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Abstract—Thispaper presentsan k-partition, graph theo-
retic approach to perceptualorganization.Principal results
include a generalization of the bi-partition normalizedcut
to a k-partition measure, anda derivationof a sub-optimal,
polynomialtimesolutionto theNP-hard k-partition problem.
The solution is obtainedby �r st relaxing to an eigenvalue
problem,followedby a heuristicprocedure to enforce feasi-
blesolutions.Thisapproach is a departure fromthestandard
k-partitioning graph literature in that the partition measure
usedis non-quadratic, and is a departure from image seg-
mentationliterature in that k-partitioning is usedin placeof
a recursivebi-partition. Weapplythisapproach to imageseg-
mentationof infra-red (IR) images,and showrepresentative
segmentationresults.Initial resultsshowpromisefor further
investigation.

1 I NTRODUCTI ON

Imagesegmentationis theprocessof extractingcoherentre-
gionsor objecthypothesesfrom images.This processis dif-
�cult sincearbitrary lighting andbackgroundscanclutter a
scene,resultingin incorrecthypotheses.Segmentationsys-
temsoften compensatefor this variability by couplingbot-
tom up processing,which createssalientregionsandfocuses
computation,with top down knowledgebasedprocessingto
overcomenoise[1–3]. In this paper, we focuson a bottom
up approachbasedon perceptualorganization,which canbe
integratedinto suchacoupledsystem.

Perceptualorganizationrefersto the ability of computervi-
sion systemsto organize featuresbasedon humanvision,
or Gestaltic,criteria. This sort of organizationpermitsthe
formationof objecthypotheseswith minimal domainknowl-
edge,and thereforeminimal restrictions[4]. One ef�cient
representationfor perceptualorganizationis usinggraphthe-
ory [4, 5]. Imagesare abstractedto a graph representa-
tion, wheregraphnodescorrespondto imagelocations,and
weightedgraph edgesencodemeasuresof Gestalticsimi-

larity betweennodes. This abstractiontransformsthe im-
agesegmentationprobleminto graphpartitioning, which at-
temptsto groupnodessuchthatsomepartitioningmeasureor
cut is maximizedwithin eachgroupandminimizedbetween
groups.

Approachesto graphpartitioningcanbeclassi�edaccording
to partitioningmeasureandpartitioningprocess.First, parti-
tioningmeasuresexploredin imagesegmentationincludethe
min cut,averagecut,andnormalizedcut [6–8]. Analysishas
shown thatgiven2-aryfeatures,theaveragecut andnormal-
ized cut produceequivalent imagesegmentationswhich are
superiorto the min cut [9]. This analysismotivatesfurther
investigation into thenormalizedcut. Second,a partitioning
processis generallycategorizedasa recursive bi-partitionor
k-partition[10]. A recursive bi-partitiondividesa graphinto
two groups,thenrecursively divideseachgroupuntil k par-
titions areobtained[3,5,7]. A k-partitionattemptsto divide
a graphinto k groupssimultaneously. Imagesegmentation
hasbeenhistoricallydominatedby therecursive bi-partition,
however as noted in [11], recursive bi-partitioning suffers
from a lack of global perspective which could lead to sub-
optimalsegmentationwith respectto thek-partition.

In this paper, we presenta k-partition graph theoreticap-
proach to perceptualorganization. We generalizethe bi-
partition normalizedcut to a k-partition measure,and we
derive a sub-optimal,polynomial time solution to the NP-
hard k-partition problem. The solution is obtainedby �rst
relaxing to an eigenvalue problem,followed by a heuristic
procedureto enforcefeasiblesolutions. This approachis a
departurefrom the standardk-partitioning graph literature
in that the partition measureusedis non-quadratic [12–15],
and is a departurefrom image segmentationliterature in
thatk-partitioningis usedin placeof a recursive bi-partition
[3, 5,7,8]. We concludewith initial resultsfrom applying
this approachto the segmentationof potentialtargetsin IR
images.

2 K -PARTI TI ONI NG A GRAPH

Image segmentationmethodsbasedon graph partitioning
consistof formulatinga weightedgraphfrom the imageand
partitioningthegraphsothatsomemeasureof similarity de-
�ned over partitionsis minimized. Suchminimizationprob-
lemsarein generalNP-hardand,asa result,approximation



schemesarenecessary.

Our approachhasthefollowing overall structure:Formulate
a convex lower boundproblemand computea suboptimal
solutionin polynomial-timeusingsemide�niteprogramming
(SDP)[12, 14,16,17]. We thende�ne a lower boundusing
eigenvalue-basedbounds, whicharespecialcasesof SDPthat
admitanon-iterative linearalgebraicalgorithm.

2.1 Notations

All vectorsandmatricesconsideredarereal. 1k is a a col-
umnvectorof lengthk whoseelementsareall equalto one.
ek is acolumnvectorwhoseelementsareall zerosexceptthe
kth entry which is 1. The transposeof A is denotedby A0.
The elementby elementHadamardproductof two matrices
A andB is denotedby A� B . A � B denoteselement-wise
inequality. A � B denotestherequirementthatA � B is pos-
itive semide�nite. Strict inequalitiesaredenotedby A > B
and A � B . If A � 0, then A hasa positive squareroot
which is denotedby A1=2, i.e A1=2 � 0 andA = A1=2A1=2.
The element-wisepositive squareroot of A � 0 is denoted
by

p
A. A? an inner matrix whosecolumnsspanthe null

spaceof A0. A n B denotesthe set differencesuch that
A n B = f xjx 2 A; x =2 B g. The traceof a squarematrix
is denotedby trace(�); while the maximumeigenvalueof a
symmetricmatrix is denotedby � max (�). Thediag(�) opera-
tor actson vectorsto give diagonalmatricesin thefollowing
way: (i; i )th elementof diag(v) is thei th elementof v.

2.2 ProblemOverview

Let G = (V;W ) bea graphfor which V is anordered�nite
setof verticesor nodeswith jV j = N elements.Let W = W 0

be the size N � N edgeweighting matrix, suchthat W �
0, whoseelementsWij correspondto the similarity weight
betweenthei th andj th nodes.Thematrices

D = diag(d) = diag(W 1N ) and L = D � W

will play importantrolesin thispaper. Thediagonalelements
of D arethesumsof therows of W , andwe assumeD � 0.
The matrix L is known as the Laplacian,whereL1N = 0,
det(L ) = 0, andL � 0 .

A k-partitionof G is anN � K membershipmatrixX , which
assignseachv 2 V to onepartition Vi suchthat for all 1 �
i � k, Vi 6= ; , V1 [ V2 [ � � � [ Vk = V , andVi \ Vj = ; for
i 6= j . An optimal k-partition X opt minimizesa similarity
measureN (X ) overall X satistfyingcertainconditions.The
goalof this analysisis to de�ne anoptimalk-partitionX opt

of G.

2.3 Similarity measures

We areinterestedin separatingthe verticesin V into k dis-
joint classesaccordingto somemeasureof similarity. De�ne:

Vp = f (A i )k
i =1 :A i 6= ; ; A i \ A j = ; for all i 6= j ;

andA1 [ A2 [ � � � [ Ak = Vg
(2)

to be the universeof partitionsover which similarity mea-
suresarede�ned. In orderto de�ne similarity measuresand
performcomputations,let us�rst identify Vp with thefollow-
ing subsetof avectorspace:

Xp = f X 2 IRN � k :X � X = X ; X 1k = 1N and

X 01N � 1g
(3)

This is a �nite setbecausetheconstraintX � X = X implies
that every elementof X mustbe either0 or 1. In addition,
the constraintsX 01N � 1 (non-emptysets)andX 1k = 1N

(disjoint sets)guaranteethat thecolumnsareorthogonaland
that oneandonly oneentry of eachrow is 1. It is easyto
verify thatVp andXp arein one-to-oneontocorrespondence.

Normalizedcut— De�ne the functionsf p; gp : Xp ! IRk � k

asfollows:

f p(X ) = X 0DX and gp(X ) = X 0LX (4)

whereD is the diagonalmatrix of row sumsof W andL is
the Laplacian.Somepropertiesof thesefunctionsaregiven
below:

1. f p is diagonalbecauseD is diagonal,the columnsof
X areorthogonalandevery elementof X is either0 or
1. Moreover, f p(X ) � 0 for any X , a consequenceof
D � 0 andthefactthatX hasfull rank.

2. gp(X ) � 0, gp(X )1k = 0 anddet(gp(X )) = 0 for any
X . Thesefollow from thepropertiesof L andX .

Beforede�ning themeasures,let usinterpretthesefunctions
in termsof thesetof partitionsVp. Fix X 2 Xp. Let (A i )k

i =1
be the correspondingpartition of V . The (i; i )th elementof
f p(X ) is the total connectionweight from A i to V . Notice
that

gp(X ) = X 0LX = X 0(D � W )X = f p(X ) � X 0W X

So, the (i; i )th elementof gp(X ) is the total connection
weight from A i to V n A i . Therefore,the (i; i )th element
of

f p(X ) � 1=2gp(X )f p(X ) � 1=2

is thetotal connectionweight from A i to V nA i normalized
by the total connectionweight from A i to V . With this in
mind,wede�ne thenormalizedcutN0 : Xp ! IR asfollows:

N0(X ) = trace
�
f p(X ) � 1=2gp(X )f p(X ) � 1=2

�
(5)



This is clearly a generalizationof the normalizedcut of Shi
andMalik [7].

Roughly speaking,N0 seeseachclassA i in relation to its
complementin V anddoesnotdirectlyusebetween-classin-
formationasthe de�nition involvesonly diagonalelements.
The off-diagonalelementsof � gp(X ) are the total weights
betweenclassesandcouldbeusefulin separatingtheclasses.
Oneway to bring in this between-classinformationis to de-
�ne themaximumeigenvaluemeasureN � : Xp ! IR:

N � (X ) = � max
�
f p(X ) � 1=2gp(X )f p(X ) � 1=2

�
(6)

Interestingly, N0 = N � in the2-cut case(k = 2) which is to
beexpectedfrom our interpretations.Mathematically, this is
becauseoneof the eigenvaluesof f � 1=2

p gpf � 1=2
p is always

zero.

2.4 Graph Partitioning Problem

We would like to minimize the measureN � de�ned in the
previoussectionpossiblyover Xp. However, Xp containsall
k-cuts including somethat partition the imageinto several
small subsetsanda large one. The normalizedcut measure
wasoriginally de�ned by Shi andMalik [7] to guardagainst
suchpartitionsfrom becomingoptimal. A more direct way
is to insist that every subsetin a partition be bigger than a
speci�ed sizetherebyeliminatingunrealistic partitions. To
thisend,let s0 2 IRk beavectorwhoseentriesareall strictly
positive integersthatspecifytheminimumsizeof eachparti-
tion. Assumethatthesumof elementsof s0 is no largerthan
N . De�ne:

S0 = f s � s0 : entriesof s areintegersand

1k
0s = N g

(7)

and,for eachs 2 S0, de�ne thefollowing subsetof Xp:

X s
p = f X 2 IRN � k :X � X = X ; X 1k = 1N

and X 01N = sg
(8)

which is thesetof all partitionsof X whosecomponentsare
of sizespeci�ed by the componentsof s. The union of X s

p
overS0 is amorereasonablerepresentativeof imagesegmen-
tationobjectivesthanXp. Weshallthereforeformulategraph
partitioningproblemson thisunion.

The goal of the graphpartitioningproblemis to �nd a sub-
optimalsolution(s 2 S0;X 2 X s

p ) suchthatN � (X ) < 
 � + �
for any � > 0, where


 � = min
s2 S0

min
X 2 X s

p

N � (X ) (9)

It is known that the normalized2-cut is NP-complete.So,
polynomial-time algorithms for computing 
 � cannot be
found(unlessP=NP).We arethereforeinterestedin comput-
ing sub-optimalsolutionspreferablywith known quality.

2.5 Eigenvalue-basedbounds

Thebasicideain semide�niteprogramming(SDP)relaxation
andits specialcaseconsideredin thissectionis to replacethe
constraintsetX s

p with a larger setcontainingX s
p . It canbe

shown [18] thatX s
p in (8) is equivalentto:

X s
p = f X 2 IRN � k :X 0X = diag(s); X 1k = 1N ;

X 01N = s and X � 0g
(10)

from whicharelaxationis obtainedby ignoringtheconstraint
X � 0.

De�ne:

X s
relax = f X 2 IRN � k :X 0X = diag(s);

X 1k = 1N andX 01N = sg
(11)

which,unlikeX s
p , is anin�nite set,dueto therelaxation.

It canbeshown [18] thatX 2 X s
relax if andonly if

X (s) =
h

1Np
N

1N
?

i �
1 0
0 Z

� " p
s0

p
Np
s? 0

#

diag(s)1=2 (12)

or correspondingly, X (s) = U1UzU0
sdiag(s)1=2 for somein-

nermatrixZ .

Using this de�nition for X s
relax , a lower boundto the mini-

mizationin (9) for a �x eds 2 S0 is:

inf

 ;Z


 subjectto X 0(
 D � L )X � 0;

X = U1UzU0
sdiag(s)1=2; Z 0Z = I

(13)

which is obtainedby introducinga new variable
 andusing
propertiesof � max (�). Removing X andthe invertibleouter
factorsusingcongruencegives:


 �
lb d = inf


 ;Z

 subjectto U0

zU0
1 (
 D � L ) U1Uz � 0

and Z 0Z = I
(14)

Thus,the innerminimizationof the lower boundproblemin
(9) is equivalentto theabove in�mization.

Using a Schurcomplementargument,the positive de�nite
constraintU0

zU0
1 (
 D � L ) U1Uz � 0 in (14) is equivalentto

theconstraint:

Z 0
�
(
 � 1) I +

p
d

? 0

D � 1=2W D � 1=2
p

d
?

�
Z � 0 (15)

De�ne:

A = (
 � 1) I +
p

d
? 0

D � 1=2W D � 1=2
p

d
?

B = D � 1=2W D � 1=2



Thepositive de�nite constraintin (15) holdsif Z is any ma-
trix whoserangeis containedin the eigensubspaceassoci-
atedwith the strictly positive eigenvaluesof A. It follows
from a similarity transformargumentthat if the eigenvalues
of B are1 = � 1 � � 2 � � � � � � N , thenthe eigenvaluesof
A are (
 � 1) + � 2 � (
 � 1) + � 3 � � � � � (
 � 1) + � N .
For A to have k � 1 strictly positive eigenvalues, the re-
quirement
 > (1 � � k ) must hold. Therefore,the choice

 = (1� � k ) + � for some� > 0, andZ aninnermatrixwhose
columnsare the orthonormaleigenvectorscorrespondingto
the k-1 strictly positive eigenvaluesof A, resultsin the pair
(
 ;Z ) beingafeasible,sub-optimalsolutionto (13)and(14).
For a givens 2 S0, this feasiblesolutionde�nes anX asin
(12), for whichN � (X ) < (1 � � k ) + � . For adetailedderiva-
tion, pleasesee[18].

2.6 Computational Solution

Following the resultsin the previous section,a sub-optimal
solution (s 2 S0; X 2 X s

relax ) suchthat N � (X ) < 
 �
lb d + �

given� > 0, canbecalculatedasfollows.

Algorithm2.1(Solutionof eigenvalue-basedlowerbound)
Performthefollowing computations:

1. Computelargestk eigenvaluesof D � 1=2W D � 1=2

1 = � 1 � � 2 � � � � � � k

and a correspondingorthonormalset of eigenvectors
v1;v2; � � �;vk .

2. De�ne

qi = D � 1=2vi for i = 1; 2; � � �; k

andapplyGram-Schmidtorthonormalizationprocedure
startingwith q1.

3. Chooseany s 2 S0 andset

X = M

" p
s0=

p
N

p
s? 0

#

diag(s)1=2

whereM 2 IRN � k is the inner matrix obtainedin the
Gram-Schmidtorthogonalizationof Step2.

Then,
 �
lb d = 1 � � k and,for any � > 0, thematrix X given

in Step3 satis�esN � (X ) < 1� � k + � .

NotethatStep1 andStep2 of thealgorithmdonot involves.
Hence,
 �

lb d is independentof s andevery X givenby Step3
hasthe samequality. This is becausethe relaxed constraint
set,without theconeconstraintX � 0, admitsall directions.
So, in Step3, we oughtto chooses 2 S0 with the objective
of enforcingX � 0. We do soby solvingthefollowing min-
imizationproblemfor bs :

J = min
bs � bS0

K = � K T

jjX (bs)� X (bs) � X (bs)jj 2 + jjX (bs) � jj

where

X (bs) = M

" p
bs0=

p
N

eK (
p

bs
? 0

)

#

diag(bs)1=2

X (bs) � is the matrix X (bs) with all positive entriesset to 0,
jj � jj denotestheFrobeniusmatrixnorm,and:

bS0 = f bs : bs � s0 and1k
0bs = N g

which is a relaxationof S0 de�ned in (7).

The �nal resultX is formedas in Step3 of Algorithm 2.1
usingthe solutions = bs to the minimizationof J . The ma-
trix X de�nes a k-partition, wherethe rows of the solution
canbe interpretedasthe con�dencethat a nodebelongsthe
grouprepresentedby thecorrespondingcolumnof X . Dueto
theuseof relaxedconstraints,X is realvalued,sothegroup
membershipof the i th nodein X is chosento bej suchthat
X ij � X il for all 1 � l � k.

3 I M PL EM ENTATI ON AND RESULTS

Section2 describeda computationalengineto performa si-
multaneousk-way partitioningof a weightedgraph. In this
section,werelatethetheoryof Section2 to aspeci�c applica-
tion, namely, segmentingobjectsof interestfrom background
in IR imagery.

Imagesegmentationcan be consideredto be a preliminary
step towards Automatic Target Detection (ATD), the au-
tonomouslocation of targets in sensordata. When using
infrared and optical sensors,where the sensordata is rep-
resentedby an image of the sceneundersurveillance, the
ATD problembecomesoneof forming target-classhypoth-
esisfrom pixels in the image. Imagesegmentationis an ef-
fectivepre-processingtool to form objecthypothesesbeforea
decisionlevel algorithmis usedto determineif eachof these
objectsis a targetof interest.Theuseof perceptualorganiza-
tion ensuresthat the objecthypothesesareformedbasedon
robust,humanvisionbasedcriteria.

3.1 Featuresfor grouping

Perceptualorganizationtheoryprovidesasetof heuristicsbe-
lievedto beusedby thehumanvisualsystemto separate�g-
urefrom groundin animage,with little or no prior informa-
tion. Theseheuristicsgrew out of the Gestalticmovement
to explain how humansare able to reliably and repeatedly
segmentarbitraryimagesinto �gure andbackground.Such
heuristicsinclude: proximity, similarity, closure,symmetry
andcontinuity[4].

In the context of graphpartitioning,perceptualorganization
canbeusedto de�ne featureswhichcharacterizetherelation-
shipbetweenimageregions.Therelationshipsareencodedin
theedgeweightsof theweightedgraph.

Theweightbetweentwo nodesin thegraph,or in our partic-



ular case,two pointsin theimage,is calculatedasa function
of imageproperties,or features at the two points. Speci�-
cally, with M featuresunderconsideration,the weight Wij

betweentwo pixels,i andj , canbecalculatedas

Wij = W f eatur e1
ij � W f eatur e2

ij � ::: � W f eatur eM
ij (16)

The weight basedon a certainfeatureis a function of some
measureof similarity, dij , suchthat,

W f eatur em
ij = exp

"

�
(df eatur em

ij )2

� 2
f eatur em

#

(17)

where,� 2
f eatur em

, determinestherelativestrengthof thefea-
turein theperceptualgroupingprocess.

Featuresexploredin this implementationareasfollows:

Intensity: dintensity
ij is thedifferencein theintensityof the

imageatpixelsi andj .

Proximity: dpr oximity
ij is thespatialdistancebetweenpix-

elsi andj .

Texture: dtextur e
ij is a measureof the differencein distri-

butionsof textons, or primitive texture elementswithin
a region. As in [19], wecalculatethesimilarity between
two pixelsto bethe� 2 distancebetweentwo textonhis-
togramscomputedfrom local regionscenteredon each
pixel.

Contour: dcontour
ij is calculatedusingtheinterveningcon-

tour framework [19], wherethe similarity betweenthe
two pixelsis inverselyproportionalto thestrongestcon-
tour thatseparatesthem.

3.2 Computational Considerations

The computationalrequirementsof the k-way graphparti-
tioningalgorithmincreasepolynomiallywith imagesize[20].
Any effort to decreasethe computationalrequirementsby
downsamplingthe imageor weight matrix resultsin small
targetsbeingoverlooked,which impliesthatit is importantto
useeverypixel on target,andby extension,everypixel in the
image,for grouping.

A possiblesolution to the computationalproblemsencoun-
teredwhen dealingwith every pixel in a large imageis to
developa groupinghierarchy. We have implementedsucha
hierarchy usinga bottomup approachwheresmall areasof
the imagearepartitionedat the lowestlevel of thehierarchy
usingtheapproachdescribedin Section2 andthesepartitions
arethenrecursively mergedat the higherlevels. The recur-
sive merge alsousesthe theory in Section2 by treatingthe
partitionsasnodesin a graphandusinga measureof simi-
larity betweenpartitionsasedgeweights. We illustrateour
approachusingthe exampleshown in Figure1. For details,
onemay refer to [20]. By usinga quadrant-basedrecursive
mergingprocess,thisapproachis approximately16L � 1 times
fasterthan a single-steppartitioning of the entire imageat
once,whereL is thenumberof levelsin thehierarchy.

Raw Image

Output Segmentation

Level 1

Level 2

Level 3

. . .
....

....
.

Segmentation
Over-

grouping
hierarchical 

....

. .
..

Quadrant-based

Figure 1. Thehierarchicalapproachfor a3-level hierarchy

3.3 Results

Thissectionshowstheresultsof thefollowing approach:cre-
ating the imagegraphasde�ned in Section3.1, partitioning
thegraphusingthetheorydescribedin Section2 andthenre-
peatingthesestepsusing the recursive hierarchy described
in Section3.2. The imagesshown hereare from the Fort
Carsondatabase[21], downsampledfrom theoriginal sizeof
256� 256to 128� 128. Theresultsareshown with different
colors,eachcorrespondingto aperceptuallysalientimagere-
gion. It shouldbenotedthatwe currently�x thenumberof
partitions,k, of asub-image,ateachlevel of thehierarchy.

Figure2 showsexamplesof ourapproach,with theIR images
undertestalongthetoprow andthecorrespondingsegmenta-
tion resultsalongthebottomrow. Figure2 (a)showsasimple
example,wherethetargetof interestis anM113 TOW vehi-
cle,againstthebackdropof agrassyregion. Theresultshows
that the threeperceptuallysalientregionsof grass,sky and
targetarecorrectlysegmented.Figure2 (b) shows an image
with two targetsof interest. The car on the right is clearly
visible while thecaron theleft bleedsslightly into theback-
ground. Both targetsaresuccessfullysegmentedalongwith
thecorrectbackgroundpartitionsbetweentheground,ahilly
areaandthe sky. Figure2 (c) shows an IR imagewith two
targetsof interest,an SUV that is clearly visible anddistant
M113TOW vehicle,alongtheslopeof ahill, thatis veryhard
to see. The algorithmdetectsthe SUV andpartially detects
theM113, alongwith correctlyidentifying thehorizon. Fig-
ure 2 (d) shows an M113 TOW vehicle against a cluttered
backgroundin the IR image. The segmentationalgorithm
correctlysegmentsthe target, indicatedby the black region
in theresult,from background,alongwith additionalclutter.



(a) (b) (c) (d)

Figure2. (top)A seriesof imagesfrom theFort CarsonIR imagerydatabase(bottom)Segmentationresults

4 CONCL USI ONS

This paperhaspresentedthe theoryand initial resultsfor a
new k-way graphpartitioningapproachto imagesegmenta-
tion basedon perceptualorganization.The resultsin Figure
2 show that the approachprovides good target-background
separationin scenarioswith multiple targets,targetsof dif-
ferentsizesandclutteredbackground.In all thesecases,the
backgroundis alsosegmentedappropriately.

The resultsshown in Figure2 alsopoint out areasthatneed
further investigation. For instance,in Figures2(a) and2(c),
the targetsareoversegmented.Suchresultsshow the impor-
tanceof automaticallyselectingthe appropriatek for parti-
tioning the image. Also, onecanseefrom Figure2(b) that
the car on the left is only detectedpartially. Given the fea-
tureswe areusing,this segmentationis acceptable,sincethe
IR imageshows that the bottom of the car doesblend into
the background.However, a humanis able to segmentthe
wholecarby makinguseof humanvisioncuessuchasconti-
nuity andfamiliarity, which impliesthattargetdetectionmay
beimprovedby introducingadditionalGestalticfeatures.Fi-
nally, Figure2(d) shows detectionof clutter alongwith the
target. This highlightstheneedfor a coupledtop down pro-
cessingto beintegratedwith bottomup processingto reduce
noise.

In summary, webelievetheresultsshownarepromisingin the
context of targetdetection,andconcludefrom theseobserva-
tions andresultsthat imagesegmentationbasedon percep-
tualorganizationmeritsfurtherinvestigation.Futurework in-
cludesaquantitativeanalysisof thisapproachvs. currentseg-
mentationalgorithmsandothergraphpartitioningapproaches
to show comparative results,furtherteststo show robustness

givenscenevariability, andinvestigationinto methodsto au-
tomaticallydetermineanappropriatek.

ACKNOWLEDGMENTS

Thiswork wasperformedwith supportunderArmy Research
Of�ce (ARO) contractsDAAD19-00-C-0060andDAAD19-
01-C-0057.We would like to thankDr. Linda Bushnell,Dr.
HuaWang,andDr. William Sanderfor their supportduring
thecourseof thiswork.

REFERENCES

[1] P. Halvadar, G. Medioni, and F. Stein, “Perceptual
groupingfor genericrecognition,” International Jour-
nal of ComputerVision, 20, 59-80, 1996.

[2] R. C. Nelson and A. Selinger, “A perceptualgroup-
ing hierarchy for 3D object recognitionand represen-
tation,” DARPA Image UnderstandingWorkshop, 157-
163, 1998.

[3] S. Yu, R. Grossand J.Shi, “Concurrentobject recog-
nition andsegmentationby graphpartitioning,” Neural
InformationProcessingSystems, Dec9-14,2002.

[4] S. SarkarandK. L. Boyer, “Perceptualorganizationin
computervision: A review and proposalfor a classi-
�catory structure,” IEEE trans.on Systems,Man, and
Cybernetics, 23(2), 382-399, 1993.

[5] Y. Weiss,“Segmentationusingeigenvectors:A uni�ed
view,” Proceedingsof the InternationalConferenceon
ComputerVision, 2, 975-982, 1999.

[6] S.SarkarandP. Soundararajan,“Supervisedlearningof
largeperceptualorganization:Graphspectralpartition-



ing andlearningautomata,” IEEE Transactionson Pat-
ternAnalysisandMachineIntelligence, 22(5), 504-525,
May 2000.

[7] J. Shi andJ. Malik, “Normalizedcutsand imageseg-
mentation,” IEEETransactionsonPatternAnalysisand
MachineIntelligence, 22(8), 888–905, August2000.

[8] Z. Wu andR. Leahy, “An optimal graphtheoreticap-
proachto dataclustering:Theoryandapplicationto im-
agesegmentation,” IEEEtrans.onPatternAnalysisand
MachineIntelligence, 15, 1101-1113, November, 1993.

[9] P. SoundararajanandS.Sarkar, “Investigationsof mea-
suresfor groupingby graphpartitioning,” International
Conferenceon ComputerVision and Pattern Recogni-
tion, December2001.

[10] U. Elsner, “Graphpartitioning:A survey,” TechnicalRe-
port SFB393/97-27, TU Chemnitz,1997.

[11] H.D. SimonandS-H.Teng,“How goodis recursive bi-
section?,” SIAM J. Scienti�c Computing, 18(5), 1436-
1445, 1997.

[12] F. Alizadeh,“Interior pointmethodsin semide�nitepro-
grammingwith applicationsto combinatorialoptimiza-
tion,” SIAMJ. of optimization, 5, 13-51, 1995.

[13] J. Falkner, F. Rendl and H. Wolkowicz, “A computa-
tional studyof graphpartitioning,” MathematicalPro-
gramming, 66, 211-240, 1994.

[14] L. LovászandA. Schrijver, “Conesof matricesandset-
functions,and0-1 optimization,” SIAM J. of optimiza-
tion, 1, 166-190, 1991.

[15] H. Wolkowicz and Q. Zhao, “Semide�nite program-
ming relaxationsfor the graphpartitioning problem”,
1999.

[16] Y. Nesterov andA. Nemirovskii, Interior-point polyno-
mial methodsin convex programming, SIAM, Philadel-
phia,1994.

[17] L. VandenbergheandS. Boyd, “Semide�nite program-
ming,”SIAMReview, 38, 49-95, 1996.

[18] R. K. Prasanth, A. Gandhe, B. Ravichandran, S.
Casadei,S.Mitter andS.Sarkar, “ATR usingperceptual
organization”Tech. Report,SSCI-1297-interim, Scien-
ti�c SystemsCompany Inc.,Woburn,MA, April 2002.

[19] J. Malik, S. Belongie,T. K LeungandJ. Shi, “Contour
andtexture analysisfor imagesegmentation,” Interna-
tional Journalof ComputerVision, 43(1), 7–27, 2001.

[20] A. Gandhe, J. Byrne, M. Huff and B. Ravichan-
dran, “ATR usingperceptualorganization,” Tech. Re-
port SSCI-1297-8Scienti�c SystemsCompany Inc.,
Woburn,MA, May 2003.

[21] J. BeveridgeRoss,D. Panda,andT. Yachik,“Fort Car-
son RSTA data collection,” Final Report CS-94-118,
ColoradoStateUniversity, November1993.


