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ABSTRACT

This paperpresentsa hierarchicalimagerepresentationthat pre-
servesspatialrelationships,andanimagesegmentationalgorithm
that efficiently constructsthis representation.The overall struc-
tureof thehierarchicalrepresentationassumesa tree-like organi-
zation,in which a nodeat a higherlevel representsof a groupof
nodesfrom the next lower level. The root nodeof the represen-
tation is the full image,andthe leaf nodesare

�����
blocksof

pixels (usually � � � or � � � ), calledblobs. The segmentation
algorithmbuilds this hierarchicalrepresentationusinganefficient
clusteringalgorithmfor groupingnodesprogressively into larger
objects. While performingthe union of nodesat onelevel into a
singleparentnodeat the next higher level of the tree,nodesare
groupedtogetheraccordingto similarities betweentheir feature
vectors,which includesuchfeaturesascolor information,orien-
tation, texture,size,energy, andneighborinformation. Thecom-
putationcomplexity of thehierarchicalimagesegmentationalgo-
rithm is ���
	���
������������� ���������� � , where 	 , � are the height
andwidth of the original image. Experimentalresultsshow that
this algorithmcansegmentimagesandextractobjectseffectively.

1. INTRODUCTION

Objectextractionvia imagesegmentationplaysakey role in many
applications.Unfortunatelyhowever, it remainsa difficult prob-
lem. Theredoesnot exist a singlegenericalgorithmthat works
well for all applications.Targetapplicationsvary in thenecessary
degreesof precision,efficiency, andfeatureinformationrequired
from imagesegmentation,sodifferentalgorithmsaretypicallybet-
tersuitedto differentapplications.For someapplicationareas,like
content-basedimageretrieval (CBIR) and MPEG-4 video com-
pression,it is desirableto have a segmentationalgorithmthatpre-
servesinformationregardingthespatialrelationshipsbetweenob-
jects.Towardthisend,wepresentanefficient imagesegmentation
algorithmthat generatesa hierarchicalimagerepresentationthat
preservesthesespatialrelationships.

Comparedwith mostnon-hierarchicalsegmentationalgorithms,
suchastheK-meansalgorithmusedin SIMPLIcity [1], algorithms
basedonahierarchicalrepresentationpreservethespatialandneigh-
boring information amongsegmentedregions. For applications
like content-basedimageretrieval and MPEG-4 video compres-
sion, the ability to preserve spatialrelationshipsbetweenobjects
canimprove imageretrieval andmotionestimationefficiency. For
content-basedimageretrieval, segmentationschemescanbeused
to extractobjectsandtheir featuresfrom images,andthenusethe
object featureinformation to increaseimageretrieval efficiency
[2]. The additionalfeatureinformation regardingneighborrela-

tionshipsbetweenobjectscanbe usedto further improve image
retrieval for imagequerieswherespatialinformationaboutobjects
in theimageis key to effective imagerecall.

For MPEG-4videocompression[3], andothercontent-based
videocompressionschemes,imagesegmentationis usedto divide
scenesupinto objects.By performingmotionestimationandcom-
pensationon objects,theminimal temporalvariationswithin each
object enableshigher compressionratios. The addedbenefitof
spatialinformationcouldfurtherimprove algorithmefficiency, al-
lowing potentiallysimplerandmoreefficient motiontrackingand
objectocclusiondetection.

A numberof segmentationalgorithmsfor building a hierar-
chical imagerepresentationshave beenproposed[4, 5, 6, 7]. Al-
thoughthesehierarchicalsegmentationalgorithmsperform well
in somespecificareas,all of themsuffer from variousdrawbacks.
Nacken [5] andShenet al. [6] employ methodssimilar to oursof
iteratively groupingnodesin a hierarchicalstructure. However,
their methodscanleadto excessive iterations,generatinga large
numberof hierarchylevels. Montanvert et al. [4] usestochastic
analysisfor imagesegmentation,but theirsegmentationresultsare
not uniquedueto thestochasticdecimationappliedat eachlevel.
Furthermore,all of theabovealgorithmsuseonly theoriginalpixel
valueswhenperformingpixel clustering,whichMarr arguesis not
sufficient [8]. Finally, noneof theseprior studieshasexaminedthe
computationcomplexity of their algorithms.No datais provided
in [4, 5, 6] regardingcomputationcomplexity, andonly empirical
resultsareprovidedby Marr [7].

In this paper, we proposeanefficient hierarchicalimagerep-
resentationdatastructureanda powerful imagesegmentational-
gorithm for constructingthis representation.We proposethree
new enhancementsto hierarchicalimagesegmentationto allevi-
atesomeof thedrawbacksof previousapproaches.First, we pro-
poseanefficientnew clusteringschemeusingamodifiedUNION-
FIND datastructure. This algorithm achieves low computation
complexity by minimizing both the numberof hierarchylevels
and the computationcomplexity for eachlevel of the imagehi-
erarchy. Second,whenclusteringnodesfrom differentregionsin
eachlevel, besidesjust color information,thealgorithmconsiders
a varietyof additionalfeatures,including theorientation,texture,
size,neighbors,andenergy. Finally, thisalgorithmprovidesaflex-
ible schemefor specifyingwhento stoptheclusteringprocedure.
The usercanspecifyeither the desirednumberof objectsor the
desiredfeaturedistance(i.e. themaximumfeaturedistancebelow
whichclustersmaybecombined).Or, if theuserspecifiesneither,
a full hierarchicalrepresentationof theoriginal imagewill becon-
structed(i.e. with the root nodeof the treebeinga singleobject
correspondingto thewholeimage).

The remainderof this paperis organizedasfollows. Section
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Figure 1: HierarchicalImageRepresentation

2 summarizesthe imagerepresentationtheory of Marr [8], and
discussesthe proposedhierarchicalimagerepresentationandas-
sociatedimagesegmentationalgorithm. Section3 thendiscusses
the specificdetailsof the segmentationalgorithm. Section4 an-
alyzesthe computationcomplexity of the algorithm,andsection
5 givessomepreliminaryexperimentalresults.Finally, section6
summarizesourconclusionsanddiscussesfuturework.

2. HIERARCHICAL IMAGE REPRESENTATION

In definingan imagerepresentation,it is importantto recognize
that the intensityvaluesin an imagearederived from four main
factors:geometry, surfacereflectance,illumination,andviewpoint.
Consequently, it is insufficient to utilize just intensityinformation
during imagesegmentation.As elaboratedby Marr [8], in addi-
tion to color intensityinformation,it is importantto definearepre-
sentationof bothsurfacereflectanceandgeometricalorganization.
Therepresentationshouldcontainfeaturesthatcanbederivedre-
liably andrepeatedlyfrom images,andto which canbeassigned
valuesof attributeslike orientation,brightness,size,andposition.
Further, Marr [8] providessomeimportantunderlyingphysicalas-
sumptionsfor the surfacereflectancefunction of an image: Ex-
istenceof surface, Hierarchical organization, Similarity, Spatial
continuity, Continuityof discontinuities, andContinuityof flow.

Basedon thesephysicalassumptions,we proposea hierarchi-
cal image representation.This representationembodiesa tree-
like organizationbasedon the UNION-FIND datastructure[9].
The root noderepresentsthe full image,and the leaf nodesrep-
resent

�!�"�
blocksof pixels (usually � � � or � � � ), called

blobs. Thisrepresentationdefinesahierarchyof levels,whereeach
level consistsof two datastructures,a weightedgraph #%$'&)(*&)$,+�
-.$'&)(*&)$0/21�$'&)(3&4$ � , anda disjoint-set 56$'&)(3&)$ . Eachvertex of #%$'&)(3&4$
representsoneregion of theoriginal imageandhasa featurevec-
tor characterizingthis region. Eachset in 5 $'&)(3&)$ is composedof
oneor morenodes,andeachnodehasa pointerto onevertex of#%$'&)(*&)$ . The two datastructuresarefurtherdefinedby Cormenet
al. [9]. # $'&)(*&)$ specifiesthe spatialrelationshipbetweenregions,
wheretwo verticesareconnectedby an edgeif andonly if their
correspondingregionsneighboreachother. The weight of each
edgedefinesthedegreeof thesimilarity betweentwo regions. In
additionto thestandarddefinitionfor #%$'&)(*&)$ , eachvertex of #%$'&)(3&4$
hastwo additionalattributes: 738:9
;=< and >.?A@CBED6F , which definethe
relationshipbetweennodesin two adjacentlevels.

Algorithm 1 segmentation

1: �HGC<AB�5IBJFLK +�1NM:F4@C?A72F ONBE?PF)Q.@CBP�R9
ST?PUVB �
2: #%WNK +YXPD69ZF #�@C?[>\8]�Z�HGC<AB�5IBJF �
3: 5^W%K +_XPD69RF`5IBJFJ�
#%W �
4: ;aBEbAB�;cK +_d
5: while ( 5cF)G2>6e�GCD6<P9RF)9ZG�Df� � +gF)@�Q\B ) do
6: for ( BNhi1�$'&)(3&4$ ) do
7: if ( Bkj <P90l3FLmnF 8o@�B�lE8:GC;=<\p ;aBEbAB�;rq ) then
8: lkstK +_O%XA�vuw5I1%x��
56$'&)(*&)$0/`Bkj yzB�{oF)�HGC<AB �
9: l�|,K +_O%XA�vuw5I1%x��
5 $'&)(*&)$ /`Bkj }�9RUV8oF �TGC<AB �

10: if (( l sN~+�l[| ) then
11: ���HXA�N�"�
56$'&)(3&4$ /`lksE/`l | �
12: end if
13: end if
14: end for
15: for ( l%h�5 $'&)(3&4$ ) do
16: if ( � lA��+�� ) then
17: lE9Z�3;=9ZD6UwK +YO%9ZD^<A�HB[?A@�5�9
�C�
5^$'&4(3&)$4/2#%$'&4(3&)$4/2l �
18: FLK +_O%XA�Huw5f1%x��
5 $'&)(3&)$ /25�9
�3;=9ZD\U �
19: y�9ZD^�^�
56$'&)(*&)$4/2l�/)F �
20: end if
21: end for
22: ;aBEbAB�;cK +_;aBEbAB[;A
Y�
23: #%$'&)(3&)$�K +�e�@�BE?PF B�#�@�?�>.8c�
5^$'&4(3&)$=� s /2#%$'&)(*&)$=� s �
24: 5^$'&)(*&)$�K +�e�@CBE?AF)B�5fBJF3�
#%$'&)(3&)$ �
25: end while
26: �%Q:Fa>.QoF }%B�lJQ\;�F

Fig.1 providesanexampleof ourhierarchicalimagerepresen-
tation.Theweightedgraphin eachlevel is composedof thenodes
andedgeswithin this level. Theedgesin eachlevel definethespa-
tial relationshipsbetweenthenodes,andeachedgehasaweightto
representthesimilarity betweenthosetwo nodes.For example,the
nodes�C5 W)��� 5 W �\� , andtheir associatededges,shown 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,��5 sZ� /25 s
� �
and �C5�sZ�C/`5 sZ� � , andnodes 5IsZ� and 5 sZ� representthe canonical
elementsof thesesets,respectively. 7J8:9
;=< and >.?A@�BED\F attributes
of eachvertex areillustratedby double-arrow edges,whichdefine
therelationshipbetweenthenodesof adjacentlevels.

3. IMAGE SEGMENTATION ALGORITHM

Thesegmentationalgorithmis presentedin Alg. 1. GivenanRGB
color imagewith height 	 andwidth � , theimageis initially par-
titionedinto small

�����
blocksof pixels(usually � � � or � � � ,

but this mayvary by imagesizesuchthat largeimageshave large
blobswhile smallimagesusesmallblobs),calledblobs. Eachblob
hasanassociatedsetof featuresextractedfrom theoriginal pixel
intensityvaluesof theimage,includingcolor, orientation,texture,
andenergy information.Basedontheseextractedfeatures,andthe
neighboringrelationshipsamongblobs,thelowestlevel of therep-
resentationis built. Thennodeclusteringandregion merging are
performedat eachlevel usinga bottom-upstrategy. At theendof
eachiterationof thewhile loop, thealgorithmhascompletedone
level of thehierarchy, soa new level is constructedandtherepre-
sentationis updated.Theprocedureis repeateduntil thestopping
conditionhasbeenattained,which is definedaseitherthedesired



final numberof objects, 5IBJUV�HQ.ST�JBE@ , or the maximumfeature
distance,u�90l3F4x,8:@CB�lE8:G�;�< , for merging regions. Or if not speci-
fied,thealgorithmwill continueuntil asinglerootnodeexiststhat
definesthe full image. Fromthis representation,objectsandfea-
turescanbe extractedeasily througha top-down traversalof the
final hierarchicalrepresentationof theimage.

In eachiteration of the while loop, the first {:G�@ loop clus-
tersneighboringregionsof thislevel accordingto someF 8:@CB�lE8:G�;�<
value( F)8:@�B�lE8:GC;=< maybedefinedlocally for eachlevel, or globally
for all levels). This thresholdis usuallysmall,no morethan � . To
ensurelow computationcomplexity, thesecond{:G�@ loop requires
thateachsingle-nodesetmergewith at leastoneothersetin this
level. So,beforeanew level is generated,this {:GC@ loopguarantees
thatall setsof thecurrent 56$'&)(3&4$ includeat leasttwo nodes.Con-
sequently, eachnew level of thehierarchyis guaranteedto haveno
morethanhalf thenumberof nodesasthepreviouslevel, ensuring
fastconvergenceof thealgorithm.

Below aretheimplementationdetailsof subroutines:� 1�MoF)@�?V72F ONBE?PF)Q.@CBP�R9ZSH?PUVB � partitionsanimageinto
���,�

blobs(usually � � � or � � � ), with eachblob correspond-
ing to a vertex of #%W . Then,thewavelettransform[10] ex-
tractsorientationand texture information from eachblob,
usinga similar methodto Wanget al.’s [1]. Two kinds of
orthonormalwaveletfilters areused,theHaarfilter andthe
Daubechies-4filter [10]. Finally, ninefeaturesareextracted
for eachblob: the first threearethe meancolor valuesof
theblob; thesecondthreearetheorientationvaluesin the
horizontal,vertical,andobliquedirections(which alsoim-
plicitly definethetextureinformationin thesedirectionsas
demonstratedby Wanget al. [1]); the last threearethede-
viationsof thecolorvaluesof thisblob.� XPD^9RF #�@C?[>\8c�Z�TGC<AB�5IBJF � createsand initializes the lowest
level’s weightedgraph, #%W . Two verticesare connected
by an edgeif andonly if the two correspondingblobs in
theoriginal imageareneighborsof eachother. In this pa-
per, the Euclideandistanceof the featurevectorsfor two
connectednodesis calculatedandassignedto theedge,and
eachfeaturehasthesameweightwhencalculatingdistance.� XPD^9RF 5fBJF3�
# W � createsand initializes the disjoint set 5 W of
the lowest level, suchthat eachsethasonly oneelement
andeachelementpointsto onevertex of # W .� O%XA�vuw5I1Nx��
56$'&)(3&4$0/2l � and ���HXA�N�"�
56$'&)(3&)$4/`lksE/`l | � arethe
standardimplementationsof disjoint-setoperationsfor the
UNION-FIND datastructure[9] . Path compression[11,
12] is usedin O%XA�vuw5I1%x to reducethecomputationcom-
plexity of thesetunionoperations.� O%9
D6<A�vBE?A@�5I9Z�C�
5^$'&)(*&)$0/2#%$'&4(3&)$4/ bABE@[F BEM � returnsthe vertex
with thesmallestfeaturedistanceto bAB[@[F BEM amongall the
neighboringverticesof bAB[@[F BEM in #%$'&)(3&)$ .� e�@�BE?PF B�#�@�?�>.8c�
5 $'&4(3&)$=� s3/2# $'&)(*&)$=� s � createsanew weighted
graph #%$'&)(*&)$�+��
-.$'&)(3&)$4/ 1,$'&)(*&)$ � , with a numberof nodes,-.$'&)(3&)$ , equalto the numberof setsin 56$'&)(3&4$=� s . Nodesof- $'&)(3&)$ areonly connectedby anedgeif their corresponding
setsin 56$'&)(*&)$=� s were likewise connected.Eachvertex of#%$'&)(3&)$ hasafeaturevectorwith six meanvaluesandsix de-
viationvalues,excepttheverticesin thelowestlevel, which
have only threedeviation values(orientationhasno devia-
tion valuesin thelowestlevel). For any bwhi-.$'&)(*&)$ , whichis
mappedfrom thevertex set l of 56$'&)(3&)$=� s , themeanfeature

valuesarecalculatedusingEqu.1:

b.j {[��+ ��Y�A��� Qcj lJ9
�kB ��A��� Qcj lJ9
�kBt �Qcj {[� (1)

where �¢¡£9�¡¥¤ . The deviations are calculatedusing
Equ.2:

b.j {*¦%+ § �Y�A��� Qcj lJ90��B¨ ,�RQcj {�� �\©¨� b.j {[� �\© � |� �P��� Qcj lE9
�kB (2)

where ª«¡­¬n¡®�[¯ . lJ9
�kB is an attribute of vertex, which
defineshow many blobsof the original imagethis region
has.Theweightof anedgeB , that is, thedistancebetween
theconnectedverticesb s and bk| , is calculatedusingEqu.3:

Bkj <P90l3F�+
§ � s |��°Is �RbVsEj {[� � b | j {[� � |�[¯ (3)

Eachvertex in #%$'&)(3&)$ hasanattribute ;aBE?:l3F & <kUVB pointingto
theedgewith smallestfeaturedistanceamongall theedges
connectedto thisnode.For eachvertex, 738:9
;=< pointsto the
set l in 56$'&)(*&)$=� s it correspondsto, andthe >.?A@CB[D\F of the
canonicalelementof l pointsto thisvertex.� e�@CBE?PF B�5IBEF3�
#%$'&)(3&4$ � createsanew disjoint-setstructure,5^$'&4(3&)$ ,
with eachnodein -.$'&)(3&4$ occupying a singleset.� 5cF4G*>6e�G�D6<P9RF)9ZGCDf� � becomestrueonly, therebystoppingfur-
ther merging of nodesin the hierarchicalrepresentation,
when the stoppingconditionspecifiedby the useris met.
Theusercanspecifythestoppingconditionin oneof three
ways: (1) stopwhenthe numberof objectsat the current
level becomesgreaterthan or equalto 5IBJUV�HQ.ST�JBE@ , (2)
stopowhen the distancebetweenany two connectedob-
jectsnodesis greaterthanor equalto u�90lJF0x,8:@�B�lE8:GC;=< , or
(3) stop if neithermethods(1) or (2) werespecified,and
thereis only onenoderemaining(i.e. a singlenodeat the
rootof thetreedefiningthecompleteoriginal image).

4. COMPUTATION COMPLEXITY

To determinethe computationcomplexity of the proposedhier-
archical imagesegmentationalgorithm,we needto examinethe
computationcomplexity of eachstepwithin the algorithm. The
subroutineExtractFeature needstime ���
	�� � , since there are���� � blobs, the wavelet transformof eachblob requires ��� � | �
time,andthetimefor featurecalculationis ���)� � . Thesubroutines
InitGraphand InitSetneed ��� ������,� time, becausethereare ������
verticesand

|*± � � s0² ± � � s0²��� edgesin #%W and ������ setsin 5^W ini-
tially. After the endof onewhile iteration,the numberof nodes
in level ; is at mosthalf of thenumberof nodesin level ; � � , so
thereareat most � �r�C� ������%� while iterations. Becausepathcom-
pressionis used,thetotal timeneededfor theUNION-FIND oper-
ationsin onewhile iterationis ³���������,´ �������� /V����z� � � [13], where´ �������� /V������ � is a functionalinverseof Ackerman’s functionand
is no morethan � in general.ThesubroutineFindNearSibneeds���)� � time. So the total time neededin one while iteration is���������� � , exceptfor the subroutinesCreateSetandCreateGraph.
The subroutineCreateSet(# $'&)(*&)$ ) needs���
- $'&4(3&)$ � time andsub-
routineCreateGraph(56$'&)(3&4$=� s , #%$'&)(3&4$=� s ) needstime ���`� -.$'&)(3&4$=� s � 
� 1,$'&4(3&)$=� s � � time. So the total time neededfor a while iterationis��� ������%� andthecomputationcomplexity of thewholealgorithm
is ���
	_�µ
 ��������r�C� � ������,� � .



5. PERFORMANCE EVALUATION

Thesegmentationalgorithmhasbeenperformedonmorethan100
referenceimagesfrom the setusedby Wanget al. [1]. Four of
them are illustrated in Fig. 2. The first image is a ¶���� � ¯���¤
RGBcolor imageandtheothersare ¯��C¤ � ¶C�C� RGBcolor images.
This implementationused � � � blobsanda stoppingcondition
of 5IBEUV�TQ.SH�3B[@ = �Ed . The F)8:@�B�lE8:GC;=< wasglobally set to ¶ for
all levels. All of the imagesweresegmentedinto the displayed
hierarchicalrepresentationsusingnomorethan ª iterations.

(a) Original image (b) Segmentedimage

(c) Original image (d) Segmentedimage

(g) Original image (h) Segmentedimage

(e) Original image (f) Segmentedimage

Figure 2: ImageSegmentationResults

6. CONCLUSION AND FUTURE WORK

Thispaperexaminedahierarchicalimagerepresentationdatastruc-
ture that perserves spatial information betweenneighboringob-
jects,andanefficient imagesegmentationalgorithmfor construct-
ing this representation.Thealgorithmsegmentsimagesby itera-
tively clusteringpixels into a hierarchy, usingfeatureinformation
suchascolor layout,neighbors,size,energy, texture,andorienta-
tion. Thefinal resultis ahierarchicalrepresentationof theoriginal
imagewith eachsegmentedregion representingan object. Fea-
turescharacterizingeachobjectcanbeobtainedeasilyby travers-
ing thefinal representation.

This hierarchicalimagesegmentationalgorithmmakes three
contributions: First, a novel clusteringschemeis propopsedthat
achieveslow computationcomplexity byminimizingboththenum-
berof hierarchylevelsandthecomputationcomplexity per level.

Second,in addition to just pixel intensity information, the algo-
rithm alsoconsidersthe orientation,texture, size,neighbors,and
energy when comparingfeaturedistanceduring clustering. Fi-
nally, this algorithm offers a flexible stoppingscheme,allowing
theuserto stopearlyby specifyingthedesirednumberof objects
or maximumfeaturedistanceobjects,or completinga full hierar-
chical imagerepresentation.

In futureresearch,we intendto combinethissegmentational-
gorithmwith multiple instanceslearningalgorithms[2] for further
improving imageretrieval andclassificationprecisionin theCBIR
applications. We also plan to comprehensively compareour al-
gorithmwith otherhierarchicalandnon-hierarchicalsegmentation
algorithms,and explore useof this algorithm, and future varia-
tions,with MPEG-4,aswell asCBIR.
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