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Mass segmentation plays a crucial role in computer-aided diagf@aiB) systems for classifica-

tion of suspicious regions as normal, benign, or malignant. In this article we present a robust and
automated segmentation technigue—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 metfieggon growing and the discrete con-

tour mode) 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 arkaunder 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 inA, values obtained by the dynamic programming method and region growing was
statistically significant. The differences between other methods were not significan200®
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I. INTRODUCTION plied object based region growing in combination with a
density-weighted contrast enhancement filter to segment all
significant structures within the bredsbne of the problems

of region growing is that small and low-contrast structures
have a tendency to grow into the background and become

vide segmentation methods into two main categories: regiolﬁarge regions even though the actual mass is quite small. An

based and edge based. Methods of both categories have be% mplfg 'j %ivin ig Figf. (ﬁ)‘ The reg;onhgrowir;g method
applied to the segmentation of mammographic masses. ails to find the border of the mass and the resulting segmen-

The first category assigns each pixel to a particular objecﬁatiqn is too Iargg. Another problem is that structures contain-
or region. Examples are split-and-merge algorithms and re"d internal gradients do not always grow to the correct bor-
gion growing techniques. Region growing is one of the mosfl€r Put can end up containing only a section of the true

popular segmentation methods and many different ap@Piect. _
proaches have been proposed. For example, Kupinski and The second category are edge based algorithms. Instead

Giger developed two extended region growing techniques2f dividing the image into object and background pixels, the
one based on the radial gradient index and another based §gundary of an object is detected. Most algorithms first con-
simple probabilistic modef$.They tested these methods Struct a so-callegdge imageln the edge image each pixel is
against a conventional region growing algorithm using a da@ssigned a value according to the edge strength. Based on
tabase of biopsy-proven, malignant lesions and found thahis image, pixels with strong edges are selected and linked
the new lesion segmentation algorithms more closelyto each other. In most cases the linked pixels represent object
matched radiologists’ outlines of these lesions. Gulittal.  boundaries. A disadvantage of the original edge based algo-
proposed fuzzy region growing methods for segmentingithms was that a closed contour could not be guaranteed. To
breast masses and further classified the segmented masseswgrcome this problem, an active contour mogelake was
benign or malignant based on the transition informationdeveloped for contour detection. Dynamic contour models
present around the segmented regith®etrick et al. ap-  (snakey have become en vogue with the snake model of

To improve the efficiency of screening mammography
computer-aided diagnosisifCAD) methods are being
developed: An important step in CAD algorithms is the
segmentation of mammographic masses. Globally we can d
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Fic. 1. Example of segmentation re-
sults for a benign masga) original
mammogram with benign massb)
manually segmented mags) discrete
contour model segmentatiorid) re-
gion growing method, an¢e) the pro-
posed dynamic programming algo-
rithm.

Terzoupolos and co-workers and have, since then, been ifdiscrete contour modeland applied the model to medical
vestigated and applied in various waysThe snake model image< The main drawback of using deformable models for
builds a deformable contour consisting of connected splinéhe task of mammographic mass segmentation is that the
segments and lets the contour approximate a desired form klgorithm heavily depends on being initialized with a con-
minimizing an energy function containing internal and exter-tour that is close to the actual boundary. Otherwise the con-
nal energy. The internal energy is the bending energy of théour may stick to the first strong edge it finds. An example is
spline, the external energy is calculated by integrating imagshown in Fig. Zc). The initial estimate of the contour, shown
features, like the presence of lines and edges. Lobregt arid black, is too far from the mass boundary. As a result the
Viergever developed a discrete version of the snake modehodel is not able to find the contour and instead is attracted
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Fic. 2. Example of segmentation re-
sults for a benign mass that is located
near the pectoral muscléa) original
mammogram with benign massb)
manually segmented mags) discrete
contour model segmentatiorid) re-
gion growing method, an¢e) the pro-
posed dynamic programming algo-
rithm.

to the pectoral muscle. Another known problem with deform-model from Lobregtet al. with the region growing algo-
able models is that the model may shrink owing to internalrithms developed by Kupinslkit al. and evaluated the meth-
forces, if the edges are not strong enough or too far from theds by comparing them to manual segmentati®AFurther-
initial contour. more, they studied the effect of the segmentation on the
There are a few studies that compare different segmentatetection performance. One of the region growing methods
tion methods Timp et al. compared three segmentation and the discrete contour model performed equally well in the
methods with manual segmentation. However, they did nosegmentation task. In the detection experiment the discrete
evaluate the effect of the segmentation on the classificationontour model had a higher performance in classifying the
performance. te Braket al. compared the discrete contour segmented region as normal or abnormal. Saléhat. com-
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pared a mass segmentation method based on an active casf-the pixels in the first column to one of the pixels in the last
tour model with manual segmentation and studied the effeatolumn.
of the segmentation on the classification accutacphey The optimal path is defined as the minimum cumulative
found that theA, values using features based on manualcost path, where the cumulative cost of a path is the sum of
segmentation and automated segmentation were nearly idetire local costs of the pixels on the path. We will how de-
tical. scribe the local cost.

In this study we developed a new segmentation method to
overcome the problems of region growing and the disc_retq,.A_ll Local cost
contour model. The new method uses both edge based infor-
mation as well asa priori knowledge about the gray level Local cost is cost assigned to each pixel in the polar im-
distribution of the region of intere$ROI) around the mass. ade. This cost should embody a notion of a good boundary:
The best contour is found by an optimization techniquepiX9|5 that possess many characteristics of the searched
based on dynamic programming. To test the performance dioundary are assigned low cost and vice versa. The local
this method, we compared it with region growing and theC0st components form the following cost function:
discrete contour m_odel using an area overlap critgrion. Fur- c(i,j)=wes(i,j) +wqd(i J)+weg(iy),
thermore, we studied the effect of the segmentation on the ) o
detection and classification of mammographic masses. ~ Wheres represents the edge strengifis the deviation from

The article is organized as follows. Section Il presents arfn expected size, anglis the deviation from an expected
explanation of the different segmentation methods. The sedir@y level. The weights for the components are givemby
mentation method based on dynamic programming is de%d: andwg . . .
scribed in more detail in Sec. Il A. The experiments are de- Edge strength @,j). As most contours exhibit strong

scribed in Sec. lll. Results are presented in Sec. IV with £dges we want to assign pixels With strong edge features low
discussion and conclusion in the last sections. cost. The edge strength for each pixel is determined by cal-
culating the gradient magnitude in the direction normal to the
contour. This corresponds with the gradient in vertical direc-
tion in the polar image. Then the relative edge strength is
[l. SEGMENTATION METHODS determined by normalizing the gradient values with the
In this section, the three segmentation methods used irrpaximum gradien_t may(). This norm_alization ensures that
this work are described. The first subsection describes th%ubtle contours with low global but high local edge strength

. . . can be found as well. The normalized gradient value is in-
dynamic programming approach. In the second and thir . . .

X . . . verted so high gradients produce low costs and vice versa.
subsection the region growing method and the discrete co

tour model are briefly reviewed. nI'he gradient component function is
max(y’)—y’'(i,j)

o : . maxy’)

Boundary definition via dynamic programming can be
formulated as a graph searching problem where the goal is ygherey’ is the gradient magnitudg in vertical dirgction. For
find the optimal path between a set of start nodes and a set 1@x(') we took the 99th percentile of the gradient values
end nodes. Typical applications of the use of dynamic promeasured in the ROI. By taking the 99th percentile it is
gramming in boundary tracking problems are tracing border®révented that one outlier, for instance a very bright micro-
of elongated objects like roads and rivers in aerial photo_cglmflc.atlon, decreases the relative edge strength of all other
graphs and the segmentation of handwritten charactergixels in the ROL. _ _
Medical applications include the segmentation of spine Masssize @ ). Contours that enclose a mass with a size
boundaries and tracing vessel borders. common for masses are assigned low cost value. On the

To apply dynamic programming to find the boundary of aOther hand, very small and very large segmentations are as-
mass we notice that the shape of most masses is appro)glgned hig.her cost. Most_masses have a radius betwgen 5and
mately circular. This circularity constraint is implemented by 15 mm, with a mean radius of about 9 ”J'ﬁﬂ—he_ following
carrying out the calculations in polar space. For the transtorml_JIa was used to incorporate size information in the cost
form we use a circular ROI with centep(, ) and radius function:
R. The center of the ROI defines the origin for the coordinate (i—w?% j<m
transform and should be within the suspect lesion. The radius d(i,j)=
should be chosen large enough to allow application of the
algorithm to all masses of interest. We choose a radius of 2.&hereu is the mean radius of masses. A cost limits set to
cm. Figures 88 and 3b) show the coordinate transform. All prevent that the size component of the cost function com-
pixels inside a circular ROI in the original image are trans-pletely determines the value of the cost function for large
formed to the polar ROI ®). Thex axis in the polar image masses. This limit is set to 15 mm. Alternatively, the cost
represents the angle from to 7 and they axis represents component for mass size could be obtained by estimating the
the radius from O t&R. The dynamic programming algorithm size distribution of masses. The probabilities for each size
is applied to the polar ROI to find the optimal path from onecould then be used to determine the cost val(igj). To use

IILA. Dynamic programming s(i,j)=

(m=—pw? j=m’
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Fic. 3. Implementation of the pro-
posed dynamic programming algo-
rithm for the segmentation of masses.
(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 optimal
path in the cumulative cost matrixl)
and (e). The final contour is shown in

).

this method a large representative database with benign andhere o should be smaller than 1/2 to ensure the edge is
malignant masses of known size is needed to accurately déacated more toward the background level. The gray level
termine the probabilities for each mass size. Currently, weomponent of the cost function is defined as
used the first method as we do not have an independent o
database that we can use for this purpose. g(i.j)=sqrf{abdq G(i,j)—gl},

Deviation from expected gray leve(igj). Another char-

L . . where G(i,]) is the intensity value of the pixeli(j). To
acteristic of the mass boundary is the gray level. This graY.ctimate the gray level of the mass and the background we

level should cprrgspond Wlth the gdge of the object. A COMysed two methods. The first method estimaes, .. and
mon assumption is that this edge is located at the zero cross-

. o . -~~~ packground@S the mean gray level inside and outside an initial
ing of the second derivative of the edge profile. In projectiveggiimate of the contour. As initial estimate we took a circle
images however, the real edge is located toward the dark

ide (back C v th | f the b §lith a radius of 0.6 cm. In the second method we used his-
side( ac groundl Consequently, the gray value of the bor- togram analysis to estimate the gray level distributions. We
der will have a value close to the background gray 1ével.

found that most histograms of the ROI can be modeled rea-

By estimating the intensity distribution of the mass and thesonably well by a mixture of two Gaussian distributions, one

background a preferred gray level for the contour can beﬁarrow Gaussian in the low intensity range representing the

determined fatty tissue, and a broader one in the middle/high intensity
range representing dense tissue and/or masses. The param-
9= @Mmasst (1~ @) tpackground eters for the Gaussian distributions were estimated using the
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Levenberg—Marquardt method. The first peak in the histosome extra tissue. Figuréd} shows the final contour on the
gram is used to estimai@p,cgrouns @Nd the second peak to original image. The start and end point have been connected
estimateun,ss If the histogram could not be modeled by a in order to get a closed boundary.

mixture of two Gaussians we used the first method to esti- There are some methods to guarantee the contour to be

mate the preferred gray level. closed. One of the methods is to calculate the optimal path

for each radiug under the constraint that the start and the
II.A.2. Dynamic programming path finding end point are equal. This is accomplished by adding extra
algorithm cost to all points in the first column of the cost matrix except

Application of the cost function to all pixels in the polar to point (r,0). Then the OP“‘T‘a' path is found by backiracing
image results in the so-called cost image. This image can p&€ Path from the end point in row The extra cost force the
seen as a graph in which the dynamic programming algop"?‘th tq end at_ pointr(,0). The cumula_tlve cost a_ssouated
rithm should find the path with the lowest cost. The pixels inWith this path isC,(r, 7). For each radius the optimal path
the first column of the cost imaggi,0) represents the start @nd the cosC(r,m) is calculated. Then from all radii the
nodes for the algorithm, whereas the end nodes are repr&2dius that belonged to the path with the lowest d@stis
sented by the pixels in the last column of the image. Thes€lected. This path represents the final contour. A disadvan-
cumulative cost of each path is stored in the cumulative cod9€ Of this method is that the algorithm has to be applied
matrix. The cumulative cost matrix is constructed in two©nce for each radius which makes it computationally expen-

steps. First the cumulative cost of pixels in the first columnS!V€-

are set equal to the cost of these pixels Wg designed a more efficient methpd to ensure that the
_ _ resulting contour is closed. Our solution uses an extended
C(i,0=c(i,0), cost matrix where costs are plotted in an interval frefgm

where C(|,J) is the cumulative cost and(i,j) is the cost to B’ZT The extension faCtOB determines the size of the
value for pixel ,j) in the polar image. For the other pixels €xtended cost matrix relative to the original cost matrix. The
the cumulative cost is calculated by a recursive step dynamic programming algorithm is used to find the optimal
. . . . . path in this extended cost matrix. The path fremr to 7 is
Cli,j+1)= w:i“{lm Cli+1j)+cd,j+1)+hd). (1) extracted from the extended cost matrix. This path represents
o the final contour. In the original cost matrix the final contour
The additional cost of a segment of the path for colynm  depended strongly on the initial angle of the polar coordinate
j+1 depends on the cost value of pixe/j) and the direc-  transform and the resulting segmentation could be different
tionl. The cost of the direction is set according to a functionfor different initial angles. A disadvantage of this depen-
h(l) which we use to control smoothnesgl) is set to in-  dency is that image features near the boundaries of the inter-
finity for directions outside the intervat-2,...,2. The cumu-  val from — to o could have undesired effects on the result-
lative cost matrix is shown in Flg(ﬁ) The final contour is |ng contour. In the new method the dependence on the
found by selecting those pixels that linked together from the:hoosing initial angle is minimized and consequently the im-
boundary with the lowest cost. The end po@(i, =) of the  age features near the boundaries of the interval have less
contour is the pixel in the last column of the cumulative costeffect on the final contour. The avoidance of the discontinui-
matrix with the lowest cost. The optimal path is found by tijes at— s and 7 also leads to more closed contours.
backtracing the path from the end pixel to one of the pixels 1o determine the efficiency of this method we setup the
in the first column{Fig. 3(€)]. The optimal path in the polar fg|lowing experiment. For each extension facirwe ap-
image is transformed back to rectangular coordinates in thBIied the dynamic programming algorithm to find the opti-
original image. The resulting segmentation is shown in Figma| contour. Afterward, we calculate for each extension fac-

3(f)-_ ) ) ) tor the percentage of closed contours. The algorithm is
Final contour The dynamic programming algorithm does ¢onsidered efficient if the percentage of closed contours is

not guarantee the contour to be closed. In our application Weearly 100% for a small extension factor.

consider a contour as closed if the distance between the start _ )

and the end points is less than three pixels. This is conforni-B- Region growing

the smoothness function(l) (1) which is zero outside the  Region growing is one of the most popular segmentation
interval [-2,...,2. In most cases, especially if the mass is methods. Region growing takes an image and a seed point
clearly visible, the program will correctly segment the Mass(,,,uy) as input. The seed poinju,u,) is defined to be

by a closed contour. However, if the mass is vague or if othe{yithin the suspect lesiofi. Region growing then grows the
structures obscure the mass boundary, the segmentation pigsed regions in an iterative fashion. At each iteration the
gram can fail to find a closed contour as the optimal pathpixels that border the growing regions are examined. Con-
The problem is illustrated in Fig. 4. The small mass in theyentional region growing defines several lesion partitiéns

middle of the image is surrounded by some dense tis@e 4 pased solely on gray level information in the image
Figure 4b) shows the polar image, with the resulting contour

plotted on top of it. In the beginning the path is attracted to
an image structure and deviates from the true mass boundary. (0) o
As a consequence the contour is not closed and contains £i ~ =[G(i,j)>1ti],
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(d) ()

Fic. 4. The original dynamic programming segmentation algorithm does not guarantee a closed contour. This problem is illustrated with tH@)mass in
Without the constraint of a closed contour the optimal path is attracted toward some dense tissue and the resulting contour is (Dtstiosedthe polar
image with the contour plotted on top of the image #&iidshows the resulting contour. The new algorithm extracts the contour from an extended cost matrix.
(c) shows the extended contour plotted on top of the p@RdI) and(e) shows the final contour.

whereG(i,j) is the pixel gray level and; is the gray level more compact than before because distant pixels are sup-
threshold. For each partition features are calculated such gsessed. To determine which partition best delineates the le-
circularity and size. Based on these features the partition thaion a likelihood measure was used. This measure estimates
best characterizes the lesion is selected as the final contouthe gray level distribution for gray levels inside and outside
We implemented an extended version of the algorithnthe lesion for each partition. The partition that maximizes
developed by Kupinski and Gig&iin this method the parti- this likelihood is selected as the final contour.
tions are created using gray level information as well as prior
knowledge about the shape of typical mass lesions. To in—I C. Discrete contour model
clude information about the shape of the lesion, the region is" ™
preprocessed by multiplication with a Gaussian centered at The active contour modelor snake¢ formulates the
(mx,my). The partitions returned by thresholding are nowboundary detection issue as an energy function minimization
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problem!* We implemented a discrete version developed by The total dataset consisted of 1427 two view and four
Lobregt and Viergever, the discrete contour mddgtarting  view mammograms, resulting in a total of 4295 images. Im-
from an initial shape the discrete contour model activelyages with only microcalcifications were excluded for further
modifies its shape approximating some desired contour. Theesearch. The remaining set consisted of 1152 images with at
driving force behind the shape deformation is calculatedeast one biopsy proven magsass datasgtaind 2822 nor-
from internal forces, derived from the shape of the contoumal images without pathologinormal datas¢t The mass
model itself, and external forces, derived from some imagealataset contained a total 1210 masses of which 551 were
feature energy distribution. malignant and 659 were benign. The set included spiculated,
The internal force is based on the local shape of the coneircumscribed, and vague masses, ranging from obvious to
tour and aims at minimizing local curvature. Local curvaturevery subtle. The resulting 1210 masses have been manually
for vertexuv; is defined as the difference between the direc-segmented by an expert radiologist. The radiologist used spe-
tions of the two edge segments that join at that location. cially designed software to outline the masses on a dedicated
The external force is based on the image gradient magnimammographic review station. We used these annotations as
tude. This force moves the vertices to locations in the imagéhe ground truth for our experiment. The center of mass of
with strong gradients: the edges of the mass. Computation dhis annotation £, ,u,) was used as a reference point for
the external force is done in the radial direction, as this preour segmentation method. The detection experiment was
vents vertices from moving along the contour. The total forcedone with the set of malignant masses and the normal
f; acting on a vertex is a weighted combination of externaldataset. The mass dataset was used in the other three experi-
and internal forces. As a result of this force the veriewill ments.
start to move and change its positipp. This position vec-
tor, together with the vertex velocity and acceleration vectors) g. Extension factor for closed contours

v; and a;, describes the dynamic state of the vertex. The . ] )
deformation process stops if the conditiop=a,=0 is met The first experiment was done to estimate the value of the

by all vertices. To ensure stability of the deformation Ioro_ex_te.nsion factqr needed to _guarante_e a closed contour. As the
cess, a small damping factor is added to the force that i€"ginal dynamic programming algorithm does not guarantee
applied to vectow, . resulting contours to be closed, we p.roposed a solytlon that
makes use of an extended cost matrix. The extension factor
defines the size of the extended cost matrix. To estimate an
lll. EXPERIMENTS appropriate value for the extension factor we calculated the
Four experiments were done to evaluate the performanceercentage of closed contours for each extension factor for
of the dynamic programming method. The first experimentall images that contained at least one mass lesion.
was done to estimate the value of the extension factor needed
to guarantee a closed contour in the dynamic programming c. segmentation
method. The second experiment quantitatively analyzed the ] )
segmentation performance of the new method compared with 1h€ segmentation performance is evaluated for all three
the other two methods—region growing and the discreté€gmentation methods using an area overlap criterion. The
contour model—using an overlap criterion. The other twoused dataset. consisted of all images that contqlned at least
experiments were conducted to evaluate effects of the se@N€ Mass lesiofmass datasptAll three segmentation meth-
mentation performance on the classification accuracy. Th@dS néed a seed point. As seed point for the algorithms we
third experiment was done to study the ability to discriminateiSed the center of mass of the ground truth. For the discrete
malignant lesions from suspiciously looking normal tissueContour model, a circular region with radius 0.6 cm was used
(mass detectionIn the fourth experiment the ability to clas- {© initialize the algorithm. The performance of the segmen-
sify lesions correctly as either benign or malignant was studt@tion methods has been evaluated by an overlap criterion

ied (benign/malignant classification O=SNT/SUT, whereSis the segmented area amds the
segmentation made by the radiologist. An overlap percentage
IILA. Database close to one means a good match between the two regions.

The two-sided Wilcoxon test with confidence level 0.95 test

The mammograms used in this study all came from thy 5 ysed to asses the difference in overlap percentage be-
Dutch Breast Cancer Screening Program. All women agegyeen the two segmentation methods.

50-70 are invited biannually to participate in this program.
Two mammographic views—mediolateral oblique and .

. . N N - 1Il.D. Mass detection
craniocaudal—are obtained at the initial screening in this
program, where only mediolateral views are obtained at sub- The third experiment was done to study the influence of
sequent screenings, unless there is an indication that addhe segmentation method on the detection of masses. First a
tional craniocaudal views would be beneficial. The mammo-pixel level mass detection method was used to assign a value
grams were digitized with a Canon laser scanner at a pixedf suspiciousness to all pixels in the image. The most suspi-
resolution of 50umx50 um, and were averaged to a reso- cious sites were selected for further processti§.If a se-
lution of 200 um maintaining the original gray value resolu- lected site was found closer than 1 cm to another selected
tion of 12 bits. site, it was considered to belong to the same suspicious re-
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gion and the least suspicious site was removed. Alesionwa: 2 |
considered detected if a selected site was located inside th
manual segmentation. The method was applied at a high ser o _|
sitivity level to detect most of the masses in the set. Theg ©
average number of selected sites for each image was 10. % ©
The coordinates of the sites were used as seed pointg © 7]
(px,pmy) for the segmentation algorithms. After segmenta- ;5-;
tion of the suspicious regions, features were calculated forg S
each region to classify the region as normal or malignant.g
The dataset used for this experiment consisted of all normag, < -
images and all images that contained at least one malignar*%
lesion. s v |
Classification was done in two independent steps, feature~ <
selection and classification. Both procedures are completely
independent. Cross validation was used to randomly partitor < |

the dataset into a trainset and a testset on a 10:1 ratio und¢ I l I l l
the constraint that the images from the same patient are 1.0 1.5 20 2.5 3.0
grouped into the same subset. For every partition the training
set is used for feature selection and the test set is used for the
classifier validation. Every image is grouped into one of theFic. 5. The percentage of closed contours is plotted against the extension
ten different test sets. factor 8. In the original dynamic programming algori_th(mith B=1.0) 40% )
) . of the contours is closed. In the improved algorithm where the path is
For feature selection we usedaearest neighbdiKNN) calculated over a larger ardaxtension factor 3)) more than 99% of the
algorithm in a leave-one-out basis to select the most usefuontours is closed.
features from the entire feature space. Features were selected
from each training set in a sequential forward procedure.
New features were included if they increased the perforiyv. RESULTS
mance of the classifier. The classifier was then applied to all
regions in the testset. In that way every lesion in each view?-A- Percentage of closed contours
received a probability of malignancy. Results are presented To determine an optimal value for the extension fagor
in free-response receiver operating characteristitOC  we applied the dynamic programming algorithm to the re-
curves in which the true positive fraction is plotted as a funcgion from —g# to B for several values of3. For each
tion of the average number of false positives per image. extension factorg we calculated the percentage of closed
contours. A contour was considered closed if the distance
between the first and the last pixel was less than three pixels,
according to the definition of the cost function. The result is
shown in Fig. 5. About 40% of the contours is immediately
The set of segmented masses was used to study classifiosed. This percentage increased and reached 98% for ex-
cation performance. For each segmented mass several faansion factor 2. The maximum number of closed contours
tures were calculated including spiculation measures, conwvas reached for extension factor 3. At that time there was
tour features, texture features, and some simpl®nly one image that was not closed according to our defini-
morphological features. These features are described in mot®mn. Considering these results it seems appropriate to apply
detail in Refs. 15, 16, and 17. the algorithm with extension factor 3 and use an extended
Classification was performed as earlier: KNN based feacost matrix from—3m to 3w The contour from— to =
ture selection and classification. Evaluation was performedhould be extracted and defines the final contour. For the one
in two ways, film based and region based. In the film basednass that was not closed with this method we applied the
method, the likelihood of malignancy provided by the clas-first method(Sec. II.A.2 to find a closed contour. There was
sifier was used as a discrimination score to classify the lesionne image that had two optima. The final contour depended
as malignant or benign. In the region based method, the pupn the initial angle of the coordinate transform and alternated
pose is to classify each region as malignant and benign usingetween the two states for the different valuegoFigure 6
the information from all available images. The discrimina- shows the two cases where the dynamic programming algo-
tion score for each case is the maximum of the discriminafithm was unable to find a closed and stabile contour. Figure
tion scores of the lesions belonging to it. This discrimination6(a) shows the manual segmentation of a benign mass em-
score was defined as the average of the classifier output fiiedded in dense tissue. The two states of the contour are
all different views of a lesion. In both evaluation methods,given in Figs. 6b) and Gc). The contour in Fig. @) is too
the discrimination scores were analyzed using ROC methodarge and contains some dense tissue around the mass. The
ology using the.aBroC program’® To evaluate the statistical other state, Fig. @), gives a correct segmentation. The case
significance between the different methodsd¢heBroC pro-  where the dynamic programming algorithm was unable to
gram was used. reach closure is shown in Fig(d. The resulting segmenta-

number of cycles

III.LE. Benign /malignant classification
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Fic. 6. Two cases where the dynamic
programming algorithm did not suc-
ceed in finding a closed and stabile
contour. The first column shows the
case where the final contour altered
between two states(a) shows the
manual segmentatiofty) and(c) show
the two states of the dynamic pro-
gramming algorithm. The second col-
umn shows the case where the dy-
namic programming algorithm was
unable to find a closed contoufd)
shows the manual segmentatiofe)
shows the contour found by the dy-
namic programming algorithm with
the use of an extended cost matrix, and
(f) shows the segmentation obtained
by the original dynamic programming
(b) (e) algorithm with constraints.

()

tion is shown in Fig. €&). For this mass we applied the first dicates that the dynamic programming method is more suited
method to obtain a closed contour. This contour is shown ino segment mammographic masses than the other two meth-

Fig. 6(f). ods. Figure 7 displays the overlap percentages for the differ-
_ ent methods. The figure shows that not only the mean over-
IV.B. Segmentation performance lap percentage is higher, but also that the percentage of

For each mass the overlap percentage with manual segfasses with poor overlap is smaller for dynamic program-
mentation was calculated. The average overlap percentagieing than for the other two segmentation methods.
for dynamic programming was 0.69, for discrete contour Table Il shows the results of the Wilcoxon statistic. The
model 0.60, and for region growing 0.%8able |). This in-  difference in overlap percentage between the proposed
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TaBLE |. Summary statistics for the performance of the three segmentation methods based on an area overlap
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 0.913
Region growing 0.034 0.460 0.641 0.586 0.748 0.914

method and the other two methods is statistically significandifferent views of the same lesion were combined by the
(p-value <0.05. It is clear from the test that a significant classifier, were 0.74 for dynamic programming, 0.72 for the
increase in area overlap has been obtained with the dynamdiscrete contour model, and 0.67 for the region growing
programming method compared with the other two segmenmethod. The image and region based performance are shown
tation methods. Although the discrete contour model had betin Fig. 10 and Fig. 11. We used tl@ABROC program to

ter results than the region growing method, these resultsvaluate the statistical significance of differences in classifi-

were not statistically significant. cation performance. We found that the differenceiinval-
ues between the region growing and the dynamic program-
IV.C. Mass detection performance ming method was statistically significafttvo tailed p-level

. . .0.0044. No statistical significance was found between the
Results of the mass detection experiment are shown Niher methods. The two tailqgHlevel for dynamic program-
Figs. 8 and 9. In FROC curves, horizontally the number of° i y brog

" ) ) : : ming versus the discrete contour model was 0.20, for the
false positive detections per image is shown, vertically the,. . .

o . . . e discrete contour model versus regions growing 0.08. The re-
sensitivity that is achieved at this specificity level. A tumor

was considered detected if the center of a detection was ins—u”S are summarized in Table IIl.

side the segmentation made by the radiologist. Detections
outside the annotated areas were counted as false positi eDISCUSSlON/CONCLUSlON

signals. The film based performance is given in Fig. 8. The In this work, we developed a segmentation method based
case based performance is given in Fig. 9. In the case baseth dynamic programming to more accurately extract mam-
evaluation a lesion is considered detected if it is detected omographic mass contours. In addition, we developed a
either view. Both figures show that the detection perfor-method to obtain closed contours. We found that 99.9% of
mance for the segmentation methods is nearly identical. the contours was closed and stabile for an extension factor of

3.0. As this percentage did not change for larger valug3, of

IV.D. Benign /malignant classification accuracy we choose to seB=3.0 in our algorithm. Another option

tation methods. The average classification accuracy has beﬂ'&ve not converged yet. We consider these contours as sub-

determmed by calculating theléa\rea under the ROC CurV‘E?)ptimal. It depends on the application to make a balance
(A7) using theLABROC program.” The average test results between optimality and speed. In our application, as the

for film based performance corresponded to an area under ional f vina the algorith .
the ROC curve of 0.67 for region growing, 0.71 for the dis_%omputatlona burden of applying the algorithm wj-3.0

. .~ _is minimal, we choose for optimality.
crete contour model, and 0'74 for dynamic programming. o proposed method has been compared with two other
The averagé, values for a region based evaluation, Wheremethods: region growing and the discrete contour model.
The accuracy of the methods have been determined by com-
paring the mass segmentation with the manual outline of the
1 B(F:’M contour drawn by an expert radiologist. The mean overlap
A RG percentage for dynamic programming was 69%, for the other
two methods 60% and 58%, respectively. These differences
i Zo d were statistically significant<0.05).
Rt g In a case review we found that in general segmentations
with an overlap percentage of at least 70% were visually
) acceptable. The percentage of cases with a reasonable over-
lap percentage, i.e., more than 70% is 52% for dynamic pro-
gramming, 39% for region growing, and 38% for the discrete
Overlap Percentage contour model. These results demonstrate that the segmenta-
tions obtained with dynamic programming more closely
Fic. 7. Distribution of the overlap percentages for the (_1ifferent segme_ntatior}natch manual segmentation than the other two automated
methods. The average averlap pefcentage for dynamic prograniDifgs segmentation methods. All three methods rarely achieved

higher than for the other segmentation methpegions growing RG) and >
the discrete contour modéDCM)]. more than 90% overlap. One reason for this is that the accu-
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TasLE Il. Results of the Wilcoxon'’s test for the statistical difference in overlap percentage between the existing
methods and the proposed method. The second column displays the sum of the positive ranks, the third column
gives thep value and the last column the 95% confidence interval for the difference in the means.

Method WH p value Conf. interval
Dynamic programming—discrete contour model 519821 <0.05 0.081-0.11
Discrete contour model—region growing 362 020 0.6507 —0.01-0.01
Dynamic programming—region growing 517 192 <0.05 0.08-0.11

racy of the manually segmented regions is limited. Often theserver variability will be much smaller than the differences
manual segmentations are somewhat large to make sure thetween our automated methods and the radiologist's seg-
whole tumor is inside the annotation. Another reason is thamentation. Figure 7 shows the overlap percentages for the
when the radiologists’ annotation and the automatically segthree methods. There is a considerable number of cases
mented area are not identical the chosen overlap criteriowhere the overlap percentage is less than 50%. In a case
quickly decreases. review we found that in cases where the overlap percentage
In this study we only had one radiologist to do the manualis lower than 50%, the segmentation method often failed to
segmentations. If another radiologist would have done thénd the right contour. Examples are shown in Figg)22(d)
segmentations, both the ground truth and the center of massd Xc), 1(d). In our experience segmentation differences
would change. Small changes in the seed point will givecaused by interobserver variability will be of a more subtle
similar segmentation results. Both region growing and thenature, and mainly concern slight variations in outlining tu-
discrete dynamic contour model are not very sensitive fomors with vague boundaries and architectural distortions.
small changes in seed poittTo determine the sensitivity of Therefore, we believe that our results would be rather unaf-
the dynamic programming method for changes in seed poinfected by variability of the manual segmentations.
we applied the method with two different types of seed Figures 1 and 2 show examples where the two existing
points: the center of mass of the radiologists’ segmentatiomethods fail to find the contour of the mass. In the first figure
and the most suspicious site in a neighborhood of the centehe contour is attracted toward the strong edge of the pectoral
of mass. The results for both seed points were similar. muscle. In the second figure the contrast of the mass is low
Several measures were taken to minimize uncertainty odnd the resulting segmentation is too large. In both cases the
the ground truth due to intraobserver variation. All manualdynamic programming method correctly segments the mass.
segmentations were done with special software on a dediFhe advantage of the dynamic programming method is that
cated mammographic review station. The radiologist wasoth global and local cost are combined with different
given clear instructions how to outline certain mass typesweights to determine the optimal contour.
For architectural distortions and spiculated masses, only the The detection experiment showed that the improvement in
central tumor was annotated, not the spiculations. The maisegmentation performance did not result in a better detection
reason for this was that the outlining of spicules is very sub-of malignant masses. This may be understandable as we did
jective. By taking these measures we expect that the interolnot yet focus our attention on the design of special contour
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TasLE Ill. Film based and region based performance for classification of

! ! ! ' ! ! ! - malignant versus benign masses. Masses were segmented with the proposed
""" e e e A ; dynamic programming method, the region growing method and the discrete

‘ ‘ | ' ; | ‘ ‘ contour model. The last column gives the results of the tow-tailed student
test for the differences in areas under the ROC curve between the proposed
method and the existing methods.

1.0

> Methods Film based, Region based, p value
E

E Dynamic programming 0.72 0.74

g Discrete contour model 0.71 0.72 0.20
w Region growing 0.67 0.67 0.0044

I —bynanﬁc— P{eéramrﬁing (Aé =0.74) - | -
+=-=- Region Growing (Az = 0.67) i
- - -Discrete-Contour Model-(Az = 0.71)-|- -

The proposed dynamic programming method improved
the classification of malignant versus benign masses. When

2 | s — st using the KNN classifier, thé, value for region based per-
0.0 0.2 04 06 08 1.0 formance was 0.74 for the proposed segmentation method,
0.67 for the region growing method, and 0.72 for the discrete

FALSE POSITIVES PER IMAGE contour model. The difference i, values was between the

Fic. 10. Film based performance for classification of malignant vs benignProposed method and the region growing method was statis-
masses. Masses were segmented with the proposed dynamic programmitigally significant. Differences between other methods were
method, the region growing method, and the discrete contour model. ot statistically significant. The classification results are in
agreement with the ranking of the segmentation results. Re-
gion growing, the method with the lowest segmentation
features for mass detection. Instead we used the contour feperformance—as measured with the area overlap criterion—
tures that were developed for benign/malignant classificashowed the lowest classification performance. The best seg-
tion. These contour features in particular measure the sharpaentation method—the dynamic programming algorithm—
ness of the mass boundary which is a good feature imlso performed best in classification.
discriminating between benign and malignant masses. The These results contradict the study from Sahigeal!!
boundaries of malignant masses and patches of normal tissUéey compared a mass segmentation method based on an
that are initially detected by our method, often display moreactive contour model with manual segmentation by two ex-
similar boundary characteristics. Further studies are needggert radiologists. Even when the radiologist and the com-
to develop contour features that capture relevant aspects piter had high disagreement they observed no difference in
the mass boundaries to discriminate between malignardlassification accuracy. Our experiments suggest that a more
masses and false positive detections. accurate segmentation may result in improved classification
of benign versus malignant masses. With better contour fea-
tures, we expect that the mass detection performance will

o also benefit from a more accurate segmentation.
@ VI. CONCLUSION
In this study we compared a new segmentation method
v m based on dynamic programming. The new segmentation al-
g <] gorithm turned out to be robust and accurate with a high
5 overlap in a large number of cases. The mean overlap per-
z . centage for dynamic programming was 69%, for discrete
€@ =7 contour model 60%, and for region growing 58%. The dif-
S ferences between the new method and the existing methods
o | 7.:-{" o 1 BynericFraramming b0 were statistically S|gn|f|cant.. This Improvement in segmenta-
; i-.- Region Growing (Az = 0.67) | tion performance resulted in better benign/malignant classi-
S e Discrete-Contour Model-(Az = 0.72) fication. The detection performance was nearly identical for
s b the three methods.
=] I | I [

We will concentrate our future work on improving our
contour dependent features, especially contour features that
FALSE POSITIVES PER REGION discriminate between suspiciously looking normal tissue and

Fic. 11. Region based performance for classification of malignant vs benigrﬁ.nah(‘:]nant masses. We expect that our CAD program will

masses. Masses were segmented with the proposed dynamic programmit?&r?e1Eit fr_om a very accurate segmentation method in combi-
method, the region growing method, and the discrete contour model. nation with these new features.
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