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ABSTRACT

Bayesianstatisticaltheoryis aconvenientwayof takingapriori informationinto considerationwheninference
is madefrom images.In Bayesianimagesegmentation,theapriori distributionshouldcapturetheknowledge
aboutobjects.Takinginspirationfrom (Alvarezet al., 1999),wedesigna prior densitythatpenalizesthearea
of homogeneouspartsin images.Thesegmentationproblemis furtherformulatedastheestimationof theset
of curvesthatmaximizestheposteriordistribution. In thispaper, weexploreaposteriordistributionmodelfor
which its maximalmodeis givenby asubsetof level curves,thatis theboundariesof imagelevel sets.For the
completenessof the paper, we presenta stepwisegreedyalgorithmfor computingpartitionswith connected
components.

Keywords:areadistribution,connectedcomponents,energy minimization,imagesegmentation,level curves.

INTRODUCTION

Image segmentation and object boundaries
estimation are among the most challenging and
fundamentaladdressedproblems in image analysis
(Mumford andShah,1989;VincentandSoille, 1991;
Morel and Solimini, 1994). Segmentation can be
achieved by minimizing an energy model designed
in conjunction with Bayes’s theoremas shown by
Mumford andShah(1989)andZhuandYuille (1996).
Indeed, it is straightforward to transfer a Bayesian
criterion into anenergy minimizationcriterion(Morel
andSolimini, 1994;Zhu andYuille, 1996).Thereby,
the discrete (Gemanand Geman,1984; Blake and
Zisserman,1987)or continuous(Mumford andShah,
1989; Morel and Solimini, 1994) energy functional
is traditionally comprisedof two terms:the first term
is a fidelity term describingthe interactionbetween
theobserveddataandthemodel(datamodel)andthe
secondis a regularity term(prior model).

In Bayesianimagesegmentation,the prior model
should capture the knowledge about objects. In
particular, theincorporationof prior informationabout
the outline of objects can be applied. There has
been a growing interest in this field, particularly
along the guidelinesof Grenander’s generalpattern
theory using deformabletemplates(Grenanderand
Miller, 1994). In a separateway, Zhu and Yuille
(1996) attempted to unify snakes (Kass et al.,
1987) and region growing methodswithin a general
energy/Bayesframework. Both approachesestimate
thecurvesthatmaximallyseparateunknown statistics
inside and outsidethe curves. Finally, the designed
energy functionals are complex, for which it is

difficult to specify global minimizers corresponding
to “best” segmentations.The maximum a posteriori
(MAP) estimateis generallydeterminedby prohibitive
stochasticsearchprocedures(Grenanderand Miller,
1994) or other variantsof steepestascentalgorithms
(Zhu and Yuille, 1996). With thesetools, additional
a priori knowledge may be specified to ease the
segmentationtask:statisticsinsideregion boundaries
are assumedto be known (Grenanderand Miller,
1994; Chanand Vese,1999) or estimatedusing ad-
hocmethods(ParagiosandDeriche,2000).In practical
imaging,thesemethodsstill suffer from the problem
of initialization of curves(Zhu andYuille, 1996),off-
line estimationof the mixture model of Gaussians
approximatingthe probability densityfunction of the
image (Paragiosand Deriche,2000), or selectionof
hyperparametersweightingthecontribution of energy
terms(Zhu and Yuille, 1996; Chanand Vese,1999;
ParagiosandDeriche,2000).

In this paper, we addressthese problems and
follow the Bayesianapproachfor recovering simply
connectedobjects in the plane. The prior model
focuses on how the area and number of objects
can be varied in images.Unlike other approaches
(Grenander and Miller, 1994; Zhu and Yuille,
1996), we shall see that maximizing the posterior
distribution is here equivalent to selectinga subset
of connected componentsof image bilevel sets.
For the completenessof the paper, we present a
stepwisegreedy algorithm for computing partitions
with connectedcomponents.Finally, we illustratethis
approachwith some experiments on satellite and
medicalimages.
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THE BAYESIAN FRAMEWORK

Let S be an opensubset(rectangle)of
� 2 and f

a grey-scaleimagetreatedasa functiondefinedon S.
Below wewill work in thecontinuoussetup,whereSis
asubsetof aEuclidianspaceand f : S � ���

represents
the observed data function. We use the terminology
“site” or “pixel” to denotea point of the image,even
in the continuouscase.Eachpoint x � S is assigned
a grey value f � x� . Accordingto Matheron(1975),we
interpret the image f as a family of setsdefinedby
Lτ � f ���
	 x � S : f � x��� τ � , τ � ��� . Eachlevel set
Lτ � f � is assumedto beof finite perimeter. Therefore,
f will belongto the boundedvariation(BV) spaceas
shown by Alvarezet al. (1999).

Let 	 Ωi  S� be a setof disjoint andnon-empty
imagedomainsor objects,and 	 ∂Ωi � theirboundaries.
A partition of the imagedomainS consistsin finding
a set 	 Ωi � Pi � 1 and a backgroundΩ defined as the
complementarysubsetof the union of objectsΩ �
S ��� P

i � 1 Ωi , Ωi � i �� j Ω j � /0 and Ωi � i Ω � /0. We
assumethat the observed image f hasbeenproduced
by the model f � ftrue � ε , where ε is a zero-

meanGaussianwhite noise:ε � x� iid��� � 0 � σ2 � , x � S.
The true image ftrue � x��� ∑P

i � 1 f Ωi
1x � Ωi

� f Ω 1
x � Ω is

supposedpiecewiseconstant,wheref Ωi
and f Ω denote

respectively theunknown averagevaluesof f over Ωi

and Ω, and 1x � E is the set indicator function of the
set E. The varianceσ2 is assumedto be known and
constantover the entire image.So, the likelihood for
thedata f given 	 Ω1 ��������� ΩP � is specifiedby

p � f � Ω1  "!#!"!$ ΩP % ∝ exp & 1
2σ2

' P

∑
i ( 1 ) Ωi

� f � x% & f Ωi % 2dx* ) Ω
� f � x% & f Ω % 2dx +-, (1)

We seeka partitionof therectangleS into a finite set
of objectsΩi , eachof which correspondsto a part of
theimagewhere f is constant.Giventheobjects	 Ωi � ,
the unknown backgroundis explicitly determinedas
the complementarysubsetof the union of estimated
objects.Therefore,we definethe following collection.

P of P � 0 admissible, closed and connected
objects:

.
P �/	0	 Ω1 ��1�1�1�� ΩP �  S ; S � Ω � � P

i � 1
Ωi ; Ωi � 1 2 i �� j 2 P Ω j � /0 �31 WhenP � 0, thereis no
objectin theimage.Following theBayesianapproach,
we usesomefunctional of the posteriordistribution
p � Ω1 ��������� ΩP 4 f � ∝ p � f 4 Ω1 ��������� ΩP � π � Ω1 ��������� ΩP � .
The likelihood p � f 4 Ω1 �������5� ΩP � is given by (1) and
π � Ω1 ��������� ΩP � is the prior distribution of objects.
The posterior distribution is used in a further
inferential issue concerningthe objects within the
Bayesianparadigm.The a priori distribution should

capture the knowledge about 	 Ω1 �������5� ΩP � . We
define a density that penalizes the area 4Ωi 4 of
objects. Additionally, the variables 	 4Ωi 4 � may be
consideredas independentrandom variables with
densityg � 4Ωi 4 � . Hence,the prior distribution is of the
form π � Ω1 ��������� ΩP �6� Z 7 1

p ∏P
i � 1g � 4Ωi 4 � a where Zp is

a normalizationconstantand a a real positive value.
The density g � 4Ωi 4 � is chosento be a non-negative
monoticallydecreasingfunctionof theobjectarea4Ωi 4 .
For instance,Alvarezet al. (1999) have empirically
observed that the areadistribution of homogeneous
parts in images follows a power law β 4Ωi 4 7 γ . In
what follows, we shall considerthis model for the
density g � 4Ωi 4 � . There are other possiblechoicesof
g � 4Ωi 4 � : the caseof g � 4Ωi 4 � ∝ exp 89	 β 4Ωi 4 γ � related
to theMarkov connectedcomponentsfields,hasbeen
alreadydiscussedby Kervrannet al. (2000),Alvarez
et al. (1999)andMøller andWaagepetersen(1998).

BAYESIAN INFERENCE

All kinds of inference are made from
p � Ω1 ��������� ΩP 4 f � . Finding the maximuma posteriori
(MAP) estimateis herein our choice of inference.
As a consequence,the MAP estimationof objects
is equivalent to the minimization of a global energy
functionEλ � f � Ω1 ��1�1�1:� ΩP � definedas

Eλ � f � Ω1 ��1�1�1�� ΩP �;� Ep � Ω1 ��1�1�1�� ΩP � �� λEd � f � Ω1 ��1�1�1:� ΩP �<� (2)

where

Ep � Ω1 ��1�1�1�� ΩP �6� P

∑
i � 1

� γ log � Ωi 4 �=8 A�
is thepenaltyfunctional,

Ed � f � Ω1 ��1�1�1�� ΩP �>� P

∑
i � 1 ? Ωi

� f � x�=8 f Ωi
� 2 dx �

� ? Ω
� f � x�=8 f Ω � 2 dx

the data model, λ � 2aσ2 @ 0 the regularization
parameterand A � log � β � . The penalty functional
tends to regulate the emergence of objects Ωi in
the image. The regularization parameterλ can be
then interpretedas a scaleparameterthat only tunes
the number of regions (Morel and Solimini, 1994;
Kervrann et al., 2000). If λ � 0, each point is
potentiallya region andΩ � /0 ; the global minimum
coincideswith zeroandthissegmentationis calledthe
“tri vial segmentation”(Morel andSolimini, 1994).

By using classical arguments on lower semi-
continuousfunctionalson the BV space,we assume
heretheexistenceof minimizersof Eλ � f � Ω1 ��������� ΩP �
amongfunctionsof setsfinite perimeter(or of bounded

164



ImageAnal Stereol2001;20:163-168

variation)(Morel andSolimini, 1994;Zhu andYuille,
1996). Our MAP estimator is defined by (when it
exists)�:AΩ1 ��1�1�1���AΩ BP �>� argmin0 2 P 2 T argminC Ω1 D E E E DΩP F �HG P

Eλ � f � Ω1 ��1�1�1�� ΩP �<� (3)

where
.

P I . T �KJ P L T, and T is the maximum
numberof admissibleobjectsregisteredin a bank

.
T .

We recall that AΩ � S �M� BPi � 1 AΩi is the complementary
subsetof estimatedobjects 	NAΩ1 ��1�1�15��AΩ BP � . A direct
minimization with respectto all unknown domains
Ωi and parametersf Ωi

is a very intricate problem,
even if T is low sinceobjectsare not designated.In
what follows (Lemma 1), we prove that the object
boundariesthat minimize Eλ � f � Ω1 ��1�1�1:� ΩP � are level
lines of the function f , which makes the problem
tractable.

LEMMA 1 If there exist minimizers and no
pathological minimum exists, then the energy
minimizingset of curvesis a subsetof level lines of
f , i.e. the border ∂ AΩi of each AΩi is a boundaryof a
connectedcomponentof a level setof f .

Proof of Lemma1. Let Ωδ be a variation of a
setΩ, i.e. the Hausdorff distanced∞ � Ωδ � Ω ��L δ . To
prove Lemma1, we assumethat, for any connected
perturbation of Ω such that d∞ � Ωδ � Ω �OL δ , two
neighboringsets Ω and Ω P do not merge into one
singlesetΩ � Ω P and,for any connectedperturbation
of Ω suchd∞ � Ωδ � Ω �QL δ , Ω doesnot split into two
new sets.This correspondsto prohibitedtopological
changes.Without lossof generality, we prove Lemma
1 for one object Ω and a backgroundΩ, that is the
closureof thecomplementarysetof Ω. For two setsA
andB suchthatB I A, we denoteR AS B f

def�TR A f 8UR B f .
Then,wehave

∆ �Ω ��V ) Ωδ W Ω 1 defVX�Ωδ �$&Y�Ω � andZ ) Ωδ

f [ 2 &]\ ) Ω
f ^ 2 V 2 ) Ω

f ) Ωδ W Ω f
* Z ) Ωδ W Ω f [ 2 , (4)

Wedefine∆Eλ � f � Ω �_� Eλ � f � Ωδ �`8 Eλ � f � Ω �9� T1 �
T2 � T3 � T4 � T5, where

T1 V ) Ωδ

f 2 & ) Ω
f 2  

T2 V 1�Ω � ) Ωδ W Ω λ γ  
T3 V & 1�Ωδ � Z ) Ωδ

f [ 2 * 1�Ω � \ ) Ω
f ^ 2  

T4 V ) SW Ωδ

f 2 & ) SW Ω f 2  
T5 V & 1�S�$&O�Ωδ � Z ) SW Ωδ

f [ 2* 1�S�$&Y�Ω � \ ) SW Ω f ^ 2 ,
(5)

By definition we have T1 � T4 � 0. Passingto the
limit ∆ 4Ω 4 � 0, weobtainexpressionsfor T2 � T3 andT5
(higherordertermsareneglected)

T2 V λ γ�Ω � ) Ωδ W Ω 1  
T3 V & 2�Ω � ) Ωδ W Ω f ) Ω

f & 1�Ω � Z ) Ωδ W Ω f [ 2

* 1�Ω � 2 ) Ωδ W Ω 1 \ ) Ω
f ^ 2  

T5 V 1�S�$&O�Ω � ' 2 ) Ωδ W Ω f ) SW Ω f & Z ) Ωδ W Ω f [ 2

& 1�S�$&Y�Ω � ) Ωδ W Ω 1 \ ) SW Ω f ^ 2 + , (6)

We define the imagemomentsm0 � R Ω 1, m1 �R Ω f , K0 �aR S1, K1 �bR S f . Using the mean value
theoremfor a double integral, which statesthat if f
is continuousanda connectedsubsetE is boundedby
a simplecurve, thenfor somepoint x0 in E we haveR E f � x� dE � f � x0 �c� 4E 4 where 4E 4 denotesthe areaof
E, it follows that

∆Eλ � f  Ω % V d M0e f�g hi
m2

1

m2
0

& � K1 & m1 % 2� K0 & m0 % 2 * λ γ
m0 j

* M1e f�g hi
2 � K1 & m1 %

K0 & m0
& 2m1

m0 j f � x0 %
& K0

m0 � K0 & m0 % f � x0 % 2 ) Ωδ W Ω 1 k ) Ωδ W Ω 1 ,
(7)

Let xb be a fixed point of the border ∂Ω.
ChooseΩδ such that ∂Ωδ � ∂Ω except on a small
neighborhoodof xb. Theenergy having aminimumfor
Ω, f � xb � needsto besolutionof thefollowing equation

∆Eλ � f � Ω �
∆ 4Ω 4 �mlM0 � M1 f � xb �#n � O � ∆ 4Ω 4 �6� 0 1 (8)
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By passingto thelimit ∆ 4Ω 4 � 0, we obtainM0 �
M1 f � xb �o� 0. This equationhasa uniquesolution.
The coefficientsM0 andM1 dependon neitherxb nor
f � xb � , andM0 p� 0. The function f is continuousand
∂Ω is a connectedcurve. Therefore f � xb � is constant
whenxb covers∂Ω. Thiscompletestheproof.

A STEPWISE GREEDY ALGORITHM
FOR IMAGE SEGMENTATION

To implementour level set image segmentation
basedon energy minimization, a four step method
is used. The proposedalgorithm is not a region
growing algorithm (Morel and Solimini, 1994)since
all objectsarebuilt onceandfor all. It differsfrom the
watershedapproachsinceregionsthatemergefrom the
watershedsegmentationarenot necessarilyconnected
componentswithin the imagelevel sets(Vincentand
Soille, 1991).Let K, λ , 4Ωmin 4 betheinput parameters
setby theuser.

Bilevel setconstruction. Thefirst stepcompletes
a quantization of the function f �ql fmin � fmaxn in
K �r	 4 �������:� 8 � non-equal-sizedand non-overlapping
intervals l tl 7 1 � tl � , l �X	 1 �������:� K � . Given this set of
intervals estimatedusing the maximumentropy sum
method(Kapur et al., 1985), let bl be the bilevel set
imagewith bl � x�<� 1 if f � x���sl tl 7 1 � tl � andbl � x�<� 0
otherwise.The connectedcomponentsof bilevel sets
canbecharacterizedby their surroundingcurves,that
is thelevel lines.If wemaptheselevel linesfor agiven
setof K levels,wegetasegmentationof theimagealso
called topographicmap(Caselleset al., 1999).More
generally, one can considera segmentationachieved
usingonly someconnectedcomponentsof bilevel sets,
which is the philosophyof our approach.The most
perceptiblelevel lines could be determinedby the
detectionof T-junctionsof level lines (Caselleset al.,
1999).Instead,weusehereinasimplercriterionwhere
perceptually significant level lines are the bilevel
sets boundariesof an quantizedimage by using K
quantizersandanentropy method.Theentropy method
dueto Kapuret al. (1985)choosesthe thresholds	 tl �
to bethevaluesatwhich theinformationis maximum.

Object extraction. A crudeway to build pixels
sets correspondingto objects is to proceed to a
connectedcomponentslabelingof bilevel set images	 bl � and to associateeachlabel with an object Ωi .
Though this processmay work in the noise-free
case,in generalwe would alsoneedsomesmoothing
effect of the connectedcomponentslabeling. So,
we considera size-orientedmorphologicaloperator
acting on setsthat consistsin keepingall connected
componentsof the output of area larger than a
limit 4Ωmin 4 . This connectedoperatorin mathematical

morphologywill neverintroducenew featuresor edges
andboundariesof remainconnectedcomponentsare
preserved (Salembierand Serra,1995). The list of
connectedcomponentsthen forms the bank

.
T of

admissibleobjects	 Ω1 ��1�1�1 ΩT � with 4Ωi 4 � 4Ωmin 4 .
Configuration determination. The connected

componentsare then combinedduring the third step
to form object configurations.For instance, these
configurationscan be built by enumerationof all
possibleobject combinations,i.e. 2T configurations.
Eachconfigurationis madeof a subsetof connected
componentstaken in the bank

.
T . The background

Ω correspondsto the complementaryset of objects
selectedfor eachconfiguration.

Energy computation and object configuration
selection. Energy calculations take the image
intensitiesof the original (not quantized)image to
establish piecewise-constantapproximation errors.
Energies of the form 	 R Ωi

� f � x�Q8 f Ωi
� 2 dx � are

computed once and stored on a RAM memory.
The energy term R Ω � f � x��8 f Ω � 2 dx is efficiently
updated for each configuration. For a fixed bank.

T �t	 Ω1 �������:� ΩT � , one way to choosethe optimal
setof of objects 	 AΩ1 �������:� AΩ BP � , AP L T, is to searchfor
all possiblecombinationsof P objectsandcomputethe
correspondingenergy Eλ � f � Ω1 �������5� ΩP � . Enumerating
all possiblesets of objects in the object bank and
comparing their energies is computationally too
expensive if T is large. Insteadof a suchbrute force
search,we proposea stepwisegreedyalgorithm for
minimizing Eλ � f � Ω1 �������5� ΩP � . We start from P � 0
and introduceone object Ω j at a time. At the first
step, we compute the T energies with one single
object Ω j at onceagainstthe complementarysubset

Ω � S �u� T
j �� i � 1Ωi . Let AΩ1 be the estimatedobject

that best lowers Eλ � f � Ω1 �������:� ΩP � . This object is
storedon a RAM memoryasan objectof the optimal
configuration.It is removed from the initial bank

.
T .

At any stepof the algorithm,a new object is chosen
to maximally decreasethe energy Eλ � f � Ω1 ��������� ΩP � .
Supposethatat theP-th step, AP and AΩ arenot known
but we have estimatedP objects 	NAΩ1 ����������AΩP � and
a current background Ω � S �-	 AΩ1 �������:� AΩP � . Let
Eλ � f ��AΩ1 �������5��AΩP � be the current computedenergy.
Then at the � P � 1� -th step, we choosethe object
Ω j � . T �v	NAΩ1 ����������AΩP � which has the maximal
difference,i.e.

AΩP� 1 � arg max
Ω j �wG T S C BΩ1 D x x x D BΩP Fzy Eλ � f ��AΩ1 ����������AΩP �
8 Eλ � f ��AΩ1 ����������AΩP � Ω j �|{T1 (9)

166



ImageAnal Stereol2001;20:163-168

Thealgorithmstopsat theP-th stepwhentheaddition
of any object does not decreaseEλ � f � Ω1 �������:� ΩP � .
This means that the optimal number of objects
is AP � P and the remaining objects of the bank

are a part of the estimatedbackground AΩ � S �	 AΩ1 �������5� AΩ BP � . This algorithm selects a suboptimal
configuration of objects correspondingto a local
minimum. Using this algorithm, at most � T }~� T �
1�:��� 2 objectconfigurationsareexamined.

EXPERIMENTAL RESULTS

Experiments were conducted on satellite and
medicalimages.Thenumberof bilevel setsK wasset
fairly low (K � 4 or K � 8) to obtain large regions
andto improve robustnessto noiseandartifactsin the
image.Regionswith areas4Ωi 4�� l 0 1 0001� 0 1 001n�} 4S4
are discarded.To estimateA and γ , we considerthe
setsof observations 	 log � 4Ωi 4 ��� log � g � 4Ωi 4 ����� 1 L i L
T � . We performa linear regressionon this set so as
to find the straight line (in the log-log coordinates)
log � g � 4Ωi 4 �:��� A 8 γ log � 4Ωi 4 � closestto the data in
the least squaressense(Alvarez et al., 1999). The
choice of the hyperparameterλ determinesmostly

the propertiesof the segmentationresult. If f is a
function from S to l 0 � 255n , a default choice for the
hyperparameteris λ �~l 0 1 1 � 1 1 n=} 2552. Fig. 1a shows
an aerial 256 } 256 image (in the visual spectrum)
depictingtheregionof Saint-Louisduringtherisingof
the MississippiandMissouri rivers in July 1993.We
areinterestedin extractingtheriversandabackground
correspondingto texturedurbanareas.Fig.1 showsthe
segmentationresultswhenK � 8, 4Ωmin 4 � 0 1 00025 }4S4 and λ � 0 1 25 } 2552. In this experiment, the
maximumnumberof significantcomponentsis T �
291. The correspondingtopographicmap is shown
in Fig. 1d. The imagehistogramhasbeenquantized
with K � 8 quantizersand an entropicmethod(Fig.
1b).We estimatedthevaluesof parametersA � 3 1 727
and γ � 1 1 486 by linear regression(Fig. 1c). In that
case,the residualsum of squaresis 2 1 007 and 17 L4Ωi 4 L 2 1 886 � 104 pixels. It takes about 15 seconds
(25095 � � T }�� T � 1�:��� 2 � 42486 iterations) of
computing time for building

.
T and selecting the

bestconfigurationshown in Fig. 1e(P � 105objects)
using the stepwisegreedy algorithm (λ � 0 1 25 }
2552). Enumeratingall theconfigurationsis infeasible
since2T � 3 1 98 � 1087 iterations!The non-connected
backgroundis labeledin “white” in Fig. 1e and the
objectsarefilled with theirmeangrayvalues	 f Ωi

� .
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Fig. 1. Segmentationof a (256 } 256)satelliteimage(K � 8, 4Ωmin 4 � 0 1 00025 } 4S4 , λ � 0 1 25 } 2552).

Finally, the performanceof the segmentation
procedureis demonstratedfor a (181 } 217) MR
image shown in Fig. 2 and a microscopicmedical
breast(256 } 256) imageshown in Fig. 3. In Fig. 2,
the dark backgroundhasbeenpreviously eliminated
before processing.Segmentationof both grey and
white matter is achieved using the set of parameters
K � 8, λ � 0 1 5 } 2552 and 4Ωmin 4 � 0 1 0001 } 4S4 . Fig.
3 exhibitsaninflammatorycarcinomawith metastases.
Fig. 3b shows the segmentationresultswhenK � 8,4Ωmin 4 � 0 1 001 } 4S4 andλ � 0 1 5 } 2552.

a) MR
image.

b) Image
segmen-
tation.

c) Boun-
daries.
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Fig. 2. Segmentationof a MRimage.
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a) Original
image.

b) Image
segmentation.
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Fig. 3. Segmentationof a microscopicimage.

CONCLUSION AND
PERSPECTIVES

In this paper, we have presenteda Bayesian
approachfor extractingstructuresin images.Although
ourwork is relatedto morphologicalapproachesbased
onconnectedoperators(SalembierandSerra,1995),it
is an independentapproachsincewe seekminimizers
of aglobalobjectivefunctional.In addition,weproved
thatourMAP estimatorcanbedeterminedbyselecting
asubsetof imagelevel lines.A totalCPUtimeof afew
secondson a 296MHz workstationmakesthemethod
attractive for many time-criticalapplications.In terms
of futuredirectionsfor research,we proposeto create
a non-linearscale-spaceby successive applicationsof
anareamorphologyoperatorto selectmostmeaningful
regionsin theimage.
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