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Abstract

In recentyears, one of the effectiveenginesfor perceptual
organizationof low-level image featues hasbeenthe one
constructedaround the partitioning of a graph represen-
tation that captules the Gestaltinspired local structues,
sud as similarity, proximity, continuity parallelism, and
perpendicularityoverlow-levelimage featuies. Thisgraph
partitioning process,is usually achieved by recussive bi-

partitioning, whee at eac stepthe graphis broken into

two partsbasedon a partitioning measue. e concentate
onthreesud measues,namely the minimumcut [31], av-

erage cut[22] andShi-Maliknormalizedcut[25]. Themin-

imumecut partition seekgo minimizethe total link weights
cut. Theaverage cut measue is proportional to the total

link weight cut, normalizedby the sizesof the partitions.
The Shi-Malik cut measue is also a normalizedmeasue,

but the normalizingfactor is the productof the total con-
nectivity(valenciespf thenodesn ead partition.

Thequestionaveaskin thiswork are: Do the nature of the
cut measuesreally matter? Are the quality of the groups
significantly different for eadh cut measue? Basedon a
rigorous empirical evaluation, we showthat, in practice
the quality of the groupsgeneated using minimum,aver
ageor normalizeccutsare statisticallyequivalenfor object
recaynition, i.e. thebest,themeanandthevariation of the
gualities are statistically equivalent. We also find that for
certainimage classessud asaerial and scenesvith man-
madeobjectsin man-madesurroundings the performance
of groupingby partitioning is the worst, irr espectiveof the
cutmeasue.

1. Intr oduction

Perceptuabrganizationrefersto the processthat groups
low-level image featuresbasedon emepgent organization
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exhibited amongthem, without the use of specificobject
modelknowledge. As a consequencef the genericnature
of this processijt impartsflexibility to vision systemghat
arebuilt uponit. This importanceof the groupingprocess
hasbeentheoreticallyestablishedhy Clemens& Jacobg5]
in the contet of indexing basedrecognitionandby Grim-
son[10] in thecontet of constrainedearctbasedecogni-
tion, wherethecombinatoricseducdrom anexponentiato
alow orderpolynomialif we useanintermediategrouping
process.Whatis remarkables thatthis groupingprocess
neednot be perfect. Even groupswith missingobjectfea-
turesand someamountof backgroundeaturesdrastically
reduceghe combinatorics.

Partitioning of a graphrepresentationgdefinedover low-
level imagefeatureshasedon Gestaltinspiredrelations,is
an effective stratgy for forming coherentarge perceptual
groupsin animage. The usualpractice,mainly motivated
by efficiency considerationsis to approximatethe general
K-way partitioning solution by recursve bi-partitioning,
whereat eachstepthe graphis brokeninto two partsbased
on a partitioning measure.We concentrateon threesuch
measuresnpamely the minimum cut [31], averagecut [22]
andShi-Malik normalizedcut [25]. The minimumcut par
tition seekgo minimizethetotal link weightcut. Theaver-
agecut measures proportionalto thetotal link weightcut,
normalizedoy the sizesof thepartitions.The Shi-Malik cut
measuras alsoa normalizedmeasurebut the normalizing
factoris the productof the total connectity (valeng) of
the nodesin eachpartition. The questionswe askin this
work are: Do the natureof the cut measureseally matter?
Are the quality of thegroupssignificantlydifferentfor each
cutmeasureAre thereclasse®f imageson which group-
ing by partitioningdoesnotwork well?

We empirically evaluatethe groupsproducedy graphpar
titioning, basedon the threemeasuresyiz. min-cut, aver-
agecut, andnormalizedcut, giventhetaskof groupingex-
tendededgesegments.Our findingsin this regardssuggest



thatthe quality of the groupswith eachof thesethreemea-
suresarestatisticallyequivalent,asfarasobjectrecognition
is concernedWe alsoexaminewhetherthe performancef
thegrouping-by-partitionig strateyy depend®ntheimage
class.

The expositionof this paperis organizedasfollows. In the
next sectionwe review therelevantwork, mainlythegraph
basedapproacheso perceptuabrganizationand otherre-
lated performancecomparisonwork. In Section3, we
presentan analysisof the actual performanceof the cut
measure®n real images. We concludeby discussinghe
implicationsof ourfindingsin Section4.

2. Relevant Prior Work

Oneof the mostcommonapproacheto groupingis based
on graphrepresentationthat capturethe structureamongst
low-level primitives such as image pixels, edge pixels,
straightlines, arc, and region patches. The links of the
graphwhicharetypically weighted capturetheassociation
or affinity betweerthe primitives. Therearetwo different
classef approachesor forming groupsfrom this graph
representationFirst, is the classof techniqueghat search
for specialgraphstructuresuchascycles[17, 13, 14, 20,
cligues[1], spanningtrees[32], or shortestpaths[20, 3].
Thesecondlassof techniqueseekto find clustersof graph
nodeshasednsomeglobalcoherenceriterion[21, 29, 16,
22,25, 31, 9]. In particular we look attechniqueshatseek
to form thesenodeclustersby partitioningthegraph.

Wu andLeahy[31] proposedheconcepbf usingminimum
cuts for segmentation. They constructeda graphwhose
nodegepresenpixelsandlinks indicateaffinities. A sparse
graphwascreatedoy usinga suitablethresholdfor thelink
weights. Clusterswere formed by recursvely finding the
minimum cuts of this graphusing an algorithm basedon
the Ford-Fulkersontheorem.

Gdalyahuetal. [9] approachihegraphpartitioningproblem
by stochasticclustering. They partition the graphinto &
partsby inducinga probability distributionandassigningo
eachcut a probability value that decreasesnonotonically
with its capacity

ShiandMalik [25] suggestethenovel normalizeccutmea-
surefor groupingedgepixels. The normalizedcut measure
is the ratio of the edgescut to the productof connectvity
(valeng) of thenodesn eachpartition.

Sarkarand Soundarajarf22] also use a graph partition
basedramework for groupingconstanturvatureedgesey-
ment primitives. Their partition metric can be shavn to
be equivalentto minimizing the edgescut, normalizedby

the productof the sizesof eachpartitionandhencecanbe
termedas the averagecut. Both the normalizedand the
averagecuts canbe well approximateddiy a solutioncon-
structedout of the graphspectra.A graphspectrumis the
setof eigervaluesandeigervaluesof the matrix representa-
tion (e.g.adjaceny, Laplaciannormalized_aplacianetc.)
of thegraph.

Weiss[28] did a theoreticalevaluationof the graphspec-
tral methodsfor sggmentation. He comparedfour differ-
entspectralalgorithms,namely Peronaand Freemar{16],
Shi andMalik [25], Scottand Longuet-Higging23], and
CosteireandKanad€6], andproposedneof hisown com-
binationfor sgmentationIn hisanalysis\Weissconsidered
animagewith two clusterswith differentbut constantvithin
clusterandbetweerclusteraffinities. He extendechis anal-
ysis to the casewhen the variation of the within and be-
tweenclusterdissimilaritiesaresmallandto the casewhen
betweerclusteraffinities arezero. He foundthat Scottand
Longuet-Higginsperformswell for constantblocks (clus-
tersof the samesize)andShi-Malik performswell for non-
constantblocks. Soundararajamand Sarkar[26] theoreti-
cally analyzedhe averagecut andthe normalizedcut mea-
suresin termsof the image statisticsand shaved the ex-
pectedresultingpartitionsto bethe same.

Borra and Sarkar[2] performedempirical evaluation on
grouping modules for constrainedsearchand indexing
basedobjectrecognition. They comparedhreeedgebased
organizatiormodulesphamelyEtamadi7], Jacobg14] and
SarkarBoyer[19]. Thedatasetomprisedf 50 aerialim-
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Figure 1. Prior work.




ages.

Williams and Thornber[30] empirically evaluatedgraph
clusteringsalieny measureshat capturejust the associa-
tive natureof thegroupsformed,suchasthoseproposedy
ShashuandUIliman [24], HeraultandHourad[12], Sarkar
andBoyer [21], Guy andMedioni[11], andWilliams and
Jacobgq29]. They alsoproposeda new salieny measure
thatdefinessalienceof anedgeto betherelative numberof
closedrandomwalks that visit thatedge. They first com-
paredthesesalieny measure®n simpletestpatternscon-
sistingof (30, 20, and 10 uniformly spacededgesfrom a
circlein abackgroundf 100edgesof randompositionand
orientation.Performancevasquantifiedbasecon the com-
putedsaliencief the object(circle) edges.In the second
partof the study they usededgedetected32x32imagesof
9 differentfruits andvegetablesn front of anuniformback-
ground.To simulaterealisticnoisy backgroundsthey used
9 Canry edgedetectedextured imagesas maskpatterns.
Thetestpatternsverethenconstructedy ANDing theveg-
etablesilhouettesnto thecenter32x32regionsof the 64x64
sizededgedetectedextures.For their testsetup,they used
atotal of 405 patternswith differentsignal-to—noiseatios
anddiscusgustthefalsepositive ratecomparedo thenoisy
edges. However, the strategy for choosingthe parameters
for eachof the salieny measuress notclear

Ourstudycomplementandextendsthe previousstudiesn

thatwe undertale a rigorousandextensve empiricalevalu-
ation. Theempiricalevaluationis conducteanrealimages,
usingarigorousautomategbarameteselectiorprocessand
thoroughstatisticalanalyses.

3. Empirical Evaluation

We empirically evaluatethe groupsproducedoy graphpar
titioning basedon the min-cut, averagecut, and Shi-Malik
normalizedcuts, given the task of groupingconstantcur-
vatureedgesegmentsfor objectrecognitionby constrained
searchbasedechniquesWe augmenthe min-cutstratay
with additionallogic to preventsplinteringof smallgroups
of featureswhichit is proneto do. We simply do not parti-
tion if sizeof oneof theresultingpartitionsis smallerthan
auserspecifiedminimumclustersize.

The hypothesif this empiricalstudyis thatthe
quality of thegroupsgeneratethasednthethree
partitionmeasured,e. min-cut, averagecut, and
normalizedcut, are not sufiiciently differentto
impactobjectrecognitionin a statisticallysignif-
icantmanner

Theroadmapfor thissectionis asfollows. First,wediscuss
thestrateyy for the constructiorof andthe quantificatiorof
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Figure 2. The geometric attrib utes used to
classify pairwise edge segment relationships
are shown in (a), (b) and (c). The length of the
segment e; is greater than the length of es.
The photometric attrib utes of an edge pixel
are shown in (d).

the scenestructuregraph,which we will partitionto form
the groups.Secondwe outline how we implementeachof
the partitioningtechniques.Third, we discussthe perfor
mancemeasureused. Fourth, we discussthe strateyy for
parameteselection.And then,we presenextensve statis-
tical analyses.

3.1 The SceneStructure Graph

For this study we considerthe grouping of extendedim-
ageedgefeatures,namely constantcurvaturesegments—
straightline segmentsand circular arcs. Other possible
choicesof the low level primitives might be pixels or re-
gion patcheswhich arenot consideredere. The grouping
framework is essentiallythe sameasthatdescribedn [22].
We presenfustthesketchof theessentiahspectsFor more
details thereaderis referredto [22].

The Gestaltinspiredrelationshipsof parallelism,perpen-
dicularity (T and L-junctions), proximity, continuity, and
commonregion form the basisfor the formulation of the
link weightsbetweenary two nodesrepresentinghe con-
stantcurvature sggments. The links are quantifiedbased
onthefollowing attributescomputeetweerary two edge
segmentsasshowvn in Fig 2.

1. The maximumandthe minimum distanceof the end

Responsef the2n4
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pointsof the smallersegmentsto the larger sgment,
normalizedby thelengthof thelargersegment.

2. Theoverlapbetweerthetwo segments.

3. The minimum distancebetweerthe end pointsof the
two segments,normalizedby the length of the larger
sggment.

4. Thedifferencen slope.

5. In additionto the above geometricattributes,we com-
putetwo photometricattributes,rp,qy andry;iqen, that
arebasedon the responsef the secondderiative of
the smoothedmage function nearthe edge. At the
edge,this responseés of coursezero, however, avay
fromtheedgetherespons@eakgo amaximumonone
side of the edgeandto a minimum on the otherside.
Thesepeaksaptureahebehaior of theimagefunction
on eithersideof the edge.For eachedgesggmentwe
computethe averagesalongthe sggmentof the mag-
nitudes(r*, ) andthe distancegw*,w ™) of these
extremumpointsfrom the edgelocation. We quantify

the photometricattributesbetweertwo edgesegments
Irf =1}

|7y —r; | )
0.5(rf+rf)? 0.5(r; +r})

e; ande; by rpqy = max(

lwf —wf|  Jwi —wj | )
0.5(w;+wl)’ 0.5(w; +w;)

andwwidth = max (

Basedon thesephotometricand geometricattributes, we
classify and quantify the relationshipbetweeneach pair
of edgesggmentasbeingparallel, T-junction,L—junction,
continuouspr “none—of-the—abee”. Thisis achieved us-
ing the maximumaposteriori probability (MAP) stratey
basedon the conditional probabilitiesof inferring the re-
lationshipsbasedon the computedattributes. The aposte-
riori probabilitiesare computedusing Bayesianetworks,
which efficiently and succinctlyencodethe relationalpri-
orsandthe apriori conditionalprobabilities. Thesepriors
and conditional probabilitiesare expressedn parametric
formswhoseparametersn turn,form theparametersf the
groupingsystem.We alsouseBayesiametworksto quan-
tify the proximity andthe commonregion factorsbetween
two edgesggmentsin a MAP fashion. The sum of these
threemaximumaposterioriprobabilitiesform the weights
of thescenestructuregraph.

3.2 Graph Partitioning Implementations

The averageandthe normalizedcut measurebasedparti-
tioning canbe well approximatedisinggraphspectralpar
titioning strategies. This techniquanvolvesthe calculation
of theseconckigervectorof the Laplacianmatrix represen-
tation of the scenestructuregraph. For the averagecut, we

usetheunnormalized_aplacianmatrix andfor the normal-
izedcut,we usethenormalizedversion.We referthereader
to [25, 22] for moredetailsaboutthe supportingheory

We usethe LEDA-4.0 implementatiorof the min-cutalgo-

rithm. Theimplementatioris basedon the algorithmpro-

posedby [27]. The algorithmusesthe conceptof Prim’s

minimum spanningtree algorithm. The algorithm starts
with anodein the graphandkeepsaddingthe mostloosely
connectedodeto this original node. In doing so, it builds

up subset®f nodeswhich eventuallyleadsto thefull setof

nodesin the graph. During this processthe costof adding
eachloosely connectechodeto the subsetis maintained,
which s usedto identify the minimum costpartition(s).

3.3 PerformanceMeasure

We evaluatethe quality of the final groupsin termsof the
expectedperformancef a constrainedearchbasedobject
recognitionstrateyy startingfrom the groups.In [2], Borra
and Sarkarproposedperformanceaneasureshatdo not re-
quire building a full vision system,but insteaduse manu-
ally specifiedgroundtruth. Let (i) Ng, denotethe number
of featuresin the detectedgroup(G;), (i) No, denotethe
numberof modelfeatures(groundtruth) in O;, and (iii)
Ng.no,; denotethe numberof groupfeatureghatlie onthe
model. We can constructtwo performanceneasureshat
capturetheexpectedime andquality of matchinggroupG;
with modelO; asfollows.

We startfrom the expressiorfor compleity of constrained
searctbasedbjectrecognitiorusingimperfectgroups.As-
sumingthatall featuresareequallyimportant,Grimson[10]
shavedthattheexpectedsearchWie,,,, is essentiallypoly-
nomial if we terminatewhenthe numberof matchedfea-
turesequalsomepredeterminethreshold¢. Theexactex-
pressioris givenby:

Ng;
Noj NGi Neono, Wterm

ino;  —

2
J

Ng;
Wierm < tNOjNGi Tc:o, (1 + 1\’;0
«NO;

Ng, o
(xtr"—1)]
x| 2Na; o,
K Nor

y

1)

Theconstank is smallandis typically equalto 0.2% where
P is the total perimeterof the objectand D is the image

dimension. If J]\\;G" < 50}[,’—2 thenthe searchis essentially
ey

quartic. In thewérstcase,P =~ D andthe requiremenis
Ng, < 50N, , averyliberalbound.Thetermin theabove
equatiorthatdependsnthequality of thegroup,is theratio
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Figure 3. Example used to illustrate perfor-
mance measure computation. (& Ground
truth models, (b) Groups formed.

Ng; . . .
No = This constituteshefirst performanceneasure.
J
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Na.
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Piime(Gi,05) = 2)

Thismeasure@angedrom zeroto oneandshouldbeaslarge
aspossibleto minimize the amountof search.The quality
of theterminatecconstrainedearchwill be proportionalto
thethreshold¢, whichis the numberof modelfeaturesex-
plainedby thegroup. Thus,themodelto groupmatchqual-
ity canbe capturedy ﬁ Usingthis expressioncoupled
with the fact that the terminationthresholdt is lessthan
thenumberof commonfeatureshetweerthemodelandthe
group,Ng;no, , BorraandSarkar2] suggesthefollowing
asthesecondperformanceneasure,

NG{ nOJ'
No,

J

Pqual (Gza 0]) = (3)

The measuraangesfrom zeroto oneandshouldbe large
enoughto ensurehigh confidencerecognition. High val-
uesof this measuravill helpdiscriminatebetweermodels,
whichwill boosttherecognitionaccurag.

Considerthe scenariothat the grouping algorithm gener
atesN groups,G4,...,GyN for animagewith K objects,
01, ...,0Ok. For eachpair of thegroup,G; andtheimage
object, O;, that overlap, we computeP;;,.(G;, 0;) and
P01 (Gi, 0;). Also, let Nyyeriaps bethe total numberof
overlapswhich canbe anywherebetweer0 and NK. We
usethe compositeperformancaneasure3 by combining
thesemeasuressfollows,

,32 (Zw Ptime(Gi7Oj)> (Zz] Pqual(G’i7Oj))
Noverlaps Noverlaps
4)

Considerthe exampleshawn in Fig 3(a), wherewe have

two objects shavn in differentcolors.In Fig 3(b) thereare
two possiblegroupsof straightline features,denotedby,

again,differentcolors. Obsenre thatoneof the featuresf,

is groupedalongwith featuresthat predominantlybelong
to object2. The commonnumberof featureshetweenthe
objectsandthe groupsare: Ng,no, = 2, Ng,no, = 0,

Ng,no, = 1andNg,no, = 3. Letthenumberof features
in themodelobjectshe4 each.Thenumberof featurein the
two groupsare 2 and 4, respectrely. Using thesevalues,
the overall performancas g = 0.707. On the otherhand
if the f, featurehadbeencorrectlygroupedwith object1,

thenwe have Ng,no, = 3, Ng,no, = 0, Ngyno, = 0

and Ng,no, = 3. In this casewe get = 0.763. It is

easyto seethatif therewereary strayfeatureswhich did

not belongto eitherof the objects,thenit would bring the
individualmeasur@own by acertainamountwhichin-turn

lowersthevalueof S.

We canconcludethatthis productform of combinationof
the two individual measuregendsto assignequalimpor-
tanceto thetime andquality of recognition.In addition,the
usednormalizedsummatiorform for eachof the measures
tendsto (i) penalizea groupthatis spreadacrosstwo ob-
jectsmorethana groupthat overlapswith one objectand
the background(ii) preferlarge groupsover smallgroups,
and (iii) penalizegroupsof featuresthat do not belongto
ary object.

We usethe individual edgepixels, insteadof the line sey-
mentsasin Fig 3, areour primitive features. The manual
constructionof 3D modelsis cumbersomend not to say
theleasttime consumingandthisrenderghe performance
analysisalmostintractablefor real domains. We circum-
ventthis problemby using manualoutlinesof objectfea-
turesin eachimage.Givenanedgeimage the collectionof
edgepixels closeto the manualoutline representshe per
fect groupingof featuresin animage. In the caseof 2D
model basedrecognition, particularly thosethat are view
basedthe numberof edgepointswill provide a goodesti-
mateof the numberof modelfeatures.

3.4. Image Set

We usea databasef 50 images. Thereare 10 imagesof

naturalobjectsin indoorbackgrounds] 0 imagesof natural
objectsin outdoorbackgrounds10 imagesof man-made
objectsin outdoorbackgrounds10 imagesof man-made



objectsin indoor backgroundsand 10 aerialimagesthat
containednan-madebjectsn naturalsurroundingsSoes-
sentially we have 5 differentimageclasses Eachof these
imagesis associatedvith manualgroundtruth outlinesof
theobjectsof interest.It took usapproximatel\80—60min-
utesperimage,dependingon their sizeandalsothe com-
plexity of the objectsin the image,to groundtruth each
image. We avoided outlining ambiguouson-sharpedges,
e.gdueto wrinkleson a shirt. We specifythe protocolfol-
lowed during the groundtruth creation. This protocolwas
followedto the maximumextentpossible.

3.4.1 Ground Truth Creation

For eachobjectin the imagewe creategroundtruth out-
linesbasedntheedgeghatarevisible in theimages.The
criterionfor selectingthe edgeds thatonemustbe ableto
recognizethe objectfrom the groundtruth outlines. Only
edgesthat are visible in the image are marked. If there
areno imagesupportfor an edgein aregion thenit is not
marked evenif we know, from the prior knowledgeof the
objectshapdhatanedgeexists. In realimageswe havethe
problemof textureswithin the boundarieof anobjectand
in the background Thetexture within the objectis marked
if it formsanimportantpartfor the objectmodel. For ex-
ample thezebrastripesif notmarked,couldhave a similar
modelasthatof a horse.

Figs 4(a), (b), (c) and (d) shovs a sampleof the natu-
ral objectsin indoor background. Figs 5(a), (b), (c) and
(d) shaws a sampleof the naturalobjectsin outdoorback-
ground. Figs 6(a), (b), (c) and (d) shavs a sampleof the
man-madeobjectsin indoor surroundings.Figs 7(a), (b),
(c) and(d) shawvs a sampleof the man-madebjectsin out-
doorsurroundingsA sampleof aerialobjectsareshavn in
Figs8(a), (b), (c) and(d).

3.5 Parameter Selection

Oneof theimportantaspect®f empiricalperformanceval-
uation is the choice of the parametersof the algorithm.
The presengroupingframenork has21 parametersi3are
usedin the Bayesiametworksthatareusedto quantifythe
graphlinks, 2 parametersre usedby the graphspectral
partitioning(minimum clustersizeand maximumpartition
strength) 3 areedgedetectiorparameters3 parametersre
usedby the constantcurvaturecontoursegmentatioralgo-
rithm. We selectthe optimal parameterdy stochastically
samplingthe parametespaceusinga teamof learningau-
tomata,asdescribedn [22, 4]. From the stochasticsam-
pling, we select100 bestperformance®n eachof the 50
imagedor eachof the 3 cuttypes.

The stochasticsamplingis effectedby a teamof learning
automata.We associatene learningautomatorwith one
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Figure 4. Sample ground truth-ed
from Natural indoorimage set.

images

(b)

@

Figure 5. Sample ground truth-ed
from Natural outdoorimage set.

images

algorithmparameterasshovnin Fig 9. A learningautoma-
ton (LA) is analgorithmthatadaptvely choosedrom a set
of possibleactionson a randomernvironment(the group-
ing algorithm and the images)so asto maximizethe ex-

pectedfeedback(quality of the groups). Eachautomation
usesa probability vector definedover the set of actions,
P(v1), P(v2),-- -, P(v,) to randomly choosebetweenr



Figure 6. Sample ground truth-ed
from Man-madendoorimage set.

images
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Figure 7. Sample ground truth-ed
from Man-madeoutdoorimage set.

images

possibleactions,vy, - - -, v,. At start, P(v1) = P(vs) =
---P(v;) = 1 r sothateachactionis equallylikely. The
ervironmentwhich in our caseincludesthe groupingal-
gorithm andthe image(s),evaluatesthe performancewith
the setof parameterseachindividually chosenby an au-
tomaton.At eachiteration,basedn the feedbackrom the
ervironmentand pastactionhistory; the actionprobability
vectoris updatedso that the actionwith large feedbackis
morelikely to be chosenthanthosethat resultedin small
feedbackvalues. Over time, the actionthat maximizesthe
feedbaclkwill bechosen.

@) (b)
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Figure 8. Sample ground truth-ed
from Aerial image set.
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Figure 9. Team of learning automata for learn-
ing parameter combinations.

It canbe showvn [15] thatthe teamof learningautomatas
-optimal,i.e. theteamwill corvergecloseto global opti-
malvalues.Also, sincetheteamoperatesn adecentralized
fashion,it is a very efficient mechanisnfor exploring ex-
tremelylargeparametespaceg102!, in ourcase) Therate
of corvergenceas dependenvntheunderlyinglearningrate
, Which s initially setto 0 for thefirst 100iterationsand
thenlater on we setit to 0.1. In Fig 10, we seetwo trace
runsof the averagefeedbackirom the ernvironmentwith it-
eration,which, as expected,increasesith iteration. Ob-
senethatboththetracedollow thesamepattern.Theusual
recommendedtoppingconditionis expressedn term of
the probability of the optimalactionbeinghigh. However,
sincewe areconcernedust with selectinggoodparameter
combinationsyve decideto stopwhentheautomataeamis
unableto find any parametecombinatiorthatis betterthan

thepreviousonesfor 100 consecutie iterations.
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Figure 10. Actual trace of the LA.

For eachcut measurewe run the the learning automata
teamon eachimage. From theselearningtraces,we se-
lect 100 bestparametecombination®n a perimagebasis
for eachcutmeasure.

3.6. Statistical Analysis

We presentdetailed evaluation of the grouping perfor
mancewith thethreegraphpartitioningmeasuresTheba-
sis of the statisticalanalysisarethe performancesvith 100
bestparameteccombinations selectedrom the stochastic
samplingof the learning automatateam, on eachof the
50 images,for eachof the 3 cut types. Thus, we have
15,000different parametersimages,cuts, and quantified
performanceombinationsin thefollowing subsections/e
first considerthe following questions:Are the bestperfor
mancedor eachcut type significantly different? Are the
meanperformancesf the cut measurestatisticallydiffer-
ent? Is the variationof performancdor eachcut type sig-
nificantly differentfrom eachother?ls performancelepen-
dentonimageclass?We follow this, by presentatiomf re-
sultsfor visualassessmerinda discussiorof timeissues.

3.6.1 Arethe bestperformancesfor eachcut type sig-
nificantly differ ent?

Doesthe performancedor eachpartition cut measuresig-
nificantly differ from othersfor the bestparametercom-
bination on eachimage? Fig 11 shavs the histogramof
the performancesg, for the bestparametercombination
on eachof the images. We seethat the histogramsover-
lap andwe cannotclearly separat®ut onefrom the other
This grossobsenation can be refinedby analysisof vari-
anceslANOVA)?!, which takesinto accountvariationsdue

1Analysisof varianceis a generalstatisticalmethodfor analyzingex-
perimentaldata. Mary texts on statisticsdescribeanalysisof variance
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Figure 11. Histogram of the best s (perfor-
mance measure) for each of the cuts on all
the 50 images

Source | DF SS F-value | P-value Comments
Cut 2 0.0053 2.08 0.1304 | Not Significant
Image | 49 | 0.0053| 35.81 | 0.0001 Significant

Table 1. ANOVA of the best performance on
all images.

to independentactors. The sourcef performancevaria-
tion aretwo: theimagesetandthe cut type. Table1 shavs
theresultsfrom analysisof variance ANOVA unravelsthe
impactof eachsourceof variation on the total variation,
which arelisted in the first column. The secondcolumn
(DF) refersto the degreesof freedom(sincethereare3 dif-

ferentcuts,theD for thatfactoris 2). TheSScolumnlists
the Typel Sumof SquaresThe F-valuefor eachsourceis

theratio of the variancebetweendifferentsourcevaluesto

thevariancewithin thesamesourcevalues.LargerF-values
imply largerimpactthatthe respectre sourcefactorshave
on the overall variation. Finally the P—aluetells us the
level of significanceof , the NULL hypothesisviz, the
variationdueto the sourceis not significant. If P-valueis

lessthan 0.05, thenwith morethan 95% confidencdevel

we canrejectthe NULL hypothesis.FromTablel we see
thatthe cut type is not a significantsourceof variation(P-

valueis greaterthan0.05). The majorsourceof variationis

theimageset. So, it is clearthatthe bestperformancesio

not depencdon the threecut measuresisedfor grouping.In

fact, we have found thatthe secondest,third best,fourth

best,andthefifth bestperformanceslsodo notdependcon

thecutmeasure.

One of the criticisms againstANOVA is that it assumes
normally distributed errors. So, we also considerechon—

methods For example,se€[18] for anintroductionto the subject.



| Wilcoxon ScoredRankSums)for performancelassifiecby VariableCut | Source | DF SS F-value | P-value Comments
Cut #Samples StdDev MeanScore Cut 2 0.0042 1.00 0.3732 NOtS|gn|f|Cant
Average 250 2796.02 364.90 Image | 49 | 0.1732| 1.65 0.0180 Significant
Normalized 250 2796.92 375.31
Minimum 250 2796.92 386.28 Table 4. ANOVA of the B1_100 = 81 B100 -
ChiSQ=1.2169,DF = 2; Prob ChiSQ=0.5442

. ImageClass Cut LowerCL | UpperCL | Mean

Table 2. Wilcoxon Rank Sum for the Best 5 Average 0.55 0.65 0.60
performances of the grouping algorithm wr.t 1 Normalized 0.54 0.67 0.61
the type of graph partitioning used, i.e. Aver- (NO-) Minimum 0.55 067 | 061
age cut, Normaliz ed cut and Minimum cut are Average 0.52 0.71 0.61
gecug I _ 2 Normalized | 0.50 0.73 0.61
not significantl y diff erent. (NO-0)) Minimum 0.51 0.73 0.62
Average 0.43 0.54 0.49

3 Normalized 0.44 0.57 0.50

Source | DF SS F-value | P-value Comments (MO-1) Minimum 0.47 0.59 0.53
Cut 2 | 0.0118| 2.82 | 0.0644 | NotSignificant Average 0.48 0.72 0.60
image | 49 | 2.4849| 24.22 | 0.0001 | Significant 4 Normalized|  0.53 0.78 0.65
(MO-0) Minimum 0.54 0.74 0.64

Average 0.46 0.55 0.50

Table 3. ANOVA of the (81 + 82 + .. + B100) 100. 5 Normalized 047 053 .45
(Aerial) Minimum 0.42 0.52 0.47

parametridestsof the data,the resultsof which areshavn

in Table2. Thefirst columnof thetableis theclassification
variable namelythe cutmeasuréCut). Theseconctolumn
shavsthenumberof samplegonsideredor eachof thecut

measureThethird columnshawvs the standarddeviationin

the expectedhypothesis.The lastcolumnshavs the mean
scoreof the samplesAlso at the bottomof thetableis the

Chi—squarevalueandtheprobabilityvalue,whichindicates
thatthe groupsproduceddy thethreemeasuresrenot sig-

nificantly different.

3.6.2 Isthe meanperformanceof the cut measuressta-
tistically different?

We considerthe meanperformanceof the 100 bestperfor

mancesg,.., , oneachimagefor eachcuttype.Arethese
meanperformancestatisticallydifferent? No. Theresults
of theANOVA areshowvnin Table3. We see asbefore that
thecuttypedoesnot make a significantimpacton themean
performancemeasure.We canalsoseefrom the F-values
thattheimagesarestill adominantsourceof variation.

3.6.3 Is the variation of performancefor eachcut type
significantly differ ent from eachother?

We have alreadyshawn that the cut type doesnot make
a significantimpacton the bestand the mean(of the 100
best) performanceover all the image sets. Here we con-
siderthe variationin performancewhich we quantify by
the differencebetweerthe bestperformanceandthe 100t
bestperformancen eachimage,81_100 = 81 B100. Ta-

Table 5. Mean values with 95% confidence
level of the best performance index, 3, for
each class of images considered for each cut
type. NO-I indicates natural objects indoor s,
NO-O indicates natural objects outdoor s, MO-
| indicates man—made objects indoor s and
MO-O indicates man—made objects outdoor s.

ble 4 lists the ANOVA results.We canseethatthe rangeof
performancesd; _190 for the cut typesarenot significantly
different.

3.6.4 Is performancedependenton imageclass?

As we have describecabove, we have 5 classe®f images
in the dataset. The questionwe askis: Is the performance
of the grouping-by-partitionig strateyy, irrespectve of the
partitioning measureused,dependenbn the image class
type? Table5 lists the meanvaluesof the performances,
alongwith 95% confidencentervals, for eachimageclass
andfor eachcuttype. We obsene clearlythatin eachof the
imageclassthereis not muchof variationsin performance
with respecto the cut measurethusreinforcingour con-
clusion of the previous section. We also obsene that the
performancdor imagesof manmadeobjectsin indoorsur
roundingsand aerialimagesis lower thanfor otherimage
classes.

To establishthe statisticalsignificance®f our obsenation,
we conductedANOVA. The two independenfactors,the
cut measureandthe imageclass,alongwith their interac-
tion are the possiblesourcesof variations. The resultsof



Source DF SS F-value | P-value Comments
Cut 2 0.0053 0.20 0.8184 | Not Significant
ImageClass | 4 0.5524 | 10.44 | 0.0001 Significant
ImageClass
Cut 8 0.0256 0.24 0.9820 | Notsignificant

Table 6. ANOVA of the best performance on all
images with interactions between the Image
Class and the Cut type.

ANOVA areshavnin Table6, wherewe seethat,asbefore,
the variationof performancealueto the cut measuréds not
significant. In addition,the interactionbetweentheimage
classandthe cut typeis alsonot significant. Thus,it is not
likely the casethat one cut measurds appropriatefor one
imageclasswhile anothercut measureperformsbetterfor

anotherimageclass.However, the variationdueto theim-

ageclassess significant. Thus,the performancevariations
betweenimagesclasseghat we seein Table 5 is signifi-

cant. The performancedor imagesof man-madeobjects
in indoorsurroundingandaerialimagesarelower thanfor

otherimageclasses.

3.6.5 Visual assessmenof results

In this sectionwe presentfinal groupingresultson some
imagesfor visualassessmentyhich becausef its subjec-
tive naturehasto be donewith caution. Visualassessment
might not agreewith the computedperformanceneasure,
B. In particular we have to keepin mind thatour perfor
mancemeasurdi) penalizeggroupsthat straddleswo ob-
jectsmorethangroupsthatincludepartof anobjectandthe
backgroundand(ii) penalizesmallgroups.

Fig 12 shavs threeimageson which all cut measureper

forms equallywell. Fig 12 (b), (c) & (d) shows the best
performance®f all the cuts. In Fig 12 (f), (g) & (h), we
seethe lizard imageon the tabletop. Obsenre thatin the
groundtruth imagetherearethreedifferentobjectsin this
particularcase.Oneis thelizard by itself andthe othertwo

objectsarelocatedatthetop of theimage.All thecutalgo-
rithmsareableto form groupscorrespondingo thethedif-

ferentobjects.However, eachgroupincludeslarge amount
of backgroundclutter In Fig 12 (j), (k), & (I), we see
the performancesf all the cutson a zebraimage. Clearly
all the cut algorithmsare ableto separateut the regularly
strippedzebrafrom the grassbackground On our web-site
(http:// mar at hon. csee. usf. edu/ PO ht m )we

shav theresultson all the 50 imagesfor eachcuttype.

Fig 13 shaws the performance®n someimageson which
the cut measuregliffer the most. In Fig 13(a)the average
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cut performsthe best. Note that most of the background
clutter is removed and the bird is groupedproperly The
normalizedcut is bestfor Fig 13 (e) andthe min-cutis the
beston Fig 13 (i). However, aswe have seenearlier, this
dependencef performancef eachcuttypeontheimageis
not statisticallysignificant.Variationdueto theimagetype
swampsary variationdueto the cut type. This reinforces
the argumentagainstthe relianceon just visualassessment
of resultson afew images.

3.6.6 Time Issues

Fig 14 shaws the distribution of the time in secondgsaken

by eachcut algorithmsto finish the groupingprocessjn-

cludinglow-level processingindgraphconstructionwhich

arethe samefor all the cut measuresThe algorithmswere
run on a Sun Ultra-Enterprisewith a clock speedof 247

MHz. We canclearly seethat the time taken to compute
the normalizedcut vary morethanthe othertwo cuts. This

canbe attributedto the normalizedLaplacianmatrix struc-
ture, all of whosediagonalentriesare one andthe restof

the entriesare negative but with absolutevalueslessthan

one. Whereadfor the averagecut, the diagonalelements
canhave a valuegreaterthan1l. Hencetherelative varia-

tion betweerthe matrix elementis lessfor the normalized
cutcasewhich effectstherateof corvergenceof theeigen-
value/eigemectorcomputations.

4. Conclusionsand Implications

Thefollowing is anitemizedsummaryof the conclusiorof
this study

1. The bestor even the meanof the 100 bestpossible
performanceon eachimage for the three different
cut measuresire not significantly differentfrom each
other However, thevariationdueto theimageclasses
is significant. Theinteractionbetweertheimageclass
andthecuttypeis alsonotsignificant.Non parametric
testssuchasWilcoxon RankSum Scoresalsoleadto
the conclusionthat the bestperformance®f eachcut
typearestatisticallysimilar.

2. The performancevith the threemeasuress worstfor
manmadeobjectsn indoorsurroundingsindfor aerial
images.

3. Therangeof performancdor the 100 bestparameters
for thethreecutsarenot statisticallydifferent.

4. The meanperformancewith the 100 bestparameters
for thethreecut measuregarealsonot statisticallysig-
nificant.

5. The normalizedcut basedpartition took significantly
largertime to computethanthe averageandthe min-
cutfor alargenumberof cases.



So, what are the implications of the conclusionsthat we
have dravn from this study?First, the choiceof the nature
of the cut measureloesnot seemto be critically important
for stratgies that rely on grouping-by-grapfpatitioning.
The averagecut measureseemdo be a betterchoicebased
on time considerations.Second the importanceof learn-
ing groupingparameter®n a perimagebasisis obvious.

Performancesanvary greatlywith thechoserparameters.

Third, imagetype dominateasa sourceof variationin per
formance Poorperformancen certainimagetypessuchas
aerialandman-made@bjectsin indoorsurroundingsnaybe
attributedto thefactthatthe statisticsof the objectsof inter-
estandthebackgroundaresimilar. Relationsthatarericher
thanjust 2-aryonesmight needto be consideredvhencon-
structingthe scenestructure(hyper)-graphJust2-aryrela-
tionsareprobablyinadequatdor thesedomains.
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Figure 12.Images on whic h all three cuts per-
form equally well.
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Figure 13. Sample of images on whic h the per-
formance of one cut is the most diff erent from
the other.

Time

Box plot of the time taken by the Average, Normalized and Minimum Cut over a set of 20 images
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Figure 14. Box plot of the time (in seconds)
taken by the average, normaliz ed and the min-
imum cut over a set of 20 images.



