AN ACTIVE REGIONS APPROACH FOR THE SEGMENTATION OF 3D BIOLOGICAL
TISSUE
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ABSTRACT

Someof the mostsuccessfullgorithmsfor the automated
segmentationof imagesusean Active Regions approach,
wherea cune is evolved so as to maximizethe disparity
of its interior and exterior. But thesetechniquesrequire
themanualselectiorof severalparametersyhichmakeim-
practicalthework with longimagesequencesr with avery
dissimilarsetof sequencesUnfortunatelythis is precisely
the casewith 3D biologicalimagesequencesin this work
we improve on previous Active Regionsalgorithmsin two
aspects:by introducinga way to computeand updatethe
optimumweightsfor thedifferentchanneldnvolved(color,
texture, etc.) and by estimatingif the moving curve has
lost ary objectso asto launcha re-initializationstep. Our
methodis shavn to outperformprevious approachesSev-
eralexamplesof biologicalimagesequencesgjuitelongand
differentamongthemseles,arepresented.

1. INTRODUCTION

Segmentationreconstructiomndvisualizationof 3D struc-
turesfrom seriesof 2D imageslicesis a widely usedtech-
niguein medicalandbiologicalresearchTheseserieshave
tensto hundredsof slices, so the imagesmay vary a lot
alongthesamesequenceAlso, differentimageacquisition
techniquege.g. electron,optical or confocalmicroscoyy)
anddifferentbiologicaldataproducevery dissimilar
sequencesOur goal (partof anongoingeffort startedwith
[1]) is to deviseagenerakechniquejndependensf theac-
quisition techniqueandthe type of cellulartissueinvolved
that,oncethebiologisthasselectedn the rst frameof the
sequencéhestructuresn which he/shds interestedis able
to automaticallyfollow thesestructuresalongthe sequence,
segmentingthemasthey evolve andalsodetectingandseg-
mentingary new objectsof the samekind thatmayappear
Someof the most successfullgorithmsfor the auto-
matedseggmentationof imagesusean Active Regions ap-
proach([2, 3, 4,5, 6, 7, 8], wherea cune s evolvedsoas
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to maximizethe disparity of its interior and exterior. But
thesetechniquesequirethe manualselectionof severalpa-
rameterswhichmakeimpracticatthework with longimage
sequencesr with avery dissimilarsetof sequences.

Our contributionis thefollowing: basedon theremark-
able GeodesicActive Regions segmentationalgorithm of
Roussoret al. [7], we increasédts robustnesgby estimat-
ing if themoving curve haslostary objectsoasto launcha
re-initializationstep)andmake automatidhecrucialchoice
of the optimumweightsfor the differentchanneldnvolved
(color, texture, etc).

This papersis organizedas follows. In section2 we
presenthe generafframewnork. Our algorithmis described
in section3. Section4 shaws the experimentakesults. Fi-
nally, in section5 we give someconclusions.

2. GENERAL FRAMEW ORK

Our startingpointis the region-basedctive contourframe-
work proposedoy Roussoretal. [7]. For a single(color)
image , With , We computea cor-
respondingfeature image where s the
numberof featurechannelglik e color, texture,optical o w,
etc).
To solve the sgmentatiomproblem,we seekfor a curve

which givesa partitionof thespace in two (nonneces-
sarily connectedyegions and : theobjectof interest
andthe background. This is accomplishedy nding the
curvethatdividesthefeatureimagein suchaway thatmax-
imizesthelikelihoodof eachregion probability distribution
with respecto the obsened previous frame. This process
is repeatedor eachframe, taking asgroundtruth the seg-
mentationof the previousone. The algorithmtakesasinput
the sequencef imagesand an userprovided groundtruth
for the rst image(a setof manuallysegmentedobjectsof
interest).

Underthe hypothesighatbothregionsarea-priori

equiprobablefollowing [5] and usinga level-setformula-



tion we arrive to thefollowing Partial DifferentialEquation:

— — (1)

where is an embeddingfunction for the evolving
curve, s theProbabilityDensityFunction(PDF) of fea-
ture inregion (usuallycomputedwith Gaussiarestima-
tion or a GeneralizedGaussiarDensity)and is the Eu-
clideancurvature. The parametershat needto be chosen
andupdatedfor eachframearethe , theweightsfor the
differentchannels.

Thedesirecturve
setof when

is obtaineccomputinghezerolevel-

3. OUR CONTRIBUTION

3.1. Weighting algorithm

We proposea methodfor the automaticchoiceandupdat-
ing of theweights . For the rst frametheusersupplies
a sgmentationwhich is taken as groundtruth. For each
featurechannel we computethe PDFin , call it ,
andthe PDFin , callit . Thenwe measurghe dis-
tance between and , usingasymmetrizedversion
of the Kullback-Leiblerdivergence[9]. A big valuefor

meanshatthe channel providesgooddiscrimination,so

shouldbe big aswell. We choose:

(@)

For the secondandfollowing frames,the procedurds
thesamepnly thatthe PDF's arecomputedor thesggmen-
tationof thepreviousframe.

3.2. Reinitialization

As in mary trackingalgorithms,we take asinitial estima-
tion for thecurve in the -th framethe nal result
for inthe -th frame. Assumingthatthe differencebe-
tweentwo consecutie framesis not too big, this choiceof
initial conditionspeedsip the corvergenceof equationl. It
alsominimizesthe risk of falling into a local minima and
not adequatelysggmentour object of interest,something
that would happenoftenif our startingconditionwere an
arbitrary curve (a setof circlescoveringtheimage,for in-
stance).

The downsideof this choiceof initial conditionis that,
if anew objectof interestappearsitframe thatwasnot
thereatframe , it will mostprobablynot bedetected See
for instancethesequencén g. 1, wherethe objectsof in-
terestarethesmalldarkroundshapeswhich generallykeep

Fig. 1. Blobsdetectedn the 9thframeof theramsequence.
Left: no re-initialization. Center: initializing with evenly
spacectircles.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 the objectspresentin the
rst frame of the sequencevould be tracked, they would
graduallydisappeaandafterjustafew framesthe segmen-
tationwould yield anemptyset,althoughtherearealways
mary objectsof interestin eachone of the framesof this
sequence.

To solwe this problem,we proposea methodto detectif
thecurve is missingary object,andif it doeswe launch
are-initializationstep.This mechanisnis composeaf two
stagesdecisionandre-initialization.

The decisionmechanisnworks asfollows. As the evo-
lution reaches minimum, we assumehatwe have a con-
siderablepart of the objectdetected.Thuswe canobtaina
roughly accurateestimationof the objectPDFin theinner
region (). In the outerregion, we have the background
andthemissingpartof the object. Sowe canmodelthedis-
tributionof  asamixture model

where aretheprior probabilitiesof eachdis-
tribution and  its parameters. We use the Expectation
Maximizationalgorithmto learn and . After the mix-
ture is trained,the distancebetween and
(computedasin 3.1) is measuredandif it is lower than
a threshold( ), we saythat they arethe sameobject.
Oncea matchis found, we checkif the areaof the found
objectis biggerthanathreshold ), andif so,we
startthere-initializationprocess.

For the re-initialization, we modify the front in sucha
way thatwe gettwo curves: the currentcurve andanother
onethatwill evolve outwardsto nd the lost objects. This
is achiered simply by displacingthe provisional curve
outwardsa few pixels, inverting the front, andintersecting
with the original curve. Figurel illustratestheimportance
of suchamechanism.

An importantpropertyof the re-initializationalgorithm
is thatit is devisedin suchaway thatthe segmentatiorpre-
viously achiesed cannotbe hinderedand the detectedob-



Fig. 2. 14th frame of the crypt sequence. Left: x ed

weights.Right: usingautomationeighting.

jectscannotbelost. Howeverthis stephastwo majordraw-
backs: evolving outwardswe can add spuriousobjectsto
the previously achieved sggmentationand it increaseghe
(time consuming)iterationsfor eachframe treatment.For
thesereasonst is importantto usethe decisionmechanism
in orderto re-initializeonly whenit is needed.

4. RESULTS

4.1. Implementation

The framavork permitsthe combinationof different fea-
turesin thesegmentatiorprocessandtheautomatiaveight-
ing mechanisnis responsibldor therelative importanceof

eachchannelin the sggmentationof a given sequenceln

theseexperimentswve usethe YCbCrcomponentsor color
imagesor theintensitychanneln the caseof graylevel im-

ages.In orderto producetexture featurechannelsyve pro-
cesgheintensitychannelwith thewaveletpackettransform
(assuminghatall texture informationis containedn the Y
channel).

In theseexperimentsve usesix featurechannelsinten-
sity Y, Cb andCr for the color images,andthe horizontal,
verticalanddiagonaldetail for the rst level of waveletde-
composition.

Thevalueschoserfor the parametersieededy the al-
gorithmare x edandthe samefor all the experiments:the
weight of the regularizationterm , the minimum size of
the detectedobject , the maximumdistancebetween
the PDFs , andthe stoppingcondition for the curve
evolution.

Ouralgorithmwastestedwith four sequencesf images
of realbiologicaltissue. Theseriesspider(560x460x50and
ram (1000x800x19)are obtainedfrom optical microscoy
(OM). Crypt (2200x1000x32is a collage of OM images
and the mosaiceffect is quite apparent. The Echinococ-
cus sequenceg512x768x50)is producedby confocal mi-
croscoyy (CM). Figurel shons someresultsovertheram
sequenceThe biological materialcorrespondso slicesof
seminiferalcells of rams. This sequencés composedy
mary small objects,which tendto appearonly for a few
frames.Sometimeghedecisionalgorithmsfails,andnore-
initialization is performed,sowe lose someobjects. How-
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Fig. 3. Evolution of theweightsfor the spidersequence.

ever, theoverallnumberof lostobjectsreducesiramatically
usingthis mechanismasthe gure shaws. In orderto be
surethatno objectis lost, there-initializationcanbeforced
in all frames.

Figure4 shows the resultson the spidersequenceThe
objectsaresuccessfullyracked,despiteheimportanttopol-
ogy changesakingplaceoverthe50framessequencetHow-
everif a similar color structureappearsloseto the bound-
ary, thealgorithmdetectst aspartof theobject(e.g.frames
30and50).

Figure 3 illustratesthe evolution of the computedpa-
rameters for this sequenceSomefeatureshecomemore
relevant (for the segmentationprocess)n differentframes,
compardor instancaheweightsatframesl10and30. In all
thetestedsequencethe weightingmechanisnoutperforms
the x ed-weightsapproachevenif we choosananuallythe
channelghatcontainrelevantinformation. In addition,the
computedveightsarecloseto themanuakhoice.However,
their variability over the sequencshaws the importanceof
using an adaptve stratgy ratherthana x ed approach.
Figure 2 shaws the resultson the crypt sequence.Here,
the interestingstructureis the homogeneousegion which
formsacavity thatmustbereconstructeth orderto analyze
its shape.Theimagesarebuilt with acollageof severalOM
imagesand somemosaicartifactscanbe seen. The struc-
tureis well sggmentedn generalevenif someregionsare
lost.

Figure5 shavstheresultsontheedinococcusequence.
Thisis avery differentsequencegbtainedby ConfocalMi-
croscofy andcharacterizety the absencef strongedges.
Thestructuregnarkedby thebiologistin the rst frameare
well tracked alongthe sequenceAfter the 40th frame,the
point densitybecomesoo low and the algorithm quickly
losesthe structureof interest.



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

5. CONCLUSION AND FUTURE WORK

TheActive Regionsframework allows for a combinationof
cuesin thesggmentatiorprocessCritical issuesaretheini-
tialization criteriaandthe estimationof therelative weights
of the features. We have addedtwo novel mechanisms:
automaticre-initialization and featureweighting. Our ex-
perimentsshav that thesemechanismsare essentialwhen
dealingwith long andvariablesequences/e arecurrently
addressingheimprovemenbf ourtechniqueegardingsers-
eralaspectsaddingsomeinertia to the computatiorof the
weights,takingmorethanoneframeinto accountre ning
the resultsby runningthe sequencdadkwards, andintro-
ducingsomesortof shapeinformationinto the procedure.
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