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Universidaddela Reṕublica
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ABSTRACT

Someof the mostsuccessfulalgorithmsfor the automated
segmentationof imagesusean Active Regions approach,
wherea curve is evolved so as to maximizethe disparity
of its interior and exterior. But thesetechniquesrequire
themanualselectionof severalparameters,whichmakeim-
practicalthework with longimagesequencesor with avery
dissimilarsetof sequences.Unfortunatelythis is precisely
thecasewith 3D biological imagesequences.In this work
we improve on previousActive Regionsalgorithmsin two
aspects:by introducinga way to computeandupdatethe
optimumweightsfor thedifferentchannelsinvolved(color,
texture, etc.) and by estimatingif the moving curve has
lost any objectsoasto launcha re-initializationstep. Our
methodis shown to outperformpreviousapproaches.Sev-
eralexamplesof biologicalimagesequences,quitelongand
differentamongthemselves,arepresented.

1. INTRODUCTION

Segmentation,reconstructionandvisualizationof 3D struc-
turesfrom seriesof 2D imageslicesis a widely usedtech-
niquein medicalandbiologicalresearch.Theseserieshave
tens to hundredsof slices, so the imagesmay vary a lot
alongthesamesequence.Also, differentimageacquisition
techniques(e.g. electron,optical or confocalmicroscopy)
anddifferentbiologicaldataproduceverydissimilar
sequences.Our goal(partof anongoingeffort startedwith
[1]) is to devisea generaltechnique,independentof theac-
quisition techniqueandthe type of cellular tissueinvolved
that,oncethebiologisthasselectedin the�rst frameof the
sequencethestructuresin whichhe/sheis interested,is able
to automaticallyfollow thesestructuresalongthesequence,
segmentingthemasthey evolveandalsodetectingandseg-
mentingany new objectsof thesamekind thatmayappear.

Someof the most successfulalgorithmsfor the auto-
matedsegmentationof imagesusean Active Regionsap-
proach([2, 3, 4, 5, 6, 7, 8], wherea curve is evolvedsoas

to maximizethe disparityof its interior andexterior. But
thesetechniquesrequirethemanualselectionof severalpa-
rameters,whichmakeimpracticalthework with longimage
sequencesor with a verydissimilarsetof sequences.

Our contribution is thefollowing: basedon theremark-
able GeodesicActive Regions segmentationalgorithm of
Roussonet al. [7], we increaseits robustness(by estimat-
ing if themoving curvehaslostany objectsoasto launcha
re-initializationstep)andmakeautomaticthecrucialchoice
of theoptimumweightsfor thedifferentchannelsinvolved
(color, texture,etc).

This papersis organizedas follows. In section2 we
presentthegeneralframework. Our algorithmis described
in section3. Section4 shows theexperimentalresults.Fi-
nally, in section5 we givesomeconclusions.

2. GENERAL FRAMEW ORK

Our startingpoint is theregion-basedactivecontourframe-
work proposedby Roussonet al. [7]. For a single(color)
image ������� 	�
 , with �
��	�� , we computea cor-
respondingfeature image ��������	�� where � is the
numberof featurechannels(likecolor, texture,optical�o w,
etc).

To solve thesegmentationproblem,weseekfor a curve
�

which givesa partitionof thespace� in two (nonneces-
sarily connected)regions ��� and �

�

: theobjectof interest
and the background.This is accomplishedby �nding the
curvethatdividesthefeatureimagein suchawaythatmax-
imizesthelikelihoodof eachregionprobabilitydistribution
with respectto the observedprevious frame. This process
is repeatedfor eachframe,taking asgroundtruth the seg-
mentationof thepreviousone.Thealgorithmtakesasinput
the sequenceof imagesandan userprovidedgroundtruth
for the �rst image(a setof manuallysegmentedobjectsof
interest).

Underthehypothesisthatbothregionsarea-priori
equiprobable,following [5] andusinga level-setformula-



tion wearriveto thefollowing PartialDifferentialEquation:
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where
�

+

�D-

is an embeddingfunction for the evolving
curve,

:

0 E

is theProbabilityDensityFunction(PDF)of fea-
ture F in region G (usuallycomputedwith Gaussianestima-
tion or a GeneralizedGaussianDensity)and

%

is the Eu-
clideancurvature. The parametersthat needto be chosen
andupdatedfor eachframearethe

3

0 , theweightsfor the
differentchannels.

Thedesiredcurve
�

isobtainedcomputingthezerolevel-
setof

�

when
�

�IH .

3. OUR CONTRIB UTION

3.1. Weighting algorithm

We proposea methodfor the automaticchoiceandupdat-
ing of theweights

3

0 . For the �rst frametheusersupplies
a segmentationwhich is taken as groundtruth. For each
featurechannelF we computethe PDF in ��� , call it

:

0

�

,
and the PDF in �

�

, call it
:

0

�

. Thenwe measurethe dis-
tance

�

0 between
:

0

�

and
:

0

�

, usinga symmetrizedversion
of theKullback-Leiblerdivergence[9]. A big valuefor

�

0

meansthat the channelF providesgooddiscrimination,so

3

0 shouldbebig aswell. We choose:

3

0

�

�

0

J

�

E

1

�

�

E (2)

For the secondandfollowing frames,the procedureis
thesame,only thatthePDF'sarecomputedfor thesegmen-
tationof thepreviousframe.

3.2. Reinitialization

As in many trackingalgorithms,we take asinitial estima-
tion for thecurve

�

in the

+LKM'ON

-

-th framethe�nal result
for

�

in the

K

-th frame. Assumingthat the differencebe-
tweentwo consecutive framesis not too big, this choiceof
initial conditionspeedsuptheconvergenceof equation1. It
alsominimizesthe risk of falling into a local minima and
not adequatelysegmentour object of interest,something
that would happenoften if our startingconditionwerean
arbitrarycurve (a setof circlescovering the image,for in-
stance).

Thedownsideof this choiceof initial conditionis that,
if anew objectof interestappearsatframe

KP'QN

thatwasnot
thereat frame

K

, it will mostprobablynot bedetected.See
for instancethesequencein �g. 1, wheretheobjectsof in-
terestarethesmalldarkroundshapes,whichgenerallykeep

Fig. 1. Blobsdetectedin the9th frameof theramsequence.
Left: no re-initialization. Center: initializing with evenly
spacedcircles.Right: our re-initialization(seetext.)

their position(sothey areeasyto track)but keepappearing
and disappearingalong the sequence.For this sequence,
choosingasinitial conditionthecurve(s)foundin theprevi-
ousframewould imply thatonly theobjectspresentin the
�rst frame of the sequencewould be tracked, they would
graduallydisappearandafterjusta few framesthesegmen-
tationwould yield anemptyset,althoughtherearealways
many objectsof interestin eachoneof the framesof this
sequence.

To solve this problem,we proposea methodto detectif
thecurve

�

is missingany object,andif it doeswe launch
are-initializationstep.Thismechanismis composedof two
stages:decisionandre-initialization.

Thedecisionmechanismworksasfollows. As theevo-
lution reachesa minimum,we assumethatwe have a con-
siderablepartof theobjectdetected.Thuswe canobtaina
roughlyaccurateestimationof theobjectPDF in the inner
region ( �

� ). In the outerregion, we have the background
andthemissingpartof theobject.Sowecanmodelthedis-
tribution of �

�

asa mixturemodel
:
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where S

E

aretheprior probabilitiesof eachdis-
tribution and

W

E

its parameters. We use the Expectation
Maximizationalgorithmto learn S

E

and
W

E

. After themix-
ture is trained,the distancebetween

:
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and
:
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(computedas in 3.1) is measuredand if it is lower than
a threshold(

��]

U_^ ), we say that they are the sameobject.
Oncea matchis found, we checkif the areaof the found
objectis biggerthana threshold( S

Ea`cb

]

E8d

), andif so,we
startthere-initializationprocess.

For the re-initialization,we modify the front in sucha
way thatwe get two curves: thecurrentcurve andanother
onethatwill evolve outwardsto �nd the lost objects.This
is achieved simply by displacingthe provisional curve

�

outwardsa few pixels, inverting the front, andintersecting
with theoriginal curve. Figure1 illustratesthe importance
of sucha mechanism.

An importantpropertyof there-initializationalgorithm
is thatit is devisedin sucha way thatthesegmentationpre-
viously achieved cannotbe hinderedand the detectedob-



Fig. 2. 14th frame of the crypt sequence. Left: �x ed
weights.Right: usingautomaticweighting.

jectscannotbelost. However thisstephastwo majordraw-
backs: evolving outwardswe can addspuriousobjectsto
the previously achieved segmentationand it increasesthe
(time consuming)iterationsfor eachframetreatment.For
thesereasonsit is importantto usethedecisionmechanism
in orderto re-initializeonly whenit is needed.

4. RESULTS

4.1. Implementation

The framework permits the combinationof different fea-
turesin thesegmentationprocess,andtheautomaticweight-
ing mechanismis responsiblefor therelative importanceof
eachchannelin the segmentationof a given sequence.In
theseexperimentswe usetheYCbCrcomponentsfor color
imagesor theintensitychannelin thecaseof graylevel im-
ages.In orderto producetexturefeaturechannels,we pro-
cesstheintensitychannelwith thewaveletpackettransform
(assumingthatall texture informationis containedin theY
channel).

In theseexperimentsweusesix featurechannels:inten-
sity Y, Cb andCr for thecolor images,andthehorizontal,
verticalanddiagonaldetail for the�rst level of waveletde-
composition.

Thevalueschosenfor theparametersneededby theal-
gorithmare�x edandthesamefor all theexperiments:the
weight of the regularizationterm

#

, the minimum sizeof
the detectedobject

b

]

Eed

, the maximumdistancebetween
the PDFs

�
]

U_^ , and the stoppingcondition for the curve
evolution.

Ouralgorithmwastestedwith four sequencesof images
of realbiologicaltissue.Theseriesspider(560x460x50)and
ram (1000x800x19)areobtainedfrom optical microscopy
(OM). Crypt (2200x1000x32) is a collageof OM images
and the mosaiceffect is quite apparent. The Echinococ-
cus sequence(512x768x50)is producedby confocalmi-
croscopy (CM). Figure1 showssomeresultsover theram
sequence.Thebiological materialcorrespondsto slicesof
seminiferalcells of rams. This sequenceis composedby
many small objects,which tend to appearonly for a few
frames.Sometimesthedecisionalgorithmsfails,andnore-
initialization is performed,sowe losesomeobjects.How-
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Fig. 3. Evolutionof theweightsfor thespidersequence.

ever, theoverallnumberof lostobjectsreducesdramatically
usingthis mechanism,asthe �gure shows. In orderto be
surethatnoobjectis lost, there-initializationcanbeforced
in all frames.

Figure4 shows theresultson thespidersequence.The
objectsaresuccessfullytracked,despitetheimportanttopol-
ogychangestakingplaceoverthe50framessequence.How-
ever if a similar color structureappearscloseto thebound-
ary, thealgorithmdetectsit aspartof theobject(e.g.frames
30and50).

Figure 3 illustratesthe evolution of the computedpa-
rameters

3

0 for this sequence.Somefeaturesbecomemore
relevant (for thesegmentationprocess)in differentframes,
comparefor instancetheweightsat frames10and30. In all
thetestedsequencestheweightingmechanismoutperforms
the�x ed-weightsapproach,evenif wechoosemanuallythe
channelsthatcontainrelevantinformation. In addition,the
computedweightsarecloseto themanualchoice.However,
their variability over thesequenceshows theimportanceof
using an adaptive strategy ratherthan a �x ed approach.
Figure 2 shows the resultson the crypt sequence.Here,
the interestingstructureis the homogeneousregion which
formsacavity thatmustbereconstructedin orderto analyze
its shape.Theimagesarebuilt with acollageof severalOM
imagesandsomemosaicartifactscanbe seen.The struc-
ture is well segmentedin generaleven if someregionsare
lost.

Figure5 showstheresultsontheechinococcussequence.
This is averydifferentsequence,obtainedby ConfocalMi-
croscopy andcharacterizedby theabsenceof strongedges.
Thestructuresmarkedby thebiologistin the�rst frameare
well trackedalongthesequence.After the40th frame,the
point densitybecomestoo low and the algorithm quickly
losesthestructureof interest.



Fig. 4. spider: frames1,10,30,50

5. CONCLUSION AND FUTURE WORK

TheActiveRegionsframework allowsfor acombinationof
cuesin thesegmentationprocess.Critical issuesaretheini-
tializationcriteriaandtheestimationof therelativeweights
of the features. We have addedtwo novel mechanisms:
automaticre-initializationand featureweighting. Our ex-
perimentsshow that thesemechanismsareessentialwhen
dealingwith long andvariablesequences.We arecurrently
addressingtheimprovementof ourtechniqueregardingsev-
eralaspects:addingsomeinertia to thecomputationof the
weights,takingmorethanoneframeinto account,re�ning
the resultsby runningthe sequencebackwards, andintro-
ducingsomesortof shapeinformationinto theprocedure.
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