is completely deter-
mined by the blood flow velocity field. Therefore, quantita-
tive of blood flow velocity field information of color
Doppler sonography is important for designing the optimize
detection of power spectrum for CAD system.

In this paper, a HSV-space based, computer-aided classi-
fication system combining B-mode ultrasound imaging with
color Doppler flow imaging (CDFI) is proposed. Different
from the most existing systems, the proposed system not
only extract the static features, but also extract the dynamic
features from color Doppler videos to study blood flow
characteristic. First, morphologic and textural features of
breast lesion are extracted from BUS images by using dif-
ferent kinds of feature extraction methods. For extracting
color Doppler features, a dynamic velocity coherence vector
algorithm is proposed for quantitative the blood velocity
field information. Then, a novel method of mapping color
Doppler imaging color Doppler indices instead of ultrasonic
frequency shifts is proposed and several hemodynamic fea-
tures are extracted. Finally, these features are selected and
employed to discriminate benign masses from malignant
masses by using support vector machine classifier. The
experiment results show that by combining the B-Mode
features with the CDFI features, the proposed method is
effective and useful for classifying breast lesions. The block
diagram is illustrated in Fig. 1.

The proposed method

Materials

A data base including 105 cases (50 benign and 55 malignant
cases) is utilized for evaluating the performance of the pro-
posed system. Each case includes one color Doppler video and
one BUS image. These cases are obtained from 2nd Affiliated
Hospital of Harbin Medical University collected by using
HITACHI Vision 900 system (Hitachi Medical System, Tokyo,
Japan) equipped with a liner probe having central frequency of
6~13MHz, and captured from the video signals directly. From
each case, 3 morphology features and 4 texture features were
extracted from the B-Mode image, 2 color Doppler flow fea-
tures were extracted from the color Doppler video. The cases
were obtained from Feb. 2008 to Mar. 2011, and all the classes
of the cases were confirmed by surgery, or pathological exami-
nations, or biopsy. The length of the color Doppler video has
2–7 s with the frame rate, 10 frames per second. Special
attention has been paid to protect the privacy of the patients.

Feature extraction from B-mode images

Breast ultrasound (BUS) image segmentation is a crucial and
essential step in CAD systems. Because of its low signal/noise
ratio, low contrast and blurry boundaries, ultrasound (US)
image segmentation is a difficult task. To overcome the prob-
lems, in our system, breast lesions are segmented by using an
effective segmentation method based on cellular automata
(CA) principle [15]. In approach [15], a 2-D ultrasound image
is considered as a cell space, the state of each cell belongs to a
finite set and the dynamic changes of the cell states are
calculated by the local energy transition function operating
on a given neighborhood. In its energy transition function,
both global and local image information, and the relationship
between neighboring pixels can be integrated conveniently by
using different energy transfer strategies, which is helpful for
handing blurry boundaries. At each discrete time step, CA
updates the entire lattice with the evaluation rule, and the
states of cells at the current time step are updated according
to the states of the cells at the previous time step. The result of
local competitions is that the strongest bacteria occupy the
neighboring sites and gradually spread over the image, and
then, the class of each pixel as foreground or background can
be specified accordingly. The calculation continues until none
of cell’s state is changed, the automaton converges to a stable
configuration and the segmentation is finished. Figure 2(a) is a
B-Mode US image with a complicated structure, and the
boundary of the tumor has multiple connected regions with
the surrounding tissues. Comparing to the manual delineation
produced by an experienced radiologist (Fig. 2(c)), it is seen
that by using approach [15], the blurry boundary can be
treated well (Fig. 2(b)).

2D ultrasonography
Color Doppler 

sonography

Lesion segmentation Blood detection

Morphologic/texture
Feature extraction

Vascularity feature 
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Fig. 1 The diagram of the proposed system
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From tumor contour, it is possible to establish the first
malignant diagnostic hypothesis. Generally, benign tumors
usually have smooth shape and malignant tumor tend to have
irregular border. In [16], several morphometric parameters
including standard deviation (SD), area ratio (AR) and
roughness (RH) are proved to be effective in classifying
breast tumors and they are used to account for the
sonographic observations of tumor. Each feature is de-
fined as:

SD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

Ncou � 1

XNcou

ci¼1

d cið Þ � d cið Þ
� �2vuut ð1Þ

AR ¼ 1

d cið Þ � Ncou

XNcou

ci¼1

d cið Þ � d cið Þ
� �

ð2Þ

RH ¼ 1

Ncou

XNcou

ci¼1

d cið Þ � d ciþ1ð Þj j ð3Þ

where d(ci) is the normalized radial length calculated as:

d cið Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xci � X 0ð Þ2 þ yci � Y 0

� �2q
max d cið Þð Þ ; 1 � ci � Ncou ð4Þ

where X0 and Y0 are the coordinates of the centroid, and
(xci,yci) are the coordinates of boundary pixel at the cith
location, respectively. Ncou is the number of contour pixels
and max (d(ci)) is the maximum value of the radial length of
the tumor.

Textural information extracted from sonography has
been found to be useful to classify breast tumors. In
this study, B-Mode texture information is derived from
the co-occurrence matrix [4]. Each element of the co-
occurrence matrix C(i, j, d, θ) is defined as the joint
probability of the gray levels separated by distance d
and along direction θ of the image.

C d;θð Þ i; j; d; θð Þ
¼ ð x1; y1ð Þ; x2; y2ð Þ x2j � x1 ¼ d cos θ; y2 � y1 ¼ d sin θ; I x1; y1ð Þ ¼ i; I x2; y2ð Þ ¼ jf gk k

ð5Þ

where (x1, y1) and (x2, y2) are the pixels in the lesion region.
Ið�Þ is the intensity and �k k is the number of pixel pairs
matching to the conditions. In propose method, 4 tex-
ture features: energy (fENG), entropy (fENT), contrast
(fCON) and homogeneity (fHOM) are extracted from co-
occurrence matrix with 4 distance d(d01, 2, 3, 4) and
along 4 directions θ (θ00°,45°,90°,135°).

f ENG ¼
Xng
i¼0

Xng
j¼0

P i; jð Þ2 ð6Þ

f ENT ¼ �
Xng
i¼0

Xng
j¼0

P i; jð Þ logP i; jð Þ ð7Þ

f CON ¼
Xng
i¼0

Xng
j¼0

i� jð Þ2P i; jð Þ ð8Þ

f HOM ¼
Xng
i¼0

Xng
j¼0

P i; jð Þ
1þ i� jjj ð9Þ

where P(i, j) is an element of the normalized co-occurrence
matrix. The above texture descriptors of the same distance
will be averaged to reduce the dimension of the feature
vectors. The number of gray levels ng for establishing the
co-occurrence matrix is:

ng ¼ max I x; yð Þ 4=ð Þ ð10Þ

Fig. 2 The segmentation result of an B-Mode ultrasound image with blurry boundaries. a. Original B-Mode ultrasound image. b. Segmentation
result of (a). c. Lesion regions delineated by the radiologist
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Feature extraction from color Doppler flow images

Vascular detection

A 2-D color Doppler ultrasound image is essentially an
array of pixel set represented in red, greed and blue (RGB)
color system. The magnitude of the blood velocity is repre-
sented by different color shades. Conventionally, the red
color is assigned to indicate the blood flow toward the
transducer, and blue is represented the flow away from the
transducer. To extract the vascular points, we converted the
original color Doppler image into binary by applying a
predefined threshold value Tc to examine the primary color
channel for each pixel. The value of Tc was selected to be 40
by the experiment. For each pixel pin a color Doppler
image, if the intensity differences between R, G and B are
equal or greater than Tc, pis a vascular pixel (pc). Otherwise,
pis a tissue (the lesion tissue & the normal tissue) pixel.

Vascularity feature extraction

Color Doppler sonography and their flow spectrum indices
are measured from the spectral Doppler tracing [13]. The
power spectrum of the Doppler signal is completely deter-
mined by the blood flow velocity field. For a color Doppler,
in the center of large vessels with plug flow, where most
flow is at a uniform velocity, the mean frequency is close to
the peak. Nonuniform velocity within a sample volume-
such as in areas of turbulence, at curves, bifurcations, or
confluences, near vessel walls, or where the diameter of a
vessel changes is depicted in a Doppler spectral display as
spectral broadening. This causes the mean frequency to be
considerably less than the peak frequency [17]. According
to this clinic factor, we develop a velocity coherence vector
method based on color coherence vector to measure whether
local velocities in different regions are uniform. Then, to
assess the optimize detection of blood flow indices of the
lesion.

Color coherence vector is defined as a degree to which
pixels of that color bin are members of large similarly-
colored regions [18]. It measures whether some pixels with
a discretized color are coherent or not. The classification of
pixels as either coherent or incoherent depends on the size in
pixels of its connected component. Pixels are coherent if the
number of pixels in connected region exceed a threshold
value τ; Otherwise, they are incoherent. For establishing
velocity coherence vector, it is necessary to extract the
velocity information from continuous wave Doppler signal
firstly. Usually, low-velocity region in color Doppler is
much duller than high-velocity region. According to this
observation, in this study, progressively increasing veloci-
ties are encoded in varying value (V) component of bright-
ness by transforming the color Doppler image from RGB

color space to HSV color space [19]. Then a local discrete
Doppler wave signal (DDW) at the vascular point pc is
constructed from the a series of spitted color Doppler video
f r am e s : DDWpc ¼ ½Vpcð1Þ;Vpcð2Þ;Vpcð3Þ; :::;VpcðFÞ� ,
where F is the number of frames (Fig. 3). The problem of
selecting a pair of vascular points (pc, qc) with the uniform
velocity is handled by using a similarity-based criterion as
the following [20].

1

F
�
XF
t¼1

VpcðtÞ �
XF
t¼1

VqcðtÞ
�����

����� � T ð11Þ

where T is the threshold value of similarity criterion set to:

T ¼ ffiffiffi
2

p
σ , where σ is the local standard deviation of the

neighborhood. The coherent region with different veloc-
ity is determined by computing the size of connected
components. A connected component C is the maximal
set of points such that for any two pixels p; pnewapos;
2 C with the uniform velocity, there is a path in C
between p and p0. A path in C is a sequence of pixels
p ¼ p1; p2; . . . ; pnnewapos; ¼ p0 such that each pixel pi0 is

in C and any two sequential pixels pi0 ; pi0þ1are adjacent
to each other.

For a series of color Doppler video frames, let Nκbe the

set of vascular points with the velocity V k ¼ 1
F

PF
t¼1

VpcðtÞ,
ακbe the number of coherent elements inNκ and βκbe the
number of incoherent elements. Thus, the number of
total number of vascular points with mean velocity Vκ

is V k ¼ ak þ bk , and so a ‘velocity’ histogram can be
summarized an image as: V 1;V 2; :::;Vnc . Instead, for
each velocity we compute the pair(ακ, βk), which we
call the coherence pair for the velocityVκ. The velocity
coherence vector for the color Doppler image consists
of ða1; b1Þ; :::; ðanc; bncÞh i , where ncis the number of
discretized velocities. For reducing the computational
complexity and preserving the details, the number of
value levels nc for establishing the velocity coherence
vector is:

nc ¼ max V x; yð Þ 4=ð Þ ð12Þ
The threshold value τ for determining the coherent region

of the image is selected according to the size of sample
volume on the color Doppler image. For a 600×400 image,
the value of τ is set to 15×15 pixels by the experiment.

The amplitude of color Doppler signal is stored in color-
encoded information that serves as index. The indices de-
rived from the sonograms defined as receptivity (RI) index,
pulsatility index (PI) and they are widely used indices for
evaluating Doppler sonograms [21]. Both the RI and PI are
reflections of the resistance to blood flow, downstream from
the point of insonation. So in this study, we evaluate the
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tumor vascularity by extracting the features of RI and PI.
Two spectrum features are defined as:

RI ¼ VS � VD

VS
ð13Þ

PI ¼ VS � VD

VM
ð14Þ

where VS VS ¼ max DDW ðtÞð Þð Þ is systolic peak velocity,
VD VD ¼ min DDW ðtÞð Þ is diastolic terminal velocity and
VM VM ¼ mean DDW ðtÞð Þð Þ in a corresponding cardiac
cycle. Then, from different velocity coherence regions, the
highest values of VS, RI and PI are found and used for
analysis [21].

Support vector classification

In this paper, support vector machine (SVM) is used for
classifying the breast lesions into two classes (benign and
malignant) because of its high generalization performance
without need to add a priori knowledge [22]. The aim of
SVM is to devise of learning separating hyperplanes in a
high-dimensional feature space. The unknown sample x0 is
determined:

f xð Þ ¼ sign
XNsv
i0

ai0yi0k si0 ; x
0ð Þ þ b

 !
ð15Þ

where ai0 is a positive LaGrange multiplier, Nsvis the
number of support vectors, and kðsi0 ; x0Þ is the convolution
of the kernel of the decision function. RBF kernel non-
linearly maps samples into a higher dimensional space,
unlike the linear kernel; it can handle the case when the
relation between class labels and attributes is nonlinear.
Furthermore, the linear kernel is a special case of RBF. In
addition, the sigmoid kernel behaves like RBF for certain
parameters. The polynomial kernel has more hyper param-
eters than the RBF kernel and so high complexity than RBF.
So, RBF kernel defined in Eq. (16) is selected as the kernel
function of proposed system.

k x; xsð Þ ¼ exp �g x0 � x0sj j2
� �

ð16Þ

where x
0
s is a support vector obtained from training and γ is

the kernel parameters.

Classifier combination

In this paper, we combine the prediction variable of
each individual feature (one per classifier) to obtain
the benefit of mutual compensation to improve the
classification performance. The ensemble decision of
each unknown sample l(x) is designed by employing
an optimal combination rule of weighted majority vot-
ing algorithm [23]:

Fig. 3 DDW derived from a
series of color Doppler video
frames

Table 1 The descriptive statis-
tics (syst1[Ref. 6], syst2
[Ref. 12])

Systems ACC SEN SPE PPV NPV

Syst 1 87.62 % 83.63 % 90.00 % 85.00 % 91.11 %

Syst 2 83.80 % 85.45 % 82.00 % 85.19 % 82.35 %

Our system 91.42 % 92.73 % 90.00 % 91.07 % 91.84 %
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lðxÞ ¼ 1

C

Xtk
k¼1

l
0
kðxÞDk ð17Þ

where C is the constraint parameter bounding l(x)to {1, − 1},
l’(x)is the prediction variable of kth classifier. To weight each
classifier, the distance Dk of each feature between benign
tumor and malignant tumor is calculated to evaluate the ef-
fectiveness of each input features [12].

Dk ¼
f bk � f mk

�� ��ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2
bk
þ σ2

mk

q ð18Þ

where f bk is the average and σbk is the variance of the kth

feature of the benign, while f mk
and σmk are the average and

variance of the kth feature of the malignant, respectively. The
larger the distance Dk is, the more important the kth classifier
is. To compare the features with different characteristics on a
common scale, each feature is normalized as:

f kðxÞ ¼
f kðxÞ �min f k nsð Þð Þ

max f k nsð Þð Þ �min f k nsð Þð Þ ð19Þ

where ns is the number of training vectors.

Results

To evaluate the classification performance, five error de-
scriptive statistics: accuracy (ACC), sensitivity (SEN), spec-
ificity (SPE), positive value (PPV) and negative predictive
value (PPV). Define the number of correctly and incorrectly
classified malignant tumors as true positive TP and false
negative FN, the number of correctly and incorrectly clas-
sified benign tumors as true negative TN and false positive
FP, respectively. Five descriptive statistics are calculated as:
ACC¼ TPþTN

TPþTNþFPþFN ; SEN ¼ TP
TPþFN ; SPE ¼ TN

TNþFP ; PPV ¼
TP

TPþFP ; NPV ¼ TN
TNþFN

In the experiments, leave-one-out method was utilized for
SVM training and testing: one case is for testing, and the
others are used for training, the process is iterated until all
the cases have been used to testing and training. Given a set
of training vectors (ns in total) belonging to separate classes:

x
0
1; y1

� �
; x

0
2; y2

� �
; . . . ; x

0
s; ys

� �
, where x

0
s denotes the sthinput

vector and ys 2 f1;�1g is the corresponding desired output.
When the output of SVM is 1, the system will classify the
tumor in the image as benign. Conversely, the tumor will be
diagnosed as malignant. The error rates or predictive accu-
racy on the different iterations are averaged to yield an
overall error rate, or predictive accuracy. The kernel param-
eter of SVM classifier is selected according to the classifi-
cation performance with different γ values. By the
experiment, we found that with the γ ranging from 0.01 to
0.023, the SVM classifier obtained a stable and highest
accuracy.

In this paper, two other CAD systems: syst 1 [6], syst 2
[12] are also utilized to the same cases for comparison. Syst

Table 2 Classification performances of the features with different
characteristics [Ref. (4, 6, 12 and 16)]

Features ACC (%)

Color Doppler feature 87.0

Morphologic feature 81.3

Texture feature 77.5

Fig. 4 The ROC curve of the
classification ratio
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1 extracted the autocovariance texture features and so-
lidity morphologic features from B-Mode ultrasound
images, then, a SVM classifier was utilized to classify
the tumor as benign or malignant. In syst 2, geometric
features, textural features and blood flow features were
extracted from the B-Mode and the color Doppler
images and employed to differentiate the benign and
malignant lesions. The statistical overall performances
of three systems are shown in Table 1.

From Table 1 it can be seen that the proposed CAD
system achieves a highest overall accuracy (ACC0

91.42 %). Its sensitivity is 92.73 %, and it means the
more malignant tumors can be detected by the proposed
approach than two other approaches. This is because,
different to other systems, the benefit of mutual com-
pensation of proposed system can be obtained from both
global features (morphologic and texture features) and
local features (local blood flow features). The specificity
value (90.00 %) demonstrates that the number of benign
tumors incorrectly classified as malignant is lower than
other approaches, i.e., by using proposed CAD system,
the fewer benign tumors need further examination. Fur-
thermore, the lower NPV indicate that fewer malignant
tumors were wrongly classified, which is helpful to
reduce the death rate.

To offer a more comprehensive comparison, we com-
pare the classification performances of different classi-
fiers trained by integrating the morphology features,
texture features and color Doppler flow features
extracted by works [4, 6, 12, 16] and the proposed
system to validate the efficiency of the proposed feature
extraction strategy. The classification accuracies with
different feature combinations are listed in Table 2.

It is seen from Table 2 that the corresponding
classification accuracy of color Doppler features
extracted by proposed system is much larger than
those of the features in other related works. This
demonstrates that the proposed feature extraction strat-
egy is reliable and useful in discriminating benign and
malignant tumors.

The second criterion for evaluating the performance
of the classifier system is the receiver operator char-
acteristic curve (ROC) [24]. The curves were con-
structed by computing the sensitivity and specificity
of increasing numbers of clinical findings in predicting
step. The most commonly used for global index of
diagnostic accuracy is the area under the ROC curve
(AUC). Values of AUC close to 1.0 indicate that the
marker has a high diagnostic accuracy. From Fig. 4 it
can be seen that the AUC value of the proposed
method is the much higher (0.9455) than that of other
two approaches (0.8842, 0.9040), this demonstrates
that the proposed method is more accurate.

Discussion

In this paper, an effective classification system of breast
ultrasound image was proposed. According to the principle
of color Doppler imaging, the blood flow velocity informa-
tion is encoded in varying value component of brightness by
transforming the color Doppler flow image from RGB color
space to HSV color space. In addition, a velocity coherence
vector algorithm was proposed based on color coherence
vector algorithm, which is helpful for estimating the blood
velocity field information quantitatively. By using proposed
system, the optimize detection of blood flow indices can be
designed automatically without visual inspection. Ensemble
of classifiers with different feature characteristics to obtain
the benefit of mutual compensation was also dealt with. The
diagnosis using different inputs (feature vectors) in classifi-
cation of benign and malignant tumors was performed by
support vector machine classifier, and the assessment of
feature extraction and classification was executed by evalu-
ating the classification performances of classifiers with dif-
ferent feature characteristics and their combinations. The
accuracy for classifying benign and malignant tumors by
integrating the B-Mode features with color Doppler features
was 91.42 % with 92.73 % sensitivity and 90.00 % speci-
ficity. The AUC value of the proposed method is 0.9455.
The experimental results demonstrate that the proposed
CAD system is very effective and useful for classifying
the breast tumors.
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