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Rationale and Objectives. Although the spiculation levels of breast mass boundaries are a primary sign of malignancy
for masses detected on mammography, developing an automated computerized method to detect spiculation levels and
quantitatively evaluating the performance of such a method is a difficult task. The objectives of this study were to (1) de-
velop and test a new method to improve mass segmentation and detect mass boundary spiculation levels and (2) assess
the performance of this method using a relatively large imaging data set.

Materials and Methods. The fully automated method developed for this study includes three image-processing steps. In
the first step, the principle of maximum entropy is applied in the selected region of interest (ROI) after correcting the
background trend to enhance the initial outlines of a mass. In the second step, an active-contour model is used to refine
the initial outlines. In the third step, spiculated lines connected to the mass boundary are detected and identified using a
special line detector. A quantitative spiculation index is computed to assess the degree of spiculation. To develop and
evaluate this automated method, 211 ROIs depicting masses were extracted from a publicly available image database.
Among these ROIs, 106 depicted circumscribed mass regions and 105 involved spiculated mass regions. The performance
of the method was evaluated using receiver-operating characteristic (ROC) analysis.

Results. The computed area under the ROC curve, when applying the method to the data set, was 0.701 � 0.027. By set-
ting up a threshold at a spiculation index of 5.0, the method achieved an overall classification accuracy of 66.4%, with
54.3% sensitivity and 78.3% specificity.

Conclusions. In this study, a new computerized method with a number of unique characteristics was developed to detect
spiculated mass regions, and a simple spiculation index was applied to quantify mass spiculation levels. Although this
quantitative index can be used to distinguish between spiculated and circumscribed masses, the results also suggest that
the automated detection of mass spiculation levels remains a technical challenge.
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Breast cancer is among the leading causes of death in
women (1,2). The early detection and treatment of breast
cancer can substantially reduce patient mortality and mor-
bidity (3). For the early detection of breast cancer, mam-
mography is widely used and is among the most reliable
and cost-effective methods (4,5). However, in the clinical
environment, reading mammograms is a time-consuming
and low-specificity task for most radiologists. To help
improve radiologists’ reading efficiency and interpretation
performance, a large number of computer-aided detection
or computer-aided diagnosis (CAD) methods have been

developed and tested (6). Currently, commercialized CAD
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methods have achieved very high performance in detect-
ing microcalcification clusters (eg, 98% sensitivity with
0.2 false-positive clusters per image [7]), although their
performance in mass detection remains relatively low (8).
As a result, using CAD has substantially improved radiol-
ogists’ performance and efficiency in detecting microcal-
cification clusters (9). However, because of radiologists’
low confidence in CAD-cued masses, most CAD-cued
false-negative masses are discarded as false-positive de-
tections in the screening environment (10).

A large number of studies have been conducted in an
attempt to improve the performance of CAD in mass de-
tection (6). One approach focuses on improving mass seg-
mentation accuracy and identifying effective image fea-
tures. Previous studies have suggested that improving the
accuracy of mass region segmentation could also signifi-
cantly improve the performance of CAD in mass detec-
tion and characterization (11,12). The segmentation of
masses on original images is often difficult when the
masses overlap with surrounding dense-tissue paren-
chyma. Several automated and semi-automated methods
focusing on this problem have been developed (13–17).
These include using a density-weighted contrast enhance-
ment algorithm that combines adaptive filtering and edge
detection (13), an adaptive multilayer topographic re-
gional growth algorithm (14), a gray-level–based iterative
and linear segmentation algorithm (15), a dynamic program-
ming approach (16), and dynamic contour modeling (17) to
segment mass lesions from surrounding breast tissue.

One important feature in automated mass detection and
classification is mass boundary spiculation level (18). A
number of previous studies have been conducted in an
attempt to automatically detect spiculated masses and in-
corporate this feature into CAD methods (19–22). Keg-
elmeyer et al (19) detected spiculated masses using local
edge orientation and Laws texture features. In their algo-
rithm, a statistical classifier is applied to labeling each
pixel with its probability of being located on an abnor-
mality, but it is not applicable for the detection of non-
spiculated masses. Karssemeijer and Te Brake (20) used a
method based on the statistical analysis of a map of pixel
orientations to detect stellate distortions on mammograms.
Huo et al (21) developed a new spiculation-sensitive pat-
tern recognition technique to quantify the degree of spicu-
lation of a lesion and classified masses as malignant or
benign. They reported that the computer-extracted spicu-
lation measure was shown to yield higher classification
accuracy than the spiculation rating of an experienced

radiologist. Sahiner et al (22) presented a fully automated
and three-stage segmentation method that included clus-
tering, active contour, and spiculation detection stages to
detect spiculated and nonspiculated masses. The results
indicated that combining texture features with morpho-
logic features extracted from automatically segmented
mass regions was an effective approach for the automated
characterization of mammographic masses. Recent studies
of interactive CAD methods have also suggested that the
accurate detection and classification of mass boundary
spiculation levels plays an important role in improving
the visual similarity of similar reference mass regions
selected by interactive CAD methods (23).

Although significant research effort has gone into devel-
oping computerized methods to detect mass boundary spicu-
lation levels, the accurate and robust detection of mass spic-
ulation remains a technical challenge because the spiculated
patterns are often subtle and varied in appearance, and im-
age subsampling is frequently used in mass detection meth-
ods (12). In addition, because of the lack of “ground truth”
of mass spiculation levels in the testing data set, assessing
the performance of a method is also difficult.

In this study, we developed and tested a new comput-
erized method whose aim is to obtain an accurate delinea-
tion of mass boundaries and quantification of boundary
spiculation levels. This fully automated method includes
three main steps. In the first step, the principle of maxi-
mum entropy is used to detect the initial mass outlines
(boundary contours) in the region of interest (ROI) after
correcting for noisy background trend. In the second step,
an active-contour model is applied to refine the initially
detected mass boundary contours. In the third step, a line
detector is used to detect and identify spiculated lines
connected to the mass boundary. On the basis of the final
region segmentation, a quantitative measure (feature), the
spiculation index (SI), is used to assess the degree of
spiculation. The performance of the method using the SI
for classifying identified mass regions was evaluated us-
ing a relatively large image data set and the area under
the receiver-operating characteristic (ROC) curve.

MATERIALS AND METHODS

Selection of Image Data Set
The images used in this study were selected from a

publicly available database, the Digital Database for
Screening Mammography (DDSM), assembled by a re-
search group at the University of South Florida (24). This

database has been selected and used in developing a num-
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ber of CAD methods (15,25). The criteria for the inclu-
sion of an image in the data set for this study were that
the image contained circumscribed and irregular spicu-
lated masses subjectively classified by radiologists and
recorded in the DDSM. We selected both malignant and
benign masses that met the inclusion criteria of this study.

For image selection, we first used software provided
by the Michael Heath Computer Vision Laboratory at the
University of South Florida (24) to uncompress the im-
ages. Then the raw data of images that were digitized
using both Lumisys (Marietta, GA) and Howtek (Aztek,
Inc., Irvine, CA) digitizers were subsampled using an av-
erage of 8 � 8 pixel values (ie, increasing the pixel size
from 50 � 50 to 400 � 400 �m when using the Lumisys
digitizer). We also compressed the range of image pixel
gray level from 12 to 8 bits. In the DDSM, each image
depicting abnormal masses has a corresponding overlay
file that records detailed information about each mass re-
gion, including lesion type, the Breast Imaging Reporting
and Data System assessment, the pathologic classification
(malignant or benign), a subjective rating of lesion sub-
tlety, and a visual assessment of boundary margin charac-
teristics. Mass boundaries in the DDSM have been sub-
jectively characterized as (1) spiculated, (2) circum-
scribed, (3) ill defined, (4) microlobulated, and (5)
obscured. In this study, we selected only ROIs that de-
picted spiculated or circumscribed masses. To regularly
extract each ROI, we first manually marked a point
(pixel) near the subjectively estimated geometric center of
the mass. After applying a window of 15 � 15 pixels
centered at the marked pixel, our computerized method
searched for a pixel with the minimum gray level (digital
value) inside the window. Then, using this pixel as the
center, the method automatically extracted the ROI that
covered the selected mass region. Each extracted ROI
included 128 � 128 pixels (ie, 51.2 � 51.2 mm for im-
ages digitized using the Lumisys digitizer).

The selected test data set consisted of 106 ROIs in-
volving circumscribed mass regions and 105 ROIs involv-

Table 1
Detailed Description of the Selected Image Data Set

Digitizer Circumscribed Masses Spiculated Masses

Lumisys 70 44
Howtek 36 61
Total 106 105
ing spiculated mass regions from 206 mammograms of
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144 patients (Table 1). The subtlety of each abnormality
recorded in the DDSM ranges from 1 (subtle) to 5 (obvi-
ous). A histogram of the subtlety ratings of the selected
ROIs is plotted in Figure 1. The distribution of the sizes
of the selected mass regions is shown in Figure 2, indi-
cating that the distribution of the sizes for both circum-
scribed and spiculated masses was similar. The mean
sizes of the circumscribed masses and the spiculated
masses were 12.2 and 14.8 mm, respectively, in the se-
lected data set. Table 2 summarizes the density assess-
ment distribution of normal breast tissue surrounding each
identified mass using Breast Imaging Reporting and Data

Figure 1. Distribution of the subtlety ratings of the regions of
interest in our data set, as given in the Digital Database for
Screening Mammography.

Figure 2. Distribution of the mass sizes of the regions of interest
in our data set.
System ratings for all cases in the data set.
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Correction of Background Trend in ROIs
The density of neighboring and overlapping breast tis-

sue may affect the background gray levels of ROIs. In
general, background tissue does not directly relate to the
presence of a mass, but it may affect the segmentation
and feature extraction results used in computerized analy-
sis. To reduce the influence of background tissue to
masses, we applied an algorithm that could correct the
gray-level distribution and make masses salient in the
ROIs. The method was chosen on the basis of the topo-
graphic form of the ROIs. The topographic form of
masses is higher than that of background tissue. Masses
typically contain high-frequency information, whereas
background tissue contains low-frequency information.
Because of this, plane fitting based on the least-squares
method (26) was applied. Figure 3 shows one spiculated
mass (Fig 3a) and one circumscribed mass (Fig 3b) de-
picted on two ROIs. Figure 3c,d illustrate the fitting plane
image of the original ROIs, and Figure 3e,f show the cor-
responding ROIs obtained by subtraction of the plane im-
age from the original ROIs. The processing substantially
reduces the variation of the background gray levels, re-
sulting in a “flat background” in the ROI while retaining
high-frequency information (ie, masses). Next, to improve
mass contrast, the gamma correction procedure and a sim-
ple Gaussian filter were used sequentially. This image-
processing procedure generated the background-trend-
corrected ROIs (Fig 3g,h). From these ROIs, one can ob-
serve that the influence of the background structures is
reduced, and masses become salient objects.

Segmentation of Mass Region
After background trend correction, our computerized

Table 2
Distribution of BI-RADS Assessments of Breast Tissue
Composition for All Selected Cases in the Data Set

BI-RADS Rating*

Mass 1 2 3 4
Circumscribed 13 37 18 4
Spiculated 8 32 19 13
Total 21 69 37 17

BI-RADS, Breast Imaging Reporting and Data System.
*Rating categories 1 to 4 represent “almost entirely fat,” “scat-

tered fibroglandular densities,” “heterogeneously dense,” and “ex-
tremely dense.”
method applies three steps to segment mass region and
detect boundary spiculation level, as described in the fol-
lowing.

Step 1: Initial segmentation using the principle of
maximum entropy

In this step, a mass region is segmented with the initial
detection of a mass shape within an ROI using the princi-
ple of maximum entropy. Entropy is a basic concept in
information theory proposed by Shannon (27). For a dis-
crete variable Y with a set of values y1, y2, . . ., yN, Equa-
tion 1 is defined as entropy on the basis of the probability
distribution of Y. In general, higher entropy means more
information contained in a system.

H(Y) � ��
1

N

P(Y � yi)log P(Y � yi). (1)

The principle of maximum entropy is one of the
most important threshold selection methods in image
processing. It was first proposed by Pun (28) and aims
to divide histograms of images into independent
classes, with the sum of entropies for all classes de-
fined as the maximum. The problem can be formalized
as follows. For a set P, P is divided into k subsets
without overlap, P � P1 � P2 � . . . � Pk. The sum of
subset entropies is represented as

H(P) � H(P1) � H(P2) � . . . � H(Pk). (2)

Next, optimal thresholds are selected to divide the his-
togram of P to achieve the maximum H(P) value. The
purpose of this step is to partition pixels of ROI into
mass and background tissue. It means that an adaptive
threshold should be found to classify the pixels into two
classes, A and B. The parameter k in Equation 2 equals 2,
and p0, p1, . . ., pn is defined as the probability distribution
of the gray levels of background-trend-corrected ROIs.
If s is set to be the threshold, two probability distributions
can be obtained. One is the probability distribution of
1 � s gray levels, and the other is the probability distri-
bution of s � 1 � n gray levels. The two probability dis-
tributions are

A :
p0

PT

,
p1

PT

, . . . ,
ps

PT

; B :
ps�1

1 � PT

,
ps�2

1 � PT

, . . . ,
pn

1 � PT

,

s

where PT � �
i�0

pi. (3)
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The respective entropies for A and B are

H(A) � ��
i�0

s pi

PT

log
pi

PT

; and

H(B) � � �
i�1�s

n pi

1 � PT

log
pi

1 � PT

. (4)

s � arg{max
s

[H(A) � H(B)]}. (5)

The optimal threshold s should satisfy Equation 5.
With this threshold, the maximum entropy (or maximum
information) that represents the optimal division of the
image would be obtained.

Figure 4a,b shows the segmentation results of the
background-trend-corrected ROIs (as shown in Fig 3) on
the basis of the principle of maximum entropy. The im-
ages are illustrated in binary form; a value of 255 (white)
indicates an object (mass) pixel, and a value of 0 (black)
indicates a background pixel. To obtain the initial contour
of the mass region, a morphologic dilation operation with
a 3 � 3 square mask is applied to the binary image.
Figure 4c,d shows the results of the initial boundary con-
tour after subtraction of the original segmented image
from the dilated image. Because of the method depicted
in ROI extraction, the center of the ROI is the brightest

Figure 3. The original regions of interest (ROIs
background-trend-corrected ROIs for a spiculat
Fitting plane image of the original ROIs on the b
of the plane image from the original ROIs. (g,h)
pixel (with the minimum digital value) inside the seg-

1538
mented mass region. Hence, we treat the first connected
area boundary on the direction pointing outward from the
center as the final segmented outline of this stage, as
shown in Figure 4e,f. In addition, Figure 4g,h shows the
segmentation results highlighted on the original ROIs.

Step 2: Segmentation refinement with
active-contour model

We then applied an active-contour (or snake) model
(29) to improve mass boundary segmentation. An active-
contour model is an energy minimization method that has
been widely used in applications of computer vision and
pattern recognition, including edge detection, shape seg-
mentation, and motion tracking. However, active contour
depends heavily on local edge–based image features to
guide its convergence. This makes active-contour models
sensitive to noise and the initial estimation. Hence, good
initialization is often required. Because the preliminary
results showed that initial mass segmentation results ob-
tained in the first step of the method generated reasonable
mass shapes for most masses, we used it as the initial
contour (starting point) in the active-contour model.

A snake is a curve defined within an image domain
that can move under the influence of internal forces
within the curve itself and external forces derived from
the image data. The actions of a snake are directed by an

fitting planes, the subtracted ROIs, and the
ass (a) and a circumscribed mass (b). (c,d)
of the least-squares method. (e,f) Subtraction
ground-trend-corrected ROIs.
), the
ed m
asis
energy function. A snake is defined as v(s) � [x(s), y(s)],
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where x(s) and y(s) are x and y coordinates along the con-
tour, and s � [0,1]. The general description of the energy
function is given in Equation 6. It consists of internal
energy and external energy:

Esnake � �0

1
Eint[v(s)]ds � Eext[v(s)]ds. (6)

The internal energy is usually written as Eint �
[�(s)|vs(s)|2 � �(s)|vss(s)|2]/2. It is composed of a first-
order term controlled by �(s) and a second-order term
controlled by �(s). The first-order term vs(s) is treated as
elastic energy, which causes the snake to shrink like an
elastic rubber band. The second-order term vss(s) makes
the snake behave like a thin metal strip and is responsible
for the smoothness of the contour. The external energy is
derived from the image data. It attracts the snake to sa-
lient image contours, such as edges, lines, and subjective

Figure 4. Initial segmentation procedures applie
threshold result based on the principle of maximu
nected area boundary (e, f), and the boundary co

Figure 5. The gradient of a background-trend-co
(a,b) and the gradient of a background-trend-corr
contours. For this purpose, external energy can be defined
as intensity or gradient of the image. In 1998, Xu and
Prince (30) proposed gradient vector flow to deal with the
two key difficulties of the traditional active-contour
model. The gradient vector flow field, the vector V(x, y) �
[u(x, y), v(x, y)], minimizes the energy function

� � � � ��ux
2 � uy

2 � vx
2 � vy

2� � | 	 f |2|V � 	 f |2 dxdy,

(7)

where |	f | is the gradient of the original image. The gradi-
ent of the original image is identified as an edge map in which
each pixel is assigned a value according to the edge strength.
Mostly, pixels with large values represent object boundaries.
The calculated edge magnitudes and capture range of the
edge map directly affect the gradient vector flow field.

In this study, we applied our previously proposed

two masses shown in Figure 3, including the
tropy (a, b), dilation result (c, d), the first con-
overlaid on the original region of interest (g, h).

d region of interest (ROI) obtained with our method
ROI obtained with the general method (c,d).
d to
m en
rrecte
method (31) to compute the edge map. Figure 5a,b shows
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the gradient of a background-trend-corrected ROI ob-
tained with our method, and Figure 5c,d shows the gradi-
ent of a background-trend-corrected ROI obtained with
the general method (30). From Figure 5, it can be seen
that the gradient computed using our method is more ob-
vious than that computed using the general method, and it
results in increasing the capture range of the external
force field. To apply the active-contour (snake) algorithm to
segment the boundaries of the suspected mass regions, we
downloaded and tested an available active-contour program
(GVF Snake Demo version 1.0 beta [32]). We then modified
this program with the proposed gradient image and inte-
grated it into our method. Figure 6a,b shows the refined re-
sults of the original ROI shown in Figure 3a,b after applying
the active-contour model to the images.

Step 3: Detection of spiculation level
In this step, a line or edge detection filter is applied to

detect linear structures surrounding the mass boundary
contour detected in previous steps. Although not all of the
linear structures are related to the mass boundary spicula-
tion, we define the spiculated lines as those that must be
located approximately in directions radiating from the
center of the mass region, whereas most blood vessel or
other tissue lines do not have such an orientation charac-
teristic. Hence, one useful feature of detecting spiculated
lines is their orientation, and we designed a special line
detector to detect mass boundary spiculation.

The detection of spiculations with the line detector is
complicated by the fact that the search direction for the
spiculation changes with the shape of mass and the curva-
ture of its margin. To overcome this problem, we first
transformed original coordinates (x, y) of the background-
trend-corrected ROI containing the mass boundary seg-

Figure 6. The refined boundary contours overlaid on the original
region of interest in Figure 3a (a) and 3b (b), respectively.
mented by the active-contour model into polar coordinates
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(
, d). The center of the background-trend-corrected ROI
defines the origin for the coordinate transform. The x axis
in the polar coordinate image represents the angle 
 from
0 to 2�, whereas the y axis represents the radius d from 0
to half of the ROI size (64 pixels). The transformed im-
ages are illustrated in Figure 7. In the polar coordinate
representation image, pixel value 0 represents the pixels
inside the segmented result obtained with the snake. After
the transformation, pixels along a radial line from the
center to the border of the background-trend-corrected
ROI are mapped to a column of the polar coordinate im-
age. Pixels at a constant distance radiating from the cen-
ter of the background-trend-corrected ROI are mapped to
a row of the polar coordinate image. In this way, the bor-
der of a mass is expected to appear approximately as a
horizontal edge, and spiculations are expected to appear
approximately as vertical lines in the polar system.

On the basis of the orientation characteristic of spicu-
lations, we defined a line detector that could detect verti-
cal line structures on the polar coordinate image. The line
detector contains a series of edge filter templates, which
are shown in Figure 8. They are used to obtain vertical or
nearly vertical gradient transformation. Each edge filter
template is applied to convolve the polar coordinate im-
age respectively. With these defined templates, five values
at each pixel are obtained, and the largest among the ab-
solute of these five values is denoted as the last gray
value for the pixel. If the largest value is greater than
255, the pixel value is denoted as 255. The obtained gra-
dient transformation images are represented in Figure 9.
Next, the threshold method with an optimal threshold
value of 255 is used to convert the filtered image into a
binary image. All pixels with digital values smaller than
255 are assigned values of 0, whereas other pixels with

Figure 7. The polar coordinate representation image of the
background-trend corrected region of interest shown in Figure 3g
(a) and 3h (b) processed with the refined result by the active-con-
tour model, respectively.
digital values are 255 are converted to 1. The binary im-
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age is transformed into original coordinates (x, y), and all
detected lines with the mass boundary that we had al-
ready segmented are combined. Then a labeling method is
applied to extract the first connected area boundary on the
direction pointing outward from the center. The extracted
connected area boundary is treated as the final segmented
result of this segmentation algorithm. The results are
shown in Figure 10.

Evaluation of the Performance of the Method
Although spiculation level is an important feature in

detecting and classifying breast masses, a previous study
has indicated large interobserver variation in subjectively
rating mass boundary spiculation levels (33). Hence, mass
boundary spiculation is a very subjective concept, and
there is no “ground truth” to evaluate the severity of spic-
ulation levels and the accuracy of computerized methods.
To “quantitatively” evaluate the accuracy of our spicula-
tion detection method, we applied a computed measure
index to assess the spiculation levels of different mass
regions. This quantitative measure is defined as SI �
P2/A, where P represents the detected number of perime-

Figure 8. A series of edge filter templates.

Figure 9. The gradient transformation image of Figure 7a (a)
and 7b (b), respectively.
ter pixels, and A is the mass area (the total pixels de-
tected inside the mass region). Higher spiculated mass has
more pixels detected in the perimeter, which generates a
larger SI value. This feature has been widely accepted as
an effective evaluation index for spiculation in CAD
methods for mammography (12,34).

After applying our automated computer method to the
image data set to detect mass boundary spiculation and
compute total 211 SI values (including 106 for circum-
scribed masses and 105 for spiculated masses), we ap-
plied ROC analysis (35) to evaluate the abilities of the
spiculation measure in classification between these cir-
cumscribed and spiculated masses. Specifically, we used a
publicly available ROC program (ROCFIT [36]) that uses
a maximum likelihood statistical method to fit the experi-
mental data, generate a smoothed ROC curve, and com-
pute the area under the ROC curve (AZ), that is used as a
performance index in our method.

RESULTS

The difference of two histogram distributions of SI
values between 106 circumscribed mass regions and 105
spiculated mass regions was compared and plotted (Figure
11). On average, the computed SI values of spiculated
mass regions were higher than those of circumscribed
mass regions. In this data set, the average SI value for the
106 circumscribed mass regions was 4.4 � 3.1, and the
average SI value for the 105 spiculated mass regions was
7.1 � 4.8. For example, the computed SI values for the
two mass regions as shown in Figure 3a,b were 7.0 and
3.0, respectively. When a threshold (SI � 5.0) was ap-
plied to classify between spiculated and circumscribed
mass regions, 140 of 211 (66.4%) of mass regions, in-
cluding 57 spiculated mass regions (54.3%) and 83 cir-
cumscribed mass regions (78.3%) were classified into the
correct group (category), whereas the remaining 71
(33.6%) regions, including 48 spiculated mass regions
(45.7%) and 23 circumscribed mass regions (21.7%),
were misclassified in the data set used in this study. Thus,
the overall accuracy at this threshold level is 66.4%, with
54.3% sensitivity and 78.3% specificity. The correspond-
ing false-negative rate is 0.23 (48 of 211) and false-posi-
tive rate is 0.11 (23 of 211). On the basis of the two his-
togram distributions shown in Figure 11, a computed
ROC curve is plotted in Figure 12. It shows the overall
performance of this new computerized method to detect

and distinguish between spiculated and circumscribed mass
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regions in the data set selected for this study. The computed
area under the ROC curve (AZ) was 0.701 � 0.027.

DISCUSSION

Mass boundary spiculation is a well-recognized image
feature in both visual and automated detection between
true-positive and false-positive masses as well as classifi-
cation between malignant and benign masses (18). It is
also a very important and sensitive feature for improving
visual similarity of similar reference masses selected by
interactive CAD methods (23). As a result, the automated
detection of spiculated mass regions has attracted substan-
tial research interest in CAD development. Although pre-
vious studies have suggested that using CAD methods
involving automatically detected mass spiculation–related
features could achieve higher performance (in particular

Figure 10. The final segmented results of this
final segmented results shown on the original re

Figure 11. The histogram distribution of two types of mass re-
gions using the spiculation index.
for the classification of malignant and benign masses)

1542
(19–22), the performance of these computer methods in
actually detecting mass spiculation levels or classifying
between spiculated and nonspiculated (eg, circumscribed)
mass regions has not been quantitatively assessed and
reported in detail. Without knowing the actual perfor-
mance (including accuracy and robustness) of the meth-
ods in detecting mass spiculation levels, it is difficult to
assess the exact or the maximum potential contribution of
the computed mass spiculation–related features to the
overall improvement of CAD performance. In this prelim-
inary study, we focused on developing a new automated
approach to detect mass boundary spiculation levels and
assessing the method’s performance in detecting and dis-
tinguishing between spiculated and circumscribed masses
using a relatively large image data set and ROC analysis.

To automatically detect the spiculated lines (or curves)
connected to the mass boundary, the accurate segmenta-

entation algorithm in binary form (a,b) and the
of interest (c,d).

Figure 12. Receiver-operating characteristic curve for distin-
guishing between spiculated and circumscribed mass regions.
segm
tion of mass boundary contour is an important procedure
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that determines the success or failure of a method in cor-
rectly detecting and classifying between spiculated and
circumscribed mass regions. In our method, we imple-
mented a unique algorithm to segment mass boundaries.
The segmentation algorithm combined the principle of
maximum entropy with an active-contour model. The re-
sults demonstrated that this algorithm could effectively
segment the boundaries of most typical masses in the data
set used in this study. This algorithm tends to smooth
mass region boundaries, and the segmented mass bound-
ary contour closely matches the real mass boundary, ex-
cept that it misses the attached spiculated lines (as shown
in Fig 6). Then, the method applies a specially designed
line detector to identify the connected spiculated lines.
The detector includes several image processing steps: (1)
coordinate transformation from original (x, y) to polar
coordinates (
, d), (2) filtering transformed images with a
series of edge filter templates, and (3) line detection and
labeling. The results indicated that this algorithm could
detect a high fraction of spiculated lines, even in very
low resolution images (with approximately 400 � 400
�m pixel size). As a result, this new computer method
can efficiently detect and correctly classify the majority of
typical spiculated and circumscribed mass regions. For
example, when a threshold (SI � 5.0) was applied to dis-
tinguish between spiculated and circumscribed mass re-
gions, approximately two thirds (140 of 211) of mass re-
gions were classified into the correct group.

We recognize that the classification rate or ROC-based
performance of our method in distinguishing between spicu-
lated and circumscribed mass regions remains relatively
lower (with an AZ value of 0.701 � 0.027, as shown in
Figure 12). There are two reasons for this low AZ value
when applying our computer method. First, the method fails
to detect a fraction of spiculated lines for some low-conspi-
cuity mass regions surrounded with dense fibroglandular
breast tissue. Second, the method misrecognizes other sur-
rounding linear structure (eg, blood vessels) as spiculated

Figure 13. An example of the misclassification of a spiculated
mass region.
lines connected to the circumscribed mass regions. Figure 13
demonstrates an example in which the method classified a
spiculated mass region as a circumscribed mass region
(SI � 2.0), and Figure 14 shows another example in
which a circumscribed mass region was classified as a
spiculated region (SI � 14.0). Therefore, achieving highly
accurate and robust results with current computerized
methods in detecting mass boundary spiculation remains a
major technical challenge (particularly for CAD methods
that detect breast masses using images with low spatial
resolution).

Despite the limitations of our method’s performance
and the large interobserver variability in rating mass spic-
ulation levels (12,33), which may affect the reliability of
the “truth” file, the overall performance reported in this
study (Figure 12) provides a useful reference of method
performance in automatically detecting mass boundary
spiculation levels. This performance reference level is not
only useful for our future studies that aim to improve the
performance and robustness of our computerized method
in detecting and classifying spiculated masses, it can also
be easily used by other research groups to compare and
demonstrate the performance improvement of their com-
puter methods, because this performance reference was
generated using a publicly available image data set (the
DDSM).

In summary, we developed a new computerized
method with a number of unique characteristics to detect
spiculated mass regions and applied a simple SI to quan-
tify mass spiculation levels. We assessed and reported the
overall performance level of the method using a data set
that included 105 spiculated and 106 circumscribed mass
regions selected from a publicly available image database.
The results of this preliminary study demonstrate that the
overall performance of the computerized method in de-
tecting mass spiculation levels was relatively low because
of the remaining technical challenge in the automated
detection of mass spiculation levels. Although similar
performance evaluations have not been performed and

Figure 14. An example of the misclassification of a circum-
scribed mass region.
reported in previous studies by other research groups, we
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believe that this performance level is not a limitation that
applies only to our present computerized method. There-
fore, further development and evaluation studies are
needed in this area to improve the performance and ro-
bustness of computerized methods in detecting and quan-
tifying mass boundary spiculation levels.
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