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Mass segmentation plays a crucial role in computer-aided diagnosis~CAD! systems for classifica-
tion of suspicious regions as normal, benign, or malignant. In this article we present a robust and
automated segmentation technique—based on dynamic programming—to segment mass lesions
from surrounding tissue. In addition, we propose an efficient algorithm to guarantee resulting
contours to be closed. The segmentation method based on dynamic programming was quantitatively
compared with two other automated segmentation methods~region growing and the discrete con-
tour model! on a dataset of 1210 masses. For each mass an overlap criterion was calculated to
determine the similarity with manual segmentation. The mean overlap percentage for dynamic
programming was 0.69, for the other two methods 0.60 and 0.59, respectively. The difference in
overlap percentage was statistically significant. To study the influence of the segmentation method
on the performance of a CAD system two additional experiments were carried out. The first
experiment studied the detection performance of the CAD system for the different segmentation
methods. Free-response receiver operating characteristics analysis showed that the detection per-
formance was nearly identical for the three segmentation methods. In the second experiment the
ability of the classifier to discriminate between malignant and benign lesions was studied. For
region based evaluation the areaAz under the receiver operating characteristics curve was 0.74 for
dynamic programming, 0.72 for the discrete contour model, and 0.67 for region growing. The
difference inAz values obtained by the dynamic programming method and region growing was
statistically significant. The differences between other methods were not significant. ©2004
American Association of Physicists in Medicine.@DOI: 10.1118/1.1688039#

Key words: dynamic programming, segmentation, classification, breast masses, computer aided
diagnosis~CAD!
hy

e
d

io
b

je
r

os
ap
a
e
d
s
da
th
el

in
se
io

a
t all

es
me

. An

en-
in-
or-
rue

tead
he
on-
s
d on
ked
ject
lgo-
. To

els
of
I. INTRODUCTION

To improve the efficiency of screening mammograp
computer-aided diagnosis~CAD! methods are being
developed.1–3 An important step in CAD algorithms is th
segmentation of mammographic masses. Globally we can
vide segmentation methods into two main categories: reg
based and edge based. Methods of both categories have
applied to the segmentation of mammographic masses.

The first category assigns each pixel to a particular ob
or region. Examples are split-and-merge algorithms and
gion growing techniques. Region growing is one of the m
popular segmentation methods and many different
proaches have been proposed. For example, Kupinski
Giger developed two extended region growing techniqu
one based on the radial gradient index and another base
simple probabilistic models.4 They tested these method
against a conventional region growing algorithm using a
tabase of biopsy-proven, malignant lesions and found
the new lesion segmentation algorithms more clos
matched radiologists’ outlines of these lesions. Guliatoet al.
proposed fuzzy region growing methods for segment
breast masses and further classified the segmented mas
benign or malignant based on the transition informat
present around the segmented regions.5,6 Petrick et al. ap-
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plied object based region growing in combination with
density-weighted contrast enhancement filter to segmen
significant structures within the breast.7 One of the problems
of region growing is that small and low-contrast structur
have a tendency to grow into the background and beco
large regions even though the actual mass is quite small
example is given in Fig. 1~d!. The region growing method
fails to find the border of the mass and the resulting segm
tation is too large. Another problem is that structures conta
ing internal gradients do not always grow to the correct b
der but can end up containing only a section of the t
object.

The second category are edge based algorithms. Ins
of dividing the image into object and background pixels, t
boundary of an object is detected. Most algorithms first c
struct a so-callededge image. In the edge image each pixel i
assigned a value according to the edge strength. Base
this image, pixels with strong edges are selected and lin
to each other. In most cases the linked pixels represent ob
boundaries. A disadvantage of the original edge based a
rithms was that a closed contour could not be guaranteed
overcome this problem, an active contour model~snake! was
developed for contour detection. Dynamic contour mod
~snakes! have become en vogue with the snake model
958…Õ958Õ14Õ$22.00 © 2004 Am. Assoc. Phys. Med.
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FIG. 1. Example of segmentation re
sults for a benign mass:~a! original
mammogram with benign mass,~b!
manually segmented mass,~c! discrete
contour model segmentation,~d! re-
gion growing method, and~e! the pro-
posed dynamic programming algo
rithm.
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Terzoupolos and co-workers and have, since then, been
vestigated and applied in various ways.14 The snake mode
builds a deformable contour consisting of connected sp
segments and lets the contour approximate a desired form
minimizing an energy function containing internal and ext
nal energy. The internal energy is the bending energy of
spline, the external energy is calculated by integrating im
features, like the presence of lines and edges. Lobregt
Viergever developed a discrete version of the snake mo
Medical Physics, Vol. 31, No. 5, May 2004
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~discrete contour model! and applied the model to medica
images.8 The main drawback of using deformable models
the task of mammographic mass segmentation is that
algorithm heavily depends on being initialized with a co
tour that is close to the actual boundary. Otherwise the c
tour may stick to the first strong edge it finds. An example
shown in Fig. 2~c!. The initial estimate of the contour, show
in black, is too far from the mass boundary. As a result
model is not able to find the contour and instead is attrac



-
d

-

960 S. Timp and N. Karssemeijer: Dynamic programming based segmentation in mammography 960
FIG. 2. Example of segmentation re
sults for a benign mass that is locate
near the pectoral muscle:~a! original
mammogram with benign mass,~b!
manually segmented mass,~c! discrete
contour model segmentation,~d! re-
gion growing method, and~e! the pro-
posed dynamic programming algo
rithm.
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to the pectoral muscle. Another known problem with defor
able models is that the model may shrink owing to inter
forces, if the edges are not strong enough or too far from
initial contour.

There are a few studies that compare different segme
tion methods.9–11 Timp et al. compared three segmentatio
methods with manual segmentation. However, they did
evaluate the effect of the segmentation on the classifica
performance. te Brakeet al. compared the discrete contou
Medical Physics, Vol. 31, No. 5, May 2004
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model from Lobregtet al. with the region growing algo-
rithms developed by Kupinskiet al. and evaluated the meth
ods by comparing them to manual segmentation.4,8,9 Further-
more, they studied the effect of the segmentation on
detection performance. One of the region growing meth
and the discrete contour model performed equally well in
segmentation task. In the detection experiment the disc
contour model had a higher performance in classifying
segmented region as normal or abnormal. Sahineret al.com-
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pared a mass segmentation method based on an active
tour model with manual segmentation and studied the ef
of the segmentation on the classification accuracy.11 They
found that theAz values using features based on man
segmentation and automated segmentation were nearly
tical.

In this study we developed a new segmentation metho
overcome the problems of region growing and the discr
contour model. The new method uses both edge based i
mation as well asa priori knowledge about the gray leve
distribution of the region of interest~ROI! around the mass
The best contour is found by an optimization techniq
based on dynamic programming. To test the performanc
this method, we compared it with region growing and t
discrete contour model using an area overlap criterion. F
thermore, we studied the effect of the segmentation on
detection and classification of mammographic masses.

The article is organized as follows. Section II presents
explanation of the different segmentation methods. The s
mentation method based on dynamic programming is
scribed in more detail in Sec. II A. The experiments are
scribed in Sec. III. Results are presented in Sec. IV wit
discussion and conclusion in the last sections.

II. SEGMENTATION METHODS

In this section, the three segmentation methods use
this work are described. The first subsection describes
dynamic programming approach. In the second and th
subsection the region growing method and the discrete c
tour model are briefly reviewed.

II.A. Dynamic programming

Boundary definition via dynamic programming can
formulated as a graph searching problem where the goal
find the optimal path between a set of start nodes and a s
end nodes. Typical applications of the use of dynamic p
gramming in boundary tracking problems are tracing bord
of elongated objects like roads and rivers in aerial pho
graphs and the segmentation of handwritten charac
Medical applications include the segmentation of sp
boundaries and tracing vessel borders.

To apply dynamic programming to find the boundary o
mass we notice that the shape of most masses is app
mately circular. This circularity constraint is implemented
carrying out the calculations in polar space. For the tra
form we use a circular ROI with center (mx ,my) and radius
R. The center of the ROI defines the origin for the coordin
transform and should be within the suspect lesion. The ra
should be chosen large enough to allow application of
algorithm to all masses of interest. We choose a radius of
cm. Figures 3~a! and 3~b! show the coordinate transform. A
pixels inside a circular ROI in the original image are tran
formed to the polar ROI 3~b!. Thex axis in the polar image
represents the angle from2p to p and they axis represents
the radius from 0 toR. The dynamic programming algorithm
is applied to the polar ROI to find the optimal path from o
Medical Physics, Vol. 31, No. 5, May 2004
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of the pixels in the first column to one of the pixels in the la
column.

The optimal path is defined as the minimum cumulat
cost path, where the cumulative cost of a path is the sum
the local costs of the pixels on the path. We will now d
scribe the local cost.

II.A.1. Local cost

Local cost is cost assigned to each pixel in the polar
age. This cost should embody a notion of a good bound
pixels that possess many characteristics of the searc
boundary are assigned low cost and vice versa. The lo
cost components form the following cost function:

c~ i , j !5wss~ i , j !1wdd~ i , j !1wgg~ i , j !,

wheres represents the edge strength,d is the deviation from
an expected size, andg is the deviation from an expecte
gray level. The weights for the components are given byws ,
wd , andwg .

Edge strength s( i , j ). As most contours exhibit strong
edges we want to assign pixels with strong edge features
cost. The edge strength for each pixel is determined by
culating the gradient magnitude in the direction normal to
contour. This corresponds with the gradient in vertical dire
tion in the polar image. Then the relative edge strength
determined by normalizing the gradient values with t
maximum gradient max(y8). This normalization ensures tha
subtle contours with low global but high local edge streng
can be found as well. The normalized gradient value is
verted so high gradients produce low costs and vice ve
The gradient component function is

s~ i , j !5
max~y8!2y8~ i , j !

max~y8!
,

wherey8 is the gradient magnitude in vertical direction. F
max(y8) we took the 99th percentile of the gradient valu
measured in the ROI. By taking the 99th percentile it
prevented that one outlier, for instance a very bright mic
calcification, decreases the relative edge strength of all o
pixels in the ROI.

Mass size d( i , j ). Contours that enclose a mass with a s
common for masses are assigned low cost value. On
other hand, very small and very large segmentations are
signed higher cost. Most masses have a radius between 5
15 mm, with a mean radius of about 9 mm.12 The following
formula was used to incorporate size information in the c
function:

d~ i , j !5H ~ j 2m!2: j ,m

~m2m!2: j >m
,

wherem is the mean radius of masses. A cost limitm is set to
prevent that the size component of the cost function co
pletely determines the value of the cost function for lar
masses. This limit is set to 15 mm. Alternatively, the co
component for mass size could be obtained by estimating
size distribution of masses. The probabilities for each s
could then be used to determine the cost valued( i , j ). To use
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FIG. 3. Implementation of the pro-
posed dynamic programming algo
rithm for the segmentation of masse
~a! shows the ROI with a benign mass
~b! shows the ROI in polar coordi-
nates. The cost of all pixels form the
cost matrix~c!. The dynamic program-
ming algorithm calculates the optima
path in the cumulative cost matrix~d!
and ~e!. The final contour is shown in
~f!.
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this method a large representative database with benign
malignant masses of known size is needed to accurately
termine the probabilities for each mass size. Currently,
used the first method as we do not have an indepen
database that we can use for this purpose.

Deviation from expected gray level g( i , j ). Another char-
acteristic of the mass boundary is the gray level. This g
level should correspond with the edge of the object. A co
mon assumption is that this edge is located at the zero cr
ing of the second derivative of the edge profile. In project
images however, the real edge is located toward the da
side ~background!. Consequently, the gray value of the bo
der will have a value close to the background gray leve13

By estimating the intensity distribution of the mass and
background a preferred gray level for the contour can
determined

g5ammass1~12a!mbackground,
Medical Physics, Vol. 31, No. 5, May 2004
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where a should be smaller than 1/2 to ensure the edge
located more toward the background level. The gray le
component of the cost function is defined as

g~ i , j !5sqrt$abs@G~ i , j !2g#%,

where G( i , j ) is the intensity value of the pixel (i , j ). To
estimate the gray level of the mass and the background
used two methods. The first method estimatesmmass and
mbackgroundas the mean gray level inside and outside an ini
estimate of the contour. As initial estimate we took a circ
with a radius of 0.6 cm. In the second method we used
togram analysis to estimate the gray level distributions.
found that most histograms of the ROI can be modeled r
sonably well by a mixture of two Gaussian distributions, o
narrow Gaussian in the low intensity range representing
fatty tissue, and a broader one in the middle/high intens
range representing dense tissue and/or masses. The pa
eters for the Gaussian distributions were estimated using
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Levenberg–Marquardt method. The first peak in the his
gram is used to estimatembackground, and the second peak t
estimatemmass. If the histogram could not be modeled by
mixture of two Gaussians we used the first method to e
mate the preferred gray level.

II.A.2. Dynamic programming path finding
algorithm

Application of the cost function to all pixels in the pola
image results in the so-called cost image. This image ca
seen as a graph in which the dynamic programming a
rithm should find the path with the lowest cost. The pixels
the first column of the cost imagec( i ,0) represents the sta
nodes for the algorithm, whereas the end nodes are re
sented by the pixels in the last column of the image. T
cumulative cost of each path is stored in the cumulative c
matrix. The cumulative cost matrix is constructed in tw
steps. First the cumulative cost of pixels in the first colum
are set equal to the cost of these pixels

C~ i ,0!5c~ i ,0!,

whereC( i , j ) is the cumulative cost andc( i , j ) is the cost
value for pixel (i , j ) in the polar image. For the other pixe
the cumulative cost is calculated by a recursive step

C~ i , j 11!5 min
2m< l<m

C~ i 1 l , j !1c~ i , j 11!1h~ l !. ~1!

The additional cost of a segment of the path for columnj to
j 11 depends on the cost value of pixel (i , j ) and the direc-
tion l. The cost of the direction is set according to a functi
h( l ) which we use to control smoothness.h( l ) is set to in-
finity for directions outside the interval@22,...,2#. The cumu-
lative cost matrix is shown in Fig. 3~d!. The final contour is
found by selecting those pixels that linked together from
boundary with the lowest cost. The end pointC( i ,p) of the
contour is the pixel in the last column of the cumulative c
matrix with the lowest cost. The optimal path is found
backtracing the path from the end pixel to one of the pix
in the first column@Fig. 3~e!#. The optimal path in the pola
image is transformed back to rectangular coordinates in
original image. The resulting segmentation is shown in F
3~f!.

Final contour. The dynamic programming algorithm doe
not guarantee the contour to be closed. In our application
consider a contour as closed if the distance between the
and the end points is less than three pixels. This is conf
the smoothness functionh( l ) ~1! which is zero outside the
interval @22,...,2#. In most cases, especially if the mass
clearly visible, the program will correctly segment the ma
by a closed contour. However, if the mass is vague or if ot
structures obscure the mass boundary, the segmentation
gram can fail to find a closed contour as the optimal pa
The problem is illustrated in Fig. 4. The small mass in t
middle of the image is surrounded by some dense tissue~a!.
Figure 4~b! shows the polar image, with the resulting conto
plotted on top of it. In the beginning the path is attracted
an image structure and deviates from the true mass boun
As a consequence the contour is not closed and cont
Medical Physics, Vol. 31, No. 5, May 2004
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some extra tissue. Figure 4~d! shows the final contour on th
original image. The start and end point have been conne
in order to get a closed boundary.

There are some methods to guarantee the contour to
closed. One of the methods is to calculate the optimal p
for each radiusr under the constraint that the start and t
end point are equal. This is accomplished by adding ex
cost to all points in the first column of the cost matrix exce
to point (r ,0). Then the optimal path is found by backtracin
the path from the end point in rowr. The extra cost force the
path to end at point (r ,0). The cumulative cost associate
with this path isCr(r ,p). For each radius the optimal pat
and the costCr(r ,p) is calculated. Then from all radii the
radius that belonged to the path with the lowest costCr is
selected. This path represents the final contour. A disadv
tage of this method is that the algorithm has to be app
once for each radius which makes it computationally exp
sive.

We designed a more efficient method to ensure that
resulting contour is closed. Our solution uses an exten
cost matrix where costs are plotted in an interval from2bp
to bp. The extension factorb determines the size of th
extended cost matrix relative to the original cost matrix. T
dynamic programming algorithm is used to find the optim
path in this extended cost matrix. The path from2p to p is
extracted from the extended cost matrix. This path repres
the final contour. In the original cost matrix the final conto
depended strongly on the initial angle of the polar coordin
transform and the resulting segmentation could be differ
for different initial angles. A disadvantage of this depe
dency is that image features near the boundaries of the in
val from 2p to p could have undesired effects on the resu
ing contour. In the new method the dependence on
choosing initial angle is minimized and consequently the i
age features near the boundaries of the interval have
effect on the final contour. The avoidance of the discontin
ties at2p andp also leads to more closed contours.

To determine the efficiency of this method we setup
following experiment. For each extension factorb we ap-
plied the dynamic programming algorithm to find the op
mal contour. Afterward, we calculate for each extension f
tor the percentage of closed contours. The algorithm
considered efficient if the percentage of closed contour
nearly 100% for a small extension factor.

II.B. Region growing

Region growing is one of the most popular segmentat
methods. Region growing takes an image and a seed p
(mx ,my) as input. The seed point (mx ,my) is defined to be
within the suspect lesionL. Region growing then grows the
seed regions in an iterative fashion. At each iteration
pixels that border the growing regions are examined. C
ventional region growing defines several lesion partitionsLi

based solely on gray level information in the image

Li
~rg !5@G~ i , j !.t i #,
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FIG. 4. The original dynamic programming segmentation algorithm does not guarantee a closed contour. This problem is illustrated with the ma~a!.
Without the constraint of a closed contour the optimal path is attracted toward some dense tissue and the resulting contour is not closed.~b! shows the polar
image with the contour plotted on top of the image and~d! shows the resulting contour. The new algorithm extracts the contour from an extended cost m
~c! shows the extended contour plotted on top of the polar~ROI! and ~e! shows the final contour.
h
th
to
hm

rio
i

n
d
w

sup-
le-

ates
de
es

tion
whereG( i , j ) is the pixel gray level andt i is the gray level
threshold. For each partition features are calculated suc
circularity and size. Based on these features the partition
best characterizes the lesion is selected as the final con

We implemented an extended version of the algorit
developed by Kupinski and Giger.4 In this method the parti-
tions are created using gray level information as well as p
knowledge about the shape of typical mass lesions. To
clude information about the shape of the lesion, the regio
preprocessed by multiplication with a Gaussian centere
(mx ,my). The partitions returned by thresholding are no
Medical Physics, Vol. 31, No. 5, May 2004
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more compact than before because distant pixels are
pressed. To determine which partition best delineates the
sion a likelihood measure was used. This measure estim
the gray level distribution for gray levels inside and outsi
the lesion for each partition. The partition that maximiz
this likelihood is selected as the final contour.

II.C. Discrete contour model

The active contour model~or snake! formulates the
boundary detection issue as an energy function minimiza
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problem.14 We implemented a discrete version developed
Lobregt and Viergever, the discrete contour model.8 Starting
from an initial shape the discrete contour model activ
modifies its shape approximating some desired contour.
driving force behind the shape deformation is calcula
from internal forces, derived from the shape of the cont
model itself, and external forces, derived from some ima
feature energy distribution.

The internal force is based on the local shape of the c
tour and aims at minimizing local curvature. Local curvatu
for vertexv i is defined as the difference between the dir
tions of the two edge segments that join at that location.

The external force is based on the image gradient ma
tude. This force moves the vertices to locations in the im
with strong gradients: the edges of the mass. Computatio
the external force is done in the radial direction, as this p
vents vertices from moving along the contour. The total fo
f i acting on a vertex is a weighted combination of exter
and internal forces. As a result of this force the vertexv i will
start to move and change its positionpi . This position vec-
tor, together with the vertex velocity and acceleration vect
v i and ai , describes the dynamic state of the vertex. T
deformation process stops if the conditionv i5ai50 is met
by all vertices. To ensure stability of the deformation pr
cess, a small damping factor is added to the force tha
applied to vectorv i .

III. EXPERIMENTS

Four experiments were done to evaluate the performa
of the dynamic programming method. The first experim
was done to estimate the value of the extension factor nee
to guarantee a closed contour in the dynamic programm
method. The second experiment quantitatively analyzed
segmentation performance of the new method compared
the other two methods—region growing and the discr
contour model—using an overlap criterion. The other t
experiments were conducted to evaluate effects of the
mentation performance on the classification accuracy.
third experiment was done to study the ability to discrimin
malignant lesions from suspiciously looking normal tiss
~mass detection!. In the fourth experiment the ability to clas
sify lesions correctly as either benign or malignant was st
ied ~benign/malignant classification!.

III.A. Database

The mammograms used in this study all came from
Dutch Breast Cancer Screening Program. All women a
50–70 are invited biannually to participate in this progra
Two mammographic views—mediolateral oblique a
craniocaudal—are obtained at the initial screening in t
program, where only mediolateral views are obtained at s
sequent screenings, unless there is an indication that a
tional craniocaudal views would be beneficial. The mamm
grams were digitized with a Canon laser scanner at a p
resolution of 50mm350 mm, and were averaged to a res
lution of 200mm maintaining the original gray value resolu
tion of 12 bits.
Medical Physics, Vol. 31, No. 5, May 2004
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The total dataset consisted of 1427 two view and fo
view mammograms, resulting in a total of 4295 images. I
ages with only microcalcifications were excluded for furth
research. The remaining set consisted of 1152 images wi
least one biopsy proven mass~mass dataset! and 2822 nor-
mal images without pathology~normal dataset!. The mass
dataset contained a total 1210 masses of which 551 w
malignant and 659 were benign. The set included spicula
circumscribed, and vague masses, ranging from obviou
very subtle. The resulting 1210 masses have been manu
segmented by an expert radiologist. The radiologist used
cially designed software to outline the masses on a dedic
mammographic review station. We used these annotation
the ground truth for our experiment. The center of mass
this annotation (mx ,my) was used as a reference point f
our segmentation method. The detection experiment
done with the set of malignant masses and the nor
dataset. The mass dataset was used in the other three ex
ments.

III.B. Extension factor for closed contours

The first experiment was done to estimate the value of
extension factor needed to guarantee a closed contour. A
original dynamic programming algorithm does not guaran
resulting contours to be closed, we proposed a solution
makes use of an extended cost matrix. The extension fa
defines the size of the extended cost matrix. To estimate
appropriate value for the extension factor we calculated
percentage of closed contours for each extension factor
all images that contained at least one mass lesion.

III.C. Segmentation

The segmentation performance is evaluated for all th
segmentation methods using an area overlap criterion.
used dataset consisted of all images that contained at
one mass lesion~mass dataset!. All three segmentation meth
ods need a seed point. As seed point for the algorithms
used the center of mass of the ground truth. For the disc
contour model, a circular region with radius 0.6 cm was us
to initialize the algorithm. The performance of the segme
tation methods has been evaluated by an overlap crite
O5SùT/SøT, whereS is the segmented area andT is the
segmentation made by the radiologist. An overlap percent
close to one means a good match between the two regi
The two-sided Wilcoxon test with confidence level 0.95 te
was used to asses the difference in overlap percentage
tween the two segmentation methods.

III.D. Mass detection

The third experiment was done to study the influence
the segmentation method on the detection of masses. Fi
pixel level mass detection method was used to assign a v
of suspiciousness to all pixels in the image. The most su
cious sites were selected for further processing.15,16 If a se-
lected site was found closer than 1 cm to another sele
site, it was considered to belong to the same suspicious
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gion and the least suspicious site was removed. A lesion
considered detected if a selected site was located inside
manual segmentation. The method was applied at a high
sitivity level to detect most of the masses in the set. T
average number of selected sites for each image was 10

The coordinates of the sites were used as seed po
(mx ,my) for the segmentation algorithms. After segmen
tion of the suspicious regions, features were calculated
each region to classify the region as normal or maligna
The dataset used for this experiment consisted of all nor
images and all images that contained at least one malig
lesion.

Classification was done in two independent steps, fea
selection and classification. Both procedures are comple
independent. Cross validation was used to randomly parti
the dataset into a trainset and a testset on a 10:1 ratio u
the constraint that the images from the same patient
grouped into the same subset. For every partition the train
set is used for feature selection and the test set is used fo
classifier validation. Every image is grouped into one of
ten different test sets.

For feature selection we used ak-nearest neighbor~KNN!
algorithm in a leave-one-out basis to select the most us
features from the entire feature space. Features were sel
from each training set in a sequential forward procedu
New features were included if they increased the per
mance of the classifier. The classifier was then applied to
regions in the testset. In that way every lesion in each v
received a probability of malignancy. Results are presen
in free-response receiver operating characteristics~FROC!
curves in which the true positive fraction is plotted as a fu
tion of the average number of false positives per image.

III.E. Benign Õmalignant classification

The set of segmented masses was used to study cla
cation performance. For each segmented mass severa
tures were calculated including spiculation measures, c
tour features, texture features, and some sim
morphological features. These features are described in m
detail in Refs. 15, 16, and 17.

Classification was performed as earlier: KNN based f
ture selection and classification. Evaluation was perform
in two ways, film based and region based. In the film ba
method, the likelihood of malignancy provided by the cla
sifier was used as a discrimination score to classify the le
as malignant or benign. In the region based method, the
pose is to classify each region as malignant and benign u
the information from all available images. The discrimin
tion score for each case is the maximum of the discrimi
tion scores of the lesions belonging to it. This discriminati
score was defined as the average of the classifier outpu
all different views of a lesion. In both evaluation method
the discrimination scores were analyzed using ROC meth
ology using theLABROC program.18 To evaluate the statistica
significance between the different methods theCLABROC pro-
gram was used.
Medical Physics, Vol. 31, No. 5, May 2004
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IV. RESULTS

IV.A. Percentage of closed contours

To determine an optimal value for the extension factob
we applied the dynamic programming algorithm to the
gion from 2bp to bp for several values ofb. For each
extension factorb we calculated the percentage of clos
contours. A contour was considered closed if the dista
between the first and the last pixel was less than three pix
according to the definition of the cost function. The result
shown in Fig. 5. About 40% of the contours is immediate
closed. This percentage increased and reached 98% fo
tension factor 2. The maximum number of closed conto
was reached for extension factor 3. At that time there w
only one image that was not closed according to our defi
tion. Considering these results it seems appropriate to a
the algorithm with extension factor 3 and use an exten
cost matrix from23p to 3p. The contour from2p to p
should be extracted and defines the final contour. For the
mass that was not closed with this method we applied
first method~Sec. II.A.2! to find a closed contour. There wa
one image that had two optima. The final contour depen
on the initial angle of the coordinate transform and alterna
between the two states for the different values ofb. Figure 6
shows the two cases where the dynamic programming a
rithm was unable to find a closed and stabile contour. Fig
6~a! shows the manual segmentation of a benign mass
bedded in dense tissue. The two states of the contour
given in Figs. 6~b! and 6~c!. The contour in Fig. 6~b! is too
large and contains some dense tissue around the mass
other state, Fig. 6~c!, gives a correct segmentation. The ca
where the dynamic programming algorithm was unable
reach closure is shown in Fig. 6~d!. The resulting segmenta

FIG. 5. The percentage of closed contours is plotted against the exten
factorb. In the original dynamic programming algorithm~with b51.0! 40%
of the contours is closed. In the improved algorithm where the path
calculated over a larger area~extension factor 3.0!, more than 99% of the
contours is closed.
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FIG. 6. Two cases where the dynami
programming algorithm did not suc
ceed in finding a closed and stabil
contour. The first column shows th
case where the final contour altere
between two states.~a! shows the
manual segmentation,~b! and~c! show
the two states of the dynamic pro
gramming algorithm. The second co
umn shows the case where the d
namic programming algorithm was
unable to find a closed contour.~d!
shows the manual segmentation,~e!
shows the contour found by the dy
namic programming algorithm with
the use of an extended cost matrix, an
~f! shows the segmentation obtaine
by the original dynamic programming
algorithm with constraints.
t

se
ta
u

ited
eth-
fer-
ver-

of
m-

he
sed
tion is shown in Fig. 6~e!. For this mass we applied the firs
method to obtain a closed contour. This contour is shown
Fig. 6~f!.

IV.B. Segmentation performance

For each mass the overlap percentage with manual
mentation was calculated. The average overlap percen
for dynamic programming was 0.69, for discrete conto
model 0.60, and for region growing 0.58~Table I!. This in-
Medical Physics, Vol. 31, No. 5, May 2004
in

g-
ge
r

dicates that the dynamic programming method is more su
to segment mammographic masses than the other two m
ods. Figure 7 displays the overlap percentages for the dif
ent methods. The figure shows that not only the mean o
lap percentage is higher, but also that the percentage
masses with poor overlap is smaller for dynamic progra
ming than for the other two segmentation methods.

Table II shows the results of the Wilcoxon statistic. T
difference in overlap percentage between the propo
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TABLE I. Summary statistics for the performance of the three segmentation methods based on an area
criterion measuring the overlap between the automated segmentation and the manual segmentation.

Method Min. 1st Qu. Median Mean 3rd Qu. Max.

Dynamic programming 0.005 0.608 0.747 0.687 0.825 0.940
Discrete contour model 0.006 0.494 0.633 0.599 0.743 0.91
Region growing 0.034 0.460 0.641 0.586 0.748 0.914
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method and the other two methods is statistically signific
~p-value !0.05!. It is clear from the test that a significan
increase in area overlap has been obtained with the dyna
programming method compared with the other two segm
tation methods. Although the discrete contour model had
ter results than the region growing method, these res
were not statistically significant.

IV.C. Mass detection performance

Results of the mass detection experiment are show
Figs. 8 and 9. In FROC curves, horizontally the number
false positive detections per image is shown, vertically
sensitivity that is achieved at this specificity level. A tum
was considered detected if the center of a detection was
side the segmentation made by the radiologist. Detect
outside the annotated areas were counted as false po
signals. The film based performance is given in Fig. 8. T
case based performance is given in Fig. 9. In the case b
evaluation a lesion is considered detected if it is detected
either view. Both figures show that the detection perf
mance for the segmentation methods is nearly identical.

IV.D. Benign Õmalignant classification accuracy

The second experiment studied the ability to discrimin
between benign and malignant lesions for the three segm
tation methods. The average classification accuracy has
determined by calculating the area under the ROC cu
(Az) using theLABROC program.18 The average test result
for film based performance corresponded to an area u
the ROC curve of 0.67 for region growing, 0.71 for the d
crete contour model, and 0.74 for dynamic programmi
The averageAz values for a region based evaluation, whe

FIG. 7. Distribution of the overlap percentages for the different segmenta
methods. The average overlap percentage for dynamic programming~DP! is
higher than for the other segmentation methods@regions growing~RG! and
the discrete contour model~DCM!#.
l. 31, No. 5, May 2004
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different views of the same lesion were combined by
classifier, were 0.74 for dynamic programming, 0.72 for t
discrete contour model, and 0.67 for the region grow
method. The image and region based performance are sh
in Fig. 10 and Fig. 11. We used theCLABROC program to
evaluate the statistical significance of differences in class
cation performance. We found that the difference inAz val-
ues between the region growing and the dynamic progr
ming method was statistically significant~two tailedp-level
0.0044!. No statistical significance was found between t
other methods. The two tailedp-level for dynamic program-
ming versus the discrete contour model was 0.20, for
discrete contour model versus regions growing 0.08. The
sults are summarized in Table III.

V. DISCUSSIONÕCONCLUSION

In this work, we developed a segmentation method ba
on dynamic programming to more accurately extract ma
mographic mass contours. In addition, we developed
method to obtain closed contours. We found that 99.9%
the contours was closed and stabile for an extension facto
3.0. As this percentage did not change for larger values ob,
we choose to setb53.0 in our algorithm. Another option
would be to setb52.0 and increaseb53.0 for the contours
that were not closed. A disadvantage of this method is t
the algorithm will also find a number of closed contours, th
have not converged yet. We consider these contours as
optimal. It depends on the application to make a bala
between optimality and speed. In our application, as
computational burden of applying the algorithm withb53.0
is minimal, we choose for optimality.

The proposed method has been compared with two o
methods: region growing and the discrete contour mod
The accuracy of the methods have been determined by c
paring the mass segmentation with the manual outline of
contour drawn by an expert radiologist. The mean over
percentage for dynamic programming was 69%, for the ot
two methods 60% and 58%, respectively. These differen
were statistically significant (p!0.05).

In a case review we found that in general segmentati
with an overlap percentage of at least 70% were visua
acceptable. The percentage of cases with a reasonable
lap percentage, i.e., more than 70% is 52% for dynamic p
gramming, 39% for region growing, and 38% for the discre
contour model. These results demonstrate that the segm
tions obtained with dynamic programming more close
match manual segmentation than the other two autom
segmentation methods. All three methods rarely achie
more than 90% overlap. One reason for this is that the ac

n
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TABLE II. Results of the Wilcoxon’s test for the statistical difference in overlap percentage between the ex
methods and the proposed method. The second column displays the sum of the positive ranks, the third
gives thep value and the last column the 95% confidence interval for the difference in the means.

Method W1 p value Conf. interval

Dynamic programming—discrete contour model 519 821 !0.05 0.081–0.11
Discrete contour model—region growing 362 020 0.6507 20.01–0.01
Dynamic programming—region growing 517 192 !0.05 0.08–0.11
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racy of the manually segmented regions is limited. Often
manual segmentations are somewhat large to make sur
whole tumor is inside the annotation. Another reason is t
when the radiologists’ annotation and the automatically s
mented area are not identical the chosen overlap crite
quickly decreases.

In this study we only had one radiologist to do the man
segmentations. If another radiologist would have done
segmentations, both the ground truth and the center of m
would change. Small changes in the seed point will g
similar segmentation results. Both region growing and
discrete dynamic contour model are not very sensitive
small changes in seed point.4,8 To determine the sensitivity o
the dynamic programming method for changes in seed po
we applied the method with two different types of se
points: the center of mass of the radiologists’ segmenta
and the most suspicious site in a neighborhood of the ce
of mass. The results for both seed points were similar.

Several measures were taken to minimize uncertainty
the ground truth due to intraobserver variation. All manu
segmentations were done with special software on a d
cated mammographic review station. The radiologist w
given clear instructions how to outline certain mass typ
For architectural distortions and spiculated masses, only
central tumor was annotated, not the spiculations. The m
reason for this was that the outlining of spicules is very s
jective. By taking these measures we expect that the inte

FIG. 8. FROC curve film based.
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server variability will be much smaller than the differenc
between our automated methods and the radiologist’s
mentation. Figure 7 shows the overlap percentages for
three methods. There is a considerable number of ca
where the overlap percentage is less than 50%. In a c
review we found that in cases where the overlap percen
is lower than 50%, the segmentation method often failed
find the right contour. Examples are shown in Figs. 2~c!, 2~d!
and 1~c!, 1~d!. In our experience segmentation differenc
caused by interobserver variability will be of a more sub
nature, and mainly concern slight variations in outlining t
mors with vague boundaries and architectural distortio
Therefore, we believe that our results would be rather un
fected by variability of the manual segmentations.

Figures 1 and 2 show examples where the two exist
methods fail to find the contour of the mass. In the first figu
the contour is attracted toward the strong edge of the pect
muscle. In the second figure the contrast of the mass is
and the resulting segmentation is too large. In both cases
dynamic programming method correctly segments the m
The advantage of the dynamic programming method is
both global and local cost are combined with differe
weights to determine the optimal contour.

The detection experiment showed that the improvemen
segmentation performance did not result in a better detec
of malignant masses. This may be understandable as we
not yet focus our attention on the design of special cont

FIG. 9. FROC curve case based.
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features for mass detection. Instead we used the contour
tures that were developed for benign/malignant classifi
tion. These contour features in particular measure the sh
ness of the mass boundary which is a good feature
discriminating between benign and malignant masses.
boundaries of malignant masses and patches of normal ti
that are initially detected by our method, often display mo
similar boundary characteristics. Further studies are nee
to develop contour features that capture relevant aspec
the mass boundaries to discriminate between malign
masses and false positive detections.

FIG. 10. Film based performance for classification of malignant vs ben
masses. Masses were segmented with the proposed dynamic program
method, the region growing method, and the discrete contour model.

FIG. 11. Region based performance for classification of malignant vs be
masses. Masses were segmented with the proposed dynamic program
method, the region growing method, and the discrete contour model.
Medical Physics, Vol. 31, No. 5, May 2004
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The proposed dynamic programming method improv
the classification of malignant versus benign masses. W
using the KNN classifier, theAz value for region based per
formance was 0.74 for the proposed segmentation met
0.67 for the region growing method, and 0.72 for the discr
contour model. The difference inAz values was between th
proposed method and the region growing method was st
tically significant. Differences between other methods w
not statistically significant. The classification results are
agreement with the ranking of the segmentation results.
gion growing, the method with the lowest segmentati
performance—as measured with the area overlap criterio
showed the lowest classification performance. The best
mentation method—the dynamic programming algorithm
also performed best in classification.

These results contradict the study from Sahineret al.11

They compared a mass segmentation method based o
active contour model with manual segmentation by two
pert radiologists. Even when the radiologist and the co
puter had high disagreement they observed no differenc
classification accuracy. Our experiments suggest that a m
accurate segmentation may result in improved classifica
of benign versus malignant masses. With better contour
tures, we expect that the mass detection performance
also benefit from a more accurate segmentation.

VI. CONCLUSION

In this study we compared a new segmentation met
based on dynamic programming. The new segmentation
gorithm turned out to be robust and accurate with a h
overlap in a large number of cases. The mean overlap
centage for dynamic programming was 69%, for discr
contour model 60%, and for region growing 58%. The d
ferences between the new method and the existing meth
were statistically significant. This improvement in segmen
tion performance resulted in better benign/malignant cla
fication. The detection performance was nearly identical
the three methods.

We will concentrate our future work on improving ou
contour dependent features, especially contour features
discriminate between suspiciously looking normal tissue a
malignant masses. We expect that our CAD program w
benefit from a very accurate segmentation method in com
nation with these new features.

n
ing

n
ing

TABLE III. Film based and region based performance for classification
malignant versus benign masses. Masses were segmented with the pro
dynamic programming method, the region growing method and the disc
contour model. The last column gives the results of the tow-tailed studet
test for the differences in areas under the ROC curve between the prop
method and the existing methods.

Methods Film basedAz Region basedAz p value

Dynamic programming 0.72 0.74
Discrete contour model 0.71 0.72 0.20
Region growing 0.67 0.67 0.0044



dre
er
ni

. d
er
lo

r,
ed

E.
pa
se

ta

L.
zz

n

ls
an

ng

ive
d

E

te
o-

of

A.
o-

char-

es

le-

m-

of

in

ca-

ti-
d.

971 S. Timp and N. Karssemeijer: Dynamic programming based segmentation in mammography 971
a!Author to whom correspondence should be addressed; present ad
Department of Radiology, Radboud University Hospital, Ge
Grooteplein Zuid 18, 6525 GA Nijmegen, The Netherlands; electro
mail: s.timp@rad.umcn.nl
1N. Karssemeijer, J. D. Otten, A. L. Verbeek, J. H. Groenewoud, H. J
Koning, J. H. Hendriks, and R. Holland, ‘‘Computer-aided detection v
sus independent double reading of masses on mammograms,’’ Radio
227, 192–200~2003!.

2Y. L. Jiang, R. M. Nishikawa, R. A. Schmidt, C. E. Metz, M. L. Gige
and K. Doi, ‘‘Improving breast cancer diagnosis with computer-aid
diagnosis,’’ Acad. Radiol.6, 22–33~1999!.

3H. P. Chan, B. Sahiner, M. A. Helvie, N. Petrick, M. A. Roubidoux, T.
Wilson, D. D. Adler, C. Paramagul, J. S. Newman, and S. Sanjay-Go
‘‘Improvement of radiologists’ characterization of mammographic mas
by using computer-aided diagnosis: An roc study,’’ Radiology212, 817–
827 ~1999!.

4M. A. Kupinski and M. L. Giger, ‘‘Automated seeded lesion segmen
tion on digital mammograms,’’ IEEE Trans. Med. Imaging17, 510–517
~1998!.

5D. Guliato, R. M. Rangayyan, W. A. Carnielli, J. A. Zuffo, and J. E.
Desautels, ‘‘Segmentation of breast tumors in mammograms by fu
region growing,’’ in Proc. 20th Annu. Int. Conf. IEEE Engineering i
Medicine and Biology Society, 1998, pp. 1002–1004.

6D. Guliato, R. M. Rangayyan, J. A. Zuffo, and J. E. Leo Desaute
‘‘Detection of breast tumor boundaries using iso-intensity contours
dynamic thresholding,’’ inDigital Mammography, edited by N. Karsse-
meijer, M. A. O. Thijssen, J. H. C. L. Hendriks, and L. J. T. O. van Erni
~Kluwer, Dordrecht, 1998!, pp. 253–260.

7N. Petrick, H. Chan, B. Sahiner, and M. Helvie, ‘‘Combined adapt
enhancement and region-growing segmentation of breast masses on
tized mammograms,’’ Med. Phys.26, 1642–1654~1999!.
Medical Physics, Vol. 31, No. 5, May 2004
ss:
t
c

e
-
gy

l,
s

-

y

,
d

igi-

8M. Viergever and S. Lobregt, ‘‘A discrete dynamic contour model,’’ IEE
Trans. Med. Imaging14, 12–24~1995!.

9G. M. te Brake, M. J. Stoutjesdijk, and N. Karssemeijer, ‘‘A discre
dynamic countour model for mass segmentation in digital mamm
grams,’’ SPIE Medical Imaging3661, 911–919~1999!.

10S. Timp, N. Karssemeijer, and J. H. C. L. Hendriks, ‘‘Comparison
three different mass segmentation methods,’’ inDigital Mammography
IWDM 2002, edited by H. Peitgen~Springer-Verlag, Berlin, 2003!.

11B. Sahiner, N. Petrick, H. Chan, L. M. Hadjiiski, C. Paramagul, M.
Helvie, and M. N. Gurcan, ‘‘Computer-aided characterization of mamm
graphic masses: Accuracy of mass segmentation and its effects on
acterization,’’ IEEE Trans. Med. Imaging20, 1275–1284~2001!.

12S. Timp, N. Karssemeijer, and J. H. C. L. Hendriks, ‘‘Analysis of chang
in masses using contrast and size measures,’’ inDigital Mammography
IWDM 2002, edited by H. Peitgen~Springer-Verlag, Berlin, 2003!.

13E. Claridge and J. H. Richter, ‘‘Characterization of mammographic
sions,’’ in Digital Mammography, edited by A. G. Galeet al. ~Elsevier,
Amsterdam, 1994!, pp. 241–250.

14T. McInerney and D. Terzopoulos, ‘‘Deformable models in medical i
age analysis: A survey,’’ Med. Image Anal.1~2!, 91–108~1996!.

15G. M. te Brake and N. Karssemeijer, ‘‘Single and multiscale detection
masses in digital mammograms,’’ IEEE Trans. Med. Imaging18, 628–
639 ~1999!.

16N. Karssemeijer and G. M. te Brake, ‘‘Detection of stellate distortions
mammograms,’’ IEEE Trans. Med. Imaging15, 611–619~1996!.

17C. Varela, N. Karssemeijer, J. M. Muller, and P. G. Tahoces, ‘‘Classifi
tion of breast tumors in digitized mammograms,’’ inDigital Mammogra-
phy IWDM 2002, edited by H. Peitgen~Springer-Verlag, Berlin, 2003!.

18C. E. Metz, B. A. Herman, and J. H. Shen, ‘‘Maximum-likelihood es
mation of roc curves from continuously-distributed data,’’ Stat. Me
17~9!, 1033–1053~1998!.


