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Abstract

We have implementeda graphicaluserinterface (GUI) basedsemi-automatidiierarchical
segmentationscheme which works in three stages. In the first stage,we processhe origi-
nal imageby filtering and thresholdthe gradientto reducethe level of noise. In the second
stage,we computethe watershedseggmentationof the imageusingthe rainfalling simulation
approach.In the third stage,we apply two region meging schemespamelyimplicit region
meging and seededegion memging, to the result of the watershedalgorithm. Both the re-
gion melging schemesre basedon the watersheddepthof regions and sene to reducethe
overs@mentatiorproducedoy the watershedhlgorithm. Implicit region meiging automatically
produces hierarchyof regions. In seededegion memging, a selectedseedregion canbegrown
from the watershedesult, producinga hierarchy A meaningfulsegmentationcanbe simply
choserfrom the hierarchyproduced.

We have alsoproposedandtesteda streamingalgorithmbasedon the watershealgorithm,
which computeghe segmentationof animagewithout iterative processingf adjacentblocks.
We have provedthatthe streamingalgorithmproduceshe sameresultasthe serialwatershed
algorithm. We have also discussedhe extensibility of the streamingalgorithmto efficient

parallelimplementations.
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Chapter 1

Intr oduction

1.1 Image Segmentation

Seymentatioris theproces®f dividing animageinto meaningfukegions. It is oftenconsidered
the first and the mostimportantstepin imageanalysis[20]. Seymentationfinds application
in a variety of fields — from medicineto defense. For instance,in medicine,it is usedfor
image-guidedsugery sugical simulation,therajy evaluation,neurosciencstudies,anddiag-
nosis. A major areaof applicationof sggmentationmethodss in solving problemsrelatedto
machinevision. Someexamplesof theseare automaticcharacterecognition,productionline
quality control,automatiqorocessingf fingerprints,tagetrecognitionandtracking,andsuigi-
calrobotics.A majority of thesemachinevision problemsrequirepartially- or fully-automatic

segmentation.



1.2 Significanceof Automatic Segmentation

Objectsin imagesappearat different spatialresolutions.Hencebuilding a genericautomatic
segmentatiorsystemmay bedifficult or evenimpossible . However, for agivenapplication,au-
tomaticsegmentatiorcanbe achieved with theright choiceof sggmentatiormethod.Automat-
ing taskscanhelpimprove systemperformancen mary applications.For example,considera

problemthatinvolvescheckingcorrectnessf connection®n a printedcircuit board.Verifying

eachboardmanuallywill beslov andthe resultsmay be errorprone. Introducingautomation
in suchan applicationcansignificantlyimprove systemspeedandproducerepeatableesults.
Yetanothelinstancds seggmentatiorof medicaldatafor diagnosis.This datacouldbeimages,
3D volumes[48] or even4D time-serieof volumes. Thecompleity of suchimagesdoesde-
mandhumanintervention. However, manualsegmentationcanbe highly time-consumingand
errorprone. A semi-automaticsggmentatiormethodwith theright useof the users high-level

knowledgecanavoid problemswith the manualtechniques.

1.3 Surveyof SegmentationMethods

Therearemary segmentatiortechniquesn theliteraturefor differentkindsof imagegintensity
images rangeimages,jmageswith high noiselevel, highly texturedimages,video sequences,
color images,etc). However, thereis no single methodthat works well for all imagetypes.
Accordingto Haralick and Sapiro[23], a good segmentation,qualitatively is one,in which

theregionsareuniform andhomogeneouwith respecto somecharacteristicadjacentegions

!Henceforth we will usethetermimagesin generako referto images3D volumes,and4D data.



have significantlydifferentcharacteristideaturesandboundarie®f eachsegmentarespatially
accurate.Unfortunately no standardquantitativeperformancametric hasbeendevelopedyet

andhencethe evaluationis mostly subjectve.

1.3.1 Classification

Instancesf work in the literatureon the study of segmentationrmethodsare[18, 23, 28, 50].
Of thesethereview presentedby Pal andPal [50] is very comprehense. They discussseveral
existing methodsunderthe following topics: gray-level thresholdingjterative pixel classifica-
tion (methodgthat userelaxation,Markov randomfields, andneuralnetworks), surface-based
techniquegmostly for rangeimages) colorimagesagymentation edgedetectionandmethods
basedon fuzzy settheory Most bookson imageprocessingalsoprovide anovervien of the
commonalgorithms[20, 54]. In our study we broadlyclassifythe segmentatiormethodsnto
four classesnamelyboundary-basegixel-basedandregion-basednethodsandmethodghat

usea combinationof these.

Boundary-basedMethods

Boundary-basedhethodsare basedon the detectionof discontinuitiesin animage. The first
step,typically, is to apply anedgedetectorf20] to theimage. Heathet al [25] presenta study
of variousedgedetectionoperatorsin theidealcasethe edgeoperatorshouldfind pointslying
only ontheboundarie®etweernregionsbut this seldomhappenslueto textureandnoise.Hence
edgedetectionis usuallyfollowed by edge-pointinking andboundarydetectionmethodq54]

to obtainmeaningfulboundariesSomeexamplesof thisapproactare[17, 31, 69]. Yu andJain



[69] usethe Houghtransform[54] to detectlane boundaries.Eua-Anantand Upda[17] use
particlemotionin asimulatedforcefield to obtainclosedobjectboundariesJoneqd31] reviews

theapplicationof active contourmodelsfor detectindinesandedgesn images.

Pixel-basedMethods

Pixel-basedmethodswork at the level of pixelsin theimage,groupingthembasedon a pre-
definedsimilarity criterion. Thresholdingand clusteringaretwo importantpixel-basednmeth-
ods. In thresholding the valuesof the thresholdsare usually obtainedby histogramanalysis
[20]. Dependingon the natureof the threshold,the methodmay be local, global or adaptve
andbasedon the numberof thresholdsjt canbe of bi-level or multi-level type. Two exam-
plesof useof thresholdingrom theliteratureare[61, 68]. SolihinandLeedhanm61] propose
a novel classof global thresholdingtechniquedor analyzinghandwritingimages. Yang and
Yan usethresholdingfor a documentprocessingystemin [68]. Clusteringcanbe viewed as
a multi-dimensionalextensionof thresholding. It involves extractingfeaturesfrom animage
andgroupingthe pixelsin a higherdimensionafeaturespacg16]. Examplesof this approach
are[26, 38]. HeiseleandRitter [26] apply clusteringto segmenttemporalsequencesf range
andintensityimages.LuccheseandMitra [38] proposeanunsupervisedegmentatiorscheme

basedn K-meansclusteringfor colorimages.

Region-basedviethods

Region-basednethodsalso aim at segmentationusing similarities but they work at the level

of regions. Ragion groving andmeiging, region splitting, split-mege [20], andthe watershed



algorithm[30] aremethodsbasedon finding regionsdirectly. In region growing, startingfrom
seedpixels, regionsaregrown basedn pre-definechomogeneityandstoppingcriteria. Region
meiging works by meiging similar regions obtainedfrom a prior segmentationof the image.
Region splitting is justthe oppositeof meging. It startswith theentireimageasa singleregion
which is subsequentlgplit until a stoppingcriterionis met. A corvenientapproachs to use
a quadtreerepresentatiofi20] in which eachregion is split into four andthis proceedsuntil
the homogeneityconditionsaresatisfied. This approacthastwo problems.First, it assumes
squareregion shapeandsecondjt mayresultin a segmentationthat hasadjacentegionswith
identicalproperties.This canbe overcomeby a combinationof splittingandmerging.

The watershedalgorithm is basedon conceptsfrom topography[30]. The input to the
algorithmis a single-\alued edgemap, which is typically the gradientof the original image.
The algorithm considersthe edgemap as a topographicalkurface where the height at each
pixel locationis given by the grayscalevalue of thatpixel. Eachlocal minimumin the surface
corresponds$o a catthmentbasin Thealgorithmtriesto groupthe otherpixels suchthatin the
final sgmentation mostotherpixels belongto a catchmenbasin. The boundarypixels form
the wateishedlines that separateéhe catchmenbasins. This groupingcanbe doneusingtwo
methods— immersionsimulationand rainfalling simulation. In immersionsimulation[60],
holesarepiercedin the minimaof the surfaceandthe surfaceis immersedn water Thewater
risesandstartsfilling the catchmenbasins.Whenthe catchmenbasinsbegin to meige,dams
are built to preventwaterin one basinfrom flowing into another Thesedamsrepresenthe

watershedines which separatéhe differentcatchmenbasins. In rainfalling simulation[39],



dropsof waterfall onthe surface. Thesedropsstartflowing down, undergravity, usingthe path
of steepestlescentand get collectedin the catchmentasins. Thus, pixels in the imagecan
be classifiedunderuniquecatchmenbasins.The catchmenbasinsrepresentheregionsin the
imageandthe watershedinesaretheregion boundaries.

Someexampleapplicationsof region-basednethodsare[1, 12, 39, 55]. Che&asuvitet al
[12] usethe split-mege schemefor segmentation. Adamsand Bischof[1] discussa seeded
region growing schemen which high-level knovledgehasbeenincorporatednto the process
throughthechoiceof seecpixels. Rettmanretal [55] usethewatershedlgorithmfor automatic
sgymentationof cortical sulci. Manganand Whitaker [39] apply the watershedalgorithmto

sgmentsurfacemeshesn 3D.

Combination Methods

Somemethodsusea combinationof two or more of the above discussedypes. Examplesare
[2, 9, 10]. Beveridge[9] integrateshistogramanalysiswith region meiging techniquesn his
work. BorgesandAldon [10] usea fuzzy clusteringalgorithmin a split-mege framawvork.
Amorosoet al [2] apply a combinationof thresholdingand neuralnetwork learningfor color

imageanalysis.

1.3.2 Discussion

Edgedetectionis usedby biological visual systemg18] andhenceboundary-basedethods
are probablythe mostintuitive of all segmentationmethods.However, they are highly sensi-

tive to noiseandto small variationsof the boundary Pixel-basednethodsaregenerallymore



immuneto noisethanboundary-basedethodsandthey produceclosedboundariedirectly.
Thethresholdingschemds simpleandcanbe efficient but works well only on simpleimages
with the right choiceof thresholds. Similarly, the choice of featuresand numberof classes
[16] is very importantin the caseof clusteringmethods. Apart from these,one major dis-
advantagewith pixel-basedmethodsis that mostof thesetechniquesio not use proximity or
spatial adjacencyinformationand hencevaluableinformationis lost. For thesereasonsthe
applicability of pixel-basedmethodsfor sgmentingcomplex sceneds limited. Like pixel-
basedtechniquesregion-basednethodsare alsomoretolerantof noisewhencomparedwith
boundary-basethethods.Unlike pixel-basednethodsthey arebasedon the adjaceng of pix-
elsin the imagedomain. Region-basednethodsare compatiblewith semanticnethods[62]
andimplicitly producea hierarchyof regions. This makesthem more conducve to automat-
ing segmentationthan other methods. Like someboundarydetectionanditerative clustering
methods region-basedschemeoften posethe problemof increasedcostof computationand
memoryrequirements.Someof the individual region-basednethodsposeadditionaldifficul-
ties. Region growing works well only if the initial seedsarerepresentate of the regions of
interest. The choiceof the homogeneityandstoppingcriteriais crucialto the succes®f these
methodsanddependson the natureof the inputimage. Theseproblemsare overcomein the
watershedalgorithm. The watershedalgorithmusesonly an edgemapasinput andhencecan
beusedto sggmentavarietyof images.Thealgorithmproduceshe sggmentatiorresultwithout
ary userintervention. It is suitablefor distributedimplementatiorandcanproducesignificant

systemoptimization. The watershedalgorithmproducesclosedboundariesand canbe easily



extendedto sggmenthigherdimensionaimages.Like mary othermethodsthe watershedl-
gorithmis sensitve to noise.However, unlike othermethodswhich typically producencorrect
or displacedboundariesn the presencef noise the watershedlgorithmusuallyproducesex-
tra boundaries.This is referredto asoversagmentation which meanshat apartfrom the real
boundariesthe algorithm also producesspuriousboundariesddue to noise. This problemis
relatedto the unstablenatureof the algorithm. Even small changesn the edgemap values
canreroutethe flow of water producingdifferentwatersheds.However, this problemcanbe
removed by pre-processinghe imageto reducenoiseandusinga good post-meging scheme.
This canmalke the watershealgorithmrobustandif combinedwith theright meiging scheme,

it is agoodchoicefor automaticandsemi-automatisegmentatiorproblems.

1.4 Summary of Work Done

We have implementeda semi-automaticegmentationschemeusinga combinationof the wa-
tershedalgorithmandtwo region meging schemesWe pre-processhe inputimageto reduce
the level of noise. We usethe rainfalling approachof the watershedalgorithmto obtainthe
initial sgmentatiorof theimage.We thenprocesshewatershedesultusingtwo region meg-
ing schemesnamelyimplicit and seededegion meiging, to reduceoversgmentation. Both
the meging techniquegroducea hierarchyof regions, from which a meaningfuloutputcan
be easilychosen.We have alsodevelopeda graphicaluserinterface(GUI) to view the hierar
chy. We have extendedheinitial segmentatioralgorithmbasedn therainfalling simulationto

streamingdatain 2D. The streamingalgorithmproposeds alsosuitablefor 3D imagesandfor



parallelcomputationandproduceghe sameresultasthe serialwatershedlgorithm.



Chapter 2

RelatedWork

2.1 Intr oduction

The watershedalgorithmis basedon conceptsfrom topography The input to the algorithm
is the gradientimage or an equivalent gradededgemap. The algorithm visualizesthe edge
mapasa topographicaburiacewherethe grayscalevalueat eachpixel locationrepresentshe
elevation. Let I bethe original imageandthe grayscalevalueat a location (u, v) of the edge

mapbe f (u, v). Thenthecorrespondingurfaceis givenby

y | = v
z fu,v)

For instance,if the edgemaplooks asin Figure 2.1(a), the algorithm seesthis input as

10



(@) (b)

Figure2.1: An exampleof topographicasurface:(a) Input f (u, v) (b) Its topographicasurface
in 3D

the 3D topographicabkurfaceshavn in Figure2.1(b). We embedthis surfacein a gravity field
which pointsin the negative z direction. A drop of waterplacedarnywhereon this surfacewill
follow the path of steepestiescentuntil it reachesa minimum. This ideahelpsto establish
an equialencerelationshipamongpixels that traceto the samelocal minimum andis used
to grouppixelsin theimageunderdifferentcatchmenbasins. Thesebasinsare analogoudo
regions Thus,the algorithmworks by finding the minima of the surface,which correspondo
thecatchmenbasinsandtriesto groupevery otherpixel underoneof thesebasins producinga
segmentecbutput. Considettheexamplein Figures2.2(a)—(c).Figure2.2(a)shavs theoriginal
1D function I(z). The gradientf(x), of this functionis shavn in Figure 2.2(b), which has
threeminima. When f (x) is usedasinputto thewatershealgorithm,thethreeminimaof f(z)
will producethreesggmentsin the resultof the watershedalgorithm. This conceptextendsto

higherdimensionsaandimagescontainingmultiple objects.
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Figure2.2: Working of thewatershedhlgorithm: (a) Original 1D functionI(z) (b) Gradientof
I(z) — f(z) is theinputto thewatershealgorithm(c) Resultof watershedlgorithm

Watershedsegmentationproducesclosedregion boundaries.It is suitablefor distributed
computatiorandcaneasilybe extendedto higherdimensions.However, like mary otherseay-
mentationmethodsthe watershedalgorithmis sensitve to noise. Noisein theimagecanlead
to falseminima, eachof which cancreateits own region in the outputsegmentation.This re-
sultsin oversgmentationwhich meanghat the outputhastoo mary regions. Many methods
have beenproposedn theliteratureto implementwatershedgegmentationandto reduceover-
segmentation.In the following sectionswe explore the origin of the watershedalgorithm,the
differentapproacheto implementthe algorithmandthe stratgiesusedto reducethe effectsof

noise.

2.2 Early Work on WatershedSegmentation

BeucherandLantuejoul[7] werethefirstto proposeanalgorithmbasedntopographicalvater

shedgo sggmentimages.However, even prior to this, relatedwork hadbeendone,specifically

12



in theareaof topographyFor instanceCayley [11] presentsheideaof viewing atopographical
surfaceasa systemof contoursandslopelinesin his article. Maxwell [40] discussegrouping
pointsaccordingo surlaceminima— thebasicprinciplebehindwatershedementation Most
of thiswork hasbeendonefor processingligital elevationmodels[14]. Examplesof theseare
[13, 52]. PeuclerandDouglas[52] discusshe detectionof ravinesandpits on a discretegrid
which is analogousgo finding maximaandminima[36] for watershedsegmentation. The al-
gorithmproposedy Collins [13] usessortedelevation datafor processingyery muchlike the

immersionschemeproposedy VincentandSoille [66].

2.3 Different Approachesto WatershedSegmentation

In general,two differentalgorithmsare usedto implementwatershedsegmentation,namely
immersionandrainfalling simulation. Eachof thesecanbe usedto detectthe segmentsin the
imageeitherdirectly or usingmorphologicaloperatorg56]. Again,theimplementatiorcanbe

sequentiabr distributed. We briefly review someof theseapproacheasfollows.

2.3.1 Immersion or Flooding Simulation

Theconcepbfimmersionsimulationcanbedescribedsfollows. Holesarepiercedat themin-
imaof thesurfaceandthewholesurfaceis slowvly immersedn water Thewaterrisesin through
theseholesandgetscollectedin the catchmenbasins.Whenthe waterfrom onebasinstartsto
pouroutinto anadjacentone,a damis built to preventthis overflov. The damsor wateished

lines separatehe catchmenbasinsfrom one anotherand correspondo the boundariesn the
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Figure 2.3: Immersionsimulation: (a) An example1D gradientfunction (b) Floodingby im-
mersion(c) Segmentedesult

image.This processanbe simulatedusinga computerto find the watershedegmentation.
Immersionsimulationis illustratedin Figures2.3(a)—(c).Figure2.3(a)shavs a 1D gradi-
entfunction f(z) with threeminima, namely M1, M2, andM3. Waterrisesin andfills the
correspondingatchmenbasinsCB1, CB2,andCB3, asin Figure2.3(b). Whenwaterin CB1
andCB2 bggin to meige, a damis built to preventthis overflow of water Similarly, the other
watershedines are constructed.The final sgmentedresultcontainingthreesegments WS1,
WS2, and WS3, is shavn in Figure 2.3(c). Soille and Vincent[60] introducedthe immer
sionapproachVincentandSoille [66] alsointroducedan efficientimmersionalgorithmbased
on sorting of pixel valuesand FIFO queues.Variationson their techniguewere proposedy
BeucherandMeyer [8]. Comparatre analyseof differentversionsof the flooding approach

werepresentedn [15, 22].
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Figure2.4: Rainfalling simulation: (a) An examplelD gradientfunction (b) Rainfalling simu-
lation (c) Segmentedesult

2.3.2 Rainfalling Simulation

A conceptuabescriptionof the rainfalling simulationapproachs asfollows. Dropsof water
areallowedto fall onthe surface. A dropfalling on a pixel on the surfacefollows the pathof
steepestlescenuntil it reachesa minimum. If the steepestlescenpathsfrom a setof pixels
endin the sameminimum, thenthesepixels definea catchmentbasin. Thus, every surface
minimumcanbeassociateavith acatchmenbasinwhich correspondo aregionin theimage.
Thisideacanbeusedto computethe watershegegmentatiorof animage.
Figures2.4(a)—(c)illustraterainfalling simulation. The threeminima of the gradientfunc-
tion f(z) leadto threeregionsin the sggmentedutput,asin Figure2.4(c). In the earliestwork
on watershedsaggmentation Beucherand Lantuejoul[7] describerainfalling simulation. The

useof this approachHor sggmentations alsofoundin [5, 43, 44, 59.
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2.3.3 Mor phological WatershedSegmentation

Thewatershedegymentationtechniquehasits originsin the areaof mathematicamorphology
[56]. The algorithm borrows the ideaof visualizinga nD imageasa (n+1)D topographical
surfacefrom thisfield. Much of thework in the literatureon watershedegmentatiorusemor
phologicalwatersheds.Examplesof theseare[5, 7, 8, 60]. Beucherand Meyer [8] present
a comprehense review of the variousmorphologicaltools usedin relationto watershedsey-
mentation. They startwith the simplestcaseof applyingdilation anderosionto calculatethe
gradientimage,which typically senesastheinput to the watershedalgorithm. They proceed
to introducemorecomple operatorausedin connectionwith the algorithm. This includesthe
applicationof geodesiaeconstructior[8] to detectthe extremain animageandalsoto de-
tectwatershedines. Beucher[5] describeghe relationbetweenwatershedsegmentationand
morphologicakhinning[56].

We briefly discusgwo mainapproachefoundin theliteraturefor sggmentatiorusingmor
phologicalwatershedasfollows. Thefirst approactworksby iteratively finding the catchment
basinsat every elevation of the topographicabkurface. Let f(u,v) betheinputedgemap. Let
Z;(f) beasetof imagepointssuchthat Z;(f) = {(u,v) : f(u,v) <4} [8]. Thus,Z;(f) isa
cross-sectioof thetopographicasurfacerepresentedly f (u,v) atelevationi. Letusfloodthis
surfaceby immersion.Assumethatthe flood hasreachedhe elevations. Floodingof Z; 1 (f)
will occuratthosepixelswhichlie in thegeodesizonesof influence[8] of the connecteddom-
ponentsof Z;(f) andthe nev minimapixels at elevationi + 1. The new minimaat elevation

1+ 1 arethosewhich arenotatafinite geodesidistancdrom ary of theconnectedomponents
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at elevation s andthey are simply the differencebetweenthe setsZ; 1 (f), andthe geodesic
reconstructiorof Z;1(f) by Z;(f). An iteratve techniquebasedon this is usedto compute
the watershedsegmentationof theimage. A mathematicaformulationfor this iterative algo-
rithm canbefoundin [8]. Thesecondapproachworksby finding thewatershegointsat every
elevation of the surface. Let W; be the setof watershedointsat elevation strictly lessthan:.
Let I; be a setof imagepointssuchthat I;(f) = {(u,v) : f(u,v) < i}. AssumethatW; is
known. The setdifferenceof I; andW; containsthe catchmenbasinsat elevation lessthans.
For apixel (u,v) atelevationi, the geodesiaistancesrom the differentcatchmenbasinsare
computedIf thegeodesidistancas thesamefor two or morebasinsthen(u, v) is awatershed
point. Thus,all watershegbointsat elevation: canbecomputed.This approactalsoleadsto an

iteratve methodfor computingwatershegegmentatior|7].

2.3.4 Distrib uted WatershedSegmentation

Someapplicationsentail very large imagesandit may be impossibleto provide the required
amountof memoryor computationapower on a single computer Thusarisesthe needfor a
distributed versionof the algorithm,in which blocks of the imageare segmentedndividually
andtheresultsarecombinedto obtainthe segmentatiorof the entireimage.Sucha distributed
algorithm may also sene to improve the speedof computingwatershedsegmentation. Dis-
tributedwatershedeagmentatiorcanbeimplementeceitherasa streamingmemory)algorithm
or a parallelalgorithm(time). The streamingalgorithmwould usea singleprocessowhile the

paralleltypewouldinvolve multiple processorsDesigninga distributedwatershedlgorithmis
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achallengingoroblembecaus¢heworking of thealgorithmis notstrictly local. Many solutions
to this problemhave beenproposedn the past,mostof which discusarallelimplementation.

Of these[41, 42, 45] useimmersionsimulationand[43, 44] userainfalling simulation.

2.3.5 Discussion

Implementation®f immersionsimulationfoundin theliteraturethatarebasedn FIFO queues
[8, 66] arefastversionsof the watershedalgorithm. For instance,Vincentand Soille [66]
proposeaninitial sortingof pixels andstorageof pixel informationin queuedo enabledirect
accesdo pixels in the gradientimage. The watershedsegmentationis computediteratively
until the queues empty whereat every iterationtwo mainoperationsareperformed.First, the
label of every pixel in the queueis assignedo the non-labelecheighborsof higherelevation
or gray-level andtheseneighborsare put into the queue. Second,nev minima are detected,
labeledandstored.Thisalgorithmdoesnot performrepeatedgcanning®f theimageandhence
is efficientin termsof computationspeed.However, thefirst of the two operationgdiscussed
aboveis highly sequentiain naturewhencomparedvith theworking of rainfalling simulation.
In the caseof therainfalling approachgevery pixel canbetracedto a minimumindependentf
thetracingof otherpixels[43] while in theimmersionexamplementionedabore, mostpixels
gettheir labelsfrom a previously labeledneighbor Hence,a distributed versionof immersion
simulationmay needstorageof a large amountof information. For a parallelimplementation,
this also leadsto increasein the overheadfor communicationbetweenprocessors.For this

work, we have usedwatershedegmentatiorby rainfalling simulationto implementanefficient
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distributedversionof thealgorithm.

Watershedsegmentationusingrainfalling simulationcanbe implementedusing operators
from morphologyor by direct detectionof catchmentbasinsand watershedines. All mor
phologicaloperationsusedto computewatershedsagmentationcan be reducedto a seriesof
operationson the imagewith a structuringelement. Therearetwo problemsassociatedvith
the useof a structuringelement— first, they tendto impart their shapeto the boundariesn
theimageandsecond,t is importantto choosethe right shapeandsize of the structuringel-
ement,whichin turn, dependon the application. Moreover, watershedgegmentationbasedon
morphologicaloperatorgposesthe problemof computationacompleity. Therefore we have
useda simpleandstraightforvard implementatiorof rainfalling simulationby directdetection

[36, 39.

2.4 Strategiesto Prevent Oversegmentation

Like mary sggmentationrmethodsthe watershedalgorithmis sensitve to noise. Noisein the
imagemay leadto falseminima, eachof which createsa correspondingegion in the output.
Thisresultsin overs@mentationwhichis illustratedin Figures2.5(a)—(c).Figure2.5(a)shawvs
animagewith a small amountof noise. The gradientimageis shavn in Figure 2.5(b). The
resultof thewatershedlgorithmis shavn in Figure2.5(c). In this output,everyreal region has
beenbrokendown into two or moreregions,producingoversgmentation.Thereforewe needa
goodstrategy to remaove the spurioushoundariegreateddueto noiseandproducea meaningful

sgmentation.
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Figure2.5: An exampleof oversgmentation:(a) A noisyimage(b) Gradientimage(c) Water
shedresultshaving oversgmentation

Several methodshave beenproposedn the literatureto reducethe effectsof noise. They
includepre-processintgechniquesuchasfiltering, thresholdingandextractionof markers,and

post-processingechniquesuchasregion meiging andhierarchicalsegmentation.

2.4.1 Pre-processinglechniques

Filtering

Filtering the original imageis a commonmethodthat hasbeenusedto reducenoiseandover
sgymentationn connectiorwith watershedgegmentation.Thefilter usedfor smoothingcanbe
linear or non-linear For instancel ee et al [34] uselinear filtering by Gaussiarblurring for
the segmentatiorof satelliteimageso extractroads.Examplesof work from theliteraturethat
usenon-linearsmoothingare[27, 49, 58]. De Smetet al [58] proposenon-linearfiltering by
anisotropidiffusion. HernandeandBarner[27] suggesmediarfiltering while Ogoretal [49]

usemorphologicalbpeningandclosing[56].
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Thresholding

Thresholdingcanbe appliedto the gradientimageto combineseveralirrelevantminimainto a
singleflat minimum, thuspreventing oversgmentation.Figures2.6(a)—(b)illustratethis. The
gradientfunctiong(z) in Figure2.6(a)shavs how spuriousminima— M1,M2,M3,M4 — can
resultin too mary insignificantsegmentsin the output. The modifiedgradientf (z) in Figure
2.6(b)shavs how thresholdingcanbe usedto flattenout theirrelevantminimato createasingle
minimum M, thuspreventing oversgmentation.The choiceof the thresholdis crucialto this
approach.A very low thresholdmay fail to prevent oversgmentation. On the otherhand,a
very high thresholdmay combinetwo or morereal regionsinto a singleregion in the output
producinganeffectcalledundesegmentation In ourexperienceagoodthresholdcanbeeasily
choserfor agivenapplication.Examplef useof thethresholdingapproactare[4, 37]. Baccar
etal [4] usel0% of the maximumgradientvalueasa thresholdthatworks effectively on their
rangeimages.Li etal [37] proposethresholdingof the gradientimageto segmentSynthetic

ApertureRadar(SAR) images.

Useof Mark ers

Markersareusedto denotesignificantregionsin theimageby usingthe minimacorresponding
to theseregionsalonein the gradientimage,which senesasinput to the watershedlgorithm.
For instancejn theimmersionapproachflooding would occuronly throughthe minimaindi-
catedby the marlers. The users high-level knonvledgecanbe appliedfor selectingor marking

the sourcesf flooding. In the caseof morphologicawatershedthe markersareobtainedrom
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Figure 2.6: Effect of thresholdingthe gradient: (a) Watershedseymentationof gradientg(x)
containingirrelevantminima (b) Watershegegmentatiorof thethresholdedyradientf (z)

the gradientimageby a processcalled homotopymodification[8]. The effect of this process
on the gradientis illustratedin Figure 2.7. The marker function samplesout the significant
minimaandflattensout theirrelevant minimainto plateausinstance®f the useof markersare
[32, 57]. Shiji andHamadd57], andKanai[32] usemarkerbasedwvatershed$or colorimage

seymentation.

2.4.2 Post-processinglechniques
RegionMerging

Reducingovers@gmentatiorcanbe posedasa region meging problem. Startingwith theresult
of the watershedsegmentation,regions can be meiged basedon pre-definedcriteria until a
meaningfulseggmentatioris obtained.Relatedwvork foundin theliteraturecanbeclassifiednto

four typesbasedn the criteriausedfor meging— methodshatusefeaturesof regions,those
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Figure2.7: Effect of amarker functiononthe gradient

thatcharacterizdoundariesthosethatcharacterizeatchmenbasinsbasedon thetopography
andthosethatusea combinationof two or moreof theabove.

Many methodshave beenproposedn the pastthatuseregion meiging basedon similarity
criteria, which in turn are basedon featuresof regions, like grayscalevalues,color, texture
etc. Examplesof suchwork are[24, 32]. Kanai[32] usesintensity color andsizeinformation
from regionsin his method. Haris et al [24] posereductionof oversgmentationas a cost-
minimization problemthat usesaverageintensitiesof regions. Propertiesof regionsin the
watershedesultcanbe usedto extract featurevectorsandclustersimilar regionsin a higher
dimensionafeaturespacg16]. Exampleof methodghatusesalieny measureto characterize
boundariesn the outputof the watershedsegmentationare [6, 46]. In Beuchers [6] mosaic
imagetransformmethod the watershedine betweerntwo catchmenbasinsis characterizedby
the absolutedifferencebetweenaverageintensitiesof the basins.Region meiging canalsobe

basedon dynamicsof contoursof the image[46]. Dynamicsof contous refersto a salieny
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measuref contouran theimageandwasintroducedoy NajmanandSchmitt[46]. Instance®f
methodshatcharacterize&atchmenbasinsare[35, 36, 55]. Thework doneby Lemagchalet
al [35] is basedn basindynamicswhichis a saliengy measuref thelocal minima(catchment
basins). Lester[36] useswatersheddepthas a salieng measurd36]. Rettmannet al [55]
usea similar measurdor the segmentationof cortical sulci. Instancesof combinationof the
above approacheare[3, 53|. Pratikakisetal [53] proposea salieny measurdhatis basedn
edgestrengthandregion homogeneity Andradeet al [3] suggest meiging procesguidedby

watershedlepthandareaof theregionsin the outputof the watershedhlgorithm.

2.4.3 Hierarchical Segmentation

Hierarchicalsegmentationhas beenwidely usedin the pastto solve the oversgmentation
problem. The usercanselecta meaningfulsegmentationfrom the hierarchyof regions gen-
erated. This approachalsoleadsto a multi-resolutionalwatershedseymentationmethodby

which objectsat differentscalescanbe extractedfrom theimage. The methodsn theliterature
that discusshierarchicalsegmentationcan be classifiedundertwo major catgyories— those
basedon region meging andthosethatusescale-spacespresentationf imaged65]. Most of

thework in the literatureon region meging in connectionwith the watershedlgorithmdeal
with hierarchicalsegmentation. Examplesof methodsthat usescale-spaceepresentatiomre
[19, 29, 33, 34, 67]. Jackvay [29] suggestgonvolution of theimagewith the Gaussiarkernel
to createa linear scale-spacespresentationf the original imageandapplicationof the water

shedalgorithmat every scale. Gauch[19] proposeghe generatiorof a scale-basetiierarchy
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by analyzingthe minima at differentscales.Kim [33] proposes slightly modifiedversionof
Gauchs approachfor extraction of roadsfrom satelliteimages. Wright and Acton [67] use
morphologicaloperatorgo createa scale-spaceepresentatiomf the input imageto produce

multi-resolutionawatershedegmentation.

2.4.4 Discussion

Filtering doeshelpin reducingthe noiselevel in animage. However, filtering alonemay not
solve the oversgmentatiomproblemfor imageshatarehighly noisyandtextured. Specifically
Gaussiarblurring andmorphologicafiltering have their own disadwantagesGaussiarblurring
wipesout structuresbelow a particularscaleandthis may resultin the loss of significantin-
formation. This problemcanbe overcomeby the useof edge-preservingon-linearfiltering
methoddik e anisotropiadiffusion[51]. Morphologicalfiltering workswell only with theright
choiceof the structuringelementandthis depend®ntheapplication.Lik e filtering, threshold-
ing alsomay not be a goodsolutionto the problemof oversgmentationf usedalonebut with
agoodthresholdvalue,it cansene asa usefulpre-processingtage.Unlike filtering or thresh-
olding, the marker-basedapproacttanbe usedby itself to preventoversgmentation. Another
adwantageof marker-basedwatersheds thatthe usercanemploy his high-level knowledgeto
bring outa meaningfulsggmentation. However, in somecaseg6], marker extractionneedshe
outputof the watershedseggmentationandthe modified gradienthasto be processedgainby
the watershedalgorithm, thusincreasingthe computationcost. In addition, marker selection

for complex imagesmay be a tediousprocess.The difficulty in usingregion meiging schemes

25



that usecriteria basedon region propertiesis that thesetechniquesare highly dependenbn
the natureof the input image. We prefera region meging algorithmthat works closelywith
the conceptsbehindthe watershedalgorithmitself so that the methodwould be genericand
canbe usedon a variety of imagetypes. Sucha meging schemecanbe onethatis basedon
characterizatioof catchmenbasinsor watershedines.

Evenwith a goodregion meging schemeit may be hardto determinea stoppingcriterion
thatwould always producea meaningfulsegmentation.Therefore hierarchicalsegmentation,
which involvesusers high-level knowledgein choosinga meaningfulsegmentationjs a more
effective stratgy. Of the hierarchicalsegmentationmethodsdiscussedthosebasedon scale-
spacerepresentationmay not presere edges. This includesmethodsthat involve Gaussian
blurring andthosethatusemorphologicaloperators.Thus,a region meging schemebasedon
characterizatiorof basinsor watershedines to producea hierarchyof regions cansolve the
oversgmentatiorproblem.

In our work, we have usedwatersheddepthasthe salieny measurg36] to characterize
catchmentbasins. The region meging schemebasedon this measurecan be visualizedas
an immersionof the sggmentedimagein water At every level in the hierarchy catchment
basinscontainingweak edgesare meged. This continuesuntil only oneregion is left, which
is the entireimageitself. Thus,a hierarchyof regionsis generatecanda meaningfulsegmen-
tation canbe choserfrom the hierarchy This method by itself, senesto solve the problemof
oversgmentationandis alsoconsistentvith our goalto producepartially- or fully-automatic

sgmentation.
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Chapter 3

WatershedSegmentation

3.1 Intr oduction

We have implementedsemi-automatifierarchicaimagesegmentatiorusingthewatershedl-
gorithm. As a pre-processingtep,we filter the original image,andthresholdthe edgemap
to reducethe numberof irrelevant minima. We thenobtainthe watershedsegmentationby an
implementatiorof the rainfalling simulationapproach.As a solutionto the oversgmentation
problem,we have useda region meging post-processingtage,in which regionsin the sey-
mentedresultaremelgedbasedon watershedlepth[36]. This stepproduceshierarchicalsey-
mentationandthe usercanselecta meaningfulresultfrom the hierarchyof regionsgenerated.

In therestof this chapterwe presenthe detailsof thealgorithmsandtheirimplementation.
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3.2 Pre-processingStep

We lowpassfilter the original imageusingthe Gaussiarfunctionto reducethe level of noise.
We usethe gradientof the imageasthe edgemapthat senesasinput to the algorithm. We
computethe gradientimagefor 2D and 3D, grayscaleand color imagesas describedbelow.

Let I denotethe original imageandg denotethe gradientimage. If I is gray-\alued,we use
Equation3.1 to computeg. Thereare methodsin the literaturethat discusscomputationof

gradientof colorimages.ForinstanceZenzo[70] suggestsisingthe magnitudeof thegradient
alongthedirectionof maximumchange.Findingthe gradientof color images however, is not
afocusof this work. Hence we have simply usedthe RMS valueof the gradientsof the color
componentdg, Ig, andIg in the z andy directionsto computeg. This is doneby using

Equations3.2and3.3in Equation3.1.

R ORI
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We computethe gradientof a 3D grayscalémageusingEquation3.4. To find the gradient

of a3D colorimage,we useEquations3.5,3.6and3.7in Equation3.4.
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We subjectthe gradientimageg to thresholding.If 7" denoteghe thresholdasa % of the

RMS gradientwe obtainthe modifiedgradientvalue f for every pixel p usingEquation3.8.

f(p) = max(g(p), T) (3.8)

Thethresholdingstephelpsto flattenout irrelevant minimawhosegradientvaluesareless
thanT', forming flat regionsof valueT. This pre-processingtageis not requiredbut is highly
recommendedo reducethe amountof oversgmentationin the outputof the watershedlgo-

rithm.
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3.3 WatershedSegmentationAlgorithm

We have implementedwatershedseggmentationusing rainfalling simulation[36, 39]. To de-
scribeourimplementationyve first definetermsthatarerequiredto understandhe working of
thealgorithm.We thendiscussn detailour discretdmplementatiorof watershedegmentation

by rainfalling simulation.

3.3.1 Definitions

Dependingon the valuesof its neighbors gvery pixel on thetopographicaburfacecouldbe a

single-pixelminimumor partof aflat region. We definetheseasfollows.

Single-PixelMinimum

A pixel whosevalueis strictly lessthanthe value at all neighboringpixels is a single-piel
minimum. By neighboringpixels,we referto the 8-neighbor®f apixelin 2D and26-neighbors

in 3D [20]. Forinstancejn Figure3.1(a),P is asingle-pixel minimum.

Flat Region

A pixel is saidto be partof aflat region if its valueis equalto the value of at leastone of its
neighboringpixels. Flat regions canbe classifiedinto threetypes,namely flat maxima,flat
plateausandflat minima. If thevaluesof pixelsin theneighborhoodf aflat region arestrictly
lessthanthe valuesinsidetheflat region, theflat regionis calleda flat maximum.If thevalues

of pixelsin theneighborhooaf aflat region arestrictly greatethanthevaluesnsidetheregion,
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1

1

Flat maximum

Figure3.1: Classificatiorof pixels onthetopographicasurface:(a) Single-pixel minimum (b)

Typesof flat regions

the flat region is termeda flat minimum. If the valuesof pixelsin the neighborhoodaresuch

thatsomearegreaterthanandsomearelessthanthe valuesinsidetheregion, theflat region is

Flat plateau

Flat
minimum

aflat plateau.Thesethreetypesareillustratedin Figure3.1(b).

3.3.2 Rainfalling Simulation Algorithm

Watershedsagmentationby rainfalling simulationis obtainedusingthe following two major

steps:

Searching

We constructa one-piel wide wall aroundthe surfaceandsetthe heightof this wall to avalue

higherthanthe maximumvaluein theimage. This stepis only for programmingcornvenience.
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It doesnot overwrite on the image and doesnot prevent the detectionof minima alongthe
boundary In asinglewidth-first scanof theimage,we detectandlabelsingle-pixel minimaand
flat regions,andalsofind the pixel with the leastvaluealongthe boundaryof eachof the flat
regions. In finding the boundaryminimum of a flat region, we may comeacrossmorethan
oneboundarypixel with the samevalue. In sucha case we chooseto usethe minimumthatis
detectedirst while scanningheimage.At theendof this step,thesingle-pixel minimaandflat

regionsin theimagecarryuniquelabels.

Tracing

In thetracingstep,wefirst tracethenon-minimumandnon-flatpixelsto theirrespectie minima
usingthe pathof steepestlescentFor sucha pixel P, we starttracingby finding the minimum
of P in its 8-neighborhood26-neighborhooih 3D). In this processwe maycomeacrossmore
thanonepixel in thethe neighborhooaf P carryingthesamevalue.If the equal-aluedpixels
areconnectedthenwe have reacheda flat region (plateauor minimum) andwe terminatethe
tracingof P attheflat region. If the equal-aluedpixels are not connectedthenwe usethe
onewhich is detectedirst. We thenmove to the minimumin the 8-neighborhoodf P and
continuethis tracingasdescribedabove until a single-pi>el minimumor flat regionis reached.
We label all the pixels along this path of steepestiescentusingthe label of the single-piel
minimum or flat region wherethe tracingends. Similarly, we traceflat maximaand plateaus
to their respectre minima. For eachof the flat maximaand plateauswe begin the tracingat

theboundaryminimumpixel. Hereagain,in eachtrace,we assigrnthe label of the single-piel

"Henceforthyve referto the minimum alongthe boundaryof a region asboundaryminimum
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minimum or flat region reachedo all the pixels alongthe path of steepestescent.We then
adjustthelabelsin theimagesothatthelabelsrangefrom 0 to R — 1 whereR is the numberof
regionsin the segmentedoutput. At the endof this step,every sgmentin theimageis labeled

with auniquenumber

3.4 Hierar chical Segmentationby RegionMerging

The watershedalgorithmtypically producesoversggmentationin the presenceof noise. We
proposehierarchicalsegmentationby region meging as a solutionto the oversgmentation
problem. The region mewging algorithmis basedon characterizatiorf the catchmenbasins
in the outputof the watershedalgorithmusingwatershedlepth[36]. For a givenregionin the
sgmentedresult, watershedlepthis definedasthe differencein value betweenthe boundary
minimum of the region andthe local minimum of theregion. For instance considerthe depth
d shawvn in Figure 3.2. This measurecan be usedto continuouslymerge regions, until all
the regionsare megedinto one,thus producinga hierarchy Basedon the way in which the
watershedlepthmeasures usedfor meiging, theregion meiging schemecanbe classifiednto

two types— implicit region meiging andseededegion meging.

3.4.1 Implicit RegionMerging

The processof implicit region meiging can be visualizedas an immersionof the segmented
imagein waterin sucha way that every region is flooded simultaneously Shallov regions

mege first followed by deeperonesuntil all the regionsaremeigedinto a singleregion. The
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Figure3.2: Watershedlepthof aregion.

concepf implicit region megingis illustratedin Figure3.3. Figure3.3(a)shavstheseggments
in the outputof the watershedalgorithmandthe initial watersheddepthfor eachregion. The
regionwith thelowestwatershedlepthof 4 hasweakedgessomparedo theotherregionsin the
imageandhencemayhave beencreatedy anirrelevantminimum. Thereforejt is megedwith
theneighborcorrespondingo thewatershediepth,forming a new region. Here,aneighbor of
aregion r refersto a setof pixelswhich form aregionin theresultof watershedgegmentation
and are spatially adjacentio r. The watersheddepthmeasurds updatedfor this new region
andits neighbors.The resultof this is theimageshavn in Figure3.3(b). The region with the
lowestwatershedlepthof 5 in thisimageis meigedwith its correspondingeighbor Theabove
procesccursiteratively until all the regionsaremeiged. The hierarchyof regionsgenerated
is shavn in Figure3.3. Thus,implicit merging automaticallyproducesa hierarchyof regions
basednwatershedlepth.

Considerthe setof regionsC = {ci, ..., cg} in theresultof thewatershealgorithm. Let
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(d) (e)
Figure3.3: Implicit region meging

the setof neighborsof aregion ¢; be N; = {c;1,...,¢in,;}. Let m;; denotethe difference
betweerthe minimumof region ¢; alongthe boundarywith c; ;, andthe local minimum of c;.
Let m; = m; 4 denotethe watershedlepthof ¢; andc; 4 denotethe correspondingieighboy
wherem; 4 = min{m; 1,...,m;n,; }. Let N denotethe numberof regionsin theimage. The

implicit memging algorithmis asfollows.
1. Initialize N = R.
2. Findtheregion¢; for which thevalueof m; is the smallest.

3. Mergec; with ¢; 4 andupdatetheboundaryminimaof ¢; U ¢; 4 andits neighborsandthe

localminimumof ¢; U ¢; 4. DecrementV by 1.
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4. If N =1, themeging is complete.lf not,goto step5.

5. Recomputen,; for theregions. Goto step2.

Theresultof theabove algorithmis a hierarchyof regions. Thelowestlevel in thehierarchy
containsthe regionsfrom the resultof watershedsagmentationandthe highestlevel contains
oneregion which is the entireimageitself. Typically, meging of two neighboringregionsat
onelevel corresponddgo the next higherlevel in the hierarchy However, at ary level in the
abose meging processwe may comeacrossmorethanoneregion with the smallestvalue of
watershedlepth.In this casethe meiging of theseregionswith their correspondingneighbors

will occursimultaneously

3.4.2 SeededRregionMerging

In the caseof seededegion meging, the seedregion which initiatesthe memging is choserby
theuser The conceptof seededegion memgingis illustratedin Figure3.4. Figure3.4(a)shawvs
theregionsfrom theresultof watershedegmentatiorandtheinitial watershedlepthsof these
regions. Theregionin Figure3.4(a)with initial watershedlepthof 5 is choserastheseed.This
seedregion is melgedwith the neighborcorrespondindo the watersheddepthforming a new
region. The watershedlepthof this new region is updated.We againmege this new region
with the neighborcorrespondingo the watershedlepth. The aborve occursiteratively until the
seeds memgedwith all otherregionsin theimage. Thehierarchygenerateds shavn in Figure
3.4. Thehierarchyproducedby seededegion meiging represents growing of the seedfrom

thewatershedesult.
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Figure3.4: Seededegion mewging

Seededegionmemingis differentfrom implicit regionmeigingin that,in theimplicit case,
the seedis implicit and at every level of memging, it is the region with the lowestwatershed
depth. In seededneming, the seedat every level is the sameandis the region choserby the
user Therefore the hierarchyof regionsgeneratedy seededneiging may be differentfrom
theonegeneratedby implicit memging. For instancecomparehehierarchiesn Figures3.3and
3.4.

Considerthe seedregion c¢; chosenby the user Let the setof its neighborsbhe N, =
{cs,1,---,Con, }. LeLD, ; Detheminimumof region ¢, alongthe boundarywith ¢, ;. Notethat

theneighborcorrespondingo thewatershediepthof ¢, is theonecorrespondingo thesmallest
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valueof b, ;. Let the smallestof the boundaryminimabe b, 4 = min{b, 1,...,b,,,} andlet
cs,4 bethe correspondingneighbor Let N denotethe numberof regionsin theimage. The

seededneging algorithmis asfollows.

1. Initialize N = R.
2. Findtheneighborc, 4 correspondingo thesmallestvalueb; 4.

3. Merge c; 4 With ¢; andupdatethe boundaryminimaof ¢, 4 U ¢;. This stepresultsin a

new setof b, ; values.DecrementV by 1.

4. If N =1, thenthememgingis complete.lf not,goto step2.

Theresultof this meging, again,is a hierarchyof regions. Thelowestlevel in thehierarchy
containsthe regionsin the resultof the watershedalgorithm andthe highestlevel containsa
single region, which is the entireimage. At ary level in the hierarchy mewging of the seed
region ¢, with theneighbore, 4 correspondingo its watershediepthproduceghe next higher
level in the hierarchy However, we may comeacrossmorethanoneneighborc, 4 for thesame

valueof watershedlepth.In suchacaseall theseneighborsaremegedwith ¢, simultaneously

3.5 WatershedSegmentationTool

We have developeda graphicaluserinterface (GUI) for easein viewing the hierarchy We
have interfacedthe programsthatimplementwatershedsegmentationandthe region memging

algorithmswith windowing functionsin thetoolkit FLTK [63]. Figure3.5shavs a snapshoof

38



thetool for 2D images.Thefunctionsavailablein theuserinterfacefor 2D imagesaredescribed

belaw.
1. Inputimage: Thisreadsin agray-\aluedor colorimagein 2D from file anddisplaysit.

2. Gradient This computesthe gradientof grayscaleand color imagesusing derivative

functionsin VISPackasdiscussedn Section3.2.

3. WS This filters theimage,lets the userselectan appropriatehresholdfor the gradient
imageand computeshe watershedsagmentation. The gaussfunction in VISPack has
beenusedfor filtering. The default thresholdis equalto 10% of the RMS valuein the
gradientimage. A grayscale-to-colomappingfunction hasbeenusedto shav different

sementsin the outputusingdifferentcolors.

4. Merge: Merging canbe doneusingoneof the two methodsdescribecearlier Both the
meiging algorithmsusethe heapsorttechnique.The hierarchyof regionscanbeviewed

andtheimageatary level in the hierarchycanbe savedto afile.

5. WriteHR This savesthe entirehierarchyto two files. Theresultof watershedegmenta-
tionis savedin a.wsfile andthelist of region pairsmemgedat every level in thehierarchy

is storedin a..hr file. The entirehierarchycanbereconstructedisingthesetwo files.

6. ReadHR This allows the userto readin andview a hierarchywhich hasbeensavzedasa

combinationof the .wsand.hr files.

We have alsoextendedtheuserinterfacefor 3D images Figure3.6 shavs asnapshobf the

tool for 3D images.Theadditionalfeaturesavailableare:
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1. Load Thisreadsn asetof slicesin 3D from files anddisplaysthem.

2. Gradient This computeghe gradientof 3D grayscaleandcolorimagesasdiscussedn

Section3.2.

Input image: | new tif ‘ Grnnlent| WS Merge | ReadHR | WriteHR ‘

Figure3.5: Snapshoof theuserinterfacefor 2D images
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Figure3.6: Snapshobf the userinterfaceextendedfor 3D images
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Chapter 4

StreamingAlgorithm

4.1 Intr oduction

In someapplicationsthe amountof datato be sgmentedmay be so large thatit is difficult
to provide the requiredamountof memoryon a single computer Thus,the needarisesfor a
distributed implementationof the segmentationalgorithm. The distributed algorithm can be
implementeckitherasa streamingalgorithmor asaparallelalgorithm. In adistributedsegmen-
tationschemetheimageis dividedinto blocksandthe sgmentatiorof eachblockis computed
individually. Theresultof segmentationfrom the blocksarethenusedto producethe segmen-
tation of the entireimage. In the caseof a streamingalgorithm,all of theblocksareprocessed
by asingleprocessowhile in a parallelalgorithm,blocksareprocessetby multiple processors.
Designinga distributed versionof the watershedalgorithmis a challengingproblembecause
the searchingandtracingstepsdescribedn Section3.3 cannotbe completedor arny oneblock

dueto the lack of informationaboutthe neighborsof the borderpixels of the blocks. Most of
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the work in the literaturethat discusseslistributed versionsof the watershedalgorithmdeals
with parallelimplementation.Examplesof suchwork are[42, 43, 45]. Mogaetal [42] pro-
posea parallelimplementatiorbasedon Meyer’s immersionalgorithm[8]. They divide the
imageinto blockswith overlapanddistribute themto differentprocessorsOnemasterproces-
sorsuperviseshecommunicatioramongotherprocessorsin theirapproachthepixelsin each
block arefirst classifiedas minima and non-minima. The processorshencommunicatenith
oneanotherto comparethis local classificationin eachblock andreclassifypixels asminima
and non-minima. The minimain eachblock arethenlabeled. The processoreommunicate
againto make surethatthe samesetof pixels classifiedasminimaareassignedhe sameabel
in differentblocks. Floodingis donewithin eachblock followed by communicatioramongthe
adjaceniprocessorso continuethe flooding acrosshe boundariesMogaet al [43] proposea
parallelalgorithmbasedon rainfalling simulation. In rainfalling simulation,the tracingof ev-
ery pixel usingthe steepestiescenpathto a minimum canbe doneindependentf thetracing
of otherpixels. Hencethey have describedhis approachasbeingbettersuitedfor distributed
implementationthantheimmersionapproachHereagain theimageis dividedinto blockswith
overlappingborders. Labelingandtracing of pixels occurwithin eachblock. The blocksare
thenallowedto communicatéteratively to exchangdabelsuntil thereareno unresoled paths.
Mogaet al [45] posethe problemof distributed computationof watershedsegmentationasa
connected-componetabeling problemand have implementeda parallelalgorithm basedon
the immersionapproach.They proposethe useof local connectiity graphsof labelsto keep

trackof connectedcomponentgsplit flat regionsandsteepestlescenpaths)in adjacenblocks.

43



A mastemprocessothencombinegheseocal graphsto producea globalgraphfrom whichthe
final segmentations generated.

The above-mentionedwork relies on iteratve communicationamongadjacentblocks to
obtainthefinal watershedegmentationIn our work, we have designedandtesteda streaming
algorithmbasedon rainfalling simulationwhich producesvatershegegmentationwithout the
needto iterate.In therestof this chapterwe discusshedetailsof this streamingalgorithmand

the extensibility of the algorithmto efficient parallelimplementations.

4.2 Details of the StreamingAlgorithm

In thestreamingalgorithm,blocksof theimagearesegmentedndividually by asingleprocessor
andtheresultsfrom theblocksareusedto obtainthesegmentatiorof theentireimage.Problems
arisewhile computingthe watershedsegmentationof eachblock becausehe searchingand
tracingstepsdescribedn Section3.3 cannotbe completedocally within a block. Two major

problemsareasfollows:

1. Incorrectidentificationof thetopographyof borderpixelsin ablock: The splitting of the
imagemay resultin incorrectidentificationof the natureof the topographicakurfaceat
the borderpixels of the blocks. For instance considemixel P in Figures4.1(a)—(b).P
in theimagein Figure4.1(a)is nota single-pixel minimum. However, whentheimageis
splitinto two andsegmentedndividually, P will beclassifiedasa single-pixel minimum
in block 1 asin Figure4.1(b). Thisis becauseompleteinformationaboutthe neighbors

of P is not availablein block 1. Hencesteepestlescenpathsthattraceto P will be
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Block 1 Block 2
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1009|459 |1 101 91| 4 51911
(a) (b)

Figure4.1: An exampleof incorrectidentificationof a borderpixel dueto splitting: (a) P as
non-minimumpixel in theimage(b) P asasingle-pixel minimumin block 1

incomplete Yetanothelinstanceof this problemis the mis-classificatiorof a flat plateau

asa flat maximumor minimumwithin a block.

2. Splitting of flat regionsalongthe borderin ablock: Flat regionsmaybe split into two or
moresub-rgionsin differentblocks. This may occurif sggments in oneblock re-enter
the sameblock or otherblocks[45]. Figure 4.2(a)shavs an exampleof a re-entering
segment.Splitting of flat regionscausegheregion to have differentboundaryminimain
the differentblocks. A simpleexampleis illustratedin Figure4.2(b). Considerthe flat
region with value4 in Figure4.2(b). This hasbeensplit into threesub-rgionsin blocks
1,2,and4. Thesub-rgionin block 1 appearso beaflat basin.Thesub-regionin block 2
hasa boundaryminimumat P = 0. Thesub-rgionin block 4 hasa boundaryminimum

at @) = 2. We know thatthe tracing of flat regions begins at the boundaryminimum

1n therestof this chapterwe will usethetermregionsto referonly to flat regionson the topographicasurface.
We will usethetermsegmentdo referto segmentsasin theresultof watershedegmentation.
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Figure4.2: Examplesof the problemof split flat regions: (a) Exampleof are-enteringseggment
(b) Exampleof asplit flat region

pixel. Hence,for this example,the sameflat region will be tracedto differentminima
in blocks1, 2, and4. To preventthis, it is importantto identify the equivalenceof these
sub-rgionsand comparethe local boundaryminimato identify P asthe correctglobal

boundaryminimum of theflat region.

Both the problemsdiscussedbore affect the tracingof pixelsto the correctminima. This
resultsin the assignmenof incorrectlabelsto pixels,andhencein anincorrectsegmentation.
Considerthe 1D steepestlescenpathshavn in Figure4.3(a). The pathconsistsof the pixels
{z1,...,z7}. Let P bethelabelof z3 and@ bethelabelof z7. In thefigure,all thepixelstrace
to z7 andhencegetthelabel Q). It is importantto understandhatwherever the tracingbegins
in this path,the minimum reacheds the same andis the pixel z;. If thepath{z1,...,z7} is

splitinto two partswith pixel 3 occurringatthe borderof the parts,two steepestiescenpaths
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areobtained— onethatconsistsof {z1, z2, 23}, which getlabel P, andanotherthat consists
of {z4,...,z7}, which getlabel Q. To connectthesetwo paths,we only have to identify that
x3 tracesto theminimumz, in its neighborhoodandhencedabels P and@ areequivalent. To
achieve this, we split the pathin sucha way thatpixels 3 andz, arepresenin bothparts.In
thefirst part,we tracex; andzs to z3, andassignthemthelabel P . In the secondwe trace
{z4, x5, z6} t0 z7 andassignthemthelabel Q. In bothparts,we donotbegin ary tracingat zs
becausdt is a borderpixel. We simply notethatz, is the minimumin the neighborhoof z3
in thetwo parts.Thisinformationcanbe usedto completethetracingthatstoppedattheborder
pixel z3. In this processwe assignthe label of z4, whichis @, to z3 andall the pixelstraced
to z3. It is clearthatto continuethetracingwhich stoppecat the borderpixel z3, we only need
thelocal minimumin the neighborhooaf x3 in bothparts.

Theabove involvesa 1D pathsplit acrossgwo blocks. However, this ideacanbe extended
to the caseof 2D (and3D), andsplitting acrossmultiple blocks. Considera specificexample
of a2D steepestiescenpathshavn in theimagein Figure4.4(a). We split theimageinto two
blocksasin Figure4.4(b). Theflat region of value1l is split into two sub-reions,causingthe
steepestiescenpathalsoto split into two and hencethe tracingto be incomplete. To solve
this problem, we split the blocksin sucha way that the two blocks have an overlap of two
columns. This is shavn in Figure 4.4(c). We note that the sub-rgion in block 1 is itself a
minimum and hencestorethe value 1 asits boundaryminimum. We also note that the sub-
region in block 2 hasa boundaryminimum of 0. By comparingthe boundaryminimain the

two blocks,we identify thatthe flat region of value 1 is not a minimum asclassifiedin block
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(b)

Figure4.3: Splitting of a 1D steepestlescenpath

1, but thatit tracesto the minimum 0 in block 2. Therefore,the correctlabel of the pathin
block 1 is thelabelof the pathin block 2. Notethatthe pathin eitherblockis a steepestiescent
pathandit is sufiicient to comparethe boundaryminima of the sub-regjionsin thetwo blocks
to solve the problemof incompletetracing. This factcanbe exploitedin computingdistributed
watershedsegmentationwithout the needfor iteratve communicatioramongadjacentlocks.
In generatinghewatershegegmentatiorof eachblock, the steepestiescenpathscanbemade
to stopat the borderpixels of the blocks. Splitting of the blockscanbe doneasshawn in the

Figure4.4(c). Theboundaryminimaof the borderpixels canbe storedfor eachblock andthey
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Figure4.4: Exampleof splitting of a 2D steepestiescenpath

canbe usedto completethe tracing that was stoppedat the bordersof the blocks. We have
designeda streamingalgorithmto testthis approach.This algorithmworksin threestages.n
thefirst stage we computethe watershedegmentatiorof eachblock separatelypy a modified
watershedalgorithm. In the secondstage we processadjacentblocks, pairwise,to exchange
boundaryminimainformationaboutthe borderpixels. Usingtheresultof this stagewere-label
pixelsin the blocksin thethird stage.At the endof thesethreestagesye cansimply combine
the segmentationof the blocksto getthe sgmentationof the wholeimage. The detailsof the

implementatiorusedfor testingareasfollows:
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e Stagel:

1. We assumehat the pre-processingteps,namely filtering andthresholdinghave

beencompletedcandtheresultingedgemapis theinputto thealgorithm.

2. Wedivide theinputimageinto blockssuchthatthe matrix of theseblocksis of size
X xY . Dependingntherow positionsin thematrix,we assigrtheblocksrowtypes
F, M, andL which denotdfirst, middle,andlastrespectiely. Similarly, depending
onthecolumnpositionsin thematrix, we assigrtheblockscolumntypesF', M, and
L. Thisis illustratedin Figure4.5. Thedivision into blocksis suchthatevery pair
of adjacentblockshave two columns(or two rows) overlapping. ConsiderFigure
4.6(a). The division of this imageinto 9 blockswith overlapis shavn in Figure

4.6(b).Notethatin thiscase,X =Y = 3.

3. We computethewatershedegmentatiorof ead block usinga modifiedwatershed

algorithm,discussedsfollows:

(a) We completethe searchingstepasdiscussedn Section3.3.

(b) Dependingon the row and columntypesof the block, we storethe boundary
minimaof selectedorderpixels. The boundaryminimumfor a non-flat,non-
minimum pixel, refersto the minimum in its 8-neighborhood.The boundary
minimumfor a pixel or flat region whichis aminimuminsidethe block would
be the pixel or flat region itself. Let p be the numberof rows in a block and
g bethe numberof columns. The rows and columnsfor which the boundary

minima are stored,dependingon the row and columntypesof the block, are
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Figure4.5: Division of theimageinto blockswith overlap
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Figure4.6: An exampleto illustrate overlap amongadjacentblocks: (a) Original image (b)
Splitting of theimageinto blockswith overlap
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F,L M,M

Figure4.7: Boundaryminimaarestoredfor (a) Pixelsin theshadedows basedntherow type
and(b) Pixelsin theshadedolumnsbasednthe columntype. (c) Exampleof blocksof (Row
type,Columrtype)equalto (F, L) and(M, M)

shavn in Figures4.7(a)—(b). Specificexamplesof blocksof type (F, L) and
(M, M) areshavn in Figure4.7(c).

(c) Dependingntherow andcolumntypesof theblocks,we markselectegixels
alongthe borderusingnegative labels,asshavn in Figures4.8(a)—(b).Mark-
ing with negative pixelsis doneto indicatethatthesepixelsareunknown This
meanghatenoughinformationaboutthe neighborsof thesepixelsis not avail-
ableto completethe next (tracing)step. An exampleblock of type (F, F') is

shavn in Figure4.8(c). In this figure,m is a single-pixel minimumand f is a
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flat region detectedluringthe searchingtep.Theotherpixelsarenon-minima
andnon-flatpixels. For this block, we mark pixelsin the shadedareaasun-
knownsusing unique negative numbers. The pixel at location (2, 3) is also
unknowrbecausé is partof theflat region of value f thatspreadsicrosgows
3and4, andcolumns4 and5. Notethatthetwo-pixel wide overlapis usefulin
keepingtrackof split flat regions.

(d) In thetracingstep,we traceall pixels exceptthe onesmarked unknown If a
steepestlescenpathleadsto an unknown the tracingstopsthere. No tracing
beginsatarny unknownpixel.

4. We computethe segmentatiorof all the blocksin the mannerdescribedabore. We
adjustthelabelsin thewatershedesultof all the blockssuchthatnotwo blocksuse

thesameédabel.

e Stage?:

1. We thenprocessadjacentblocks, pairwise,to exchangeboundaryminima of pix-
els and solwe the problemof incompletetracing at the borderof the blocks. For
instance pairwise processingf blocksfor the examplein Figure 4.6 is doneas

shavn in Figure4.9.

2. For eachpair of adjacenblocks,we handlethe unknownborderpixels asfollows.
Considerthe blocksa andb shavn in Figure4.10. a; anday denotethe lasttwo
columnsin a, andb; andb, denotethefirst two columnsin b. Notethatthe pixelsin

a1 anday arethesameasthosein b; andb, respectrely, andthatthey areunknown
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Figure4.8: Marking pixels asunknownbasedon row andcolumntypesof blocks: (a) Pixels
andflat regionsspreadover shadedows areunknown (b) Pixels andflat regionsspreadover
shadedcolumnsare unknown (c) Exampleof a block of (Row type,Columntype) equalto

(F, F)
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Block 6

Figure4.9: Pairwiseprocessingf adjacenblocksfor theexamplein Figure4.6

pixels. Consideronesuchpixel P, in a and P, in b. Let Lp, and L p, bethelabels
of P, and P, respeciiely. Let m; betheboundaryminimumof P, andL,,, beits
label. Let mg betheboundaryminimumof P, andLL,,, beits label. Let usreferto
the occurrenceof P, (or P,) in the originalimageasP. Letthelabelof P be Lp

andits boundaryminimumbem. We procesgixels P, and P, asdescribedelow:

(a) We first mapthe labelsof P, and P, equvalent. This is doneby storingthe

Block 8

¢

Block 9

pair (Lp,, Lp,) in amapof equivalentlabelscalled M.

(b) Wethencompargheminimam, andms to solve theincompleteracingprob-
lem at the bordersof blocksa andb. Therearefour caseso be considered
basedontheminimam;, mq, andm.

i. m1 = meo, m < m,andmy liesin as: Thismeanghattracingfrom pixel

P continuesn theblockb. Therefore Lp = Ly,, andm = ma.
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Figure4.10: Processingf two adjacenblocks

ii. mi = meo, m; < m, andmy doesnotlie in ay: This could meanthatthe
boundaryminimum of P, and P, is the sameandliesin ay (or b1). For
this, we canmake the assignmentd.p = L,,, andm = m;. This case
could also meanthat there are two different boundaryminima with the
samevalue. Note, however, thatsuchcasesaregenuineambiguitiesn the
dataandcanalsoarisein the serialwatershedlgorithm.In ouralgorithm,

we chooseo make theassignmentd p = L,,, andm = m;.

iii. m; < mo andmy < m: Thisindicatesthetracingfrom P continuesin

blocka. ThereforeLp = L,,, andm = m;.

iv. me < my1 andms < m: This indicatesthe tracingfrom P continuesin

blockb. ThereforeLp = L,,, andm = msy.

The above processingschemehastwo adwantages.First, it senesto identify the

equialenceof occurrence®f the samepixel P in differentblocksby storingthe
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equvalenceof their labels. This helpsto detectthe equvalenceof sharedflat re-
gionsandre-enteringseggments.Secondpairwiseprocessingf adjacenblocksfor
comparisorof boundaryminima helpsto locatethe actual boundaryminimum of

P, whichwill bethesameasthe onedetectedy the serialwatershedlgorithm.

3. We processall the pairsof adjacenblocksusingthe schemedescribedabove.

e Stages:

Fromtheresultof Stage2, we know thelabelof thecorrectminimaof theunknowrpixels.
We addthis informationto themap M. This is doneby storingthe label of one of the
occurrencesf every unknownpixel, andthelabel of the correctminimumasequialent.
For instanceconsiderapixel P in theoriginalimagethatoccursastheborderpixel P, in
oneblock, P, in asecondlock, and P, in athird block. For this pixel P, it is sufficient
to storethepair (Lp,, Lp) in M. WethenuseM to derive alookuptable L which gives
thefinal labelfor every unknownpixel. Let N, bethesizeof M andthemth elemenin

M beof theform (a,,, b,,). We usethefollowing procedurdo generatd..

fori =1to Ny,
if L[a,,] is notsetanda,, is unknown
Lla,,) < ap,
if L[b,,] is notsetandb,, is unknown
L{by] < by,

a < Llan] ; b < L[by,]
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if a is equalto b

continuewith thenext elementin M
foreverylin L

if L[] equalsa

L]« b

We usethetable L to re-labelthe unknownpixelsin the blocks. At the endof this step,
eachblock represents portion of the segmentationof the entireimage. Therefore the
blocks can be simply put togetherto obtain the watershedsegmentationof the entire

image.

4.3 Proof of Correctness

In the streamingalgorithm describedabove, every pair of adjacentblocksis processeanly
once. This is consistentwith the generalconceptdiscussecdearlierin this chapter that dis-
tributedcomputatiorof watershedegmentatiorcanbe achieved without iteratve communica-
tion amongadjacentblocks. To shaw this, we first discusssomepropertiesof the streaming

algorithmasfollows:

1. Thetracingof pixelswithin ablockis completeexceptattheborder Therearetwo kinds
of pixelsin the watershedesultof a block, namely unknownandknown As discussed

earlier pixelsmaybetracedto unknownpixelsbut no tracingbegins atthesepixels. The
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knownpixels arethosethattraceto local minimawithin the block. The watershedesult

of eachblockis incompletebecauseghetracingis stoppedat the unknownpixels.

2. A pixel canbeconsideredsaflat regionof sizel. Hence wereferto pixelsasflatregions
or simply regions To starttracingat a region, we needto find the boundaryminimum
of theregion. Considerone suchregion. In the serialwatershedalgorithm, tracingfor
this region would begin at the boundaryminimum. Splitting of the imageinto blocks
causesheregionto have differentboundaryminimain differentblocks. It is necessaryo
compardhelocalboundaryminimain theblocksto obtaintheglobalboundaryminimum
andhencethe correctsteepespathout of this region. In our streamingalgorithm,thisis

achieredthroughpairwiseprocessingf adjacenblocks.

3. Thefinal sggmentationresult could containunknownlabelsalso. The presenceof un-
knownlabelsdoesnot meanthatthe sgmentationis incorrector incomplete.Unknown
labelsin the final sggmentationare causedby minimawhich occuralongthe borderof
the blocks. A simpleexampleof this caseis shavn in the Figure4.11. The pixel with

value3 is tracedto the pixel 0, whichis a minimumpixel carryinganunknownlabel.

We canprove thatthe streamingalgorithmproduceghe sameresultasthe serialwatershed

algorithm by methodof induction. ConsiderP in Figure4.12. In this figure, P is tracedto

a minimum M within the block. We know that the pathswithin a block are steepestiescent

paths. M is notalongthe borderandtherefore thetracingof P to M is correct. Considerthe

casein Figure4.13.Here, P is tracedto aminimum M in anadjacenblock. The pathswithin

the blocksare steepestiescenpaths. Therefore the tracingof P to M will be correctif the
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Figure4.11: Thepixel with value3 tracesto the minimum O carryinganunknownlabel.

P
®

Figure4.12: Proof— Minimum within the block

"~/

v

Figure4.13: Proof— Minimum in anadjacenblock
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Figure4.14: Proof— Minimum several blocksaway

path PU;, that startsfrom P andendsin U; is connectedwith the correct pathin the other
block. We know thatthe streamingalgorithmuseghe boundaryminimumof U; to continueits
tracing.Hence thetwo steepestlescenpaths,PU; andU; M connectedhroughtheboundary
minimumof U; form asinglesteepestiescenpath. Thus,thetracingof P to M is correct.
Considerthe casein Figure4.14whereP is tracedto a minimum M several blocksaway.
Fromthe previoustwo caseswe know thatpathsPU; and PU,U, aresteepestlescenpaths.
Thenby induction, PU; U, Us is also a steepestlescentpath. Proceedinghus, the different
pathsconnectedhroughthe boundaryminimaof Uy, Us, ..., U, form asinglesteepestiescent
path PU,U,...U, M. Hence,in this casealso, the tracingof P to M is correct. Thus, our
streamingalgorithm producesthe sameresult as the serial watershedsegmentationwithout

iterative processingf adjacenblocks.
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4.4 Parallel Implementation

An efficient parallelalgorithmcanbe implementedisingthe above describedstreamingalgo-
rithm anda binary-tree-lile reductionmethod. We usethe examplein Figures4.15and4.16
to describethe binary reductionscheme.Figure 4.15(a)shaws the division of the imageinto
amatrix of blocksof size3 x 4. Let B;; denotea blockin theith row and; th columnof this
matrix. The pairwiseprocessingnethoddescribedn Section4.2 canbe usedasa schemdor
communicatioramongpairsof adjacenblocks. This canbe combinedwith a binaryreduction
of columnsof blocks, followed by reductionof rows. The reductionof columnsis illustrated
in Figures4.15(a)—(c).Along row 1, block B;; communicatesvith block Bi5, andblock B3
communicatesvith block B14. In the next step,the combinationof blocks B,; and B3 com-
municateswvith the combinationof B3 and B4, resultingin asingleblock alongrow 1. This
occursfor all otherrows until eachrow hasa singleblock asin Figure4.15(c). Thus,binary
reductionof columnsis complete. Binary reductionof rows occursin a similar way andthis
is shavn in Figures4.16(a)—(b).In general et the size of the matrix of theblocksbe X x Y,
whereX isthenumberof rows,andY is thenumberof columns.Considettheimplementation
of theaborve binaryreductionschemeon a singleprocessorThe costof completingthe reduc-
tion of columnsfor eachrow is Y — 1. The costfor X suchrowsis X (Y — 1). The costof
completingthereductionof rowsis X — 1. Therefore thetotal costfor communicatioramong
blocksis X(Y — 1)+ X — 1~ O(XY).If X =Y = N, thisis~ O(N?).
ConsiderFigure4.15(a)again. In row 1, the communicatiorbetweenB;; and Bi», and

Bi3 and B4 canoccurat the sametime, and simultaneouslasthe communicatiorbetween

63



Biu |—m| B Bis |—m| Bu
Byy | —m| Ba Bz |—mm| Bas
By |—| Bx B3z |—m| B
(a)
By + B — Bis + By
Byy * B — Byg * Bog
B3y + B — B3z * Bay
(b)
Byy + By + Bzt By

Byy * By + Byz * By

By + By; * Baz * By

(¢)

Figure4.15: Binary reductionof columns
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Bi, * Bz * By

Byg * Boy

* Bz * By

(a)

+ Byg * By

* By + By

v

* Bz * By

(b)

Figure4.16: Binary reductionof rows
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By andBsyy, Bys and By, B3 and Bsg, B3z andBs4. Similarly thecommunicatiorbetween
blocks shavn in Figure 4.15(b) can also occur simultaneously This holds for reductionof
rows too. Thus,thebinaryreductionschemecanbe implementedasa parallelalgorithm. For
the exampleunderconsiderationthis is illustratedin the Figure4.17. If X x Y is the size
of the matrix of the blocks, the costof completingthe reductionof columnsfor a singlerow
is log, Y. The costfor X suchrowsis X log, Y. The costof completingthe reductionof
rows is log, X. The total costfor communicationamongblocksis X log, Y + log, X. If
X =Y = N, thisisx O(N log N). Thecostin this caseis muchlessthanin the earliercase
wherea single processolis used. Thusan efficient parallelimplementationcan be achieved

usinga combinationof the streamingalgorithmandthe binaryreductionmethod.

4.5 Costof Generatingthe Lookup Table

Thecostof computationncludesthe costof computingthe watershegdegmentatioron all pro-
cessorsthe overheador communicatioramongblock pairs,the costof generatinghe lookup
table L, andthe costof re-labelingpixelsin the blocks. The costof computingthe watershed
sgmentationandthe costof the final re-labelingstepare both proportionalto the size of the
image. The communicatioroverheaddepend®n the sizeof the matrix of blocks,asdiscussed
in Section4.4. In this sectionwe analyzethe costof generatinghelookuptable L.

Let Ny, bethe size of the map M and Ny, the numberof unknowns be the size of the
lookuptable L. Considera 2D imageof size N x N, whichis dividedinto a matrix of blocks

of sizeX x Y. Theworstcaseof Ny of occurswhenevery borderpixel getsa uniqueunknown
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Figure4.17: Parallelimplementatiorof thebinaryreductionscheme
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label. Consideringheoverlapof theblocks,we canshav that Ny = 2N[(X — 1)+ (Y —1)] +
4(X -1)(Y —1). ForconstantX andY’, we canreducethisexpressiorto theform Ny = k; N+
ko wherek, andk, areconstantsTherefore Ny is~ O(N). Ny, isthesumof Ng, thenumber
of pairsof equivalentlabelsand N, the numberof entriesof the correctminimumfor eachset
of equivalentunknownsWe canshaw thatthe Np = N[(X —1)+ (Y —1)] +4(X —1)(Y —1).
Thevalueof N¢ depend®on the natureof the input edgemap. In the worst case whenevery
borderpixel getsa uniqueunknownlabel, N¢ = N[(X — 1) + (Y — 1)] + (X — 1)(Y — 1).
Adding and simplifying, we canshow that N, is of theform Ny, = k1N + k3 whereks is
anotherconstantTherefore Ny, is = O(Ny ). Thereforetheworstcasecostof generatinghe
lookuptableis = O(Ny Ny) ~ O(NZ) =~ O(N?). For a 2D inputimage the unknownpixels
arein 1D. For anD image,the unknownpixelswill bein (n-1)D. Thereforefor aanD image,

whichis of length N alongeachdimensionthecostis O(N2("—1).
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Chapter 5

Resultsand Discussion

5.1 WatershedAlgorithm — Testing

We bagin by verifying theimplementatiorof the 2D watershedilgorithmwith somesimpletest
images.Figure5.1(a)shavs a 2D sineimageof size128 x 128 thatwe have useddirectly as
thegradientinputto thewatershedlgorithm. Thisimage, f (4, j), is calculatedusingEquation

5.1.

f(@i,j) = 5sin (20> 81n(20> (5.1)

Thepixelsin thesineimage f represenatopographicaturfacethatcontainsflat plateaus,
single-pixel minima, single-pi>el maxima, and other non-minimapixels. The image senes
to verify that the watershedalgorithm detectsandtracessuchpixels correctly The resulting

segmentationis shavn in 5.1(b). We have useddifferentcolorsto representifferentsegments
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(@) (b)

Figure5.1: Verificationof the 2D implementatiorof the watershedhlgorithm: (a) 2D sineas
gradientinput (128 x 128) (b) Watershedegmentation

(©)

Figure5.2: Verificationof the 2D implementatiorof the watershedalgorithm: (a) Imageof a
box (745 x 734) (b) Gradientimage(c) Watershedegmentation
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Figure5.3: Verificationof the 2D implementatiorof the watershedalgorithm: (a) Imagewith
objectsof differentshapeg236 x 201) (b) Gradientimage(c) Watershedegmentation

in theoutput.

Figure5.2(a)is a syntheticimagecontainingflat regionsandverifiesthe ability of thealgo-
rithm to detectflat segments.Figure5.3(a)is anothersyntheticimagethat containsobjectsof
differentshapesThis is usedto checkthatthe algorithmidentifiesboundarieof objectswith
variousshapegorrectly The outputsof thewatershedilgorithmfor theseimagesareshavn in
5.2(c)and5.3(c)respectiely.

We have testedthe implementationof the 3D watershedalgorithmusinga 3D phantom
imageof the headwhoseslicesareshawvn in Figure5.4. The slicesare50 in number eachof
whichis of sizeb4 x 54. Slicesof the3D gradientimageareshavn in Figure5.5. Theresultof
the watershedalgorithmis shavn in Figure5.6. Theresultindicatesthatthe algorithmis able

to detectsggmentsembeddedhn 3D.
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Figure5.4: A 3D phantomimageof thehead(54 x 54 x 50)

Figure5.5: Gradientof the slicesof the 3D phantomimage
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Figure5.6: Watershedeggmentatiorof the 3D phantomimage

5.2 Effect of the Pre-processingStep

We have usedsomesyntheticand real imagesto shav the effect of the pre-processingtep.
Considetthe syntheticimagein Figure5.7(a).Its gradientis shavn in Figure5.7(b). Its water
shedsegmentations shaovn in Figure5.7(c),which has6 regions. Gaussiamoiseis thenadded
to the imagein Figure5.7(a)usingthe noiseGausgunction in VISPack with input standard
deviation o, = 4, whichis 50% of RMS of gradient.Watershedegmentatiorof the corrupted
image,shavn in Figure5.7(f), has9873regions. This is dueto theirrelevant minima created
by noise.We subjectthe corruptedmageto filtering usingthe gaussfunctionin VISPack,with
inputstandardieviationo ; = 4, andthenthresholdhegradientatT = 92% of theRMSvalue.
Theeffect of this steponthewatershedesultis indicatedin Figure5.7(g). The pre-processing

stepremovestheirrelevantminima, producinga cleansegmentation.
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Figure5.8(a)shavs arealimageof stripsof differentcolorsonatable. Thisimagecontains
a high level of noiseandtexture. Therefore,the watershedalgorithm producesan overse-
mentedresultasshavn in Figure5.8(c),which has1499regions. The originalimageis subject
to filtering with oy = 0.5 andthe gradientis thresholdeditT' = 43% of the RMS value. This
pre-processindnelpsto reduceoversgmentation. The result of the watershedalgorithm for
the pre-processeiimageis shavn in Figure5.8(d), in which the numberof regionshasbeen
reducedo 354.

We have usedthe 3D phantomimagein Figure5.4to shawv the effect of the pre-processing
stepon theresultof the 3D watershedhlgorithm. Eachof the 50 slicesis corruptedwith Gaus-
siannoiseusingthe noiseGausfunctionwith inputstandardleviation o, = 0.1, whichis 0.3%
of RMS gradient. Watershedgsegmentationof the corruptedimageleadsto oversgmentation
producingthe resultin Figure5.9(a),which contains5333regions. We processhe corrupted
imageby filtering with o = 0.5 andthresholdthe gradientatT = 4% of theRMS value. This
removesthe overs@mentatiorcausediueto noiseandproducegheresultin Figure5.9(b).

The effect of the pre-processingtepin reducingthe numberof irrelevant regionsin the
outputof the watershedalgorithmcanbe obsered from Table5.1. In this table, N,,, denotes
thenumberof regionsin the sgmentatiorwithout pre-processingand N,, denotegshenumber
of regionsin the segmentatiorwith pre-processingAs seenfrom thetabledifferentthresholds
work well for differentimages.Note, however, thatthe pre-processingtepdid not completely
remove the oversgmentatiorin the caseof theimagein Figure5.8. For someimagesjt maybe

evendifficult to find a thresholdthat reducesoversgmentationwithout wiping out significant
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(b)
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Figure 5.7: Effect of pre-processingn 2D watershedsegmentation: (a) A syntheticimage
(335 x 288) (b) Gradientmage(c) Watershedegmentatior(d) Corruptedmage(o,, = 50% of
RMS gradient)(e) Gradientof (d) (f) Oversgmentedvatershedesult(without pre-processing)
(9) Watershedegmentation(with pre-processing— oy = 4; T = 92%)
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Figure 5.8: Effect of pre-processingpn 2D watershedsegmentation: (a) A noisy and tex-
turedimage(256 x 240) (b) Gradientimage(c) Overs@mentedvatershedesult(without pre-
processing)d) Watershedegmentationwith pre-processing— oy = 0.5; 7 = 43%)
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Figureb5.9: Effect of pre-processingn 3D watershedementation;(a) Oversgmentedvater
shedresultfor Figure5.4 after additionof noise(without pre-processingjb) Resultof water
shedsegmentation(with pre-processing— oy = 0.5; 7 = 4%)

minima. Sucha caseis illustratedin Figure5.10. Figure5.10(a)is a real imagecontaining
noise.Watershedegmentatiorof theimageproducegheoversgmentedesultshovnin Figure
5.10(c),which has5686regions. We filter the original imagewith o = 0.5 andthresholdthe
gradientat T = 12% of the RMS value. The resultof the watershedalgorithm still shavs
oversgmentationwith 1632regions, asin Figure 5.10(d). If we increasethe thresholdT" to
25% of the RMS valueto furtherreduceoversgmentationjt resultsin the meging of different
sggmentsn the output,asin Figure5.10(e).Suchproblemsareovercomeby the applicationof

the proposedegion merging post-processingchemes.
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Figureb.10: Effectof pre-processingnwatershegegmentation(a) Originalimage(b) Gradi-
entimage(c) Oversgmentedvatershedesult(without pre-processingid) Watershedegmen-
tation(of = 0.5; T = 12%) (e) Watershedegmentationc; = 0.5; 7 = 25%)
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Table5.1: Effect of the pre-processingtagein reducingoversggmentation

| Image |o; [ T | Nyo | Ny |
Figure5.7 | 4 [ 92]9873| 6
Figure5.8 | 0.5 43| 1499| 354
Figure5.9 | 05| 4 | 5333| 9
Figure5.10| 0.5 | 12 | 5686 | 1632
Figure5.10| 0.5 | 25 | 5686 | 958

5.3 Hierarchical Segmentation

5.3.1 Implicit RegionMerging

We have usedsyntheticandrealimagesto demonstratéherole of theimplicit region meiging
schemaean reducingoversg@mentatiorandproducinga hierarchyfrom which ameaningfulsey-
mentationcanbe simply chosen.Considerthe synthetichouseimageshavn in Figure5.11(a).
Thegradientof thisimageis shavn in Figure5.11(b),andthewatershegegmentationis shavn
in Figure5.11(c).Thesyntheticimageis corruptedoy addingGaussiamoiseto the RGB com-
ponentsusing the noiseGausgunction with o,, = 2.3 which is 25% of the RMS gradient.
Watershedseggmentationof the corruptedimagewithout pre-processingroduceghe oversey-
mentedresultin Figure5.11(f),which has10,870regions. To shav theworking of themeiging
schemewe processthe input imageby filtering with o = 2 andthresholdthe gradientat
T = 5% of theRMSvalue. This pre-processingeducegshenumberof regionsin thewatershed
output,shavn in Figure5.12(a),to 794. We apply implicit meiging on the regionsin this im-
ageto producea hierarchy Regionsat selectedevelsfrom the hierarchyareshavn in Figures

5.12(b)—(f). The numberof regionsat theselevels areshavn in Table5.2. It is clearthatthe
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Figure5.11: Implicit region memging: (a) A syntheticimage (b) Gradientimage (c) Water
shedsggmentation(d) Corruptedimage(c, = 25% of RMS gradient)(e) Gradientof (d) (d)
Oversgmentedesult(without pre-processing)

numberof regionsreducesaswe move up the hierarchy The regionsat level 784", shawn in
Figure5.12(d),represena meaningfulsegmentation.

Considertheworking of theimplicit meilging schemdor thelampimagein Figure5.10(a).
Theimageis filteredwith oy = 1 andthe gradientis thresholdedusingT = 2% of the RMS
value. Implicit meming is appliedto the watershedesultshavn in Figure5.13(a). Selected
levels of the resultinghierarchyare shavn in Figure5.13 andthe numberof regionsat these
levels arelistedin Table5.3. A combinationof the pre-processingtageandimplicit meging
onregionsfrom thewatershedesulteffectively reducesoversgmentatiorof theimage.

Theapplicationof theimplicit meging schemen the caseof anothemrealimageis shavn

! For conveniencethelevelsin thehierarchyarelabeledfrom O, which correspondto theinitial watershedesult,
to amaximumnumberthatcorrespondso thelevel with a singleregion.
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(e) (f)

Figure5.12: Hierarchyproducedby implicit region meging: (a) Watershedsegmentationof
corruptedimage(c; = 2;7 = 5%). Regionsat levels 460,680, 784,786,789 areshavn in

(b)—(f).
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Table5.2: Implicit Region Merging for the housemage(SeeFigure5.12): Numberof regions
atdifferentlevels

| Level | Numberof regions |

0 794
460 334
680 114
784 10
786 8
789 5

Table5.3: Implicit Region Merging for the lampimage(SeeFigure5.13): Numberof regions
atdifferentlevels

| Level | Numberof regions |

0 1383
950 433
1250 133
1311 72
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Figure5.13: Hierarchyproducedby implicit region meging: (a) Watershedsegmentationfor
imagein Figure5.10(a)(c; = 1;7 = 2%). Regionsat hierarchylevels 950,1250,1311are
shavn in (b)—(d).
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Table5.4: Implicit Region Merging for theroadimage(SeeFigure5.14): Numberof regionsat
differentlevels

| Level | Numberof regions |

0 1480
775 705
1235 245
1395 85
1455 25
1468 12

in Figure5.14. Theimagein 5.14(a)is noisy andtextured. Theimageis filtered with oy = 1
andthe gradientis thresholdedt T = 6% of the RMS value. The watershedutputis shavn
in Figure5.14(c),which containsl480segmentsandis heavily oversgmented Selectedevels
from thehierarchyproducedy implicit megingareshavn in Figuress.14(d)—(h).Thenumber
of regionsat theselevels areshavn in Table5.4. The implicit meging schemeclearly helps
to reduceoversgmentation. The regions at level 1468, shavn in Figure 5.14(h)represental
meaningfulsegmentation.

To shaw theworking of implicit meiging on 3D imageswe addnoiseto theimagein Figure
5.4 usingthe noiseGausfunctionwith o,, = 0.1, whichis 0.3% of theRMS gradient.We pro-
cessthecorruptedmageby filtering with oy = 0.5 andthresholdthegradientat T = 0.2566%
of the RMS value. Watershedegmentatiorof thisimageproducegheresultin Figure5.15(a),
which contains864 regions. Selectedevels from the hierarchyproducedoy implicit meging
areshawvn in Figures5.15(b)—(d).Thenumberof 3D regionsattheseevelsareindicatedin Ta-

ble 5.5. Theregion mewging schemealoesreduceoversgmentatiorand producesa meaningful
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Figure5.14: Hierarchyproducedy implicit region meiging: (a) A realimage— noisyandtex-
tured(b) Gradientimage(c) Watershedgementationoc; = 1; T = 6%). Regionsat hierarchy
levels775,1235,1395,1455,1468areshavn in (d)—(h).

85



Table5.5: Implicit Region Merging for the 3D phantomimageof the head(SeeFigure5.15):
Numberof 3D regionsat differentlevels

| Level | Numberof 3D regions |

0 864

1 302
211 91
292 10

sgmentatiorat level 292. The sggmentedslicesatthis level areshavnin 5.15(d).

5.3.2 SeededRegionMerging

In the caseof seededegion memging, the userpicks a sgmentof interestfrom the original
imageto grow this segmentfrom the oversgmentedresultandalsostudyits merging with ad-
jacentsggments.Considerthe corruptedhouseimagein Figure5.11(d)andthe oversgmented
watershedesultin Figure5.11(f). To startthe seededneging processwe choosethe sunin
theoriginalimageastheseed.Theseeds indicatedin Figure5.16(a).Selectedevelsfrom the
hierarchyproducedby seededegion meiging areshavn in Figures5.16(b)—(e).The growing
of the seedsegmentis completein the Figure 5.16(d). Higher levels of the hierarchyshaw
the memging of this segmentwith others.For instanceconsiderFigure5.16(e), wherethe seed
sgmentmeigeswith thebackgroundeaving anoutline of thetree,theroad,andthe house.
Considettheapplicationof seededaegion memging for theroadimagein Figure5.17(a).We
processhis imageby filtering with o = 1.5 andthresholdthe gradientimageat T = 6%
of the RMS value. The watershedsegmentationresultis shovn in Figure5.17(b),which is

anoversgmentedresult. To startthe meging processwe selectthe roadin theimageasthe
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Figure5.15: Hierarchyproducedby implicit region memging: (a) Watershedsegmentationof
Figure5.4 afteradditionof noise(o; = 0.5;T = 0.2566%). Regionsatlevels1,211,292are
shawvn in Figures5.15(b)—(d).
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Figure5.16: Hierarchyproducedby seededegion meging: (a) Inputimageshaving the seed
segment(b) Oversgmentedesult(c; = 2;T = 5%) (c)&(d) Growing of theseedsegment(e)
Merging of the seedsegmentwith the backgroundn theimage
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Figure5.17: Hierarchyproducedy seededegion meiging: (b) Inputimageshaving the seed
segment(a) Watershedegmentatior(oy = 1.5; T = 6%) (c)&(d) Growing of theseedsegment
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seedasindicatedin 5.17(a).We have shavn two selectedevelsfrom the hierarchyin Figures
5.17(c)—(d). The growing of the selectedseed theroadin this case,is completein the Figure

5.17(d).

5.4 Segmentationof Slicesof a 3D Anatomical Image

We have usedour implementatiorof the watershedlgorithmandthe region meging schemes
to segmentslicesof a 3D anatomicaimageobtainedfrom the dataset®f the Visible Human
Projectof the National Library of Medicine[47]. Selectedl6 slices,numberedl653—-1668,
from the datasebbtainedfrom the male cadaer areshavn in Figure5.18. We seethat the
imagesare complex and highly textured. The slicesare filtered with the gaussfunction in
VISPackwith input standarddeviation oy = 1. Theslicesof the gradientimageareshavn in
Figure5.19. The gradientis thresholdedat T = 9.63% of the RMS value. The slicesfrom
theresultof the watershedegmentatiorareshavn in Figure5.20. This outputimagecontains
13,898regionsandis heaily oversgmented.Thereforewe applytheregion meging schemes
to obtainmoremeaningfulresults.

Theregionsin theinitial watershedegmentationjn Figure5.20aresubjectto meiging us-
ing theimplicit meiging scheme Selectedevels of the hierarchyproducedy implicit meging
for slices1653and1668areshavn in Figures5.21and5.22. The numberof regionsat these
levels for eachof the two slicesareshovn in Tables5.6 and5.7. From theseresults,we see
thatthe meging schemereduceghe oversgmentationand producesa hierarchyfrom which

theusercanchoosea meaningfulresult.
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Figure5.18: Slicesof a 3D medicalimage
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Figure5.19: Slicesof thegradientimage
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Figure5.20: Oversgmentedvatershedesult(o; = 1; 7 = 9.63%)
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Table5.6: Implicit Region Merging for slice 1653 (SeeFigure5.21): Numberof regionsat
differentlevels

| Level | Numberof regions |

0 13898
12400 1275
12592 1083
13000 674
13320 354
13480 194
13580 94

Table5.7: Implicit Region Merging for slice 1668 (SeeFigure5.22): Numberof regionsat
differentlevels

| Level | Numberof regions |

0 13898
12200 1475
12750 925
12975 699
13225 449
13405 269
13515 159
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(9) (h)

Figure5.21: Resultof implicit region memging: (a) Slice 1653 (b) Oversggmentedwatershed
result. Regionsatlevels 12400,12592,13000,13320,13480,13580areshavn in (c)—(h).

95



(9) (h)

Figure5.22: Resultof implicit region memging: (a) Slice 1668 (b) Overs@gmentedwatershed
result. Regionsatlevels 12200,12750,12975,13225,13405,13515areshavn in (c)—(h).
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Specificsggmentscan be growvn from the watershedesultof the slicesusingthe seeded
meiging scheme.We hereshawv the useof seedednemging to grow two differentsegmentsin
the 3D image. Considerthe seedsgmentindicatedin Figure 5.23(a). The growing of this
segmentin slice 1653is shavn in Figures5.23(b)—(d). The growing of the sameseedsegment
for slice1663is shavn in Figure5.23(f)—(h).Considermanotheiseedsegmentindicatedn Figure
5.24(a). Growing of this segmentin slices1657,1660,1663,and 1666areshavn in Figures

5.24(b),(d),(H&(h)respectirely.

5.5 StreamingAlgorithm

We have testedour implementationof the streamingalgorithm using imagesthat represent
several specialcasesparticularlythe casef split flat regionsandre-enteringseggments. The
first testimagecontainsa singleobjectagainsia background.Thisis animageof theletter'A’
andmainly teststhe algorithmfor correctnes the presencef split flat regions. We split the
imagein Figure5.25(a)into overlappingblocks. Let X x Y denotethe size of the matrix of
blocks. Thereforein this case,X = Y = 2. The blocksareshavn in Figure5.25(b). The
splitting causeghe sggment’'A’ to be split into four segmentsin the four differentblocks. The
watershedegmentatiorof theindividual blocksareshavn in Figure5.25(c),in whichsements
carryingdifferentlabelsarerepresentetly differentcolors.In theseamagesthefour partsof the
letter'A’ areidentifiedasfour differentsegmentsagainstdifferentbackgroundsThewatershed
resultafter pairwiseprocessingf adjacenblocksis shavn in 5.25(d). Fromtheresult,we see

thatthealgorithmis ableto identify theequvalenceof the split portionsof theletter'A’” andits
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Figure5.23: Resultof seededegion meging: (a) Slice 1653shaving seedsegment. Growing
of thesegmentis shawvn in (b)—(d). (e) Slice 1663. Growing of the segmentis shavn in (f)—(h).
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Figure5.24: Resultof seededegionmeiging: (a) Slice 1657shaving seedsegment.(b) Grown

segment. Growing of the sggmentfor the slices1660,1663,1666in (c),(e),(f) areshavn in
(d),(),(h) respectiely.
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(d)

Figure5.25: Streamingalgorithm: (a) Testimage— letter‘A’ (b) Splitting of the image(c)
Watershedesultbeforepairwiseprocessindd) Resultof the streamingalgorithm

100



backgroundandproducesa seggmentatiorwhich is meaningfulfor the givenimage.

Thenext setconsistof theimageof theletterZ’, alogoimageandtwo otherimagesand
hasbeenusedspecificallyto testthe working of the streamingalgorithm for the caseof re-
enteringsegments.Thefirst of this set,theimageof theletter'Z’ in Figure5.26(a),is splitinto
blocksasshawvn in Figure5.26(b). In thiscase,X = 2 andY = 3. Theletter'Z’ is splitinto
differentsegmentsacrossthe differentblocks. Here again,the splitting givesrise to the case
of split flat regions. Note the additionalspecialcaseof a re-enteringsegmentin the block at
position(1,2) in the matrix of blocks. Althoughthetwo segmentsin this block are partsof the
letter'Z’, thewatershedesultof thisblock,shavn in Figure5.26(c)identifiesthemseparately
because¢hey arenot connected After processingf pairsof adjacenblocksin Figure5.26(c)
is complete the segmentationin Figure5.26(d)is produced.This sggmentations meaningful
for the givenimage. This resultshavs that the algorithmworks well evenin the presencef
re-enteringsegmentsin a block.

Thelogoimageshavn in Figure5.27(a)is split into blocksasshawn in the Figure5.27(b),
suchthatX = Y = 2. Notethattheblocksin positions(1,1) and(2,2) in the matrixin Figure
5.27(b)posetheproblemof re-enteringsegments.Thewatershedegmentatiorof theindividual
blocksareshawvn in Figure5.27(c). Note that partsof the samesegmenthave beenidentified
differentlyin the blocksat positions(1,1) and(2,2)in the matrix. Thisis becauséhe different
partsof thesamesggmentarenotconnectedPairwiseprocessingf blockshelpsto identify the
equvalenceof thesere-enteringsegmentsandothersplit flat regionsto producea meaningful

sgmentationwhichis shavn in Figure5.27(d).
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(d)

Figure5.26: Streamingalgorithm: (a) Testimage(b) Splitting of theimage(c) Watershedesult
beforepairwiseprocessindd) Resultof the streamingalgorithm
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Thetestimagein Figure5.28(a)is split into blockssuchthatX = Y = 2. Thesplittingis
shavn in Figure5.28(b). Note thatthe block at position(1,2) in the matrix of blockscontains
a segmentthatre-enterghe sameblock twice. The outputof the watershedalgorithmfor the
blocksis shavn in 5.28(c). As expected,the watershedesultfor the block at position (1,2)
considersthe samere-enteringsegment as three different segments. However, the pairwise
processingschemesenesto identify the equivalenceof partsof the re-enteringsegmentand
producesa meaningfulsegmentationasshovn in Figure5.28(d).

Considerthe splitting of the segmentin theimagein Figure5.29(a).Hereagain, X =Y =
2 andthe overlappingblocksareshavn in Figure5.29(b). Re-enteringsggmentsare presenin
blocksat positions(1,1), (1,2),and(2,2) in the matrix of blocks. Partsof the samere-entering
sgmentareidentifiedasseparateseggmentsin the watershedesultof the blocks,asshavn in
Figure5.29(c).Our pairwiseprocessingchemeéhelpsto identify the equivalenceof theseparts
andproducesa meaningfulresult,whichis shavn in Figure5.29(d).

Thenext testimagecontainsmultiple objectsagainsta backgroundandis shavn in Figure
5.30(a). Theblocksproducedby splitting, their individual segmentationsandthe resultof the
streamingalgorithmareshavn in 5.30(b)—(d)respectiely. Notethattheblock at position(1,2)
in thematrix of blocksin Figure5.30(b)containsa re-enteringsggment.

From our experiments we can seethat the algorithmworks well for all our testimages,
includingthe oneswhosesplitting presentshe specialcasef split flat regionsandre-entering
sgments.We have usedthe streamingalgorithmto segmentslice 1653from the medicaldata

set. The splitting of the gradientof this slice, theindividual segmentationof the blocksbefore
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Figure5.27: Streamingalgorithm: (a) Testimage(b) Splitting of theimage(c) Watershedesult
beforepairwiseprocessindd) Resultof the streamingalgorithm
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(d)

Figure5.28: Streamingalgorithm: (a) Testimage(b) Splitting of theimage(c) Watershedesult
beforepairwiseprocessindd) Resultof the streamingalgorithm
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Figure5.29: Streamingalgorithm: (a) Testimage(b) Splitting of theimage(c) Watershedesult
beforepairwiseprocessindd) Resultof the streamingalgorithm
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(d)

Figure5.30: Streamingalgorithm: (a) Testimage(b) Splitting of theimage(c) Watershedesult
beforepairwiseprocessingd) Resultof the streamingalgorithm
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pairwiseprocessingandtheresultof the streamingalgorithmareshavn in Figure5.31(b)—(d).

Thefinal resultrepresents meaningfulsegmentation.
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Figure5.31: Streamingalgorithm: (a) Testimage(b) Splitting of theimage(c) Watershedesult
beforepairwiseprocessindd) Resultof the streamingalgorithm
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Chapter 6

Conclusion

We have implementeda semi-automaticsegmentationschemebasedon the watershedalgo-
rithm. This schemdanvolvesthreestagespre-processingf theimageto reducethe effectsof
noise,segmentatiorusingthewatershealgorithm,andpost-processingy region merging. We
have alsotesteda streamingalgorithmfor segmentatiorbasedon the watershedalgorithm,in
which blocksof animagearesggmentedndividually andtheresultsfrom theseblocksareused
to obtainthe sggmentatiorof theentireimage.In this chapterwe briefly discusgheadwantages
of our schemeandfollow thiswith adiscussiorof thedisadwantagesandscopefor futurework.

For thesemi-automatisggmentatiorschemewe pre-procestheimageby filtering with the
linear Gaussiarilter. Thisis followed by thresholdingof the edgemapat a choserpercentage
of the RMS value. This stepsenesto reducethe effects of noiseand hencethe numberof
regionsin thewatershedesult,to whichthe meging schemesreapplied.

We have implementedainfalling simulationfor watershedgegmentationn 2D and3D. In
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therainfalling approachthe tracingof every pixel in theimagecanbe doneindependentlyof

tracing of other pixels in the image. This makes the implementationeasily extensiblefor a

streamingor parallelimplementation. The searchingstepoccursin a single width-first scan
of the image. We have usedan 8-neighborhoodn our implementation(26-neighborhoodn

3D), which causessignificantreductionin the numberof minima detectedin the searching
stepandthereby considerablyeducesoversgmentation.Theimplementatiorof thealgorithm
allows for the occurrenceof minima alongthe imageboundaries.In addition, our watershed
implementationproducesa segmentationwith zero-widthwatershedines. This meansthat
every pixel is uniquelyassignedo aregion.

Although the pre-processingtepsenesto reducethe numberof regionsin the outputof
thewatershedlgorithm,it doesnothelpin removing oversgmentatiorto producea meaning-
ful result. We have implementedwo region meging schemego generatea hierarchyof re-
gionsfrom which meaningfulsggmentationganbeeasilychosenTheimplicit region meging
schemeutomaticallyproducesa hierarchyusingthe watershediepthof regions. The usercan
simply chooseherequiredsegmentatiorfrom this hierarchy Usingthe seededegion meging
schemethe usercanselecta specificsegmentfrom the imageasthe seed,grow this segment
from the watershedesult,and studyits meiging with adjacentsegments. The datastructures
usedto representegionsareindependentdf dimension.

Theonly freeparametergvolvedin our semi-automatisegmentatiorschemerethestan-
darddeviationinputto thegaussunctionin VISPackandthethresholdparameterasa % of the

RMS value.However, for a particularapplicationtheseparametersanbetunedto producethe
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requiredsegmentation.Thus,for a specificapplication,our sggmentatiorschemecanbe made
almostfully automatic.

The graphicaluserinterfaceto our implementationof the semi-automaticsggmentation
schemdacilitatesexecutionof the watershedegmentatiorfor userchosenvaluesof the stan-
darddeviation inputto the Gaussiatilter andthethreshold andviewing of the hierarchy The
hierarchyof regionscanbesavedto diskasacombinatiorof two filesin the.wsand.hr formats.
Theentirehierarchycanberegeneratedrom thesetwo files.

We have validatedthe streamingalgorithm through testing using several images. Our
streamingalgorithm can computethe segmentationof the imagewithout iterative processing
of adjacentblocks. It canalsobe extendedto work on 3D imagesandwhencombinedwith a
binaryreductionschemeit canleadto anefficient parallelimplementation.

A numberof improvementscanbe madeon our existing implementationsthusleaving a

goodscopefor futureresearchWe discusssomeof theseasfollows.

1. Thelinear Gaussiarfilter, dependingon the input standarddeviation, may smoothout
edgesin the image. Hence,filtering of the image can be doneusing edge-preserving
methods.Onesuchschemaes the anisotropicdiffusion methodproposedy Peronaand

Malik [51] andis usedin connectiorwith watershedegmentationin [21].

2. Theresultof the watershedalgorithmis highly dependenbn the input edgemap. The
input edgemap canbe chosendependingon the problemat handto achiere good seg-
mentation.For instance ManganandWhitaker [39] usecunaturevaluesasinputto the

watershedalgorithm. Zenzo[70] discussexomputationof gradientfor multi-spectral
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imageshy finding the directionof maximumchange.

. Although the rainfalling watershedalgorithm carriesadvantagesjt hassomeproblems
thatmary discretemplementation®f the watershedlgorithmhave. A typical example
of suchproblemss the presencef two equal-aluedminimaatdifferentlocationsalong
theboundaryof aflat region. Dependingon the natureof theinputimage,suchproblems
may resultin pixel level inaccuraciesThus,obtaininga segmentationwhich is accurate

atthepixel level andalsoat the sub-pixel level [64] is agoodareafor furtherresearch.

. Theimplementatiorof the algorithmscanbe furtheroptimizedwith regardto speedand
memoryrequirementsSpecifically the streamingalgorithmcanbeusedto implementan

efficient parallelalgorithmby combiningit with a schemdor binaryreductionof blocks.

. In the streamingalgorithm,the size of the blockscanbereducedoy usingananoverlap
of onecolumn(or row). The scheméfor pairwiseprocessingf blockscanbe modified

accordinglyandthe working of thealgorithmcanbetested.

. Theuserinterfacefor 3D imagescanbe extendedfor 3D viewing of resultsof thewater

shedalgorithmusingOpenGLrelatediibraries.
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