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Abstract In many applications spatial observations must be segmented into
homogeneous regions and the numipasitions, and shapes of the regions are
unknown a priori. Information about the underlying probability distributions for
observations in the various regions can be useful in such a procedure. However
these distributions are often unknown. Furthermore, while there may bgea lar
number of observations, the regions of interest may be small. Thus there may be
few observations from the individual regions. This paper presents a technique
designed to address thesebdiilties.

A simple segmentation procedure can be obtained as a clustering of disjoint
subregions obtained through an initial low-level boundary detection procedure.
Agglomerative clustering of these subregions based upon a similarity matrix
derived from estimates of their ngamal probability density functions yields the
resultant segmentation. It is shown that this segmentation is improved through the
use of a Oborrowed strengthO density estimation procedure wherein potential simi-
larities between the density functions for the subregions are exploited.

The borrowed strength technique is described, and the performance of segmen-
tation based on these estimates is investigated through an example from statistical
image analysis.
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1. INTRODUCTION

Motivation

Random Peld applications often require small-area estimates for some aspect
of the local statistical structure. For instance, estimates of the local probability
density of the observations in an image can be used to improve upon a preliminary
segmentation. This is especially useful in cases for which little or no knowledge of
the number spatial structure, or statistics of the underlying image regions is
assumed. Unfortunatelthe requirement for local estimation implies that there are
few observations available for these individual estimation problems and ips dif
cult to obtain subciently accurate estimates. This paper presents an approach, the
use of borrowed strength estimators, which often can improve small-area estima-
tion accuracyand hence segmentation capabilities.

The purpose of this paper is not to develop a new segmentation scheme.
Rather we wish to show explicitly that the borrowed strength methodology pre-
sented in Section 2, which produces improved density estimates by taking advan-
tage of potential similarities between the local densities, can result in improved
segmentation. Thus we provide comparisons of a simple segmentation scheme

with and without borrowed strength.

Random Field

Let x(xw): RR X W ® A be a random Peld. The domain of dePnition is
RO 1 A9 the random variables axgw) for x1 R°, and the observations are
X, 1 A . For many applications it defes to assume that the sampling is performed
on a lattice. (See Cressie (1993) for a taxonomy of statistical data. The following
development can be adjusted to account for irregular lattice data and geostatistical

data in addition to the regular lattice data described.)q_et[o,l]d be the unit



cube ind-space and I6&° = L, be theN-pitch lattice ini¢.
d ~
RO= Ly ={ N, . IgN) LT {0, N} ). (1)
N corresponds to thesolution

Example: Image Processing

For instance, in digital image processing one may cons{dev): Li,ll, M, X
W ® A whereLfAl, v, represents al; X M, lattice of pixel locations and the
value of the beld observations represents pixel intensity

Assuming for simplicity that the image is made up diisjoint regionsRO =
UR (i=1,...r) with associated probability density functiongw) ~ ai(x) for x 1
R, then the goal is a segmentation of the image - a partition of the Peld into dis-
joint sets each of which is homogeneous. Thus the goal is to ascertainxihich
RO are to be grouped togeth&igure 1 gives an example of this idea from digital
mammography; the mammogram consists of (subjectivelyy 5 regions:
healthy tissue, tumorous tissue, edge of breaishreést, and the calciped artery
in the lower right cornerThis example will be used throughout to illustrate the
assumptions and approach.

It is often the case that the original image pixel values are inappropriate for
segmentation analysis. In mammograpimyuch attention has be given to texture
features. It is well-established that gray level alone is lmgaht to characterize
mammographic tissue, and that local texture is relevant to the analysis (Hsiao and
Sawchuck (1989), Miller and Astley (1992), Priebe et al. (1994)). For this paper
we consider one of the simplest versions of a local texture, thieaeef of varia-
tion s am. For each pixek we calculate the meanand the variancs? for the

pixel values in a window of radius centered ak. This yields a derived peld



whose observations represent a local roughness characterization of the original
image, normalized for intensity level. Figure 2 shows the locaboosit of varia-

tion Peld associated with the mammogram from Figure § for3.

Segmentation
For the purposes of this paper the simple debnition of segmentation is a parti-

tion of RC.

J={J...0} is a segmentatiomf the random beld (2)
xxw): ROXW ® A 0 JCJ = &foritjandud =R’

Thus a segmentation is a clustering of the beld observations. There age a lar
number of simple, low-level segmentation algorithms available (Haralick and Sha-
piro (1985), Jain, Kasturi and Schunck (1995) Chapter 3). These algorithms pro-
vide an initial partitioning of an image. For concreteness, in this paper we will
consider the watershed algorithm (Serra (1982), Meyer and Beucher (1880), V
cent and Soille (1991)), which automatically provides a segmentation according to
debnition (2) above. Figure 3 depicts the results of a watershed segmentation of
our example mammogram. (In fact, as the beld under consideration is actually the
coebcient of variation beld shown in Figure 2, it is this image upon which the
watershed algorithm acts.)

Many low-level segmentation algorithms, including the watershed approach,
give good localization of boundaries but generate extraneous boundaries. The goal
of a second stage segmentation routine is to rebne this initial segmentation. Our
approach is to cluster the watershed regions, which will necessarily yield a seg-
mentation. (Other approaches to rebnement, such as adjustment of region bound-

aries, are also possible.) The watershed segmentation depicted in Figure 3 can be



considered as a regional structureRSrwhich debnes the local regions. Estimates
of the probability density for these regions can be used to cluster the regions,
- . o _ N
yielding a Pnal segmentation. Thus we haele UR (i=1,...F), where theR are
the watershed regions. For the example shown in Figure=3101.
In addition to a similarity matrixT"’ = H@', @JH based on the local density
estimatesd (i=1,...F) for an appropriate distance debPned on the space of proba-

bility densities such as integrated squared grror
&.i .jo & o, 02
1SES®, #lg = |8, &, = &, %8 00 BF (05 o,

it is often necessary to incorporate spatial proximity into the segmentation rebPne-
ment procedure. For context-free segmentation, this clustering is not based upon
spatial dependencies among the regions. Such an approach is often unrealistic
(McLachlan (1992) Chapter 13, Cressie (1993) Chapter 7), ignoring useful spatial
information. Figure 4 presents the irregular lattice derived from the watershed seg-
mentation and used to represent spatial neighborhoods. The lattice is obtained by
considering two sites, or watershed regions, to be neighbors if the Euclidean dis-
tance between their centers of mass is less than a prescribed con3taistis
analogous to the neighborhood structure imposed by Cressie (1993) on North
Carolina counties. Figure 4 shows the neighborhoods associated with075.

In Section 2 we consider the case in which the initial low-level segmentation
and the spatial neighborhood structure are given and the goal is to rebne the seg-
mentation via region clustering. Furthermore, we consider the clustering algorithm
to be given as well. The only aspect of the procedure which is altered for compari-
son is the method of obtaining the local density estimiteand it is shown that
the second stage segmentation benepts from using borrowed strength density esti-

mation.



2. DENSITY ESTIMATION

To improve segmentation of the image (Figure 1) we suggest that a rePnement
of the initial segmentation produced by the watershed algorithm can be obtained
by clustering the watershed regions (Figure 3), and that this clustering be based on
spatial proximity (Figure 4) and local probability density estima'xieﬁor the mar-
ginal densities of the cdetient of variation (Figure 2) in the various regid?iils
The implicit hypothesis is that the are suibciently diferent for diferent tissue
types (healthy and tumorous) to aid in the clustering.

An initial investigation of this hypothesis, given in Figure 5, is promising. Fig-
ure 5 depicts kernel density estimates (see, for instance, Silverman (1986)) for the
coebcient of variation in the true regioR§ (healthy tissue) and" (tumorous tis-
sue) in the example mammogram. For this image the numbers of observations per
region aren” = 63505 anch’ = 2031. This plot serves as brst-order veripbcation
that the probability density functions for tumorous versus healthy tisfee alifd
estimates can be useful in clustering the watershed regions.

Unfortunately the lack of knowledge of the location of fdifing regions
(tumor and healthy) necessitates that the regRi)rt&‘btained in the initial segmen-
tation (Figure 3) be small compared to the anticipated size of the true but unknown
R. Figure 6 is a histogram of the number of observations per ragdio‘ﬁhese
region sizes are too small to allow accurate nonparametric estimation of the densi-
ties ai, especially in light of the even smallefesftive number of observations
due to dependence.

The competing requirements of estimation of an unknown density and local
investigation to determine the segmentation regions lead to an impasse which can-
not easily be overcome. Howeyer many applications it is reasonable to assume

that the underlying local densities are (potentially complex) mixture models. Fur-



thermore, it is often the case that the underlying mixture components can be con-
sidered to be invariant across class with the probability density functidesnd)f

only in their mixing codbcients.

The Mixture Model Assumption

In order to perform parametric estimation of EH'eassumptions must be made
as to the form of the densities. As a working assumption, consider toebe
Pnite mixture models. For simplicity we assume mixtures of normals, but the treat-
ment can be generalized to mixtures of any absolutely continuous exponential
family density Assumea'(x) =a(x ;y',1') is a mixture ofrl component densi-
tiesC(x; Q). Thatis,
mi . .
al)=§& pCkx:d)

t=1
where

i i i i i
y' =(a ,...,gmi)andl = (pt ,...,pmi).
l.e., for normal mixtures we hage= (mn) and
. ml . .
al) = & PG m,n) (3)

We let a'i')i represent a maximum likelihood estimate of thegimal densities
of the coebcient of variation for then' observationsxxl, 1/4,xxi, where
{xy, ¥a,x } | R. These estimates are termed Ocon\_/ention:'sllc') throughout
because they are based only on the local sample from rE'?'gjomlike the bor-
rowed strength estimates described bel®mce the number of terms has been

determined, thed are conventional maximum likelihood estimates obtained via



the EM algorithm (see, for instance, Redner aralkér (1984)). Given'ni, an
estimate for;(i | i) is obtained by maximizing the regional likelihood

.. ni

o 5 0 o

L&y 1'g = Oagky'l'g (4)
j=1

It should be noted, howevehat the determination of the number of terms in a
mixture model, required for both the conventional and borrowed strength estima-
tors considered herein, is no mean feat (Everitt and Hand (1981) Section 5.2,
Priebe (1994)). The complexity of the density estimates used here is chosen using
the adaptive mixtures procedure of Priebe (1994). The semiparametric requirement
in this work for a data-driven determination of the number of terms in the models
makes it necessary to use a Rexible mixture-based estimator such as adaptive mix-
tures.

Consider the estimates’ and@' shown in Figure 7. These estimates have
complexity m' =9 andm = 4, and compare favorably with the kernel esti-
mates. As one would expect, the moderate size of the tumorous sample translates
to a less accurate estimate. Nevertheless, Figure 7 suggests that, at least for this
example, the mixture model assumption may indeed be warranted and normal mix-

ture models can be used to estimate the densities.

Borrowed Strength

The borrowed strength assumption is that the local estimates can be improved
upon when there are fundamental similarities betweem'ttmd al, even when
these densities ddr. In particulay when thea' are Pnite mixture models whose
underlying mixture components are invariant across the entire Peld donfin
in terms of their location in parameter space, then the local mixture probability

density functions dfér only in their mixing codfcientsl | An estimator which



exploits this invariance by using all the observed data (Oborrowing strengthO from
potentially dissimilar densities) to develop an estimate of the invariant parameters
y ' and imposing this estimate as a constraint on the estimation|df(érel hence
the local probability densiti%i) can produce superior local estimates and hence
superior segmentation. This procedure can be seen to be a proble likelihood tech-
nique (Cox and Reid, 1987).

The additional assumption is made thét m° and @ ,...,gimi) =yl =y0=

(& ...d" o) for alli. Thus

0
m

a(x)= 8 p Cx;ar).
t=1

and for normal mixtures

Pt (¢ e ,ng ). 5)
1

al(x) =

Qo 3

t

y0 = (m_? ,ng ,...,m?no,n?no) is common to all of the densities and the diference
between the densities is encompassed entirely in the mixingpaieefs! ' =

(pli ,...,pimo). Maximum likelihood properties of parametric borrowed strength
hold for this model whenever the component far@ilig an exponential familyhe

got are distinct, ancpit >0 for alli,t. The borrowed strength estimate is obtained
by obtaining a maximum likelihood estimate ;o(? based on all the data (tlmg

observations<xl, Ya, X, , where{x,, %, xno} | RO). The proble likelihood esti-

: Xq!
- . . n . . .
matel™ , given this estlmatgro ofyo, is then obtained based on the local sample
of n observations, , ¥a, X, . That is, we combine the joint likelihood estimate
1 i

y’ro obtained by maximizingn



o2 0 00
L&y g-oa‘%x,y . (6)

j=1

with the regional proble likelihood estimdte obtained by maximizing

Li&fiyg—()a " ‘yr (7)
j=1
Estimating a'—i (x) =a(x; y‘ro, I+i) using (6) and (7) is termdabrrowed stength
maximum likelihoodDetails of this approach can be found in Priebe (1996). The
improvement in these estimates that can be gained through the use of the borrowed
strength methodology is potentially signibcant.

For model (5) we have consistency of the borrowed strength estimators and
their superiority to the conventional approach. These results follow in a straight-
forward manner from the standard maximum likelihood results in Pnite mixtures
of exponential family densities as given in, for instance, Redner aalkeiV
(1984). A more detailed presentation of borrowed strength mixture models can be
found in Priebe (1996).

Consider an eight-term approximatior®e8) toa’ = (n"H/m%a"™ + ((in%a "
wheren® = n" +nT, (As before, adaptive mixtures (Priebe, 1994) is used to deter-
mine the number of terms in the model.) This approximation also yields the esti-
matey'rO for the means and variances of the borrowed strength estietatasd
e'rT; these approximation are shown in Figure 8 to compare favorably with the ker-
nel estimates. Figure 8 indicates that the borrowed strength assumption may

indeed be warranted.
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3. EXAMPLE RESULTS

The suitability of any statistical procedure is only as good as its assumptions.
For borrowed strength, this translates into the assumption that thesuliflocal
densities can be modelled as Pnite mixtures with the same means and variances.
This assumption is investigated for digital mammography in Priebe, et al. (1996).
In summarythelSE between borrowed strength mixture estimates and their asso-
ciated kernel estimates for healthy and tumorous tissﬁg%'T,alEg and
ISEgea'rH, aEEg) is negligible compared to th8E between estimates for thfent
tissue typesl(SEgea'rH, a'rTg).

Nevertheless, it is dicult to conclude that the densities for the watershed sub-
regionsRi are being accurately modelled based on the estirHaH\taﬂda"T, and it
is these subregion densities which are at the heart of the borrowed strength
assumption. Figures 7 and 8 could be misleading. An investigation of subregion

density estimation performance is necessamyg will now be presented.

Local Density Estimation Examples

Actual estimates for selected watershed regions in the example mammogram
are investigated to indicate the improvement in local density estimédedealf by
the borrowed strength methodology and how this improvement impacts the even-
tual agglomerative segmentation of the initial regions.

Four regions, two tumorous and two healthgve been selected. These regions
are indicated in Figure 9(a). For each of these four regions, both conventional and
borrowed strength estimates have been obtained. Figures 9(b) and 9(c) depict these
estimates. The two tumorous estimates are more alike when using borrowed
strength than when using conventional estimation. Similarly for the two healthy

estimates. These within-class results, taken together with the between-class results,
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show that borrowed strength yields tumorous estimates more distinguishable from

healthy estimates than does the conventional estimation procedure. These results

are presented numericaliym terms oflSE, in Table 1. The tumorous regions are
T = {63,69} and the healthy regions are H = {70,73}.

Table 1:ISEresults for selected regions from the example mammogram.
These results correspond to Figure 9.

Conventional Estimates

Borrowed Strength Estimate

S

Within Tumor-
ous Class

e, ..6900
ISEa® >, & g = 0.16

x. .690
ISEéar63, a69g =0.04

Within Healthy
Class

®.70 730
ISEe® ", & g = 0.12

e, .730
1seQa™, &y = 0.02

Between
Classes

in &.t .h0 _
hi H ISEe@, @ 5 =0.13
th T

I 2.t .ho

ISEga,a g =0.11

3

n
h] H
tl T

——

These results involve only th8E distances, and do not take into account spa-

tial proximity. Nevertheless, in terms of the most simple-minded clustering, we

can see that the borrowed strength estimates will allow the four regions to be sepa-

rated into the correct two clusters, while the conventional estimates will not.

Monte Carlo Simulation

This simulation is designed to add a statistical understanding to the results pre-

sented above for the small selection of watershed regions. Consider the kernel esti-

mates shown in Figure 5 to be OtruthO for the following simulation andhdraw

50 observations fror ' . We obtainSE results between the density estimates and

a' for 100 such random samples. The value'ofs chosen to be relevant for the
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mammography application. Investigation of a correlogram (Cressie, 1993) for the
coebcient of variation peld, shown in Figure 10, indicates that the watershed
regions yield dective sample sizes much smaller than is indicated by the histo-
gram of region sizes (Figure 6). Since the region sizes are often no more than 400
pixels, and there is signibcant correlation at a distance of 8 pixels, it appears rele-
vant to consider Monte Carlo samples of approximately 50 independent and identi-

cally distributed observations.

Quantitative analysis of the relative performance of the two estimators for this
example is provided by the simplest and most applicable hypothesis test, the sign
test (Lehmann, 1975). Under the null hypotheses

&.i 710 &.i 710
Ho: ISEeE, a g° ISEe®, a g

the least favorable distribution for the number of times
ISEgea'ri, aTgDISEge@i,aTg3 0 is Binomia(100p = 192). In our simulation
only 21 out of 100 samples yield a borrowed strength estimate witlyex ISE
than the conventional estimate. The p-value in this case is less tRandifating
convincingly the superiority of the borrowed strength estimator

Quite simply a' is hard to estimate with onlyi = 50 observations, but much
easier after having estimatgtf with n® observations. As seen in Figure 9 and

Table 1 above, this improvementIBE will translate into superior segmentation.

Example Segmentation

Actual segmentation of the image depicted in Figure 1 is quite successful. Fig-
ures 1 and 12 give the results of running the segmentation algorithm described
previously on conventional and borrowed strength probability density estimates,

respectively for each watershed region. A synopsis of the approach employed
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includes:

(i) Given an image (Figure 1), feature maps, consisting of scalar or vector
valued observations at eachl RO, are be obtainedF = f(I) used here is
shown in Figure 2, wheiffeyields a local coéfcient of variation.

(i) C = c(F) produces local regions via a low-level operation. The scheme
employed here uses the watershed algorithm, with results shown in Figure 3.

(iif) For each of these regions we produce density estirn%ifiatebtained solely
on the data in regioﬁi anda’ri using the borrowed strength approach.

(iv) Consideration of some distand8E is used here) between these estimates
together with the spatial information provided a lattice based on region location
(Figure 4) yields a distanat’’ betweenRi andR‘ .

(v) The symmetric=" £ similarity matrix D = {di’j} thus obtained, and a
clustering parametet, are all that is required to produce a clustering of the origi-
nal regions, yielding a Pnal segmentation. The simple clustering used in this paper
is given in the Appendix.

The segmentation algorithms have produced distinct clusters, or classes, with
the two regionﬁ?63 and ng corresponding to the location of the tumor making up
one of these. Thus the segmentor has successfully indicated the tumorous tissue as
distinct from the rest of the image. It is seen from comparing the bPgures that the
borrowed strength procedure produces fewer false positives - regions of healthy

tissue which are not clustered with the majority of the healthy tissue.

Additional Segmentation Results

Table 2 gives quantitative results for the improvement in segmentation perfor-
mance obtained via borrowed strength density estimation. A set of eight digitized
mammograms which have biopsy-proven malignant tumors, including the exam-

ple image (071) analyzed at length above, are segmented using the two approaches
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contrasted in this papeFhe mammograms considered here have been selected as
those for which a preliminary analysis (Priebe, et al., 1996) indicates that the fun-
damental assumption of healthy and tumorous tissue haviiggedif probability
density estimates is warranted. Results reported are in terms of tumorous pixels
correctly segmented apart from the healthy tissue (Otrue positivesO) and healthy
pixels incorrectly segmented apart from the majority of the healthy tissue (Ofalse
positivesO). Once again, the borrowed strength approach out-performs the same
watershed region clustering performed using the conventional estiriiatse
results include the spatial proximity factor as represented by the lattice (Figure 4).
The choice of the clustering parametkeis not entirely automated at present.
Numerous choices were tried and the best results are reportaioléen2T

An attempt has been made to normalize for @¥cFous Tssue Correctly
IdentipedO so that relative performance can be analyzed in terms of O% Healthy
Tissue Incorrectly Identiped,O although this is not always possible for the conven-
tional estimator while at the same time having tumorous tissue distinguished from

healthy tissue.
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Table 2: Segmentation results for set of digitized mammograms.

% Tumorous Tssue

% Healthy Tssue

Mammogram| Estimator Correctly Identiped | Incorrectly Identibped
071 41.1% 5.76%
(Figure 1)
41.1% 0.13%
051 0%* 0%*
27.5% 15.0%
067 10.9% 33.2%
42.6% 32.7%
092 22.8% 30.0%
22.8% 11.0%
100 32.4% 9.6%
64.4% 8.7%
073 79.0% 77.2%
79.0% 17.6%
074 56.7% 1.43%
56.7% 1.43%
075 23.3% 3.69%
23.3% 0.05%

* Tumorous tissue could not be distinguished from healthy tissue.
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4. CONCLUSIONS

A borrowed strength approach to estimating local probability density functions
in a random beld has been presented as a technique to improve upon an initial low-
level segmentation routine. Given an initial region map, probability density esti-
mates, and spatial proximity information, the initial regions are clustered to pro-
duce a bnal segmentation.

This algorithm is seen to yield superior results when employing the borrowed
strength density estimation technique, as compared to conventional estimation.
The assumption is that some subset of the original segmentation boundaries are
acceptable and we wish to delete those which are extraneous, through clustering.
Thus borrowing strength has the potential to improve present performance in seg-
mentation applications for which no simple parametric assumptions can be made
and there is a limited number of observations available for the required estimation
of local densities.

Using specibc algorithms for the various components of the overall approach,
we have presented a detailed example from digital mammography which indicates
how and why the borrowed strength technique yields superior results. Monte Carlo
simulation results and quantitative results from a set of mammograms have been
presented indicating the potential generality of this conclusion.

Issues which need to be addressed include feetedf within-region depen-
dencies on the density estimation procedures, the incorporation of class allocation
dependency assumptions, the choice of low-level segmentation algorithm, the

choice of texture feature, and particulars concerning the clustering routine.
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APPENDIX
Clustering putine

Given a distancel>0 and a similarity matribxD = {di’j} for regions R
(i=1,..r), fort T {1,%, 3}, let T (d) = {t':d"‘ <d} . Let T denote the set
of r' uniqueT (d) ; T:{Tl,...,Tr'}. Note that ford>0t T E T "t , andT T
are not necessarily disjoint.

Let9© {@l, v, 9"} where

9'o iti= argmAax _ Cardgerjgg
' jstti T
(with ties broken arbitrarily). Note th& might be nullt T E ' " t, and the
9" are disjoint. Ler be the number of non-nul and $° {Q"l, v, 91 be the

set of these Oclusters.O Thds a segmentation & .
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Figure 1.
Digitized mammogram (enhanced for display) and radiolegistOndary for
biopsy-proven malignant tumor
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Figure 2.
Local coebcient of variation Peld for the mammogram depicted in Figure
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Figure 3.
Watershed algorithm yields an initial segmentation of the example mam
gram intor- = 101 local regions. The algorithm is designed to coalesce
regions which come into contact with the image boundary into a sir
region, which is not used in subsequent analysis.
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Figure 4.
Lattice derived from watershed regiorts£ 0.075) depicted in Figure 3 reg
resents spatial neighborhood structure.
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Figure 5.
Kernel estimates for the probability density of healm'fl)(vs. tumorousdT)
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Figure 6.
Histogram of watershed region sizes from Figure 3.
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Figure 7.
Comparison of conventional mixture model estimzﬁ'ésand @T with kernel
estimates (dashed curve) for the probability density of healthy vs. tumc
tissue codbcient of variation.
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Figure 8.
Comparison of borrowed strength estimatesand a'rT with kernel estimates
(dashed curve) for the probability density of healthy vs. tumorous tissue
pcient of variation.
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Figure 9.
Comparison of borrowed strength estimates and conventional mixture 1
estimates_for the Probability density of doeient of variation for selecte
healthy R and R") and tumorousR® and R*®) regions. Dashed curve
are healthy; solid curves are tumorous. (b) shows conventional estimat
shows borrowed strength estimatéE results for this example are presen
in Table 1.
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Figure 10.
Correlogram for the cobtient of variation Peld (Figure 2) indicates th
there is signibcant spatial correlation at a distance of bve to eight pixels
suggests that thefettive sample sizes for the watershed regions are sig
cantly smaller than the number of pixels in the regions.
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Figure 1.

Resultant agglomerative segmentation (with radiolagyist@ndary) without
using borrowed strength. The two regions entirely within the tumorous re
have been correctly segmented as distinct from the majority of the tissue
arate segmentation clusters have been obtained for tissue on the edge
breast. Unfortunatelynumerous other regions of healthy tissue have

been clustered as distinct from the majority of the healthy tissue. (The

right corner corresponds to a calcibed ar}jery
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Figure 12.

Resultant segmentation (with radiologistBoundary) using borrowe
strength. The two regions entirely within the tumorous region have beel
rectly segmented as distinct from the majority of the tissue. Separate se
tation clusters have been obtained for tissue on the edge of the breas
the region in the upper right corner has been incorrectly identiPed as d
from the majority of the healthy tissue. (The lower right corner correspon
a calcibed artery

32



