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Abstract

We have implementeda graphicaluserinterface(GUI) basedsemi-automatichierarchical

segmentationscheme,which works in threestages. In the first stage,we processthe origi-

nal imageby filtering and thresholdthe gradientto reducethe level of noise. In the second

stage,we computethe watershedsegmentationof the imageusingthe rainfalling simulation

approach.In the third stage,we apply two region merging schemes,namelyimplicit region

merging and seededregion merging, to the result of the watershedalgorithm. Both the re-

gion merging schemesare basedon the watersheddepthof regions and serve to reducethe

oversegmentationproducedby thewatershedalgorithm.Implicit regionmerging automatically

producesahierarchyof regions.In seededregionmerging,aselectedseedregioncanbegrown

from the watershedresult,producinga hierarchy. A meaningfulsegmentationcanbe simply

chosenfrom thehierarchyproduced.

Wehave alsoproposedandtestedastreamingalgorithmbasedon thewatershedalgorithm,

which computesthesegmentationof animagewithout iterative processingof adjacentblocks.

We have proved that thestreamingalgorithmproducesthesameresultastheserialwatershed

algorithm. We have also discussedthe extensibility of the streamingalgorithm to efficient

parallelimplementations.

iii



Contents

1 Intr oduction 1

1.1 ImageSegmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Significanceof AutomaticSegmentation. . . . . . . . . . . . . . . . . . . . . 2

1.3 Survey of SegmentationMethods. . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3.1 Classification. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3.2 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.4 Summaryof Work Done . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2 RelatedWork 10

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2 Early Work onWatershedSegmentation . . . . . . . . . . . . . . . . . . . . . 12

2.3 DifferentApproachesto WatershedSegmentation . . . . . . . . . . . . . . . . 13

2.3.1 Immersionor FloodingSimulation. . . . . . . . . . . . . . . . . . . . 13

2.3.2 Rainfalling Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.3 MorphologicalWatershedSegmentation. . . . . . . . . . . . . . . . . 16

iv



2.3.4 DistributedWatershedSegmentation. . . . . . . . . . . . . . . . . . . 17

2.3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.4 Strategiesto PreventOversegmentation . . . . . . . . . . . . . . . . . . . . . 19

2.4.1 Pre-processingTechniques. . . . . . . . . . . . . . . . . . . . . . . . 20

2.4.2 Post-processingTechniques . . . . . . . . . . . . . . . . . . . . . . . 22

2.4.3 HierarchicalSegmentation . . . . . . . . . . . . . . . . . . . . . . . . 24

2.4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3 WatershedSegmentation 27

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 Pre-processingStep . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.3 WatershedSegmentationAlgorithm . . . . . . . . . . . . . . . . . . . . . . . 30

3.3.1 Definitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3.2 Rainfalling SimulationAlgorithm . . . . . . . . . . . . . . . . . . . . 31

3.4 HierarchicalSegmentationby RegionMerging . . . . . . . . . . . . . . . . . 33

3.4.1 Implicit RegionMerging . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.4.2 SeededRegionMerging . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.5 WatershedSegmentationTool . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4 StreamingAlgorithm 42

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.2 Detailsof theStreamingAlgorithm . . . . . . . . . . . . . . . . . . . . . . . . 44

4.3 Proofof Correctness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

v



4.4 ParallelImplementation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.5 Costof GeneratingtheLookupTable. . . . . . . . . . . . . . . . . . . . . . . 66

5 Resultsand Discussion 69

5.1 WatershedAlgorithm — Testing . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.2 Effectof thePre-processingStep . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.3 HierarchicalSegmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.3.1 Implicit RegionMerging . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.3.2 SeededRegionMerging . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.4 Segmentationof Slicesof a3D AnatomicalImage. . . . . . . . . . . . . . . . 90

5.5 StreamingAlgorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6 Conclusion 110

Bibliography 114

Vita 124

vi



List of Tables

5.1 Effectof thepre-processingstagein reducingoversegmentation . . . . . . . . 79

5.2 Implicit Region Merging for the houseimage(SeeFigure5.12): Numberof

regionsat differentlevels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.3 Implicit Region Merging for the lamp image(SeeFigure 5.13): Numberof

regionsat differentlevels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.4 Implicit Region Merging for theroadimage(SeeFigure5.14): Numberof re-

gionsat differentlevels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

5.5 Implicit Region Merging for the 3D phantomimageof the head(SeeFigure

5.15):Numberof 3D regionsat differentlevels . . . . . . . . . . . . . . . . . 86

5.6 Implicit Region Merging for slice1653(SeeFigure5.21): Numberof regions

at differentlevels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.7 Implicit Region Merging for slice1668(SeeFigure5.22): Numberof regions

at differentlevels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

vii



List of Figures

2.1 An exampleof topographicalsurface: (a) Input
���������
	

(b) Its topographical

surfacein 3D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2 Workingof thewatershedalgorithm:(a)Original1D function � ���
	 (b) Gradient

of � ����	 —
������	

is theinput to thewatershedalgorithm(c) Resultof watershed

algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3 Immersionsimulation: (a) An example1D gradientfunction (b) Floodingby

immersion(c) Segmentedresult . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.4 Rainfalling simulation: (a) An example1D gradientfunction (b) Rainfalling

simulation(c) Segmentedresult . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.5 An exampleof oversegmentation:(a) A noisy image(b) Gradientimage(c)

Watershedresultshowing oversegmentation . . . . . . . . . . . . . . . . . . . 20

2.6 Effect of thresholdingthe gradient: (a) Watershedsegmentationof gradient� ����	 containingirrelevant minima (b) Watershedsegmentationof the thresh-

oldedgradient
������	

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.7 Effectof a marker functionon thegradient . . . . . . . . . . . . . . . . . . . 23

viii



3.1 Classificationof pixelsonthetopographicalsurface:(a)Single-pixel minimum

(b) Typesof flat regions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2 Watersheddepthof a region. . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3 Implicit region merging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.4 Seededregionmerging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.5 Snapshotof theuserinterfacefor 2D images . . . . . . . . . . . . . . . . . . 40

3.6 Snapshotof theuserinterfaceextendedfor 3D images . . . . . . . . . . . . . 41

4.1 An exampleof incorrectidentificationof a borderpixel dueto splitting: (a) �
asnon-minimumpixel in theimage(b) � asasingle-pixel minimumin block1 45

4.2 Examplesof the problemof split flat regions: (a) Exampleof a re-entering

segment(b) Exampleof asplit flat region . . . . . . . . . . . . . . . . . . . . 46

4.3 Splittingof a1D steepestdescentpath . . . . . . . . . . . . . . . . . . . . . . 48

4.4 Exampleof splitting of a2D steepestdescentpath . . . . . . . . . . . . . . . 49

4.5 Divisionof theimageinto blockswith overlap . . . . . . . . . . . . . . . . . 51

4.6 An exampleto illustrateoverlapamongadjacentblocks:(a)Original image(b)

Splittingof theimageinto blockswith overlap . . . . . . . . . . . . . . . . . 52

4.7 Boundaryminima are storedfor (a) Pixels in the shadedrows basedon the

row type and(b) Pixels in the shadedcolumnsbasedon the columntype. (c)

Exampleof blocksof (Row type,Columntype)equalto
��������	

and
��������	

. . 53

ix



4.8 Marking pixelsasunknownbasedon row andcolumntypesof blocks: (a) Pix-

els andflat regionsspreadover shadedrows areunknown. (b) Pixels andflat

regionsspreadover shadedcolumnsareunknown. (c) Exampleof a block of

(Row type,Columntype)equalto
��������	

. . . . . . . . . . . . . . . . . . . . 55

4.9 Pairwiseprocessingof adjacentblocksfor theexamplein Figure4.6 . . . . . . 56

4.10 Processingof two adjacentblocks . . . . . . . . . . . . . . . . . . . . . . . . 57

4.11 Thepixel with value3 tracesto theminimum0 carryinganunknownlabel. . . 61

4.12 Proof— Minimum within theblock . . . . . . . . . . . . . . . . . . . . . . . 61

4.13 Proof— Minimum in anadjacentblock . . . . . . . . . . . . . . . . . . . . . 61

4.14 Proof— Minimum severalblocksaway . . . . . . . . . . . . . . . . . . . . . 62

4.15 Binary reductionof columns . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.16 Binary reductionof rows . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.17 Parallel implementationof thebinaryreductionscheme . . . . . . . . . . . . 67

5.1 Verificationof the2D implementationof thewatershedalgorithm: (a) 2D sine

asgradientinput ( ���! #"$���! ) (b) Watershedsegmentation . . . . . . . . . . . 70

5.2 Verificationof the2D implementationof thewatershedalgorithm:(a) Imageof

a box ( %'&)(*"+%-,.& ) (b) Gradientimage(c) Watershedsegmentation . . . . . . . 70

5.3 Verificationof the 2D implementationof the watershedalgorithm: (a) Image

with objectsof differentshapes( �!,!/0"1�-2
� ) (b) Gradientimage(c) Watershed

segmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5.4 A 3D phantomimageof thehead( (.&0"3(.&4"3(-2 ) . . . . . . . . . . . . . . . . 72

x



5.5 Gradientof theslicesof the3D phantomimage . . . . . . . . . . . . . . . . . 72

5.6 Watershedsegmentationof the3D phantomimage . . . . . . . . . . . . . . . 73

5.7 Effect of pre-processingon 2D watershedsegmentation:(a) A syntheticim-

age( ,!,!(4"+�! ! ) (b) Gradientimage(c) Watershedsegmentation(d) Corrupted

image( 576*89(-2): of RMSgradient)(e)Gradientof (d) (f) Oversegmentedwa-

tershedresult(without pre-processing)(g) Watershedsegmentation(with pre-

processing— 5<;=8>&
?A@989B!�C: ) . . . . . . . . . . . . . . . . . . . . . . . . 75

5.8 Effect of pre-processingon 2D watershedsegmentation:(a) A noisy andtex-

turedimage( �!(!/D"1�.&C2 ) (b) Gradientimage(c) Oversegmentedwatershedre-

sult (without pre-processing)(d) Watershedsegmentation(with pre-processing

— 5E;F892HGI(J?A@98>&),C: ) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.9 Effect of pre-processingon 3D watershedsegmentation: (a) Oversegmented

watershedresultfor Figure5.4afteradditionof noise(without pre-processing)

(b) Resultof watershedsegmentation(with pre-processing— 5<;38K2HGI(J?A@L8&M: ) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.10 Effect of pre-processingon watershedsegmentation: (a) Original image(b)

Gradientimage(c) Oversegmentedwatershedresult (without pre-processing)

(d) Watershedsegmentation( 5<;N8O2HGI(J?A@P8Q���C: ) (e) Watershedsegmentation

( 5E;N8R2HGI(J?A@�8��!(C: ) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

xi



5.11 Implicit region merging: (a) A syntheticimage(b) Gradientimage(c) Wa-

tershedsegmentation(d) Corruptedimage( 5S6T8U�!(C: of RMS gradient)(e)

Gradientof (d) (d) Oversegmentedresult(without pre-processing). . . . . . . 80

5.12 Hierarchyproducedby implicit regionmerging: (a)Watershedsegmentationof

corruptedimage( 5E;*8V�J?A@P8P(C: ). Regionsat levels460,680,784,786,789

areshown in (b)–(f). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

5.13 Hierarchyproducedby implicit region merging: (a) Watershedsegmentation

for imagein Figure5.10(a)( 5<;F8��-?A@�89�C: ). Regionsathierarchylevels950,

1250,1311areshown in (b)–(d). . . . . . . . . . . . . . . . . . . . . . . . . 83

5.14 Hierarchyproducedby implicit region merging: (a) A real image— noisyand

textured(b) Gradientimage(c) Watershedsegmentation( 5<;$8W�-?A@X8X/C: ).

Regionsathierarchylevels775,1235,1395,1455,1468areshown in (d)–(h). 85

5.15 Hierarchyproducedby implicit regionmerging: (a)Watershedsegmentationof

Figure5.4afteradditionof noise( 5<;#8O2HGI(J?A@Q8V2HGI�!(!/!/C: ). Regionsat levels

1, 211,292areshown in Figures5.15(b)–(d). . . . . . . . . . . . . . . . . . . 87

5.16 Hierarchyproducedby seededregion merging: (a) Input imageshowing the

seedsegment(b) Oversegmentedresult( 5E;N89�J?A@�8�(C: ) (c)&(d) Growing of

theseedsegment(e) Merging of theseedsegmentwith thebackgroundin the

image . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

xii



5.17 Hierarchyproducedby seededregion merging: (b) Input imageshowing the

seedsegment(a) Watershedsegmentation( 5E;*8K�-GI(J?A@�8�/C: ) (c)&(d) Grow-

ing of theseedsegment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.18 Slicesof a3D medicalimage . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.19 Slicesof thegradientimage . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

5.20 Oversegmentedwatershedresult( 5<;F8��-?A@98�BJGI/!,C: ) . . . . . . . . . . . . . 93

5.21 Resultof implicit regionmerging: (a)Slice1653(b) Oversegmentedwatershed

result.Regionsat levels12400,12592,13000,13320,13480,13580areshown

in (c)–(h). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.22 Resultof implicit regionmerging: (a)Slice1668(b) Oversegmentedwatershed

result.Regionsat levels12200,12750,12975,13225,13405,13515areshown

in (c)–(h). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.23 Resultof seededregion merging: (a) Slice1653showing seedsegment.Grow-

ing of thesegmentis shown in (b)–(d). (e)Slice1663.Growing of thesegment

is shown in (f)–(h). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

5.24 Resultof seededregion merging: (a) Slice 1657showing seedsegment. (b)

Grown segment. Growing of the segmentfor the slices1660,1663,1666 in

(c),(e),(f)areshown in (d),(f),(h) respectively. . . . . . . . . . . . . . . . . . . 99

5.25 Streamingalgorithm: (a) Testimage— letter ‘A’ (b) Splitting of theimage(c)

Watershedresultbeforepairwiseprocessing(d) Resultof the streamingalgo-

rithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

xiii



5.26 Streamingalgorithm: (a) Test image(b) Splitting of the image(c) Watershed

resultbeforepairwiseprocessing(d) Resultof thestreamingalgorithm . . . . 102

5.27 Streamingalgorithm: (a) Test image(b) Splitting of the image(c) Watershed

resultbeforepairwiseprocessing(d) Resultof thestreamingalgorithm . . . . 104

5.28 Streamingalgorithm: (a) Test image(b) Splitting of the image(c) Watershed

resultbeforepairwiseprocessing(d) Resultof thestreamingalgorithm . . . . 105

5.29 Streamingalgorithm: (a) Test image(b) Splitting of the image(c) Watershed

resultbeforepairwiseprocessing(d) Resultof thestreamingalgorithm . . . . 106

5.30 Streamingalgorithm: (a) Test image(b) Splitting of the image(c) Watershed

resultbeforepairwiseprocessing(d) Resultof thestreamingalgorithm . . . . 107

5.31 Streamingalgorithm: (a) Test image(b) Splitting of the image(c) Watershed

resultbeforepairwiseprocessing(d) Resultof thestreamingalgorithm . . . . 109

xiv



Chapter 1

Intr oduction

1.1 Image Segmentation

Segmentationis theprocessof dividing animageinto meaningfulregions.It is oftenconsidered

the first and the most importantstepin imageanalysis[20]. Segmentationfinds application

in a variety of fields — from medicineto defense.For instance,in medicine,it is usedfor

image-guidedsurgery, surgical simulation,therapy evaluation,neurosciencestudies,anddiag-

nosis. A major areaof applicationof segmentationmethodsis in solvingproblemsrelatedto

machinevision. Someexamplesof theseareautomaticcharacterrecognition,productionline

qualitycontrol,automaticprocessingof fingerprints,targetrecognitionandtracking,andsurgi-

cal robotics.A majority of thesemachinevision problemsrequirepartially- or fully-automatic

segmentation.

1



1.2 Significanceof Automatic Segmentation

Objectsin imagesappearat differentspatialresolutions.Hencebuilding a genericautomatic

segmentationsystemmaybedifficult or evenimpossible.However, for agivenapplication,au-

tomaticsegmentationcanbeachievedwith theright choiceof segmentationmethod.Automat-

ing taskscanhelpimprove systemperformancein many applications.For example,considera

problemthatinvolvescheckingcorrectnessof connectionsonaprintedcircuit board.Verifying

eachboardmanuallywill beslow andtheresultsmaybeerror-prone. Introducingautomation

in suchan applicationcansignificantlyimprove systemspeedandproducerepeatableresults.

Yet anotherinstanceis segmentationof medicaldatafor diagnosis.This datacouldbeimages,

3D volumes[48] or even4D time-seriesof volumesY . Thecomplexity of suchimagesdoesde-

mandhumanintervention. However, manualsegmentationcanbehighly time-consumingand

error-prone.A semi-automaticsegmentationmethodwith theright useof theuser’s high-level

knowledgecanavoid problemswith themanualtechniques.

1.3 Survey of SegmentationMethods

Therearemany segmentationtechniquesin theliteraturefor differentkindsof images(intensity

images,rangeimages,imageswith high noiselevel, highly texturedimages,videosequences,

color images,etc). However, thereis no singlemethodthat works well for all imagetypes.

According to Haralick andSapiro[23], a goodsegmentation,qualitatively, is one, in which

theregionsareuniform andhomogeneouswith respectto somecharacteristic,adjacentregionsZ
Henceforth,we will usetheterm imagesin generalto referto images,3D volumes,and4D data.

2



have significantlydifferentcharacteristicfeaturesandboundariesof eachsegmentarespatially

accurate.Unfortunately, no standardquantitativeperformancemetric hasbeendevelopedyet

andhencetheevaluationis mostlysubjective.

1.3.1 Classification

Instancesof work in the literatureon thestudyof segmentationmethodsare[18, 23, 28, 50].

Of these,thereview presentedby Pal andPal [50] is very comprehensive. They discussseveral

existing methodsunderthefollowing topics: gray-level thresholding,iterative pixel classifica-

tion (methodsthatuserelaxation,Markov randomfields,andneuralnetworks),surface-based

techniques(mostly for rangeimages),color imagesegmentation,edgedetection,andmethods

basedon fuzzy set theory. Most bookson imageprocessingalsoprovide an overview of the

commonalgorithms[20, 54]. In our study, we broadlyclassifythesegmentationmethodsinto

four classes,namelyboundary-based,pixel-based,andregion-basedmethods,andmethodsthat

useacombinationof these.

Boundary-basedMethods

Boundary-basedmethodsarebasedon the detectionof discontinuitiesin an image. The first

step,typically, is to applyanedgedetector[20] to the image.Heathet al [25] presenta study

of variousedgedetectionoperators.In theidealcase,theedgeoperatorshouldfind pointslying

only ontheboundariesbetweenregionsbut thisseldomhappensdueto textureandnoise.Hence

edgedetectionis usuallyfollowedby edge-pointlinking andboundarydetectionmethods[54]

to obtainmeaningfulboundaries.Someexamplesof thisapproachare[17, 31, 69]. Yu andJain
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[69] usethe Houghtransform[54] to detectlaneboundaries.Eua-AnantandUpda[17] use

particlemotionin asimulatedforcefield to obtainclosedobjectboundaries.Jones[31] reviews

theapplicationof active contourmodelsfor detectinglinesandedgesin images.

Pixel-basedMethods

Pixel-basedmethodswork at the level of pixels in the image,groupingthembasedon a pre-

definedsimilarity criterion. Thresholdingandclusteringaretwo importantpixel-basedmeth-

ods. In thresholding,the valuesof the thresholdsareusuallyobtainedby histogramanalysis

[20]. Dependingon the natureof the threshold,the methodmay be local, global or adaptive

andbasedon the numberof thresholds,it canbe of bi-level or multi-level type. Two exam-

plesof useof thresholdingfrom the literatureare[61, 68]. Solihin andLeedham[61] propose

a novel classof global thresholdingtechniquesfor analyzinghandwritingimages. Yangand

Yan usethresholdingfor a documentprocessingsystemin [68]. Clusteringcanbe viewed as

a multi-dimensionalextensionof thresholding.It involvesextractingfeaturesfrom an image

andgroupingthepixelsin a higher-dimensionalfeaturespace[16]. Examplesof this approach

are[26, 38]. HeiseleandRitter [26] applyclusteringto segmenttemporalsequencesof range

andintensityimages.LuccheseandMitra [38] proposeanunsupervisedsegmentationscheme

basedonK-meansclusteringfor color images.

Region-basedMethods

Region-basedmethodsalsoaim at segmentationusingsimilaritiesbut they work at the level

of regions. Region growing andmerging, region splitting, split-merge [20], andthewatershed
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algorithm[30] aremethodsbasedon finding regionsdirectly. In region growing, startingfrom

seedpixels,regionsaregrown basedonpre-definedhomogeneityandstoppingcriteria.Region

merging works by merging similar regionsobtainedfrom a prior segmentationof the image.

Regionsplitting is just theoppositeof merging. It startswith theentireimageasasingleregion

which is subsequentlysplit until a stoppingcriterion is met. A convenientapproachis to use

a quadtreerepresentation[20] in which eachregion is split into four and this proceedsuntil

thehomogeneityconditionsaresatisfied.This approachhastwo problems.First, it assumesa

squareregion shapeandsecond,it mayresultin a segmentationthathasadjacentregionswith

identicalproperties.This canbeovercomeby acombinationof splitting andmerging.

The watershedalgorithm is basedon conceptsfrom topography[30]. The input to the

algorithmis a single-valuededgemap,which is typically the gradientof the original image.

The algorithm considersthe edgemap as a topographicalsurfacewherethe height at each

pixel locationis givenby thegrayscalevalueof thatpixel. Eachlocal minimumin thesurface

correspondsto acatchmentbasin. Thealgorithmtriesto grouptheotherpixelssuchthatin the

final segmentation,mostotherpixels belongto a catchmentbasin. Theboundarypixels form

thewatershedlines that separatethecatchmentbasins.This groupingcanbe doneusingtwo

methods— immersionsimulationandrainfalling simulation. In immersionsimulation[60],

holesarepiercedin theminimaof thesurfaceandthesurfaceis immersedin water. Thewater

risesandstartsfilling thecatchmentbasins.Whenthecatchmentbasinsbegin to merge,dams

arebuilt to prevent water in onebasinfrom flowing into another. Thesedamsrepresentthe

watershedlines which separatethe differentcatchmentbasins.In rainfalling simulation[39],
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dropsof waterfall on thesurface.Thesedropsstartflowing down, undergravity, usingthepath

of steepestdescentandget collectedin the catchmentbasins. Thus,pixels in the imagecan

beclassifiedunderuniquecatchmentbasins.Thecatchmentbasinsrepresenttheregionsin the

imageandthewatershedlinesaretheregion boundaries.

Someexampleapplicationsof region-basedmethodsare[1, 12, 39, 55]. Cheevasuvitet al

[12] usethe split-merge schemefor segmentation. AdamsandBischof [1] discussa seeded

region growing schemein which high-level knowledgehasbeenincorporatedinto theprocess

throughthechoiceof seedpixels.Rettmannetal [55] usethewatershedalgorithmfor automatic

segmentationof cortical sulci. ManganandWhitaker [39] apply the watershedalgorithmto

segmentsurfacemeshesin 3D.

Combination Methods

Somemethodsusea combinationof two or moreof theabove discussedtypes.Examplesare

[2, 9, 10]. Beveridge[9] integrateshistogramanalysiswith region merging techniquesin his

work. Borgesand Aldon [10] usea fuzzy clusteringalgorithm in a split-merge framework.

Amorosoet al [2] apply a combinationof thresholdingandneuralnetwork learningfor color

imageanalysis.

1.3.2 Discussion

Edgedetectionis usedby biological visual systems[18] andhenceboundary-basedmethods

areprobablythe most intuitive of all segmentationmethods.However, they arehighly sensi-

tive to noiseandto small variationsof theboundary. Pixel-basedmethodsaregenerallymore
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immuneto noisethanboundary-basedmethodsandthey produceclosedboundariesdirectly.

The thresholdingschemeis simpleandcanbeefficient but workswell only on simpleimages

with the right choiceof thresholds.Similarly, the choiceof featuresandnumberof classes

[16] is very important in the caseof clusteringmethods. Apart from these,one major dis-

advantagewith pixel-basedmethodsis that mostof thesetechniquesdo not useproximity or

spatial adjacencyinformationandhencevaluableinformation is lost. For thesereasons,the

applicability of pixel-basedmethodsfor segmentingcomplex scenesis limited. Like pixel-

basedtechniques,region-basedmethodsarealsomoretolerantof noisewhencomparedwith

boundary-basedmethods.Unlike pixel-basedmethods,they arebasedon theadjacency of pix-

els in the imagedomain. Region-basedmethodsarecompatiblewith semanticmethods[62]

andimplicitly producea hierarchyof regions. This makesthemmoreconducive to automat-

ing segmentationthanothermethods.Like someboundarydetectionanditerative clustering

methods,region-basedschemesoften posethe problemof increasedcostof computationand

memoryrequirements.Someof the individual region-basedmethodsposeadditionaldifficul-

ties. Region growing works well only if the initial seedsarerepresentative of the regionsof

interest.Thechoiceof thehomogeneityandstoppingcriteria is crucial to thesuccessof these

methodsanddependson the natureof the input image. Theseproblemsareovercomein the

watershedalgorithm. Thewatershedalgorithmusesonly anedgemapasinput andhencecan

beusedto segmentavarietyof images.Thealgorithmproducesthesegmentationresultwithout

any userintervention. It is suitablefor distributedimplementationandcanproducesignificant

systemoptimization. The watershedalgorithmproducesclosedboundariesandcanbe easily
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extendedto segmenthigher-dimensionalimages.Like many othermethods,thewatershedal-

gorithmis sensitive to noise.However, unlikeothermethods,whichtypically produceincorrect

or displacedboundariesin thepresenceof noise,thewatershedalgorithmusuallyproducesex-

tra boundaries.This is referredto asoversegmentation, which meansthatapartfrom the real

boundaries,the algorithm also producesspuriousboundariesdue to noise. This problemis

relatedto the unstablenatureof the algorithm. Even small changesin the edgemapvalues

canreroutethe flow of waterproducingdifferentwatersheds.However, this problemcanbe

removedby pre-processingthe imageto reducenoiseandusinga goodpost-merging scheme.

This canmake thewatershedalgorithmrobustandif combinedwith theright merging scheme,

it is agoodchoicefor automaticandsemi-automaticsegmentationproblems.

1.4 Summary of Work Done

We have implementeda semi-automaticsegmentationschemeusinga combinationof thewa-

tershedalgorithmandtwo region merging schemes.We pre-processtheinput imageto reduce

the level of noise. We usethe rainfalling approachof the watershedalgorithmto obtain the

initial segmentationof theimage.Wethenprocessthewatershedresultusingtwo regionmerg-

ing schemes,namelyimplicit andseededregion merging, to reduceoversegmentation.Both

the merging techniquesproducea hierarchyof regions, from which a meaningfuloutputcan

beeasilychosen.We have alsodevelopeda graphicaluserinterface(GUI) to view thehierar-

chy. Wehaveextendedtheinitial segmentationalgorithmbasedon therainfalling simulationto

streamingdatain 2D. Thestreamingalgorithmproposedis alsosuitablefor 3D imagesandfor
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parallelcomputation,andproducesthesameresultastheserialwatershedalgorithm.
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Chapter 2

RelatedWork

2.1 Intr oduction

The watershedalgorithm is basedon conceptsfrom topography. The input to the algorithm

is the gradientimageor an equivalent gradededgemap. The algorithm visualizesthe edge

mapasa topographicalsurfacewherethegrayscalevalueat eachpixel locationrepresentsthe

elevation. Let � be theoriginal imageandthegrayscalevalueat a location
�������
	

of theedge

mapbe
���������H	

. Thenthecorrespondingsurfaceis givenby[\\\\\\\]
� ^ _
`�aaaaaaab 8

[\\\\\\\]
� ����������H	

`�aaaaaaab
For instance,if the edgemap looks as in Figure2.1(a), the algorithm seesthis input as
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(a) (b)

Figure2.1: An exampleof topographicalsurface:(a) Input
�����c���H	

(b) Its topographicalsurface
in 3D

the3D topographicalsurfaceshown in Figure2.1(b). We embedthis surfacein a gravity field

which pointsin thenegative _ direction.A dropof waterplacedanywhereon this surfacewill

follow the pathof steepestdescentuntil it reachesa minimum. This ideahelpsto establish

an equivalencerelationshipamongpixels that traceto the samelocal minimum and is used

to grouppixels in the imageunderdifferentcatchmentbasins.Thesebasinsareanalogousto

regions. Thus,thealgorithmworksby finding theminimaof thesurface,which correspondto

thecatchmentbasinsandtriesto groupeveryotherpixel underoneof thesebasins,producinga

segmentedoutput.Considertheexamplein Figures2.2(a)–(c).Figure2.2(a)shows theoriginal

1D function � ���
	 . The gradient
�����
	

, of this function is shown in Figure2.2(b), which has

threeminima.When
�����
	

is usedasinput to thewatershedalgorithm,thethreeminimaof
�����
	

will producethreesegmentsin the resultof thewatershedalgorithm. This conceptextendsto

higher-dimensionsandimagescontainingmultiple objects.
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(a) (b) (c)

Figure2.2: Workingof thewatershedalgorithm:(a) Original 1D function � ���
	 (b) Gradientof� ����	 —
������	

is theinput to thewatershedalgorithm(c) Resultof watershedalgorithm

Watershedsegmentationproducesclosedregion boundaries.It is suitablefor distributed

computationandcaneasilybeextendedto higherdimensions.However, like many otherseg-

mentationmethods,thewatershedalgorithmis sensitive to noise.Noisein theimagecanlead

to falseminima,eachof which cancreateits own region in theoutputsegmentation.This re-

sultsin oversegmentation,which meansthat theoutputhastoo many regions. Many methods

have beenproposedin theliteratureto implementwatershedsegmentationandto reduceover-

segmentation.In thefollowing sections,we explore theorigin of thewatershedalgorithm,the

differentapproachesto implementthealgorithmandthestrategiesusedto reducetheeffectsof

noise.

2.2 Early Work on WatershedSegmentation

BeucherandLantuejoul[7] werethefirst to proposeanalgorithmbasedontopographicalwater-

shedsto segmentimages.However, evenprior to this, relatedwork hadbeendone,specifically
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in theareaof topography. For instance,Cayley [11] presentstheideaof viewing atopographical

surfaceasa systemof contoursandslopelinesin his article. Maxwell [40] discussesgrouping

pointsaccordingto surfaceminima— thebasicprinciplebehindwatershedsegmentation.Most

of this work hasbeendonefor processingdigital elevationmodels[14]. Examplesof theseare

[13, 52]. Peucker andDouglas[52] discussthedetectionof ravinesandpits on a discretegrid

which is analogousto finding maximaandminima [36] for watershedsegmentation.The al-

gorithmproposedby Collins [13] usessortedelevationdatafor processing,very muchlike the

immersionschemeproposedby VincentandSoille [66].

2.3 Differ ent Approachesto WatershedSegmentation

In general,two differentalgorithmsareusedto implementwatershedsegmentation,namely,

immersionandrainfalling simulation.Eachof thesecanbeusedto detectthesegmentsin the

imageeitherdirectly or usingmorphologicaloperators[56]. Again, theimplementationcanbe

sequentialor distributed.Webriefly review someof theseapproachesasfollows.

2.3.1 Immersion or Flooding Simulation

Theconceptof immersionsimulationcanbedescribedasfollows. Holesarepiercedat themin-

imaof thesurfaceandthewholesurfaceis slowly immersedin water. Thewaterrisesin through

theseholesandgetscollectedin thecatchmentbasins.Whenthewaterfrom onebasinstartsto

pourout into anadjacentone,a damis built to prevent this overflow. Thedamsor watershed

lines separatethecatchmentbasinsfrom oneanotherandcorrespondto theboundariesin the
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(a) (b) (c)

Figure2.3: Immersionsimulation: (a) An example1D gradientfunction (b) Floodingby im-
mersion(c) Segmentedresult

image.Thisprocesscanbesimulatedusingacomputerto find thewatershedsegmentation.

Immersionsimulationis illustratedin Figures2.3(a)–(c).Figure2.3(a)shows a 1D gradi-

ent function
������	

with threeminima, namely, M1, M2, andM3. Water risesin andfills the

correspondingcatchmentbasinsCB1,CB2,andCB3,asin Figure2.3(b).Whenwaterin CB1

andCB2 begin to merge,a damis built to prevent this overflow of water. Similarly, theother

watershedlines areconstructed.The final segmentedresultcontainingthreesegments,WS1,

WS2, and WS3, is shown in Figure 2.3(c). Soille and Vincent [60] introducedthe immer-

sionapproach.VincentandSoille [66] alsointroducedanefficient immersionalgorithmbased

on sortingof pixel valuesandFIFO queues.Variationson their techniquewereproposedby

BeucherandMeyer [8]. Comparative analysesof differentversionsof the flooding approach

werepresentedin [15, 22].
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(a) (b) (c)

Figure2.4: Rainfalling simulation:(a) An example1D gradientfunction(b) Rainfalling simu-
lation (c) Segmentedresult

2.3.2 Rainfalling Simulation

A conceptualdescriptionof the rainfalling simulationapproachis asfollows. Dropsof water

areallowed to fall on thesurface. A drop falling on a pixel on thesurfacefollows thepathof

steepestdescentuntil it reachesa minimum. If thesteepestdescentpathsfrom a setof pixels

end in the sameminimum, then thesepixels definea catchmentbasin. Thus, every surface

minimumcanbeassociatedwith acatchmentbasinwhichcorrespondsto aregion in theimage.

This ideacanbeusedto computethewatershedsegmentationof animage.

Figures2.4(a)–(c)illustraterainfalling simulation.Thethreeminimaof thegradientfunc-

tion
�����
	

leadto threeregionsin thesegmentedoutput,asin Figure2.4(c). In theearliestwork

on watershedsegmentation,BeucherandLantuejoul[7] describerainfalling simulation. The

useof thisapproachfor segmentationis alsofoundin [5, 43, 44, 59].
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2.3.3 Mor phologicalWatershedSegmentation

Thewatershedsegmentationtechniquehasits originsin theareaof mathematicalmorphology

[56]. The algorithm borrows the ideaof visualizinga nD imageas a (n+1)D topographical

surfacefrom this field. Much of thework in theliteratureon watershedsegmentationusemor-

phologicalwatersheds.Examplesof theseare [5, 7, 8, 60]. BeucherandMeyer [8] present

a comprehensive review of thevariousmorphologicaltoolsusedin relationto watershedseg-

mentation.They startwith the simplestcaseof applyingdilation anderosionto calculatethe

gradientimage,which typically servesasthe input to thewatershedalgorithm. They proceed

to introducemorecomplex operatorsusedin connectionwith thealgorithm. This includesthe

applicationof geodesicreconstruction[8] to detectthe extremain an imageandalso to de-

tect watershedlines. Beucher[5] describesthe relationbetweenwatershedsegmentationand

morphologicalthinning[56].

Webriefly discusstwo mainapproachesfoundin theliteraturefor segmentationusingmor-

phologicalwatershedsasfollows. Thefirst approachworksby iteratively findingthecatchment

basinsat every elevationof the topographicalsurface.Let
���������
	

bethe input edgemap. Letdfe ���g	
bea setof imagepointssuchthat

d�e ���g	 8ih �������
	kjS�����c���H	kl�m�n [8]. Thus,
d�e ���g	

is a

cross-sectionof thetopographicalsurfacerepresentedby
�����c���H	

atelevation
m
. Let usfloodthis

surfaceby immersion.Assumethattheflood hasreachedtheelevation
m
. Floodingof

dfepo Y ���g	
will occurat thosepixelswhich lie in thegeodesiczonesof influence[8] of theconnectedcom-

ponentsof
d�e ���g	

andthenew minimapixels at elevation
mcq � . Thenew minimaat elevationm.q � arethosewhicharenotatafinite geodesicdistancefrom any of theconnectedcomponents
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at elevation
m

andthey aresimply the differencebetweenthe sets
d�epo Y ���g	 , andthe geodesic

reconstructionof
dfepo Y ���g	 by

d�e ���g	
. An iterative techniquebasedon this is usedto compute

thewatershedsegmentationof the image. A mathematicalformulationfor this iterative algo-

rithm canbefoundin [8]. Thesecondapproachworksby finding thewatershedpointsat every

elevationof thesurface.Let r e bethesetof watershedpointsat elevationstrictly lessthan
m
.

Let � e be a setof imagepointssuchthat � e ���g	 8Xh �������H	*jc���������
	tsum�n . Assumethat r e is

known. Thesetdifferenceof � e and r e containsthecatchmentbasinsat elevation lessthan
m
.

For a pixel
�������
	

at elevation
m
, thegeodesicdistancesfrom thedifferentcatchmentbasinsare

computed.If thegeodesicdistanceis thesamefor two or morebasins,then
�������
	

is awatershed

point. Thus,all watershedpointsatelevation
m

canbecomputed.Thisapproachalsoleadsto an

iterative methodfor computingwatershedsegmentation[7].

2.3.4 Distrib uted WatershedSegmentation

Someapplicationsentail very large imagesandit may be impossibleto provide the required

amountof memoryor computationalpower on a singlecomputer. Thusarisesthe needfor a

distributedversionof thealgorithm,in which blocksof the imagearesegmentedindividually

andtheresultsarecombinedto obtainthesegmentationof theentireimage.Sucha distributed

algorithmmay alsoserve to improve the speedof computingwatershedsegmentation. Dis-

tributedwatershedsegmentationcanbeimplementedeitherasastreaming(memory)algorithm

or a parallelalgorithm(time). Thestreamingalgorithmwould usea singleprocessorwhile the

paralleltypewould involve multipleprocessors.Designingadistributedwatershedalgorithmis
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achallengingproblembecausetheworkingof thealgorithmis notstrictly local. Many solutions

to thisproblemhave beenproposedin thepast,mostof whichdiscussparallelimplementation.

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

2.3.5 Discussion

Implementationsof immersionsimulationfoundin theliteraturethatarebasedonFIFOqueues

[8, 66] are fast versionsof the watershedalgorithm. For instance,Vincent and Soille [66]

proposean initial sortingof pixels andstorageof pixel informationin queuesto enabledirect

accessto pixels in the gradientimage. The watershedsegmentationis computediteratively

until thequeueis empty, whereat every iterationtwo mainoperationsareperformed.First, the

label of every pixel in the queueis assignedto the non-labeledneighborsof higherelevation

or gray-level andtheseneighborsareput into the queue. Second,new minima aredetected,

labeledandstored.Thisalgorithmdoesnotperformrepeatedscanningsof theimageandhence

is efficient in termsof computationspeed.However, thefirst of the two operationsdiscussed

above is highly sequentialin naturewhencomparedwith theworkingof rainfalling simulation.

In thecaseof therainfalling approach,every pixel canbetracedto a minimumindependentof

the tracingof otherpixels [43] while in the immersionexamplementionedabove, mostpixels

get their labelsfrom a previously labeledneighbor. Hence,a distributedversionof immersion

simulationmayneedstorageof a largeamountof information. For a parallelimplementation,

this also leadsto increasein the overheadfor communicationbetweenprocessors.For this

work, wehaveusedwatershedsegmentationby rainfalling simulationto implementanefficient
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distributedversionof thealgorithm.

Watershedsegmentationusingrainfalling simulationcanbe implementedusingoperators

from morphologyor by direct detectionof catchmentbasinsand watershedlines. All mor-

phologicaloperationsusedto computewatershedsegmentationcanbe reducedto a seriesof

operationson the imagewith a structuringelement.Therearetwo problemsassociatedwith

the useof a structuringelement— first, they tendto impart their shapeto the boundariesin

the imageandsecond,it is importantto choosethe right shapeandsizeof the structuringel-

ement,which in turn, dependon theapplication.Moreover, watershedsegmentationbasedon

morphologicaloperatorsposestheproblemof computationalcomplexity. Therefore,we have

useda simpleandstraightforward implementationof rainfalling simulationby directdetection

[36, 39].

2.4 Strategiesto Prevent Oversegmentation

Like many segmentationmethods,thewatershedalgorithmis sensitive to noise. Noisein the

imagemay leadto falseminima, eachof which createsa correspondingregion in the output.

This resultsin oversegmentation,which is illustratedin Figures2.5(a)–(c).Figure2.5(a)shows

an imagewith a small amountof noise. The gradientimageis shown in Figure2.5(b). The

resultof thewatershedalgorithmis shown in Figure2.5(c).In thisoutput,every real regionhas

beenbrokendown into two or moreregions,producingoversegmentation.Therefore,weneeda

goodstrategy to removethespuriousboundariescreateddueto noiseandproduceameaningful

segmentation.
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(a) (b) (c)

Figure2.5: An exampleof oversegmentation:(a) A noisyimage(b) Gradientimage(c) Water-
shedresultshowing oversegmentation

Severalmethodshave beenproposedin the literatureto reducetheeffectsof noise. They

includepre-processingtechniquessuchasfiltering, thresholding,andextractionof markers,and

post-processingtechniquessuchasregionmerging andhierarchicalsegmentation.

2.4.1 Pre-processingTechniques

Filtering

Filtering theoriginal imageis a commonmethodthathasbeenusedto reducenoiseandover-

segmentationin connectionwith watershedsegmentation.Thefilter usedfor smoothingcanbe

linear or non-linear. For instance,Lee et al [34] uselinear filtering by Gaussianblurring for

thesegmentationof satelliteimagesto extractroads.Examplesof work from theliteraturethat

usenon-linearsmoothingare[27, 49, 58]. De Smetet al [58] proposenon-linearfiltering by

anisotropicdiffusion.HernandezandBarner[27] suggestmedianfiltering while Ogoretal [49]

usemorphologicalopeningandclosing[56].
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Thr esholding

Thresholdingcanbeappliedto thegradientimageto combineseveral irrelevantminimainto a

singleflat minimum,thuspreventingoversegmentation.Figures2.6(a)–(b)illustratethis. The

gradientfunction � ���
	 in Figure2.6(a)shows how spuriousminima— M1,M2,M3,M4 — can

resultin too many insignificantsegmentsin theoutput. Themodifiedgradient
������	

in Figure

2.6(b)showshow thresholdingcanbeusedto flattenout theirrelevantminimato createasingle

minimumM, thuspreventingoversegmentation.Thechoiceof the thresholdis crucial to this

approach.A very low thresholdmay fail to prevent oversegmentation.On the otherhand,a

very high thresholdmay combinetwo or morereal regionsinto a singleregion in the output

producinganeffectcalledundersegmentation. In ourexperience,agoodthresholdcanbeeasily

chosenfor agivenapplication.Examplesof useof thethresholdingapproachare[4, 37]. Baccar

et al [4] use10%of themaximumgradientvalueasa thresholdthatworkseffectively on their

rangeimages.Li et al [37] proposethresholdingof the gradientimageto segmentSynthetic

ApertureRadar(SAR) images.

Useof Mark ers

Markersareusedto denotesignificantregionsin theimageby usingtheminimacorresponding

to theseregionsalonein thegradientimage,which servesasinput to thewatershedalgorithm.

For instance,in the immersionapproach,floodingwould occuronly throughtheminima indi-

catedby themarkers.Theuser’s high-level knowledgecanbeappliedfor selectingor marking

thesourcesof flooding. In thecaseof morphologicalwatershed,themarkersareobtainedfrom
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(a) (b)

Figure2.6: Effect of thresholdingthe gradient: (a) Watershedsegmentationof gradient � ����	
containingirrelevantminima(b) Watershedsegmentationof thethresholdedgradient

�����
	
the gradientimageby a processcalledhomotopymodification[8]. The effect of this process

on the gradientis illustratedin Figure2.7. The marker function samplesout the significant

minimaandflattensout theirrelevantminimainto plateaus.Instancesof theuseof markersare

[32, 57]. Shiji andHamada[57], andKanai [32] usemarker-basedwatershedsfor color image

segmentation.

2.4.2 Post-processingTechniques

RegionMerging

Reducingoversegmentationcanbeposedasa regionmerging problem.Startingwith theresult

of the watershedsegmentation,regions can be merged basedon pre-definedcriteria until a

meaningfulsegmentationis obtained.Relatedwork foundin theliteraturecanbeclassifiedinto

four typesbasedon thecriteriausedfor merging — methodsthatusefeaturesof regions,those

22



Figure2.7: Effectof amarker functionon thegradient

thatcharacterizeboundaries,thosethatcharacterizecatchmentbasinsbasedon thetopography,

andthosethatuseacombinationof two or moreof theabove.

Many methodshave beenproposedin thepastthatuseregion merging 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 regions in his method. Haris et al [24] posereductionof oversegmentationas a cost-

minimization problemthat usesaverageintensitiesof regions. Propertiesof regions in the

watershedresultcanbeusedto extract featurevectorsandclustersimilar regionsin a higher-

dimensionalfeaturespace[16]. Examplesof methodsthatusesaliency measuresto characterize

boundariesin the outputof the watershedsegmentationare [6, 46]. In Beucher’s [6] mosaic

imagetransformmethod,thewatershedline betweentwo catchmentbasinsis characterizedby

theabsolutedifferencebetweenaverageintensitiesof thebasins.Region merging canalsobe

basedon dynamicsof contoursof the image[46]. Dynamicsof contours refersto a saliency
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measureof contoursin theimageandwasintroducedby NajmanandSchmitt[46]. Instancesof

methodsthatcharacterizecatchmentbasinsare[35, 36, 55]. Thework doneby Lemaŕechalet

al [35] is basedonbasindynamics,which is asaliency measureof thelocalminima(catchment

basins). Lester[36] useswatersheddepthas a saliency measure[36]. Rettmannet al [55]

usea similar measurefor the segmentationof cortical sulci. Instancesof combinationof the

above approachesare[3, 53]. Pratikakiset al [53] proposea saliency measurethat is basedon

edgestrengthandregion homogeneity. Andradeet al [3] suggesta merging processguidedby

watersheddepthandareaof theregionsin theoutputof thewatershedalgorithm.

2.4.3 Hierar chical Segmentation

Hierarchicalsegmentationhas beenwidely usedin the past to solve the oversegmentation

problem. The usercanselecta meaningfulsegmentationfrom the hierarchyof regionsgen-

erated. This approachalso leadsto a multi-resolutionalwatershedsegmentationmethodby

whichobjectsatdifferentscalescanbeextractedfrom theimage.Themethodsin theliterature

that discusshierarchicalsegmentationcanbe classifiedundertwo major categories— those

basedon region merging andthosethatusescale-spacerepresentationof images[65]. Most of

the work in the literatureon region merging in connectionwith the watershedalgorithmdeal

with hierarchicalsegmentation.Examplesof methodsthat usescale-spacerepresentationare

[19, 29,33, 34, 67]. Jackway [29] suggestsconvolution of theimagewith theGaussiankernel

to createa linearscale-spacerepresentationof theoriginal imageandapplicationof thewater-

shedalgorithmat every scale.Gauch[19] proposesthegenerationof a scale-basedhierarchy
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by analyzingtheminimaat differentscales.Kim [33] proposesa slightly modifiedversionof

Gauch’s approachfor extractionof roadsfrom satelliteimages. Wright andActon [67] use

morphologicaloperatorsto createa scale-spacerepresentationof the input imageto produce

multi-resolutionalwatershedsegmentation.

2.4.4 Discussion

Filtering doeshelp in reducingthenoiselevel in an image. However, filtering alonemay not

solve theoversegmentationproblemfor imagesthatarehighly noisyandtextured.Specifically,

Gaussianblurringandmorphologicalfiltering have theirown disadvantages.Gaussianblurring

wipesout structuresbelow a particularscaleandthis may result in the lossof significantin-

formation. This problemcanbe overcomeby the useof edge-preservingnon-linearfiltering

methodslike anisotropicdiffusion[51]. Morphologicalfiltering workswell only with theright

choiceof thestructuringelementandthis dependson theapplication.Like filtering, threshold-

ing alsomaynot bea goodsolutionto theproblemof oversegmentationif usedalonebut with

a goodthresholdvalue,it canserve asa usefulpre-processingstage.Unlike filtering or thresh-

olding, themarker-basedapproachcanbeusedby itself to preventoversegmentation.Another

advantageof marker-basedwatershedis that theusercanemploy his high-level knowledgeto

bring outa meaningfulsegmentation.However, in somecases[6], marker extractionneedsthe

outputof thewatershedsegmentationandthemodifiedgradienthasto be processedagainby

the watershedalgorithm,thus increasingthe computationcost. In addition,marker selection

for complex imagesmaybea tediousprocess.Thedifficulty in usingregion merging schemes
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that usecriteria basedon region propertiesis that thesetechniquesarehighly dependenton

the natureof the input image. We prefera region merging algorithmthat works closelywith

the conceptsbehindthe watershedalgorithm itself so that the methodwould be genericand

canbe usedon a variety of imagetypes. Sucha merging schemecanbe onethat is basedon

characterizationof catchmentbasinsor watershedlines.

Evenwith a goodregion merging scheme,it maybehardto determinea stoppingcriterion

thatwould alwaysproducea meaningfulsegmentation.Therefore,hierarchicalsegmentation,

which involvesuser’s high-level knowledgein choosinga meaningfulsegmentation,is a more

effective strategy. Of thehierarchicalsegmentationmethodsdiscussed,thosebasedon scale-

spacerepresentationmay not preserve edges. This includesmethodsthat involve Gaussian

blurring andthosethatusemorphologicaloperators.Thus,a region merging schemebasedon

characterizationof basinsor watershedlines to producea hierarchyof regionscansolve the

oversegmentationproblem.

In our work, we have usedwatersheddepthas the saliency measure[36] to characterize

catchmentbasins. The region merging schemebasedon this measurecan be visualizedas

an immersionof the segmentedimagein water. At every level in the hierarchy, catchment

basinscontainingweakedgesaremerged. This continuesuntil only oneregion is left, which

is theentireimageitself. Thus,a hierarchyof regionsis generatedanda meaningfulsegmen-

tationcanbechosenfrom thehierarchy. This method,by itself, servesto solve theproblemof

oversegmentationandis alsoconsistentwith our goal to producepartially- or fully-automatic

segmentation.
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Chapter 3

WatershedSegmentation

3.1 Intr oduction

Wehave implementedsemi-automatichierarchicalimagesegmentationusingthewatershedal-

gorithm. As a pre-processingstep,we filter the original image,and thresholdthe edgemap

to reducethenumberof irrelevantminima. We thenobtainthewatershedsegmentationby an

implementationof the rainfalling simulationapproach.As a solutionto theoversegmentation

problem,we have useda region merging post-processingstage,in which regions in the seg-

mentedresultaremergedbasedon watersheddepth[36]. This stepproduceshierarchicalseg-

mentationandtheusercanselecta meaningfulresultfrom thehierarchyof regionsgenerated.

In therestof this chapter, we presentthedetailsof thealgorithmsandtheir implementation.
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3.2 Pre-processingStep

We lowpassfilter the original imageusingtheGaussianfunction to reducethe level of noise.

We usethe gradientof the imageasthe edgemapthat servesas input to the algorithm. We

computethe gradientimagefor 2D and3D, grayscaleandcolor imagesasdescribedbelow.

Let � denotetheoriginal imageand � denotethegradientimage. If � is gray-valued,we use

Equation3.1 to compute� . Therearemethodsin the literaturethat discusscomputationof

gradientof color images.For instance,Zenzo[70] suggestsusingthemagnitudeof thegradient

alongthedirectionof maximumchange.Findingthegradientof color images,however, is not

a focusof this work. Hence,we have simply usedtheRMS valueof thegradientsof thecolor

components��v , ��w , and ��x in the
�

and ^ directionsto compute� . This is doneby using

Equations3.2and3.3in Equation3.1.

� 8�y zf{ �{ �}|}~ q z�{ �{ ^ |}~ (3.1)

{ �{ � 8 y ���������� 	 ~ q9���������� 	 ~ q����������� 	 ~, (3.2)

{ �{ ^ 8 y ����� ���� 	 ~ q9����� ���� 	 ~ q9����� ���� 	 ~, (3.3)

We computethegradientof a 3D grayscaleimageusingEquation3.4. To find thegradient

of a 3D color image,weuseEquations3.5,3.6and3.7in Equation3.4.
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� 8�y z { �{ ��|}~ q z { �{ ^ |}~ q z { �{ _ |}~ (3.4)

{ �{ � 8 y ����� ���� 	 ~ q9����� ���� 	 ~ q������ ���� 	 ~, (3.5)

{ �{ ^ 8 y ����� ���� 	 ~ q9����� ���� 	 ~ q9����� ���� 	 ~, (3.6)

{ �{ _ 8 y � ��� ���� 	 ~ q�� ��� ���� 	 ~ qR� ��� ���� 	 ~, (3.7)

We subjectthegradientimage � to thresholding.If @ denotesthe thresholdasa % of the

RMS gradient,we obtainthemodifiedgradientvalue
�

for every pixel � usingEquation3.8.

��� � 	 8 max
� � � � 	�� @ 	 (3.8)

Thethresholdingstephelpsto flattenout irrelevantminimawhosegradientvaluesareless

than @ , forming flat regionsof value @ . This pre-processingstageis not requiredbut is highly

recommendedto reducetheamountof oversegmentationin theoutputof thewatershedalgo-

rithm.
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3.3 WatershedSegmentationAlgorithm

We have implementedwatershedsegmentationusing rainfalling simulation[36, 39]. To de-

scribeour implementation,we first definetermsthatarerequiredto understandtheworking of

thealgorithm.Wethendiscussin detailourdiscreteimplementationof watershedsegmentation

by rainfalling simulation.

3.3.1 Definitions

Dependingon thevaluesof its neighbors,every pixel on the topographicalsurfacecouldbea

single-pixelminimumor partof aflat region. Wedefinetheseasfollows.

Single-PixelMinimum

A pixel whosevalue is strictly lessthan the value at all neighboringpixels is a single-pixel

minimum.By neighboringpixels,wereferto the8-neighborsof apixel in 2D and26-neighbors

in 3D [20]. For instance,in Figure3.1(a),� is asingle-pixel minimum.

Flat Region

A pixel is saidto be partof a flat region if its valueis equalto thevalueof at leastoneof its

neighboringpixels. Flat regionscanbe classifiedinto threetypes,namely, flat maxima,flat

plateaus,andflat minima. If thevaluesof pixelsin theneighborhoodof aflat regionarestrictly

lessthanthevaluesinsidetheflat region, theflat region is calleda flat maximum.If thevalues

of pixelsin theneighborhoodof aflat regionarestrictly greaterthanthevaluesinsidetheregion,
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Figure3.1: Classificationof pixelson thetopographicalsurface:(a) Single-pixel minimum(b)
Typesof flat regions

theflat region is termeda flat minimum. If thevaluesof pixels in theneighborhoodaresuch

thatsomearegreaterthanandsomearelessthanthevaluesinsidetheregion, theflat region is

aflat plateau.Thesethreetypesareillustratedin Figure3.1(b).

3.3.2 Rainfalling Simulation Algorithm

Watershedsegmentationby rainfalling simulationis obtainedusing the following two major

steps:

Searching

Weconstructaone-pixel wide wall aroundthesurfaceandsettheheightof this wall to avalue

higherthanthemaximumvaluein theimage.This stepis only for programmingconvenience.
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It doesnot overwrite on the imageand doesnot prevent the detectionof minima along the

boundary. In asinglewidth-firstscanof theimage,wedetectandlabelsingle-pixel minimaand

flat regions,andalsofind thepixel with the leastvaluealongtheboundaryof eachof theflat

regionsY . In finding the boundaryminimum of a flat region, we may comeacrossmorethan

oneboundarypixel with thesamevalue. In sucha case,we chooseto usetheminimumthatis

detectedfirst while scanningtheimage.At theendof thisstep,thesingle-pixel minimaandflat

regionsin theimagecarryuniquelabels.

Tracing

In thetracingstep,wefirst tracethenon-minimumandnon-flatpixelsto theirrespectiveminima

usingthepathof steepestdescent.For suchapixel � , we starttracingby finding theminimum

of � in its 8-neighborhood(26-neighborhoodin 3D). In thisprocess,wemaycomeacrossmore

thanonepixel in thetheneighborhoodof � carryingthesamevalue.If theequal-valuedpixels

areconnected,thenwe have reacheda flat region (plateauor minimum)andwe terminatethe

tracingof � at the flat region. If the equal-valuedpixels arenot connected,thenwe usethe

onewhich is detectedfirst. We thenmove to the minimum in the 8-neighborhoodof � and

continuethis tracingasdescribedabove until a single-pixel minimumor flat region is reached.

We label all the pixels along this pathof steepestdescentusing the label of the single-pixel

minimum or flat region wherethe tracingends.Similarly, we traceflat maximaandplateaus

to their respective minima. For eachof the flat maximaandplateaus,we begin the tracingat

theboundaryminimumpixel. Hereagain,in eachtrace,we assignthelabelof thesingle-pixelZ
Henceforth,we referto theminimumalongtheboundaryof a regionasboundaryminimum.
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minimum or flat region reachedto all the pixels alongthe pathof steepestdescent.We then

adjustthelabelsin theimagesothatthelabelsrangefrom 2 to ����� where� is thenumberof

regionsin thesegmentedoutput.At theendof this step,every segmentin theimageis labeled

with auniquenumber.

3.4 Hierar chical Segmentationby RegionMerging

The watershedalgorithm typically producesoversegmentationin the presenceof noise. We

proposehierarchicalsegmentationby region merging as a solution to the oversegmentation

problem. The region merging algorithmis basedon characterizationof the catchmentbasins

in theoutputof thewatershedalgorithmusingwatersheddepth[36]. For a givenregion in the

segmentedresult,watersheddepthis definedasthedifferencein valuebetweentheboundary

minimumof theregion andthe local minimumof theregion. For instance,considerthedepth�
shown in Figure 3.2. This measurecan be usedto continuouslymerge regions, until all

the regionsaremergedinto one,thusproducinga hierarchy. Basedon the way in which the

watersheddepthmeasureis usedfor merging, theregion mergingschemecanbeclassifiedinto

two types— implicit region merging andseededregion merging.

3.4.1 Implicit RegionMerging

The processof implicit region merging canbe visualizedasan immersionof the segmented

imagein water in sucha way that every region is floodedsimultaneously. Shallow regions

merge first followed by deeperonesuntil all the regionsaremergedinto a singleregion. The
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Figure3.2: Watersheddepthof a region.

conceptof implicit regionmerging is illustratedin Figure3.3.Figure3.3(a)showsthesegments

in theoutputof thewatershedalgorithmandthe initial watersheddepthfor eachregion. The

regionwith thelowestwatersheddepthof 4 hasweakedgescomparedto theotherregionsin the

imageandhencemayhavebeencreatedby anirrelevantminimum.Therefore,it is mergedwith

theneighborcorrespondingto thewatersheddepth,forminganew region. Here,a ��� m �J�E���'� of

a region � refersto a setof pixelswhich form a region in theresultof watershedsegmentation

andarespatiallyadjacentto � . The watersheddepthmeasureis updatedfor this new region

andits neighbors.Theresultof this is the imageshown in Figure3.3(b). Theregion with the

lowestwatersheddepthof 5 in this imageis mergedwith its correspondingneighbor. Theabove

processoccursiteratively until all the regionsaremerged. Thehierarchyof regionsgenerated

is shown in Figure3.3. Thus,implicit merging automaticallyproducesa hierarchyof regions

basedonwatersheddepth.

Considerthesetof regions ��8uh�� Y � G�G�G � ��v n in theresultof thewatershedalgorithm.Let
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Figure3.3: Implicit region merging

the setof neighborsof a region � e be � e 8Wh�� e�� Y � G�G�G � � e�� 6-� n . Let   e¡� ¢ denotethe difference

betweentheminimumof region � e alongtheboundarywith � e�� ¢ , andthe local minimumof � e .
Let   e 8i  e�� £ denotethe watersheddepthof � e and � e�� £ denotethe correspondingneighbor,

where   e�� £ 8 min h�  e�� Y � G�G�G �   e�� 6.� n . Let � denotethenumberof regionsin the image. The

implicit merging algorithmis asfollows.

1. Initialize �X8R� .

2. Find theregion � e for which thevalueof   e is thesmallest.

3. Merge � e with � e�� £ andupdatetheboundaryminimaof � eM¤ � e�� £ andits neighbors,andthe

local minimumof � e7¤ � e�� £ . Decrement� by 1.
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4. If �¥8�� , themerging is complete.If not,go to step5.

5. Recompute  e for theregions.Go to step2.

Theresultof theabovealgorithmis ahierarchyof regions.Thelowestlevel in thehierarchy

containsthe regionsfrom the resultof watershedsegmentationandthe highestlevel contains

oneregion which is the entireimageitself. Typically, merging of two neighboringregionsat

one level correspondsto the next higher level in the hierarchy. However, at any level in the

above merging process,we maycomeacrossmorethanoneregion with thesmallestvalueof

watersheddepth.In this case,themerging of theseregionswith their correspondingneighbors

will occursimultaneously.

3.4.2 SeededRegionMerging

In thecaseof seededregion merging, theseedregion which initiatesthemerging is chosenby

theuser. Theconceptof seededregion merging is illustratedin Figure3.4. Figure3.4(a)shows

theregionsfrom theresultof watershedsegmentationandtheinitial watersheddepthsof these

regions.Theregion in Figure3.4(a)with initial watersheddepthof 5 is chosenastheseed.This

seedregion is mergedwith theneighborcorrespondingto thewatersheddepthforming a new

region. The watersheddepthof this new region is updated.We againmerge this new region

with theneighborcorrespondingto thewatersheddepth.Theabove occursiteratively until the

seedis mergedwith all otherregionsin theimage.Thehierarchygeneratedis shown in Figure

3.4. Thehierarchyproducedby seededregion merging representsa growing of theseedfrom

thewatershedresult.
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Figure3.4: Seededregion merging

Seededregionmerging is differentfrom implicit regionmerging in that,in theimplicit case,

the seedis implicit andat every level of merging, it is the region with the lowestwatershed

depth. In seededmerging, theseedat every level is thesameandis the region chosenby the

user. Therefore,thehierarchyof regionsgeneratedby seededmerging may be differentfrom

theonegeneratedby implicit merging. For instance,comparethehierarchiesin Figures3.3and

3.4.

Considerthe seedregion ��¦ chosenby the user. Let the set of its neighborsbe �t¦�8h�� ¦ � Y � G�G�G � � ¦ � 6-§ n . Let � ¦ � ¢ betheminimumof region � ¦ alongtheboundarywith � ¦ � ¢ . Notethat

theneighborcorrespondingto thewatersheddepthof � ¦ is theonecorrespondingto thesmallest
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valueof � ¦ � ¢ . Let thesmallestof theboundaryminimabe � ¦ � £ 8 min h � ¦ � Y � G�G�G � � ¦ � 6-§ n andlet� ¦ � £ be the correspondingneighbor. Let � denotethe numberof regions in the image. The

seededmerging algorithmis asfollows.

1. Initialize �X8R� .

2. Find theneighbor� ¦ � £ correspondingto thesmallestvalue � ¦ � £ .
3. Merge � ¦ � £ with � ¦ andupdatethe boundaryminima of � ¦ � £ ¤ � ¦ . This stepresultsin a

new setof � ¦ � ¢ values.Decrement� by 1.

4. If �¥8�� , thenthemerging is complete.If not,go to step2.

Theresultof thismerging,again,is ahierarchyof regions.Thelowestlevel in thehierarchy

containsthe regions in the resultof the watershedalgorithmandthe highestlevel containsa

single region, which is the entire image. At any level in the hierarchy, merging of the seed

region � ¦ with theneighbor� ¦ � £ correspondingto its watersheddepthproducesthenext higher

level in thehierarchy. However, we maycomeacrossmorethanoneneighbor� ¦ � £ for thesame

valueof watersheddepth.In suchacase,all theseneighborsaremergedwith ��¦ simultaneously.

3.5 WatershedSegmentationTool

We have developeda graphicaluser interface(GUI) for easein viewing the hierarchy. We

have interfacedthe programsthat implementwatershedsegmentationandthe region merging

algorithmswith windowing functionsin thetoolkit FLTK [63]. Figure3.5shows a snapshotof
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thetool for 2D images.Thefunctionsavailablein theuserinterfacefor 2D imagesaredescribed

below.

1. Input image: This readsin agray-valuedor color imagein 2D from file anddisplaysit.

2. Gradient: This computesthe gradientof grayscaleand color imagesusing derivative

functionsin VISPackasdiscussedin Section3.2.

3. WS: This filters the image,lets the userselectan appropriatethresholdfor the gradient

imageandcomputesthe watershedsegmentation.The gaussfunction in VISPack has

beenusedfor filtering. The default thresholdis equalto 10% of the RMS valuein the

gradientimage.A grayscale-to-colormappingfunctionhasbeenusedto show different

segmentsin theoutputusingdifferentcolors.

4. Merge: Merging canbe doneusingoneof the two methodsdescribedearlier. Both the

merging algorithmsusetheheapsorttechnique.Thehierarchyof regionscanbeviewed

andtheimageatany level in thehierarchycanbesavedto afile.

5. WriteHR: This savestheentirehierarchyto two files. Theresultof watershedsegmenta-

tion is savedin a .wsfile andthelist of regionpairsmergedatevery level in thehierarchy

is storedin a .hr file. Theentirehierarchycanbereconstructedusingthesetwo files.

6. ReadHR: This allows theuserto readin andview a hierarchywhich hasbeensavedasa

combinationof the .wsand.hr files.

Wehavealsoextendedtheuserinterfacefor 3D images.Figure3.6showsasnapshotof the

tool for 3D images.Theadditionalfeaturesavailableare:
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1. Load: This readsin asetof slicesin 3D from filesanddisplaysthem.

2. Gradient: This computesthegradientof 3D grayscaleandcolor imagesasdiscussedin

Section3.2.

Figure3.5: Snapshotof theuserinterfacefor 2D images
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Figure3.6: Snapshotof theuserinterfaceextendedfor 3D images
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Chapter 4

StreamingAlgorithm

4.1 Intr oduction

In someapplications,the amountof datato be segmentedmay be so large that it is difficult

to provide the requiredamountof memoryon a singlecomputer. Thus,the needarisesfor a

distributed implementationof the segmentationalgorithm. The distributed algorithmcanbe

implementedeitherasastreamingalgorithmor asaparallelalgorithm.In adistributedsegmen-

tationscheme,theimageis dividedinto blocksandthesegmentationof eachblock is computed

individually. Theresultof segmentationfrom theblocksarethenusedto producethesegmen-

tationof theentireimage.In thecaseof a streamingalgorithm,all of theblocksareprocessed

by asingleprocessorwhile in aparallelalgorithm,blocksareprocessedby multipleprocessors.

Designinga distributedversionof the watershedalgorithmis a challengingproblembecause

thesearchingandtracingstepsdescribedin Section3.3cannotbecompletedfor any oneblock

dueto the lack of informationabouttheneighborsof theborderpixelsof theblocks. Most of
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the work in the literaturethat discussesdistributedversionsof the watershedalgorithmdeals

with parallel implementation.Examplesof suchwork are[42, 43, 45]. Moga et al [42] pro-

posea parallel implementationbasedon Meyer’s immersionalgorithm[8]. They divide the

imageinto blockswith overlapanddistribute themto differentprocessors.Onemasterproces-

sorsupervisesthecommunicationamongotherprocessors.In theirapproach,thepixelsin each

block arefirst classifiedasminima andnon-minima. The processorsthencommunicatewith

oneanotherto comparethis local classificationin eachblock andreclassifypixels asminima

andnon-minima. The minima in eachblock are then labeled. The processorscommunicate

againto make surethat thesamesetof pixelsclassifiedasminimaareassignedthesamelabel

in differentblocks.Floodingis donewithin eachblock followedby communicationamongthe

adjacentprocessorsto continuethefloodingacrosstheboundaries.Mogaet al [43] proposea

parallelalgorithmbasedon rainfalling simulation. In rainfalling simulation,the tracingof ev-

ery pixel usingthesteepestdescentpathto a minimumcanbedoneindependentof thetracing

of otherpixels. Hencethey have describedthis approachasbeingbettersuitedfor distributed

implementationthantheimmersionapproach.Hereagain,theimageis dividedinto blockswith

overlappingborders.Labelingandtracingof pixels occurwithin eachblock. The blocksare

thenallowedto communicateiteratively to exchangelabelsuntil therearenounresolvedpaths.

Moga et al [45] posethe problemof distributedcomputationof watershedsegmentationasa

connected-component labelingproblemandhave implementeda parallelalgorithmbasedon

the immersionapproach.They proposethe useof local connectivity graphsof labelsto keep

trackof connectedcomponents(split flat regionsandsteepestdescentpaths)in adjacentblocks.
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A masterprocessorthencombinestheselocalgraphsto produceaglobalgraphfrom which the

final segmentationis generated.

The above-mentionedwork relies on iterative communicationamongadjacentblocks to

obtainthefinal watershedsegmentation.In ourwork, we have designedandtestedastreaming

algorithmbasedon rainfalling simulationwhich produceswatershedsegmentationwithout the

needto iterate.In therestof this chapter, wediscussthedetailsof thisstreamingalgorithmand

theextensibility of thealgorithmto efficientparallelimplementations.

4.2 Detailsof the StreamingAlgorithm

In thestreamingalgorithm,blocksof theimagearesegmentedindividually by asingleprocessor

andtheresultsfromtheblocksareusedtoobtainthesegmentationof theentireimage.Problems

arisewhile computingthe watershedsegmentationof eachblock becausethe searchingand

tracingstepsdescribedin Section3.3 cannotbecompletedlocally within a block. Two major

problemsareasfollows:

1. Incorrectidentificationof thetopographyof borderpixelsin ablock: Thesplitting of the

imagemayresultin incorrectidentificationof thenatureof the topographicalsurfaceat

theborderpixels of theblocks. For instance,considerpixel � in Figures4.1(a)–(b). �
in theimagein Figure4.1(a)is notasingle-pixel minimum.However, whentheimageis

split into two andsegmentedindividually, � will beclassifiedasasingle-pixel minimum

in block 1 asin Figure4.1(b).This is becausecompleteinformationabouttheneighbors

of � is not available in block 1. Hencesteepestdescentpathsthat traceto � will be
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Figure4.1: An exampleof incorrectidentificationof a borderpixel dueto splitting: (a) � as
non-minimumpixel in theimage(b) � asasingle-pixel minimumin block 1

incomplete. Yetanotherinstanceof thisproblemis themis-classificationof aflat plateau

asaflat maximumor minimumwithin ablock.

2. Splitting of flat regionsalongtheborderin ablock: Flat regionsmaybesplit into two or

moresub-regionsin differentblocks.This mayoccurif segmentsY in oneblock re-enter

the sameblock or otherblocks [45]. Figure4.2(a)shows an exampleof a re-entering

segment.Splittingof flat regionscausestheregion to have differentboundaryminimain

thedifferentblocks. A simpleexampleis illustratedin Figure4.2(b). Considertheflat

region with value4 in Figure4.2(b). This hasbeensplit into threesub-regionsin blocks

1, 2,and4. Thesub-region in block1 appearsto beaflat basin.Thesub-region in block2

hasaboundaryminimumat ��892 . Thesub-region in block 4 hasa boundaryminimum

at ¨©8U� . We know that the tracingof flat regions begins at the boundaryminimumZ
In therestof thischapter, we will usethetermregionsto referonly to flat regionson thetopographicalsurface.

Wewill usethetermsegmentsto referto segmentsasin theresultof watershedsegmentation.
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Figure4.2: Examplesof theproblemof split flat regions:(a)Exampleof a re-enteringsegment
(b) Exampleof asplit flat region

pixel. Hence,for this example,the sameflat region will be tracedto differentminima

in blocks1, 2, and4. To prevent this, it is importantto identify theequivalenceof these

sub-regionsandcomparethe local boundaryminima to identify � asthecorrectglobal

boundaryminimumof theflat region.

Both theproblemsdiscussedabove affect thetracingof pixels to thecorrectminima. This

resultsin theassignmentof incorrectlabelsto pixels,andhencein an incorrectsegmentation.

Considerthe1D steepestdescentpathshown in Figure4.3(a). Thepathconsistsof thepixelsh � Y � G�G�G ���<ª'n . Let � bethelabelof
�E«

and ¨ bethelabelof
�
ª

. In thefigure,all thepixelstrace

to
�
ª

andhenceget the label ¨ . It is importantto understandthatwherever thetracingbegins

in this path,theminimumreachedis thesame,andis thepixel
�
ª

. If thepath h � Y � G�G�G ���
ª'n is

split into two partswith pixel
�E«

occurringat theborderof theparts,two steepestdescentpaths
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areobtained— onethatconsistsof h � Y ��� ~ ���<«.n , which get label � , andanotherthatconsists

of h �E¬!� G�G�G ���<ª'n , which get label ¨ . To connectthesetwo paths,we only have to identify that�E«
tracesto theminimum

�E¬
in its neighborhood,andhencelabels � and ¨ areequivalent.To

achieve this, we split thepathin sucha way thatpixels
�<«

and
�E¬

arepresentin bothparts.In

thefirst part,we trace
� Y and

� ~ to
�E«

, andassignthemthe label � . In thesecond,we traceh � ¬ ���<­-���E®'n to
� ª

andassignthemthelabel ¨ . In bothparts,wedonotbegin any tracingat
� «

becauseit is a borderpixel. We simply notethat
� ¬

is theminimumin theneighborhoodof
� «

in thetwo parts.This informationcanbeusedto completethetracingthatstoppedat theborder

pixel
�<«

. In this process,we assignthe labelof
�S¬

, which is ¨ , to
�E«

andall thepixels traced

to
�E«

. It is clearthatto continuethetracingwhichstoppedat theborderpixel
�E«

, we only need

thelocalminimumin theneighborhoodof
�E«

in bothparts.

Theabove involvesa 1D pathsplit acrosstwo blocks. However, this ideacanbeextended

to thecaseof 2D (and3D), andsplitting acrossmultiple blocks. Considera specificexample

of a 2D steepestdescentpathshown in theimagein Figure4.4(a).We split theimageinto two

blocksasin Figure4.4(b). Theflat region of value1 is split into two sub-regions,causingthe

steepestdescentpathalsoto split into two andhencethe tracingto be incomplete. To solve

this problem,we split the blocks in sucha way that the two blockshave an overlap of two

columns. This is shown in Figure4.4(c). We note that the sub-region in block 1 is itself a

minimum andhencestorethe value1 as its boundaryminimum. We alsonote that the sub-

region in block 2 hasa boundaryminimum of 0. By comparingthe boundaryminima in the

two blocks,we identify that theflat region of value1 is not a minimumasclassifiedin block
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Figure4.3: Splittingof a1D steepestdescentpath

1, but that it tracesto the minimum 0 in block 2. Therefore,the correctlabel of the path in

block1 is thelabelof thepathin block2. Notethatthepathin eitherblock is asteepestdescent

pathandit is sufficient to comparetheboundaryminimaof thesub-regionsin the two blocks

to solve theproblemof incompletetracing.This factcanbeexploitedin computingdistributed

watershedsegmentationwithout theneedfor iterative communicationamongadjacentblocks.

In generatingthewatershedsegmentationof eachblock,thesteepestdescentpathscanbemade

to stopat theborderpixels of theblocks. Splitting of theblockscanbedoneasshown in the

Figure4.4(c).Theboundaryminimaof theborderpixelscanbestoredfor eachblock andthey
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Figure4.4: Exampleof splitting of a2D steepestdescentpath

canbe usedto completethe tracing that wasstoppedat the bordersof the blocks. We have

designeda streamingalgorithmto testthis approach.This algorithmworks in threestages.In

thefirst stage,we computethewatershedsegmentationof eachblock separatelyby a modified

watershedalgorithm. In the secondstage,we processadjacentblocks,pairwise,to exchange

boundaryminimainformationabouttheborderpixels.Usingtheresultof thisstage,were-label

pixels in theblocksin thethird stage.At theendof thesethreestages,we cansimply combine

thesegmentationof theblocksto get thesegmentationof thewhole image.Thedetailsof the

implementationusedfor testingareasfollows:
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¯ Stage1:

1. We assumethat the pre-processingsteps,namely, filtering and thresholdinghave

beencompletedandtheresultingedgemapis theinput to thealgorithm.

2. Wedivide theinput imageinto blockssuchthatthematrixof theseblocksis of size° "}± . Dependingontherow positionsin thematrix,weassigntheblocksrowtypes�
,
�

, and
�

whichdenotefirst, middle,andlastrespectively. Similarly, depending

onthecolumnpositionsin thematrix,weassigntheblockscolumntypes
�

,
�

, and�
. This is 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 overlap is shown in Figure

4.6(b).Notethatin thiscase,
° 8>±u89, .

3. Wecomputethewatershedsegmentationof each block usingamodifiedwatershed

algorithm,discussedasfollows:

(a) Wecompletethesearchingstepasdiscussedin Section3.3.

(b) Dependingon the row andcolumntypesof theblock, we storethe boundary

minimaof selectedborderpixels. Theboundaryminimumfor a non-flat,non-

minimum pixel, refersto the minimum in its 8-neighborhood.The boundary

minimumfor apixel or flat region which is aminimuminsidetheblock would

be the pixel or flat region itself. Let � be the numberof rows in a block and² be the numberof columns. The rows andcolumnsfor which the boundary

minima arestored,dependingon the row andcolumntypesof the block, are
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Figure4.5: Divisionof theimageinto blockswith overlap
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Figure4.7: Boundaryminimaarestoredfor (a)Pixelsin theshadedrowsbasedontherow type
and(b) Pixelsin theshadedcolumnsbasedonthecolumntype. (c) Exampleof blocksof (Row
type,Columntype)equalto

��������	
and

��������	
shown in Figures4.7(a)–(b).Specificexamplesof blocksof type

�������³	
and���O����	

areshown in Figure4.7(c).

(c) Dependingontherow andcolumntypesof theblocks,wemarkselectedpixels

alongtheborderusingnegative labels,asshown in Figures4.8(a)–(b).Mark-

ing with negative pixelsis doneto indicatethatthesepixelsareunknown. This

meansthatenoughinformationabouttheneighborsof thesepixelsis notavail-

ableto completethe next (tracing)step. An exampleblock of type
���´���N	

is

shown in Figure4.8(c). In this figure,   is a single-pixel minimumand
�

is a
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flat regiondetectedduringthesearchingstep.Theotherpixelsarenon-minima

andnon-flatpixels. For this block, we mark pixels in the shadedareaasun-

knownsusing uniquenegative numbers. The pixel at location
� � � , 	 is also

unknownbecauseit is partof theflat regionof value
�

thatspreadsacrossrows

3 and4, andcolumns4 and5. Notethatthetwo-pixel wideoverlapis usefulin

keepingtrackof split flat regions.

(d) In the tracingstep,we traceall pixels exceptthe onesmarked unknown. If a

steepestdescentpathleadsto anunknown, the tracingstopsthere.No tracing

beginsatany unknownpixel.

4. We computethesegmentationof all theblocksin themannerdescribedabove. We

adjustthelabelsin thewatershedresultof all theblockssuchthatnotwo blocksuse

thesamelabel.¯ Stage2:

1. We thenprocessadjacentblocks,pairwise,to exchangeboundaryminima of pix-

els andsolve the problemof incompletetracingat the borderof the blocks. For

instance,pairwiseprocessingof blocks for the examplein Figure 4.6 is doneas

shown in Figure4.9.

2. For eachpair of adjacentblocks,we handletheunknownborderpixelsasfollows.

Considerthe blocks µ and � shown in Figure4.10. µ Y and µ ~ denotethe last two

columnsin µ , and � Y and � ~ denotethefirst two columnsin � . Notethatthepixelsinµ Y and µ ~ arethesameasthosein � Y and � ~ respectively, andthatthey areunknown
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Block 1 Block 2 Block 3

Block 4 Block 5 Block 6

Block 7 Block 8 Block 9

Figure4.9: Pairwiseprocessingof adjacentblocksfor theexamplein Figure4.6

pixels. Consideronesuchpixel �·¶ in µ and �c¸ in � . Let
�}¹-º

and
�»¹!¼

bethelabels

of �·¶ and �·¸ respectively. Let   Y betheboundaryminimumof �·¶ and
�}½ Z beits

label. Let   ~ betheboundaryminimumof �·¸ and
�}½�¾

beits label. Let usreferto

theoccurrenceof �·¶ (or �·¸ ) in theoriginal imageas � . Let the labelof � be
�}¹

andits boundaryminimumbe   . Weprocesspixels �·¶ and �·¸ asdescribedbelow:

(a) We first mapthe labelsof � ¶ and �·¸ equivalent. This is doneby storingthe

pair
���»¹-ºC���}¹!¼�	

in amapof equivalentlabelscalled
�

.

(b) Wethencomparetheminima   Y and   ~ to solve theincompletetracingprob-

lem at the bordersof blocks µ and � . Thereare four casesto be considered

basedon theminima   Y ,   ~ , and   .

i.   Y 8>  ~ ,   Y l   , and   Y lies in µ ~ : Thismeansthattracingfrom pixel� continuesin theblock � . Therefore,
�»¹ 8 �¿½³¾ and  À8>  ~ .
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Figure4.10:Processingof two adjacentblocks

ii.   Y 8V  ~ ,   Y l   , and   Y doesnot lie in µ ~ : This couldmeanthat the

boundaryminimum of � ¶ and �c¸ is the sameandlies in µ Y (or � Y ). For

this, we canmake the assignments
�»¹ 8 �¿½ Z and  Á8L  Y . This case

could also meanthat thereare two different boundaryminima with the

samevalue.Note,however, thatsuchcasesaregenuineambiguitiesin the

dataandcanalsoarisein theserialwatershedalgorithm.In ouralgorithm,

we chooseto make theassignments
�}¹ 8 �}½ Z and  À8>  Y .

iii.   Y s   ~ and   Y l   : This indicatesthe tracingfrom � continuesin

block µ . Therefore,
�}¹ 8 �}½ Z and  À8>  Y .

iv.   ~ s   Y and   ~ l   : This indicatesthe tracingfrom � continuesin

block � . Therefore,
�}¹ 8 �}½ ¾ and  À8R  ~ .

The above processingschemehastwo advantages.First, it serves to identify the

equivalenceof occurrencesof the samepixel � in differentblocksby storingthe
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equivalenceof their labels. This helpsto detectthe equivalenceof sharedflat re-

gionsandre-enteringsegments.Second,pairwiseprocessingof adjacentblocksfor

comparisonof boundaryminima helpsto locatetheactual boundaryminimum of� , whichwill bethesameastheonedetectedby theserialwatershedalgorithm.

3. Weprocessall thepairsof adjacentblocksusingtheschemedescribedabove.

¯ Stage3:

Fromtheresultof Stage2,weknow thelabelof thecorrectminimaof theunknownpixels.

We addthis informationto themap
�

. This is doneby storingthe label of oneof the

occurrencesof every unknownpixel, andthelabelof thecorrectminimumasequivalent.

For instance,considerapixel � in theoriginal imagethatoccursastheborderpixel �c¶ in

oneblock, �c¸ in a secondblock,and �cÂ in a third block. For this pixel � , it is sufficient

to storethepair
��� ¹ º)��� ¹ 	

in
�

. We thenuse
�

to derive a lookuptable
�

whichgives

thefinal labelfor every unknownpixel. Let �tÃ bethesizeof
�

andthe   th elementin�
beof theform

� µ ½F� � ½k	 . Weusethefollowing procedureto generate
�

.

for
m

= 1 to �tÃ
if
�ÅÄ µ ½�Æ is not setand µ ½ is unknown�ÅÄ µ ½ Æ�Ç µ ½

if
�ÅÄ � ½ Æ is not setand � ½ is unknown�ÅÄ � ½ Æ
Ç � ½µ Ç �ÈÄ µ ½ Æ ; � Ç �ÅÄ � ½ Æ
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if µ is equalto �
continuewith thenext elementin

�
for every É in

�
if
�ÅÄ É Æ equalsµ�ÈÄ É Æ�Ç �

We usethetable
�

to re-labeltheunknownpixels in theblocks. At theendof this step,

eachblock representsa portionof thesegmentationof the entireimage. Therefore,the

blocks can be simply put togetherto obtain the watershedsegmentationof the entire

image.

4.3 Proof of Corr ectness

In the streamingalgorithmdescribedabove, every pair of adjacentblocks is processedonly

once. This is consistentwith the generalconceptdiscussedearlier in this chapter, that dis-

tributedcomputationof watershedsegmentationcanbeachievedwithout iterative communica-

tion amongadjacentblocks. To show this, we first discusssomepropertiesof the streaming

algorithmasfollows:

1. Thetracingof pixelswithin ablock is completeexceptat theborder. Therearetwo kinds

of pixels in thewatershedresultof a block, namely, unknownandknown. As discussed

earlier, pixelsmaybetracedto unknownpixelsbut no tracingbeginsat thesepixels.The
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knownpixelsarethosethattraceto local minimawithin theblock. Thewatershedresult

of eachblock is incompletebecausethetracingis stoppedat theunknownpixels.

2. A pixel canbeconsideredasaflat regionof size1. Hence,werefertopixelsasflat regions

or simply regions. To start tracingat a region, we needto find the boundaryminimum

of the region. Consideronesuchregion. In the serialwatershedalgorithm,tracingfor

this region would begin at the boundaryminimum. Splitting of the imageinto blocks

causestheregionto havedifferentboundaryminimain differentblocks.It is necessaryto

comparethelocalboundaryminimain theblocksto obtaintheglobalboundaryminimum

andhencethecorrectsteepestpathout of this region. In our streamingalgorithm,this is

achievedthroughpairwiseprocessingof adjacentblocks.

3. The final segmentationresultcould containunknownlabelsalso. The presenceof un-

knownlabelsdoesnot meanthat thesegmentationis incorrector incomplete.Unknown

labelsin the final segmentationarecausedby minima which occuralongthe borderof

the blocks. A simpleexampleof this caseis shown in theFigure4.11. The pixel with

value3 is tracedto thepixel 0, which is aminimumpixel carryinganunknownlabel.

Wecanprove thatthestreamingalgorithmproducesthesameresultastheserialwatershed

algorithmby methodof induction. Consider� in Figure4.12. In this figure, � is tracedto

a minimum
�

within the block. We know that the pathswithin a block aresteepestdescent

paths.
�

is not alongtheborderandtherefore,thetracingof � to
�

is correct.Considerthe

casein Figure4.13.Here, � is tracedto a minimum
�

in anadjacentblock. Thepathswithin

the blocksaresteepestdescentpaths. Therefore,the tracingof � to
�

will be correctif the
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Figure4.11:Thepixel with value3 tracesto theminimum0 carryinganunknownlabel.

Figure4.12:Proof— Minimum within theblock

Figure4.13:Proof— Minimum in anadjacentblock
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Figure4.14:Proof— Minimum severalblocksaway

path �tÊ Y , that startsfrom � andendsin Ê Y is connectedwith the correct path in the other

block. Weknow thatthestreamingalgorithmusestheboundaryminimumof Ê Y to continueits

tracing.Hence,thetwo steepestdescentpaths,�tÊ Y and Ê Y � connectedthroughtheboundary

minimumof Ê Y form a singlesteepestdescentpath.Thus,thetracingof � to
�

is correct.

Considerthecasein Figure4.14where � is tracedto a minimum
�

severalblocksaway.

Fromtheprevious two cases,we know thatpaths�tÊ Y and �tÊ Y Ê ~ aresteepestdescentpaths.

Thenby induction, �tÊ Y Ê ~ Ê « is alsoa steepestdescentpath. Proceedingthus, the different

pathsconnectedthroughtheboundaryminimaof Ê Y � Ê ~ � GËGËG � Ê·6 form a singlesteepestdescent

path �tÊ Y Ê ~ GËGËGÌÊc6 � . Hence,in this casealso, the tracingof � to
�

is correct. Thus, our

streamingalgorithm producesthe sameresult as the serial watershedsegmentationwithout

iterative processingof adjacentblocks.
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4.4 Parallel Implementation

An efficient parallelalgorithmcanbe implementedusingtheabove describedstreamingalgo-

rithm anda binary-tree-like reductionmethod. We usethe examplein Figures4.15and4.16

to describethe binary reductionscheme.Figure4.15(a)shows the division of the imageinto

a matrix of blocksof size ,0"Í& . Let Î eÏ¢ denotea block in the
m
th row and Ð th columnof this

matrix. Thepairwiseprocessingmethoddescribedin Section4.2canbeusedasa schemefor

communicationamongpairsof adjacentblocks.This canbecombinedwith a binaryreduction

of columnsof blocks,followed by reductionof rows. The reductionof columnsis illustrated

in Figures4.15(a)–(c).Along row 1, block Î Y�Y communicateswith block Î Y ~ , andblock Î Y «
communicateswith block Î Y ¬ . In thenext step,thecombinationof blocks Î Y�Y and Î Y ~ com-

municateswith thecombinationof Î Y « and Î Y ¬ , resultingin a singleblock 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 shown in Figures4.16(a)–(b).In general,let thesizeof thematrix of theblocksbe
° "+± ,

where
°

is thenumberof rows,and ± is thenumberof columns.Considertheimplementation

of theabove binaryreductionschemeon a singleprocessor. Thecostof completingthereduc-

tion of columnsfor eachrow is ±Ñ�9� . The costfor
°

suchrows is
° � ±K�9� 	 . The costof

completingthereductionof rows is
° �T� . Therefore,thetotal costfor communicationamong

blocksis
° � ±���� 	gq ° ���ÅÒ9Ó � ° ± 	 . If

° 89±Q89� , this is Ò�Ó � � ~ 	 .
ConsiderFigure4.15(a)again. In row 1, the communicationbetweenÎ Y�Y and Î Y ~ , andÎ Y « and Î Y ¬ canoccurat the sametime, andsimultaneouslyasthe communicationbetween
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(a)

(b)

B11 B12+ B13 B14++

B21 B22+ B23 B24++

B31 B32+ B33 B34++

(c)

B11 B13 B14B12

B31 B32 B33 B34

B21 B22 B23 B24

Figure4.15:Binary reductionof columns
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(a)

B31 B32+ B33 B34++

+B11 B12+ B13 B14++

B21 B22+ B23 B24++

(b)

B31 B32+ B33 B34++

B11 B12+ B13 B14++

B21 B22+ B23 B24++

Figure4.16:Binary reductionof rows
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Î ~ Y and Î ~�~ , Î ~ « and Î ~ ¬ , Î « Y and Î « ~ , Î «�« and Î «A¬ . Similarly thecommunicationbetween

blocks shown in Figure 4.15(b)can also occur simultaneously. This holds for reductionof

rows too. Thus,thebinary reductionschemecanbe implementedasa parallelalgorithm. For

the exampleunderconsideration,this is illustratedin the Figure4.17. If
° "Ô± is the size

of the matrix of the blocks,the costof completingthe reductionof columnsfor a singlerow

is ÕËÖ!× ~ ± . The cost for
°

suchrows is
° ÕËÖ!× ~ ± . The costof completingthe reductionof

rows is ÕËÖ!× ~ ° . The total cost for communicationamongblocks is
° ÕËÖ!× ~ ± q ÕËÖ!× ~ ° . If° 8P±Ø8O� , this is ÒVÓ � �PÕpÖ!×»� 	 . Thecostin this caseis muchlessthanin theearliercase

wherea singleprocessoris used. Thusan efficient parallel implementationcanbe achieved

usingacombinationof thestreamingalgorithmandthebinaryreductionmethod.

4.5 Costof Generating the Lookup Table

Thecostof computationincludesthecostof computingthewatershedsegmentationonall pro-

cessors,theoverheadfor communicationamongblock pairs,thecostof generatingthelookup

table
�

, andthecostof re-labelingpixels in theblocks. Thecostof computingthewatershed

segmentationandthecostof thefinal re-labelingstepareboth proportionalto the sizeof the

image.Thecommunicationoverheaddependson thesizeof thematrix of blocks,asdiscussed

in Section4.4. In thissection,we analyzethecostof generatingthelookuptable
�

.

Let � Ã be the sizeof the map
�

and �*Ù , the numberof unknowns, be the sizeof the

lookuptable
�

. Considera 2D imageof size �©"3� , which is dividedinto a matrix of blocks

of size
° "t± . Theworstcaseof � Ù of occurswheneveryborderpixel getsauniqueunknown
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Figure4.17:Parallelimplementationof thebinaryreductionscheme
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label.Consideringtheoverlapof theblocks,wecanshow that � Ù 89�-� ÄË� ° �Í� 	)qÚ� ±T�+� 	 Æ q& � ° �N� 	�� ±+�N� 	 . Forconstant
°

and± , wecanreducethisexpressionto theform � Ù 8RÛ Y � qÛ ~ whereÛ Y and Û ~ areconstants.Therefore,� Ù is Ò9Ó � � 	 . ��Ã is thesumof �NÜ , thenumber

of pairsof equivalentlabelsand ��Ý , thenumberof entriesof thecorrectminimumfor eachset

of equivalentunknowns. Wecanshow thatthe �NÜ�89� ÄË� ° �Þ� 	.q1� ±ß�Þ� 	 Æ q & � ° �Þ� 	�� ±Ô�Þ� 	 .
Thevalueof � Ý dependson thenatureof the input edgemap. In theworstcase,whenevery

borderpixel getsa uniqueunknownlabel, � Ý 8�� ÄË� ° �>� 	·qP� ±u�à� 	 Æ qP� ° �à� 	�� ±Ñ�à� 	 .
Adding andsimplifying, we canshow that �tÃ is of the form ��Ãá8âÛ Y � q Û « where Û « is

anotherconstant.Therefore,�tÃ is Ò�Ó � � Ù 	 . Therefore,theworstcasecostof generatingthe

lookuptableis 8OÓ � ��ÃD� Ù 	 ÒOÓ � � ~Ù 	 ÒOÓ � � ~ 	 . For a 2D input image,theunknownpixels

arein 1D. For a nD image,theunknownpixelswill be in (n-1)D.Therefore,for a a nD image,

which is of length � alongeachdimension,thecostis Ó � � ~�ã 6)ä Y�å 	 .
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Chapter 5

Resultsand Discussion

5.1 WatershedAlgorithm — Testing

Webegin by verifying theimplementationof the2D watershedalgorithmwith somesimpletest

images.Figure5.1(a)shows a 2D sineimageof size ���! æ"Ô���! thatwe have useddirectly as

thegradientinput to thewatershedalgorithm.This image,
����m�� Ð 	 , is calculatedusingEquation

5.1.

����m�� Ð 	 89(fç�èpé z·ê m�-2 | ç�èpé z�ê Ð�-2 | (5.1)

Thepixels in thesineimage
�

representa topographicalsurfacethatcontainsflat plateaus,

single-pixel minima, single-pixel maxima,and other non-minimapixels. The imageserves

to verify that the watershedalgorithmdetectsandtracessuchpixels correctly. The resulting

segmentationis shown in 5.1(b).We have useddifferentcolorsto representdifferentsegments
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(a) (b)

Figure5.1: Verificationof the2D implementationof thewatershedalgorithm: (a) 2D sineas
gradientinput ( ���! #"����! ) (b) Watershedsegmentation

(a) (b)

(c)

Figure5.2: Verificationof the2D implementationof thewatershedalgorithm: (a) Imageof a
box ( %'&)(#"+%-,.& ) (b) Gradientimage(c) Watershedsegmentation
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(a) (b) (c)

Figure5.3: Verificationof the2D implementationof thewatershedalgorithm: (a) Imagewith
objectsof differentshapes( �!,!/0"3�-2
� ) (b) Gradientimage(c) Watershedsegmentation

in theoutput.

Figure5.2(a)is asyntheticimagecontainingflat regionsandverifiestheability of thealgo-

rithm to detectflat segments.Figure5.3(a)is anothersyntheticimagethatcontainsobjectsof

differentshapes.This is usedto checkthat thealgorithmidentifiesboundariesof objectswith

variousshapescorrectly. Theoutputsof thewatershedalgorithmfor theseimagesareshown in

5.2(c)and5.3(c)respectively.

We have testedthe implementationof the 3D watershedalgorithm using a 3D phantom

imageof theheadwhoseslicesareshown in Figure5.4. Theslicesare50 in number, eachof

which is of size (.&F"4(.& . Slicesof the3D gradientimageareshown in Figure5.5.Theresultof

thewatershedalgorithmis shown in Figure5.6. Theresultindicatesthat thealgorithmis able

to detectsegmentsembeddedin 3D.
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Figure5.4: A 3D phantomimageof thehead( (.&4"3(.&0"3(-2 )

Figure5.5: Gradientof theslicesof the3D phantomimage
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Figure5.6: Watershedsegmentationof the3D phantomimage

5.2 Effect of the Pre-processingStep

We have usedsomesyntheticand real imagesto show the effect of the pre-processingstep.

Considerthesyntheticimagein Figure5.7(a).Its gradientis shown in Figure5.7(b). Its water-

shedsegmentationis shown in Figure5.7(c),whichhas6 regions.Gaussiannoiseis thenadded

to the imagein Figure5.7(a)using the noiseGaussfunction in VISPack with input standard

deviation 5 6 8R& , which is (-2): of RMS of gradient.Watershedsegmentationof thecorrupted

image,shown in Figure5.7(f), has9873regions. This is dueto the irrelevant minimacreated

by noise.Wesubjectthecorruptedimageto filtering usingthegaussfunctionin VISPack,with

inputstandarddeviation 5<;F8>& , andthenthresholdthegradientat @R89B!�C: of theRMSvalue.

Theeffect of this stepon thewatershedresultis indicatedin Figure5.7(g).Thepre-processing

stepremovestheirrelevantminima,producingacleansegmentation.
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Figure5.8(a)showsarealimageof stripsof differentcolorsonatable.This imagecontains

a high level of noiseand texture. Therefore,the watershedalgorithm producesan overseg-

mentedresultasshown in Figure5.8(c),whichhas1499regions.Theoriginal imageis subject

to filtering with 5E;*8V2HGI( andthegradientis thresholdedat @V8O&),C: of theRMS value.This

pre-processinghelpsto reduceoversegmentation. The resultof the watershedalgorithmfor

the pre-processedimageis shown in Figure5.8(d), in which the numberof regionshasbeen

reducedto 354.

Wehave usedthe3D phantomimagein Figure5.4 to show theeffectof thepre-processing

stepon theresultof the3D watershedalgorithm.Eachof the50 slicesis corruptedwith Gaus-

siannoiseusingthenoiseGaussfunctionwith inputstandarddeviation 5S6t8R2HGp� , whichis 2HGI,C:
of RMS gradient. Watershedsegmentationof the corruptedimageleadsto oversegmentation

producingthe result in Figure5.9(a),which contains5333regions. We processthecorrupted

imageby filtering with 5<;F8R2HGI( andthresholdthegradientat @R8R&M: of theRMS value.This

removestheoversegmentationcauseddueto noiseandproducestheresultin Figure5.9(b).

The effect of the pre-processingstepin reducingthe numberof irrelevant regions in the

outputof thewatershedalgorithmcanbeobserved from Table5.1. In this table, �Në
ì denotes

thenumberof regionsin thesegmentationwithoutpre-processing,and �Në denotesthenumber

of regionsin thesegmentationwith pre-processing.As seenfrom thetabledifferentthresholds

work well for differentimages.Note,however, thatthepre-processingstepdid not completely

removetheoversegmentationin thecaseof theimagein Figure5.8.For someimages,it maybe

evendifficult to find a thresholdthat reducesoversegmentationwithout wiping out significant
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(a) (b) (c)

(d) (e) (f)

(g)

Figure 5.7: Effect of pre-processingon 2D watershedsegmentation: (a) A syntheticimage
( ,!,!(�"��! ! ) (b) Gradientimage(c) Watershedsegmentation(d) Corruptedimage( 5S6t89(-2): of
RMSgradient)(e)Gradientof (d) (f) Oversegmentedwatershedresult(withoutpre-processing)
(g) Watershedsegmentation(with pre-processing— 5E;N8>&
?A@989B!�C: )
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(a) (b)

(c) (d)

Figure 5.8: Effect of pre-processingon 2D watershedsegmentation: (a) A noisy and tex-
turedimage( �!(!/0"3�.&C2 ) (b) Gradientimage(c) Oversegmentedwatershedresult(without pre-
processing)(d) Watershedsegmentation(with pre-processing— 5<;F8R2HGI(J?A@�8>&),C: )
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(a) (b)

Figure5.9: Effectof pre-processingon 3D watershedsegmentation:(a) Oversegmentedwater-
shedresultfor Figure5.4 afteradditionof noise(without pre-processing)(b) Resultof water-
shedsegmentation(with pre-processing— 5<;=8R2HGI(J?A@O8>&M: )

minima. Sucha caseis illustratedin Figure5.10. Figure5.10(a)is a real imagecontaining

noise.Watershedsegmentationof theimageproducestheoversegmentedresultshown in Figure

5.10(c),which has5686regions.We filter theoriginal imagewith 5<;#8V2HGI( andthresholdthe

gradientat @W8í���C: of the RMS value. The result of the watershedalgorithm still shows

oversegmentationwith 1632regions,as in Figure5.10(d). If we increasethe threshold@ to

25%of theRMS valueto furtherreduceoversegmentation,it resultsin themerging of different

segmentsin theoutput,asin Figure5.10(e).Suchproblemsareovercomeby theapplicationof

theproposedregionmerging post-processingschemes.
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(a) (b)

(c) (d)

(e)

Figure5.10:Effectof pre-processingonwatershedsegmentation:(a)Original image(b) Gradi-
entimage(c) Oversegmentedwatershedresult(withoutpre-processing)(d) Watershedsegmen-
tation( 5E;N8R2HGI(J?A@98����C: ) (e)Watershedsegmentation( 5<;F8R2HGI(J?A@98��!(C: )
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Table5.1: Effectof thepre-processingstagein reducingoversegmentation

Image 5E; T �Fë
ì �Në
Figure5.7 4 92 9873 6
Figure5.8 0.5 43 1499 354
Figure5.9 0.5 4 5333 9
Figure5.10 0.5 12 5686 1632
Figure5.10 0.5 25 5686 958

5.3 Hierar chical Segmentation

5.3.1 Implicit RegionMerging

We have usedsyntheticandreal imagesto demonstratetherole of theimplicit region merging

schemein reducingoversegmentationandproducingahierarchyfrom whichameaningfulseg-

mentationcanbesimply chosen.Considerthesynthetichouseimageshown in Figure5.11(a).

Thegradientof this imageis shown in Figure5.11(b),andthewatershedsegmentationis shown

in Figure5.11(c).Thesyntheticimageis corruptedby addingGaussiannoiseto theRGBcom-

ponentsusing the noiseGaussfunction with 5S6�8î�JGI, which is �!(C: of the RMS gradient.

Watershedsegmentationof thecorruptedimagewithout pre-processingproducestheoverseg-

mentedresultin Figure5.11(f),whichhas10,870regions.To show theworkingof themerging

scheme,we processthe input imageby filtering with 5<;�8ï� and thresholdthe gradientat@R89(C: of theRMSvalue.Thispre-processingreducesthenumberof regionsin thewatershed

output,shown in Figure5.12(a),to 794. We apply implicit merging on theregionsin this im-

ageto producea hierarchy. Regionsat selectedlevels from thehierarchyareshown in Figures

5.12(b)–(f). The numberof regionsat theselevels areshown in Table5.2. It is clearthat the
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(a) (b) (c)

(d) (e) (f)

Figure 5.11: Implicit region merging: (a) A syntheticimage(b) Gradientimage(c) Water-
shedsegmentation(d) Corruptedimage( 5S618L�!(C: of RMS gradient)(e) Gradientof (d) (d)
Oversegmentedresult(without pre-processing)

numberof regionsreducesaswe move up thehierarchy. The regionsat level 784Y , shown in

Figure5.12(d),representameaningfulsegmentation.

Considertheworkingof theimplicit merging schemefor thelampimagein Figure5.10(a).

The imageis filteredwith 5E;æ8â� andthegradientis thresholdedusing @Ø8Ø�C: of theRMS

value. Implicit merging is appliedto the watershedresultshown in Figure5.13(a). Selected

levels of the resultinghierarchyareshown in Figure5.13andthe numberof regionsat these

levelsarelisted in Table5.3. A combinationof thepre-processingstageandimplicit merging

on regionsfrom thewatershedresulteffectively reducesoversegmentationof theimage.

Theapplicationof theimplicit merging schemein thecaseof anotherreal imageis shownZ
For convenience,thelevelsin thehierarchyarelabeledfrom 0,whichcorrespondsto theinitial watershedresult,

to a maximumnumberthatcorrespondsto thelevel with a singleregion.
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(a) (b)

(c) (d)

(e) (f)

Figure5.12: Hierarchyproducedby implicit region merging: (a) Watershedsegmentationof
corruptedimage( 5<;38L�J?A@i8L(C: ). Regionsat levels 460,680,784,786,789areshown in
(b)–(f).
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Table5.2: Implicit Region Merging for thehouseimage(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 thelampimage(SeeFigure5.13): Numberof regions
atdifferentlevels

Level Numberof regions

0 1383
950 433
1250 133
1311 72
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(a) (b)

(c) (d)

Figure5.13: Hierarchyproducedby implicit region merging: (a) Watershedsegmentationfor
imagein Figure5.10(a)( 5<;38X�-?A@i8ð�C: ). Regionsat hierarchylevels 950,1250,1311are
shown in (b)–(d).
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Table5.4: Implicit RegionMerging 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 noisyandtextured. Theimageis filteredwith 5E;D8L�
andthegradientis thresholdedat @Q8Ø/C: of theRMS value. Thewatershedoutputis shown

in Figure5.14(c),whichcontains1480segmentsandis heavily oversegmented.Selectedlevels

from thehierarchyproducedby implicit mergingareshown in Figures5.14(d)–(h).Thenumber

of regionsat theselevels areshown in Table5.4. The implicit merging schemeclearly helps

to reduceoversegmentation. The regionsat level 1468,shown in Figure5.14(h)representa

meaningfulsegmentation.

To show theworkingof implicit mergingon3D images,weaddnoiseto theimagein Figure

5.4usingthenoiseGaussfunctionwith 576*8R2HGp� , which is 2HGI,C: of theRMS gradient.Wepro-

cessthecorruptedimageby filtering with 5<;=8R2HGI( andthresholdthegradientat @R8R2HGI�!(!/!/C:
of theRMS value.Watershedsegmentationof this imageproducestheresultin Figure5.15(a),

which contains864 regions. Selectedlevels from thehierarchyproducedby implicit merging

areshown in Figures5.15(b)–(d).Thenumberof 3D regionsat theselevelsareindicatedin Ta-

ble 5.5. Theregion merging schemedoesreduceoversegmentationandproducesa meaningful
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure5.14:Hierarchyproducedby implicit regionmerging: (a)A realimage— noisyandtex-
tured(b) Gradientimage(c) Watershedsegmentation( 5E;t8Q�-?A@P8P/C: ). Regionsat hierarchy
levels775,1235,1395,1455,1468areshown in (d)–(h).
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Table5.5: Implicit Region Merging for the3D phantomimageof thehead(SeeFigure5.15):
Numberof 3D regionsatdifferentlevels

Level Numberof 3D regions

0 864
1 302

211 91
292 10

segmentationat level 292.Thesegmentedslicesat this level areshown in 5.15(d).

5.3.2 SeededRegionMerging

In the caseof seededregion merging, the userpicks a segmentof interestfrom the original

imageto grow this segmentfrom theoversegmentedresultandalsostudyits merging with ad-

jacentsegments.Considerthecorruptedhouseimagein Figure5.11(d)andtheoversegmented

watershedresult in Figure5.11(f). To starttheseededmerging process,we choosethesunin

theoriginal imageastheseed.Theseedis indicatedin Figure5.16(a).Selectedlevelsfrom the

hierarchyproducedby seededregion merging areshown in Figures5.16(b)–(e).Thegrowing

of the seedsegmentis completein the Figure5.16(d). Higher levels of the hierarchyshow

themerging of this segmentwith others.For instance,considerFigure5.16(e),wheretheseed

segmentmergeswith thebackgroundleaving anoutlineof thetree,theroad,andthehouse.

Considertheapplicationof seededregionmerging for theroadimagein Figure5.17(a).We

processthis imageby filtering with 5E;Ô8©�-GI( andthresholdthe gradientimageat @ñ8ò/C:
of the RMS value. The watershedsegmentationresult is shown in Figure5.17(b),which is

anoversegmentedresult. To startthemerging process,we selectthe roadin the imageasthe

86



(a) (b)

(c) (d)

Figure5.15: Hierarchyproducedby implicit region merging: (a) Watershedsegmentationof
Figure5.4afteradditionof noise( 5<;*8V2HGI(J?A@Q8P2HGI�!(!/!/C: ). Regionsat levels1, 211,292are
shown in Figures5.15(b)–(d).
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(a) (b)

(c) (d)

(e)

Figure5.16: Hierarchyproducedby seededregion merging: (a) Input imageshowing theseed
segment(b) Oversegmentedresult( 5E;F89�J?A@�89(C: ) (c)&(d) Growing of theseedsegment(e)
Merging of theseedsegmentwith thebackgroundin theimage
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(a) (b)

(c) (d)

Figure5.17: Hierarchyproducedby seededregion merging: (b) Input imageshowing theseed
segment(a)Watershedsegmentation( 5E;=8��-GI(J?A@O89/C: ) (c)&(d) Growing of theseedsegment
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seed,asindicatedin 5.17(a).We have shown two selectedlevels from thehierarchyin Figures

5.17(c)–(d).Thegrowing of theselectedseed,theroadin this case,is completein theFigure

5.17(d).

5.4 Segmentationof Slicesof a 3D Anatomical Image

We have usedour implementationof thewatershedalgorithmandtheregion merging schemes

to segmentslicesof a 3D anatomicalimageobtainedfrom the datasetsof the Visible Human

Projectof the NationalLibrary of Medicine [47]. Selected16 slices,numbered1653–1668,

from the datasetobtainedfrom the malecadaver areshown in Figure5.18. We seethat the

imagesare complex and highly textured. The slicesare filtered with the gaussfunction in

VISPackwith input standarddeviation 5E;08i� . Theslicesof thegradientimageareshown in

Figure5.19. The gradientis thresholdedat @ó8¥BJGI/!,C: of the RMS value. The slicesfrom

theresultof thewatershedsegmentationareshown in Figure5.20.This outputimagecontains

13,898regionsandis heavily oversegmented.Therefore,weapplytheregionmergingschemes

to obtainmoremeaningfulresults.

Theregionsin theinitial watershedsegmentation,in Figure5.20aresubjectto merging us-

ing theimplicit mergingscheme.Selectedlevelsof thehierarchyproducedby implicit merging

for slices1653and1668areshown in Figures5.21and5.22. Thenumberof regionsat these

levels for eachof the two slicesareshown in Tables5.6 and5.7. From theseresults,we see

that the merging schemereducesthe oversegmentationandproducesa hierarchyfrom which

theusercanchooseameaningfulresult.

90



Figure5.18:Slicesof a3D medicalimage
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Figure5.19:Slicesof thegradientimage
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Figure5.20:Oversegmentedwatershedresult( 5E;F8��-?A@�89BJGI/!,C: )
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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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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure5.21: Resultof implicit region merging: (a) Slice 1653(b) Oversegmentedwatershed
result.Regionsat levels12400,12592,13000,13320,13480,13580areshown in (c)–(h).
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure5.22: Resultof implicit region merging: (a) Slice 1668(b) Oversegmentedwatershed
result.Regionsat levels12200,12750,12975,13225,13405,13515areshown in (c)–(h).
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Specificsegmentscanbe grown from the watershedresultof the slicesusingthe seeded

merging scheme.We hereshow theuseof seededmerging to grow two differentsegmentsin

the 3D image. Considerthe seedsegmentindicatedin Figure5.23(a). The growing of this

segmentin slice1653is shown in Figures5.23(b)–(d).Thegrowing of thesameseedsegment

for slice1663is shown in Figure5.23(f)–(h).Consideranotherseedsegmentindicatedin Figure

5.24(a). Growing of this segmentin slices1657,1660,1663,and1666areshown in Figures

5.24(b),(d),(f)&(h)respectively.

5.5 StreamingAlgorithm

We have testedour implementationof the streamingalgorithm using imagesthat represent

severalspecialcases,particularlythecasesof split flat regionsandre-enteringsegments.The

first testimagecontainsa singleobjectagainsta background.This is animageof theletter ‘A’

andmainly teststhealgorithmfor correctnessin thepresenceof split flat regions.We split the

imagein Figure5.25(a)into overlappingblocks. Let
° "ô± denotethesizeof thematrix of

blocks. Thereforein this case,
° 8X±ï8X� . The blocksareshown in Figure5.25(b). The

splitting causesthesegment‘A’ to besplit into four segmentsin thefour differentblocks.The

watershedsegmentationof theindividualblocksareshown in Figure5.25(c),in whichsegments

carryingdifferentlabelsarerepresentedby differentcolors.In theseimages,thefour partsof the

letter‘A’ areidentifiedasfour differentsegmentsagainstdifferentbackgrounds.Thewatershed

resultafterpairwiseprocessingof adjacentblocksis shown in 5.25(d).Fromtheresult,we see

thatthealgorithmis ableto identify theequivalenceof thesplit portionsof theletter‘A’ andits
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure5.23: Resultof seededregion merging: (a) Slice1653showing seedsegment.Growing
of thesegmentis shown in (b)–(d). (e)Slice1663.Growing of thesegmentis shown in (f)–(h).
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure5.24:Resultof seededregionmerging: (a)Slice1657showing seedsegment.(b) Grown
segment. Growing of the segmentfor the slices1660,1663,1666in (c),(e),(f) areshown in
(d),(f),(h) respectively.
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(a)

(b) (c)

(d)

Figure5.25: Streamingalgorithm: (a) Test image— letter ‘A’ (b) Splitting of the image(c)
Watershedresultbeforepairwiseprocessing(d) Resultof thestreamingalgorithm
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backgroundandproducesasegmentationwhich is meaningfulfor thegivenimage.

Thenext setconsistsof theimageof theletter ‘Z’, a logo imageandtwo otherimagesand

hasbeenusedspecificallyto test the working of the streamingalgorithmfor the caseof re-

enteringsegments.Thefirst of this set,theimageof theletter‘Z’ in Figure5.26(a),is split into

blocksasshown in Figure5.26(b). In this case,
° 8Q� and ±L8Q, . The letter ‘Z’ is split into

differentsegmentsacrossthe differentblocks. Hereagain,the splitting givesrise to the case

of split flat regions. Note the additionalspecialcaseof a re-enteringsegmentin the block at

position(1,2) in thematrix of blocks.Althoughthetwo segmentsin this block arepartsof the

letter‘Z’, thewatershedresultof this block,shown in Figure5.26(c)identifiesthemseparately

becausethey arenot connected.After processingof pairsof adjacentblocksin Figure5.26(c)

is complete,thesegmentationin Figure5.26(d)is produced.This segmentationis meaningful

for the given image. This resultshows that the algorithmworks well even in thepresenceof

re-enteringsegmentsin ablock.

Thelogo imageshown in Figure5.27(a)is split into blocksasshown in theFigure5.27(b),

suchthat
° 8O±i8V� . Notethattheblocksin positions(1,1)and(2,2) in thematrix in Figure

5.27(b)posetheproblemof re-enteringsegments.Thewatershedsegmentationof theindividual

blocksareshown in Figure5.27(c). Note thatpartsof thesamesegmenthave beenidentified

differently in theblocksat positions(1,1)and(2,2) in thematrix. This is becausethedifferent

partsof thesamesegmentarenotconnected.Pairwiseprocessingof blockshelpsto identify the

equivalenceof thesere-enteringsegmentsandothersplit flat regionsto producea meaningful

segmentation,which is shown in Figure5.27(d).

101



(a)

(b) (c)

(d)

Figure5.26:Streamingalgorithm:(a)Testimage(b) Splittingof theimage(c) Watershedresult
beforepairwiseprocessing(d) Resultof thestreamingalgorithm
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Thetestimagein Figure5.28(a)is split into blockssuchthat
° 8P±Ø8V� . Thesplitting is

shown in Figure5.28(b).Notethat theblock at position(1,2) in thematrix of blockscontains

a segmentthat re-entersthesameblock twice. The outputof thewatershedalgorithmfor the

blocks is shown in 5.28(c). As expected,the watershedresult for the block at position(1,2)

considersthe samere-enteringsegmentas threedifferent segments. However, the pairwise

processingschemeserves to identify the equivalenceof partsof the re-enteringsegmentand

producesameaningfulsegmentation,asshown in Figure5.28(d).

Considerthesplitting of thesegmentin theimagein Figure5.29(a).Hereagain,
° 8R±Q8� andtheoverlappingblocksareshown in Figure5.29(b).Re-enteringsegmentsarepresentin

blocksat positions(1,1), (1,2),and(2,2) in thematrix of blocks.Partsof thesamere-entering

segmentareidentifiedasseparatesegmentsin thewatershedresultof theblocks,asshown in

Figure5.29(c).Ourpairwiseprocessingschemehelpsto identify theequivalenceof theseparts

andproducesameaningfulresult,which is shown in Figure5.29(d).

Thenext testimagecontainsmultiple objectsagainsta backgroundandis shown in Figure

5.30(a).Theblocksproducedby splitting, their individual segmentations,andtheresultof the

streamingalgorithmareshown in 5.30(b)–(d)respectively. Notethattheblockatposition(1,2)

in thematrixof blocksin Figure5.30(b)containsa re-enteringsegment.

From our experiments,we canseethat the algorithmworks well for all our test images,

includingtheoneswhosesplittingpresentsthespecialcasesof split flat regionsandre-entering

segments.We have usedthestreamingalgorithmto segmentslice1653from themedicaldata

set.Thesplitting of thegradientof this slice,theindividual segmentationsof theblocksbefore
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(a)

(b) (c)

(d)

Figure5.27:Streamingalgorithm:(a)Testimage(b) Splittingof theimage(c) Watershedresult
beforepairwiseprocessing(d) Resultof thestreamingalgorithm
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(a)

(b) (c)

(d)

Figure5.28:Streamingalgorithm:(a)Testimage(b) Splittingof theimage(c) Watershedresult
beforepairwiseprocessing(d) Resultof thestreamingalgorithm
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(a)

(b) (c)

(d)

Figure5.29:Streamingalgorithm:(a)Testimage(b) Splittingof theimage(c) Watershedresult
beforepairwiseprocessing(d) Resultof thestreamingalgorithm
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(a)

(b) (c)

(d)

Figure5.30:Streamingalgorithm:(a)Testimage(b) Splittingof theimage(c) Watershedresult
beforepairwiseprocessing(d) Resultof thestreamingalgorithm
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pairwiseprocessing,andtheresultof thestreamingalgorithmareshown in Figure5.31(b)–(d).

Thefinal resultrepresentsa meaningfulsegmentation.
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(a)

(b) (c)

(d)

Figure5.31:Streamingalgorithm:(a)Testimage(b) Splittingof theimage(c) Watershedresult
beforepairwiseprocessing(d) Resultof thestreamingalgorithm
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Chapter 6

Conclusion

We have implementeda semi-automaticsegmentationschemebasedon the watershedalgo-

rithm. This schemeinvolvesthreestages:pre-processingof the imageto reducetheeffectsof

noise,segmentationusingthewatershedalgorithm,andpost-processingby regionmerging. We

have alsotesteda streamingalgorithmfor segmentationbasedon thewatershedalgorithm,in

whichblocksof animagearesegmentedindividually andtheresultsfrom theseblocksareused

to obtainthesegmentationof theentireimage.In thischapter, webriefly discusstheadvantages

of ourschemeandfollow thiswith adiscussionof thedisadvantages,andscopefor futurework.

For thesemi-automaticsegmentationscheme,wepre-processtheimageby filtering with the

linearGaussianfilter. This is followedby thresholdingof theedgemapat a chosenpercentage

of the RMS value. This stepserves to reducethe effects of noiseandhencethe numberof

regionsin thewatershedresult,to which themerging schemesareapplied.

We have implementedrainfalling simulationfor watershedsegmentationin 2D and3D. In
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the rainfalling approach,the tracingof every pixel in the imagecanbedoneindependentlyof

tracing of other pixels in the image. This makes the implementationeasilyextensiblefor a

streamingor parallel implementation.The searchingstepoccursin a singlewidth-first scan

of the image. We have usedan 8-neighborhoodin our implementation(26-neighborhoodin

3D), which causessignificantreductionin the numberof minima detectedin the searching

stepandthereby, considerablyreducesoversegmentation.Theimplementationof thealgorithm

allows for the occurrenceof minima alongthe imageboundaries.In addition,our watershed

implementationproducesa segmentationwith zero-widthwatershedlines. This meansthat

every pixel is uniquelyassignedto a region.

Although the pre-processingstepserves to reducethe numberof regionsin the outputof

thewatershedalgorithm,it doesnothelpin removing oversegmentationto producea meaning-

ful result. We have implementedtwo region merging schemesto generatea hierarchyof re-

gionsfrom whichmeaningfulsegmentationscanbeeasilychosen.Theimplicit regionmerging

schemeautomaticallyproducesahierarchyusingthewatersheddepthof regions.Theusercan

simplychoosetherequiredsegmentationfrom thishierarchy. Usingtheseededregion merging

scheme,theusercanselecta specificsegmentfrom the imageastheseed,grow this segment

from thewatershedresult,andstudyits merging with adjacentsegments.The datastructures

usedto representregionsareindependentof dimension.

Theonly freeparametersinvolvedin oursemi-automaticsegmentationschemearethestan-

darddeviation input to thegaussfunctionin VISPackandthethresholdparameter, asa% of the

RMSvalue.However, for aparticularapplication,theseparameterscanbetunedto producethe

111



requiredsegmentation.Thus,for a specificapplication,our segmentationschemecanbemade

almostfully automatic.

The graphicaluser interface to our implementationof the semi-automaticsegmentation

schemefacilitatesexecutionof thewatershedsegmentationfor user-chosenvaluesof thestan-

darddeviation input to theGaussianfilter andthethreshold,andviewing of thehierarchy. The

hierarchyof regionscanbesavedto diskasacombinationof two filesin the.wsand.hr formats.

Theentirehierarchycanberegeneratedfrom thesetwo files.

We have validatedthe streamingalgorithm through testing using several images. Our

streamingalgorithmcancomputethe segmentationof the imagewithout iterative processing

of adjacentblocks. It canalsobeextendedto work on 3D imagesandwhencombinedwith a

binaryreductionscheme,it canleadto anefficientparallelimplementation.

A numberof improvementscanbe madeon our existing implementations,thusleaving a

goodscopefor futureresearch.Wediscusssomeof theseasfollows.

1. The linear Gaussianfilter, dependingon the input standarddeviation, may smoothout

edgesin the image. Hence,filtering of the imagecan be doneusing edge-preserving

methods.Onesuchschemeis theanisotropicdiffusionmethodproposedby Peronaand

Malik [51] andis usedin connectionwith watershedsegmentationin [21].

2. The resultof the watershedalgorithmis highly dependenton the input edgemap. The

input edgemapcanbe chosendependingon the problemat handto achieve goodseg-

mentation.For instance,ManganandWhitaker [39] usecurvaturevaluesasinput to the

watershedalgorithm. Zenzo[70] discussescomputationof gradientfor multi-spectral

112



imagesby finding thedirectionof maximumchange.

3. Although the rainfalling watershedalgorithmcarriesadvantages,it hassomeproblems

thatmany discreteimplementationsof thewatershedalgorithmhave. A typical example

of suchproblemsis thepresenceof two equal-valuedminimaatdifferentlocationsalong

theboundaryof aflat region. Dependingon thenatureof theinput image,suchproblems

mayresultin pixel level inaccuracies.Thus,obtaininga segmentationwhich is accurate

at thepixel level andalsoat thesub-pixel level [64] is agoodareafor furtherresearch.

4. Theimplementationof thealgorithmscanbefurtheroptimizedwith regardto speedand

memoryrequirements.Specifically, thestreamingalgorithmcanbeusedto implementan

efficientparallelalgorithmby combiningit with aschemefor binaryreductionof blocks.

5. In thestreamingalgorithm,thesizeof theblockscanbereducedby usingananoverlap

of onecolumn(or row). Theschemefor pairwiseprocessingof blockscanbemodified

accordinglyandtheworkingof thealgorithmcanbetested.

6. Theuserinterfacefor 3D imagescanbeextendedfor 3D viewing of resultsof thewater-

shedalgorithmusingOpenGLrelatedlibraries.
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