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ABSTRACT

This paperpresentsa hierarchicalimagerepresentatiothat pre-

senesspatialrelationshipsandanimagesegmentatioralgorithm

that efficiently constructsthis representation.The overall struc-

ture of the hierarchicalrepresentatiomssumes tree-like organi-

zation,in which a nodeat a higherlevel represent®f a group of

nodesfrom the next lower level. The root nodeof the represen-
tationis the full image,andthe leaf nodesare K x K blocksof

pixels (usually4 x 4 or 8 x 8), calledblobs The sggmentation
algorithmbuilds this hierarchicalrepresentationsingan efficient

clusteringalgorithmfor groupingnodesprogressiely into larger

objects. While performingthe union of nodesat onelevel into a

single parentnodeat the next higherlevel of the tree,nodesare

groupedtogetheraccordingto similarities betweentheir feature
vectors,which include suchfeaturesas color information, orien-

tation, texture, size,enegy, andneighborinformation. The com-

putationcompleity of the hierarchicaimagesegmentationalgo-

rithm is O(M N + 23 log(24%)), where M, N arethe height
andwidth of the original image. Experimentalresultsshav that

this algorithmcansegmentimagesandextractobjectseffectively.

1. INTRODUCTION

Objectextractionviaimagesegmentatiorplaysakey rolein mary
applications. Unfortunatelyhowever, it remainsa difficult prob-
lem. Theredoesnot exist a single genericalgorithmthat works
well for all applications.Targetapplicationsvary in the necessary
degreesof precision,efficiengy, andfeatureinformationrequired
fromimagesegmentationsodifferentalgorithmsaretypically bet-
tersuitedto differentapplications For someapplicationareaslike
content-basedmage retrieval (CBIR) and MPEG-4 video com-
pressionijt is desirableto have a sggmentatioralgorithmthatpre-
senesinformationregardingthe spatialrelationshipsetweerpb-
jects. Towardthis end,we presentnefficientimagesegmentation
algorithmthat generates hierarchicalimagerepresentatiothat
preseresthesespatialrelationships.

Comparedvith mostnon-hierarchicategmentatioralgorithms,
suchastheK-meansalgorithmusedin SIMPLIcity [1], algorithms
basednahierarchicalepresentatiopreserethespatialandneigh-
boring information amongsegmentedregions. For applications
like content-basedmage retrieval and MPEG-4 video compres-
sion, the ability to presere spatialrelationshipsbetweenobjects
canimprove imageretrieval andmotion estimatiorefficiency. For
content-basednageretrieval, sgmentationrschemeganbe used
to extractobjectsandtheir featuredrom images andthenusethe
object featureinformation to increaseimageretrieval efficiency
[2]. The additionalfeatureinformationregardingneighborrela-
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tionshipsbetweenobjectscan be usedto further improve image
retrieval for imagequerieswvherespatialinformationaboutobjects
in theimageis key to effective imagerecall.

For MPEG-4video compressiori3], andothercontent-based
video compressiorschemesimagesegmentatioris usedto divide
scenesipinto objects.By performingmotionestimatiorandcom-
pensatioron objects the minimal temporalvariationswithin each
object enableshigher compressiorratios. The addedbenefitof
spatialinformationcould furtherimprove algorithmefficiengy, al-
lowing potentiallysimplerandmoreefficient motiontrackingand
objectocclusiondetection.

A numberof segmentationalgorithmsfor building a hierar
chicalimagerepresentationsave beenproposed4, 5, 6, 7]. Al-
thoughthesehierarchicalsegmentationalgorithmsperform well
in somespecificareasall of themsuffer from variousdravbacks.
Nacken[5] andShenetal. [6] emplgy methodssimilar to oursof
iteratively groupingnodesin a hierarchicalstructure. However,
their methodscanleadto excessie iterations,generatinga large
numberof hierarchylevels. Montarvert et al. [4] usestochastic
analysidor imagesegmentationput their sgmentatiorresultsare
not uniquedueto the stochastiaecimationappliedat eachlevel.
Furthermoreall of theabove algorithmsuseonly theoriginal pixel
valueswhenperformingpixel clusteringwhich Marr amguesis not
sufiicient[8]. Finally, noneof theseprior studieshasexaminedthe
computationcomplity of their algorithms. No datais provided
in [4, 5, 6] regardingcomputationcompleity, andonly empirical
resultsareprovidedby Marr [7].

In this paper we proposean efficient hierarchicalimagerep-
resentatiordatastructureanda powerful imageseymentational-
gorithm for constructingthis representation.We proposethree
nenv enhancementt® hierarchicalimage segmentationto allevi-
atesomeof the dravbacksof previous approacheskFirst, we pro-
poseanefficientnew clusteringschemausingamodifiedUNION-
FIND datastructure. This algorithm achieves low computation
complity by minimizing both the numberof hierarchylevels
and the computationcompleity for eachlevel of the image hi-
erarchy Secondwhenclusteringnodesfrom differentregionsin
eachlevel, besidegust color information,the algorithmconsiders
avariety of additionalfeaturesjncluding the orientation,texture,
size,neighborsandenengy. Finally, thisalgorithmprovidesaflex-
ible schemdor specifyingwhento stopthe clusteringprocedure.
The usercan specify either the desirednumberof objectsor the
desiredfeaturedistance(i.e. the maximumfeaturedistancebelov
which clustersmaybe combined).Or, if the userspecifiemeither
afull hierarchicarepresentatioof theoriginalimagewill becon-
structed(i.e. with the root nodeof the treebeinga single object
correspondindo thewholeimage).

The remainderof this paperis organizedasfollows. Section
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Level 2

Figure 1: HierarchicallmageRepresentation

2 summarizeghe image representationheory of Marr [8], and
discusseshe proposedhierarchicalimagerepresentatiomnd as-
sociatedmagesegmentationalgorithm. Section3 thendiscusses
the specificdetailsof the segmentationalgorithm. Section4 an-
alyzesthe computationcompleity of the algorithm, and section
5 givessomepreliminary experimentalresults. Finally, section6
summarizesur conclusionsanddiscusse$uture work.

2. HIERARCHICAL IMAGE REPRESENTATION

In defining animagerepresentationit is importantto recognize
that the intensity valuesin animageare derived from four main
factors:geometrysurfacereflectanceillumination,andviewpoint.
Consequenthyit is insufiicient to utilize justintensityinformation
during imagesegmentation. As elaboratedby Marr [8], in addi-
tion to colorintensityinformation,it is importantto definearepre-
sentatiorof bothsurfacereflectanceandgeometricabrganization.
Therepresentatioshouldcontainfeatureghatcanbe derivedre-
liably andrepeatedlyfrom images,andto which canbe assigned
valuesof attributeslik e orientation brightnesssize,andposition.
Further Marr [8] providessomeimportantunderlyingphysicalas-
sumptionsfor the surfacereflectancefunction of animage: Ex-
istenceof surface Hierarchical organization Similarity, Spatial
continuity, Continuityof discontinuitiesandContinuityof flow.
Basedon thesephysicalassumptionsye proposea hierarchi-
cal image representation. This representatiorembodiesa tree-
like organizationbasedon the UNION-FIND datastructure[9].
The root noderepresentshe full image,andthe leaf nodesrep-
resentK x K blocksof pixels (usually4 x 4 or 8 x 8), called
blobs Thisrepresentatiodefinesahierarchyof levels,whereeach
level consistsof two datastructuresa weightedgraphGiever =
(Vievei, Erever), anda disjoint-setSieyer. Eachvertex of Gieyer
representeneregion of the originalimageandhasa featurevec-
tor characterizinghis region. Eachsetin Sicy.; is composedf
oneor more nodes,and eachnodehasa pointerto onevertex of
Gliever. Thetwo datastructuresarefurther definedby Cormenet
al. [9]. Giever Specifiesthe spatialrelationshipbetweenregions,
wheretwo verticesare connectedby an edgeif andonly if their
correspondingegions neighboreachother The weight of each
edgedefinesthe degreeof the similarity betweentwo regions. In
additionto thestandardiefinitionfor Geve:, €achvertex of Gieyer
hastwo additionalattributes:child andparent, which definethe
relationshipbetweemodesin two adjacentevels.

Algorithm 1 segmentation

: NodeSet := ExtractFeature(image)
. Go := InitGraph(NodeSet)
So := InitSet(Go)
: level :=0
: while (StopCondition() = true) do
for (e € Ejever) do
if (e.dist < threshold[level]) then
s1:= FINDSET (Sieveir, e-Left Node)
s2 := FINDSET (Sievei, e-Right Node)
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10: if ((s1 # s2) then

11: UNION(Slevel,sl,S2)

12: end if

13: end if

14:  end for

15:  for (s € Siever) dO

16: if (|s] = 1) then

17: sibling := FindNearSib(Siever, Gievel, S)
18: t := FINDSET(Sicver, Sibling)
19: Link(Slevel, S, t)

20: end if

21: endfor

22:  level := level + 1

23: Gievel = CTGGtBGT@ph(sleuel—h Glevel—l)
24: Silevel 1= C’I"eatGSEt(Glevel)

25: end while

26: Qutput Result

Fig. 1 providesanexampleof ourhierarchicaimagerepresen-
tation. Theweightedgraphin eachlevel is composedf thenodes
andedgeswithin thislevel. Theedgesn eachlevel definethespa-
tial relationshipsetweerthenodesandeachedgehasaweightto
representhesimilarity betweerthosetwo nodes.For example the
nodes{So. — Sor }, andtheir associateedgesshavn in Fig. 1,
composethe weightedgraphof level 0. The relationshipamong
the disjoint-setin eachlevel is illustratedby the groupings. For
example,in level 2, thefour nodesbelongto two sets,{S1a, S1s}
and {S1c, S14}, andnodesSi, and Si4 representhe canonical
elementsof thesesets,respectiely. child andparent attributes
of eachvertex areillustratedby double-arras edgeswhich define
therelationshipbetweerthe nodesof adjacentevels.

3. IMAGE SEGMENTATION ALGORITHM

Theseggmentatioralgorithmis presentedh Alg. 1. GivenanRGB
colorimagewith heightM andwidth NV, theimageis initially par

titionedinto small K x K blocksof pixels(usually4 x 4 or 8 x 8,

but this may vary by imagesize suchthatlargeimageshave large
blobswhile smallimagesusesmallblobs),calledblobs Eachblob
hasan associatedetof featuresextractedfrom the original pixel

intensityvaluesof theimage,includingcolor, orientation texture,
andenegy information.Basedonthesextractedfeaturesandthe
neighboringelationshipamongblobs,thelowestlevel of therep-
resentations built. Thennodeclusteringandregion meging are
performedat eachlevel usinga bottom-upstrateyy. At the endof

eachiterationof the while loop, the algorithmhascompletedone
level of the hierarchy soa new level is constructecandtherepre-
sentationis updated.The procedurds repeatedintil the stopping
conditionhasbeenattained which is definedaseitherthe desired



final numberof objects, SegNumber, or the maximumfeature
distance,DistT hreshold, for meging regions. Or if not speci-
fied, thealgorithmwill continueuntil asinglerootnodeexiststhat
definesthe full image. Fromthis representationpbjectsandfea-
turescanbe extractedeasily througha top-dawvn traversalof the
final hierarchicarepresentationf theimage.

In eachiteration of the while loop, the first for loop clus-
tersneighboringegionsof thislevel accordingo somethreshold
value(threshold maybedefinedocally for eachlevel, or globally
for all levels). This thresholdis usuallysmall,no morethan5. To
ensurdow computatiorcompleity, the secondfor loop requires
that eachsingle-nodesetmeige with at leastoneothersetin this
level. So,beforeanew levelis generatedhis for loop guarantees
thatall setsof the currentS;...; includeatleasttwo nodes.Con-
sequentlyeachnew level of thehierarchyis guaranteedb have no
morethanhalf the numberof nodesasthe previouslevel, ensuring
fastcorvergenceof thealgorithm.

Below aretheimplementatiordetailsof subroutines:

e ExtractFeature(image) partitionsanimageinto K x K
blobs(usually4 x 4 or 8 x 8), with eachblob correspond-
ing to avertex of Go. Then,thewavelettransform[10] ex-
tractsorientationand texture information from eachblob,
usinga similar methodto Wangetal’s [1]. Two kinds of
orthonormalvaveletfilters areused the Haarfilter andthe
Daubechies-filter [10]. Finally, ninefeaturesareextracted
for eachblob: the first threeare the meancolor valuesof
the blob; the secondthreearethe orientationvaluesin the
horizontal,vertical,andobliquedirections(which alsoim-
plicitly definethetextureinformationin thesedirectionsas
demonstratetty Wanget al. [1]); thelastthreearethe de-
viationsof the color valuesof this bloh

e InitGraph(NodeSet) createsand initializes the lowest
level's weightedgraph, Go. Two verticesare connected
by an edgeif andonly if the two correspondingdlobsin
the original imageare neighborsof eachother In this pa-
per, the Euclideandistanceof the featurevectorsfor two
connectechodess calculatecandassignedo theedge and
eachfeaturehasthesameweightwhencalculatingdistance.

o InitSet(Gy) createsandinitializes the disjoint set Sy of
the lowestlevel, suchthat eachsethasonly one element
andeachelementpointsto onevertex of Go.

e FINDSET(Sicvet, $) aNdUNION (Sicver, 1, $2) arethe
standardmplementation®f disjoint-setoperationdor the
UNION-FIND datastructure[9] . Path compressiorj11,
12]isusedin FINDSET toreducehecomputatiorcom-
plexity of thesetunionoperations.

e FindNearSib(Sicvel, Gievel, vertex) returnsthe vertex
with the smallestfeaturedistanceto vertexz amongall the
neighboringverticesof vertex in Gieyer.

o CreateGraph(Sievei—1, Gievei—1) Createsanew weighted
graphGiever = (Viever, Eiever), With a numberof nodes,
Vievel, €qualto the numberof setsin Sjeyei—1. Nodesof
Viever areonly connectedy anedgeif their corresponding
setsin Sievei—1 Werelikewise connected.Eachvertex of
Gever hasafeaturevectorwith six meanvaluesandsix de-
viationvalues excepttheverticesin thelowestlevel, which
have only threedeviation values(orientationhasno devia-
tion valuesin thelowestlevel). Forary v € Vieyer, Whichis
mappedrom thevertex sets of Sjevei—1, themeanfeature

valuesarecalculatedusingEqu. 1:

1 .
v.fi = m Zu.szze *u.f; 1)

uES

wherel < ¢ < 6. The deviations are calculatedusing
Equ.2:

o f = \/Euesuszze*(uﬁ 6 —v.fi—¢)?

u€s u.stze

@)

where7 < j < 12. size is anattribute of vertex, which
defineshow mary blobs of the original imagethis region
has. Theweightof anedgee, thatis, the distancebetween
theconnectedrerticesv; andws, is calculatedusingEqu.3:

12
e.dist = \/Ei:1 (Ul-if; — va.f;)? o

Eachvertex in Gieve; hasanattributeleast.dge pointingto

theedgewith smallesffeaturedistanceamongall theedges
connectedo this node.For eachverte, child pointsto the

sets in Siever—1 it cOrrespondso, andthe parent of the

canonicaklemenf s pointsto this vertex.

e CreateSet(Giever) Createsmnew disjoint-setstructure Sicye,
with eachnodein Vi.,e; OCcupying asingleset.

e StopCondition() becomesrueonly, therebystoppingur-
ther mewging of nodesin the hierarchicalrepresentation,
whenthe stoppingcondition specifiedby the useris met.
Theusercanspecifythe stoppingconditionin oneof three
ways: (1) stopwhenthe numberof objectsat the current
level becomegyreaterthan or equalto SegNumber, (2)
stopowhen the distancebetweenary two connectedob-
jectsnodesis greaterthanor equalto DistT hreshold, or
(3) stopif neithermethods(1) or (2) were specified,and
thereis only onenoderemaining(i.e. a singlenodeat the
root of thetreedefiningthe completeoriginalimage).

4. COMPUTATION COMPLEXITY

To determinethe computationcompleity of the proposedhier
archicalimage segmentationalgorithm, we needto examinethe
computationcompleity of eachstepwithin the algorithm. The
subroutineExtractFeatue needstime O(M N), sincethereare
M5 blobs, the wavelet transformof eachblob requiresO(K?)
time, andthetime for featurecalculationis O(1). Thesubroutines
InitGraph and InitSetneedO (%45 ) time, becausehereare e

verticesand 2M=DIV"1 edgesin Gy and Y setsin So |n|-
tially. After the end of onewhile iteration, the numberof nodes
in level I is at mosthalf of the numberof nodesin level I — 1, so
thereare at most (log ) while iterations. Becausepath com-
pressions used thetotal time neededor the UNION-FIND oper
ationsin onewhile iterationis © (355 a (457, 257)) [13], where
a( X5, X7 is afunctionalinverseof Ackermans functionand
is no morethan5 in general. The subroutineFindNearSibneeds
O(1) time. So the total time neededin one while iteration is
O(2L), exceptfor the subroutineCreateSetaind CreateGaph
The subroutineCreateSetfcye;) NeedsO(Vieyer) time andsub-
rou“necreateGaph(slevel—11 Glevel—l) needaimeo(ﬂflevel—l |+
| Eievei—1]) time. Sothetotal time neededor a while iterationis
O(%%) andthe computatiomompledty of the whole algorithm

is O(MN + MY 1og(MNY).




5. PERFORMANCE EVALUATION

Thesgmentatioralgorithmhasbeenperformedon morethan100
referencemagesfrom the setusedby Wanget al. [1]. Four of

them areillustratedin Fig. 2. The first imageis a 384 x 256

RGB colorimageandtheothersare256 x 384 RGB colorimages.
This implementationused4 x 4 blobsanda stoppingcondition
of SegNumber = 10. Thethreshold wasglobally setto 3 for

all levels. All of theimageswere sggmentedinto the displayed
hierarchicarepresentationgsingno morethan? iterations.

(b) Sgmentedmage

-

(d) Segmentedmage

E

(h) Segmentedmage

(e) Originalimage () Segmentedmage

Figure 2: ImageSegmentatiorResults

6. CONCLUSION AND FUTURE WORK

Thispaperxaminedahierarchicalmagerepresentatiodatastruc-
ture that perseres spatialinformation betweenneighboringob-
jects,andanefficientimagesegmentatioralgorithmfor construct-
ing this representationThe algorithm segmentsimagesby itera-
tively clusteringpixelsinto a hierarchy usingfeatureinformation
suchascolor layout, neighborssize,enepy, texture,andorienta-
tion. Thefinal resultis a hierarchicarepresentationf the original
imagewith eachsegmentedregion representingan object. Fea-
turescharacterizinggachobjectcanbe obtainedeasilyby travers-
ing thefinal representation.

This hierarchicalimage segmentationalgorithm makesthree
contributions: First, a novel clusteringschemes propopsedhat
achieveslow computatiorcompleity by minimizing boththenum-
ber of hierarchylevels andthe computationcompleity perlevel.

Second,in additionto just pixel intensity information, the algo-
rithm alsoconsiderghe orientation,texture, size, neighbors,and
enegy when comparingfeaturedistanceduring clustering. Fi-
nally, this algorithm offers a flexible stoppingscheme allowing
the userto stopearly by specifyingthe desirednumberof objects
or maximumfeaturedistanceobjects,or completinga full hierar
chicalimagerepresentation.

In futureresearchye intendto combinethis segmentatioral-
gorithmwith multiple instancegearningalgorithms[2] for further
improving imageretrieval andclassificatiorprecisionin the CBIR
applications. We also plan to comprehensily compareour al-
gorithmwith otherhierarchicandnon-hierarchicasegmentation
algorithms,and explore useof this algorithm, and future varia-
tions,with MPEG-4,aswell asCBIR.
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