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Abstract

Cost-basedunbalancedR-trees(CUR-trees)are a cost-
functionbaseddata structure for spatial data. CUR-trees
are constructedspecificallyto improvetheevaluationof in-
tersectionqueries,themostbasicselectionqueryin an R-
tree. A CUR-treeis built taking into accounta givenquery
distribution for the queriesand a costmodelfor their ex-
ecution. Dependingon the expectedfrequencyof access,
objectsor subtreesare stored higher up in the tree. After
each insertionin the tree, local reorganizationsof a node
and its children havetheir expectedquerycostevaluated,
anda reorganizationis performedif this is beneficial. No
strict balancingof thetreesappliesallowing thetreeto un-
fold solelybasedon theresultof thecostevaluation.

We presentour cost-basedapproach and describethe
evaluationandreorganizationoperationsbasedon thecost
function. We presenta cost model for in-memoryaccess
costsand we presentthreedifferent querymodels. In our
experiments,wecompare theperformanceof theCUR-tree
to theR-treeandtheR� -tree. TheCUR-treeis able to sig-
nificantlyimproveintersectionqueryperformance,without
unacceptablyincreasingthecostto build the tree. Theuse
of R-treesfor in-memorydata reflectsthe high (andgrow-
ing) costof bringing data from RAM into the CPU cache
relativeto thecostof othercomputation.

1 Intr oduction

Applicationsbasedon spatialdata,e.g.,GeographicIn-
formationSystems(GIS),Computer-AidedDesign(CAD),
SatelliteImageBasesandMedicalApplications,arerapidly
expanding.SpatialDatabaseManagementSystemshave to
masterthe challengeto provide efficient accessto the data�
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usedby theseapplications.The large volumeof the data
andthevarietyof very specializedqueriesrequirefastand
flexible datastructures.

One of the most typical spatial queriesare intersec-
tion querieswhich involve finding all objectsintersecting
a queryrectangle(rangequeries)or point (point queries).
Othertypesof spatialqueriesincludefindingobjectswithin
a certaindistancefrom a queryobject(distancequeries)or
finding pairs of objectsthat intersector are within a cer-
tain distancefrom eachother(join queries). In this paper
weconcentrateon intersectionqueries.Typical spatialdata
structures,supportingthesequeriesfor in-memoryanddisk-
baseddata,includeinterval trees[3, 4], priority searchtrees
[11], quadtree-basedstructures,andtheR-treeandits vari-
ants[9, 1]. Surveys of the variousspatialdatastructures
presentedin theliteraturecanbefoundin [6] and[16].

In recentyears,asignificantamountof researchhasbeen
doneto addresstwo researchissues: (i) How can spatial
index structuresbe mademore efficient by using general
measuresnot involving specificcharacteristicsof the data,
queries,or system[10, 19, 8]? and(ii) How can the per-
formanceof anexisting spatialindex in a systembeestim-
atedusingthe propertiesof the data[18, 5] andof the ex-
pectedqueries[12]?

In thispaper, wesuggestreversingtheorderof thesetwo
steps.Insteadof evaluatingan index a posteriorito estim-
ateits performance,we suggestusinga costmodela priori
to build an index optimizedwith respectto systemcharac-
teristicsandquerypatternsreflectedin a costfunction. We
presenta spatialdatastructurewhich directly takesinto ac-
counttheexpectedcostof accessingdatawhile building the
datastructure.

The cost-basedunbalancedR-tree(CUR-tree)is based
onR-treesbut doesnothaveto follow strict rulesabouttree
shape,e.g.,balancing.Instead,a costfunction determines
theexpectedintersectionquerycostfor agivenquerymodel
undera certaincostmodelfor possibletreearrangements.
Thetreewith thesmallestaveragequerycostis selected.
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1.1 Main Memory Useof R-Trees

Main memorysizeshave beenincreasingrapidly, to the
point wheremany applicationscan fit their data entirely
within mainmemory. Even whenthe entiredatadoesnot
fit, CPUandmain-memoryperformanceareoftenthemain
performancebottleneckin commercialdisk-baseddatabase
systems[7]. Thus, the focusof databaseperformancere-
searchis beginning to shift from optimizing I/O perform-
anceto optimizingCPU andmemoryperformance.Thus,
we focusonmain-memoryperformancein thispaper.

Why do we focus on R-treesfor in-memoryperform-
ance? R-treeswere designedfor disk-basedsystemsin
which transferinga blockof datafrom disk to memorywas
thedominantcost.Lookingat thenext level of thememory
hierarchy, we canmakea similar argumentfor datatrans-
fer betweenmainmemoryandthe datacache.At present,
a data cachemiss in the cache-level closestto the main
memoryincursadelayof perhapsahundredcyclesonmod-
ernarchitectures.While this doesnot yet representa dom-
inantcost,we needto look a few yearsahead.During the
recentpast,CPU speedshave beenincreasingat 60% per
year, while RAM speedhasbeenincreasingatamoremod-
est10%peryear[2]. As aresult,therelativecostof acache
missis increasingat about45% per year, andis expected
to continueto increaseat this ratefor yearsto come.Even-
tually, this datatransfercostwill becomedominant. This
architecturalpictureexplainsour choiceof R-trees.Other
in-memorytechniquesareavailable(seeSection8),but they
arefar moredifficult to tunefor cacheperformancethanR-
trees.

Our cost function modelsthe cost of accessingR-tree
structuresin mainmemory. ExtendingtheCSB+-treetech-
nique presentedin [13] makesR-treesa competitive in-
memorydatastructure,as they arehighly optimizedwith
respectto cacheaccesseswhile still maintainingtheir dy-
namicbehaviour. Themainideaof [13] is to remove point-
ersfrom B+-treeindex nodes:somenodesarestoredcon-
tiguously, meaningthat arithmetic on memory addresses
canbeusedto locatechild nodes.Theneteffect is thatthe
branchingfactoris dramaticallyincreased,leadingto fewer
nodeaccesses.

1.2 PaperOrganization

The paperis organizedas follows. We give a motivat-
ing examplein Section2. Section3 describesR-treesand
thecostinvolvedin queryingR-treesunderseveralcostand
querymodels. Section4 introducesCUR-trees. Possible
reorganizationsfor a CUR-treearedescribedin Section5.
Section6 discusseshow webuild aCUR-tree.Experimental
resultscomparetheperformanceof theCUR-treeto theR-
andR� -treein Section7. Relatedwork is describedin Sec-
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Figure 1. A collection of spatial objects

tion 8 andconclusionsaregivenin Section9.

2 A Motivating Example

R-treesareabalancedmulti-way treestructurewhereall
objectsarestoredin leaf nodes.Non-leafnodesconsistof
pointersto thechildrenof thenodeandminimumbounding
boxesdescribingtheentriesin thechild nodes.

Figure1 shows a numberof objects �����
	�	�	��
��� . Object��� coversa large part of the queryspaceandcontainsthe
otherobjects ������	
	�	
����� . Object ��� will typically intersect
with a significantly larger proportionof queriesthan, for
example,object ��� . We assumethatthequery-ablespaceis
theboundingboxof all dataobjects.

ThebalancedR-tree( ��� ) muststore��� attheleaflevel,
as illustrated in Figure 2 (a). In this tree, both the root
and the leftmost leaf will be retrieved for a large propor-
tion of queries. Figure 2 (b) shows the objectsas round
cornerboxeswith solid linesandtheboundingboxesused
asdiscriminatorsasdashedline boxes. An unbalancedR-
tree( ����� ) maystore ��� at theroot level, asillustratedin
Figure2 (c). Thisresultsin only onenodeaccessto read��� .
Furthermore,asignificantlysmallerdiscriminator��� canbe
usedto describetheremainingobjects��� and ��� asshown
in Figure2 (d). Heresecondlevel discriminatorsareshown
asdot-dashboxes.

But what is it specifically that makesstoring an item
higherup thetreeworthwhile?And whenis theadvantage
of storingtheitemhigh up thetreeoutweighedby theneed
topushotheritemsfurtherdown(theentiretreesunderneath�! and ��" in Figure2 (d))?

Our answerto thesequestionsis to usea cost-modelof
queryevaluationto understandthe accesscostsof dataon
a particularsystemand a query-modelto predict queries
whicharemostlikely. Thecost-modelandthequery-model
canbecombinedinto a costfunctionwhichpredictstheav-
erageintersectionquerycostin a treeunderthegivenpara-
metersandreorganizesit accordingly.

For example, the cost function of (intersection)query
evaluationfor R-treesin mainmemoryconsistsof twoparts:
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Figure 2. Storing large items higher up the tree

(i) thecost # to retrieve an index node,and(ii) thecost $
to comparethe querybox versusboundingboxesof items
or subtrees.Supposea function prob %&�!' determineswhat
proportionof queriesintersecta boundingbox � . In theex-
ample,if we examinethe costof accessing��� , the root
nodewill alwaysbeaccessedfor acostof # andthreecom-
parisonswill alwaystakeplacefor a costof  �$ . The re-
mainingcostdependsonwhichof thediscriminators�(� , �! 
and ��" intersectthequery.

The averagecost of accessing��� is then #*)+ �$,)- ��) -  .) - " where - � , -  and - " are the averagecosts
of accessingthe treespointedto by �(� , �� and ��" . Ignor-
ing coststo retrieve the objectsthemselves, the cost - � is
prob %&�(�
'0/1%&#2)* �$3' sinceit will beaccessedby thepro-
portionof queriesprob %&�(��' andwhenaccessedinvolveone
nodeaccessand threecomparisons.As �(� covers about
90 per cent of the query space,querieswill intersect �(�
with prob %&�(�
'54768	9� . Then the averagecost for ��� is��	9��#:)<;=	9>�$?) -  @) - " .

Similarly, we candeterminethe averagecostof access-
ing ����� as #A)B �$B) - �C) - ; . Thecost - ; to access�!; is
prob %&�!;�'D/E%&#:)1F�$G'() -  C) - " . Thetotalaveragecostfor����� assuming- ��4H68	I�C/J%K#L)2F�$G' andprob %K�!;�'M4N6=	9 � 
is therefore��	 "! �#O)P 8	9��Q�$*) -  R) - " which is clearlysu-
perior.

This exampleillustrateshow a costfunctiondetermines
which organizationof the treewill yield betterintersection
queryperformancethantheother. It alsoshowsthatdeterm-
ining thecostof a nodeaccessis possiblewith information
alreadyavailable. No additionalcostinformationneedsto
bestoredin thetree.

3 Costand Query BasedAnalysisof R-Trees

3.1 The R-Tree

The R-tree[9, 1] is a datastructurefor S -dimensional
data.Geometricobjectsarestoredin leaf nodesof theformT %K�=�
��U�VK�=��'W��	�	
	
��%&��XY��U�VK��XZ'\[ whereeach ��] is the minimum
boundingboxdescribingtheobjectpointedto by theobject
identifier U�V&��] . Non-leafnodescontainentriesof the formT %K� � �_^ � 'W��	
	�	
�
%K� X �_^ X 'K[ whereeach� ] is theminimumrect-
anglethatenclosesall entriesin thesubtreê ] . Let ` bethe

maximumnumberof entriespernodeand acb?`*d�F bethe
minimumnumberof entriespernode.For disk-baseddata,
thesizeof M usuallycorrespondsto thenumberof entries
thatfit a disk block. For in-memorydata,thesizeof a node
canexceedthesizeof a cacheline.

Furtherrules which determinethe shapeof the R-tree
are:

1. All leaf nodesappearon thesamelevel.

2. Every node which is not the root node contains
betweena and ` entries.

3. Therootnodehasat leasttwo entriesunlessit is a leaf
node.

If insertionof anentryin anoderesultsin anoverfull node,
thenodeis split. Splittingalgorithmsof linearandquadratic
complexity have beenpresentedin the literature[9, 1, 19,
10]. For an R-treenode ^ (and later for CUR-treenodes)
weusenotation̂
	9S to referto S , thenumberof entriesin a
node,̂

T Ve[ to refer to thepair %&� ] �f^ ] ' , while ^ T Ve[g	 � and ^ T VI[g	 ^
referto � ] and ^ ] respectively.

3.2 The Costof an Intersection Query

Thecostof accessingdatain anR-treecanbeestimated
usingaquerymodelwhichpredictsthedistributionof quer-
iesanda costmodelwhich reflectsthecostof processinga
nodefor a particularsystem.Thequerymodelis reflected
in a function prob %&�!' which gives the probability that the
rectangle� will matcha query(i.e., intersectthequerybox
for a rangequery).Theraw costof processinga nodewithS entriesis givenby a functioncost %&SY' .

The averagecostof processinga node ^ with S entries
andminimumboundingbox � canthereforebesummarized
as

prob %&�!'C/ cost %KSY'
sinceonaverageonly theproportionprob %&�!' of queriesac-
cessthe node. The averagecostacost of an intersection
queryfor a treerootedat node ^ andboundingbox � in an
arbitraryqueryis simply thesumof thecostsof thenodes
of thetree.

acost %I^�'M4 prob %&�!'C/ cost %I^
	9SY'Y)*hCi_j X]lkm� acost %I^ T Ve[g	 ^�'



If asubtreê pointsto anobject,weassumethatacost %I^�'n46 . Notethatwecanignorethecostsfor retrieving anobject
sinceany arrangementof the R-treewill result, for a par-
ticular query, in thesamesetof objectsbeingretrievedand
thusthesameretrieval cost.

3.3 The CostModel

Thecostmodelfor R-treesin thispaperapproximatesthe
costof queryingin-memoryR-trees.Accessinganodeof an
R-treein mainmemoryinvolves(i) readingthenodeinto the
cacheand(ii) comparingeachentrywith thequeryto decide
whetherto continuesearchin thecorrespondingsubtree.Ifo

entriesfit into onecacheline,the costof a nodewith S
entriesconsistsof thecostto readthenodefrom RAM intop Xq�r cachelineseachat cost # and S comparisonseachat
cost $ .

cost %&SY'M4 p So r /2#O)*S2/2$
Thenumberof cachehitsandmissesthatoccurin anenvir-
onmentwhereseveralindex structurescompetefor cacheis
difficult to predict. We thereforedo not attemptto simu-
late real cachebehaviour, but approximateit by assuming
nocachehits occurandgiveanoverestimateof thecost.In
general,computationcanbe overlappedwith datatransfer
betweenmainmemoryandthecache.However, in ourcon-
text thereis verylittle potentialfor overlapwithin thesearch
process. A cache-linemust be cache-residentbeforeany
computationon its dataitemscantakeplace,andthe next
cache-linesto be readdependon that computation. Thus
we addthe computationandmemorylatency components,
consistentwith theassumptionof nooverlap.

3.4 Query Models

Wedefinequerymodelsfor thetwo mostcommontypes
of intersectionqueries:pointqueriesandrangequeries.We
alsogiveexamplesfor morespecializedquerymodels.The
querymodelsreflecttheprobabilitythatan item � matches
a query s of a giventypeof query.

3.4.1 Uniform Point Query Model

Thepointquerymodelreflectstheassumptionsaboutquer-
iescommonlymadein spatialdatastructures.Pointswhich
areuniformly distributedover the queryspaceareusedto
query the data. Consideragain the collection of spatial
objectsin Figure 1. As explained in the motivating ex-
ample,object ��� is very likely to matcha queryasit cov-
ers a large areaof the queryspace. The probability that
an entry � containsa query point t can be measuredas
area %&�!' /area %KuR' whereu isarectangledescribingthetotal
areaof thedata.In this costmodel,thefunctionprob %K��' is

simply the function v�wyx�v8%&�!'zd�v�wyx
v!%KuR' , calculatingthe per-
centageof thewholeareacoveredby theentry.

3.4.2 RangeQuery Model

Rangequeriesuserectanglesto querythedata.A common
assumptionis that thequeryrectanglesaredistributeduni-
formly over the queryspaceandhave a fixed side length{
. If | is a rectangle,let |�	 { U�u T VI[ and |�	9}~Ve�Z} T VI[ denotethe

lower anduppervalueof | in dimensionV . The probabil-
ity thata queryrectangles with sidelength

{
intersectsan

entry � is theprobabilitythat s!	 { U�u T VI[ intersectstheinterval%_�Gv���%K�~	 { U�u T VI[8� { ��u3	 { U�u T VI[&'����(	9}~Ve�Z} T VI[&' in eachdimensionV .
Therefore,theprobabilitythatanentry � intersectswith

a queryrectangles with sidelength
{

in an F -dimensional
queryspaceu canbecalculatedas

��
]lkm�

�(	9}~Ve�Z} T VI[8�*�Gv���%&�(	 { U�u T Ve[8� { ��u3	 { U�u T VI[&'uG	9}~Ve�Z} T VI[8�?u3	 { U�u T VI[
Therangequerymodelis ageneralizationof thepointquery
model. Clearly, for length

{ 4�6 , the formulaabove is the
functionprob %K�!' of thepointquerymodel.

3.4.3 SkewedPoint Query Model

As in real applicationsqueriesare not alwaysdistributed
uniformly over the workspace,we extendour querymod-
els to include point querieswith any kind of distribution� %K���
��' . Theprobability thata discriminator� in a work-
space

T 68���
[�/ T 68���
[ intersectswith a point query is given
by �

j ����
�
j �
�

�
j �W��

�
j �W�

� %&�m����'8�!�n�!�
We presentexperimentalresultsin Section7 for

� %&�m����'�4
% ���
���
�� ' over therange

T 68	I	I���
68	I	I�
[ . This representshighly
skewedquerypatternwherequeriesaremuchmorelikely
in thetop right-handcornerof thequeryspace.

Query modelscan be usedto specifically improve the
performanceof oneparticulartypeof query. As many query
distributionsmaycontainqueriesof many differenttypes,it
is importanttonotethatquerymodelscanbederivedfor any
querydistribution, not just distributionswith a singletype
of query. We chosethe threequerymodelsasexamplesto
demonstratethepossibilitiesof theCUR-tree.

4 Cost-basedUnbalancedR-tr ees

As R-treeshave to be usedon a wide rangeof systems
with differentcostparameters,evaluatingdifferentkindsof



querieson datawith a variety of distributions, the R-tree
structureis too generalto caterfor all thesepossibilities.
The strict restrictionson the shapeexcludemany possible
betterarrangementsof thedata.Thealgorithmsfor splitting
do not takespecificcharacteristicsof systemor queryinto
account.Wesuggestusingadynamic,self-organizingindex
structurewhich is basedonR-treesbut whoseshapeis only
influencedby a costfunction.

4.1 The Structure of CUR-Trees

CUR-treesare multi-way search trees based on R-
trees. A node in the CUR-tree is of the formT %K� � �_^ � 'W��	
	�	
�
%K���G�f^g��'\[ whereeach� ] is aminimumbound-
ing box describinganobjector a collectionof objects.The
pointer ^ ] pointsto eithera subtreeif � ] describesa collec-
tion of objectsor is the objectidentifierof a singleobject.
Thereis no explicit minimum numberof entriespernode.
Themaximumnumberof entriespernodeis givenasamul-
tiple � of thenumber

o
of entriesthatfit into acacheline.

Therulesof theCUR-treestructureare:

1. Eachnodecanstorepointersto bothobjectsandother
nodes

2. Every nodecontainsatmost ��/ o entries

3. Thearrangementof thetreeshouldbelocally optimal
with respectto thecostfunction

If insertinganotherentryinto thenodewill overflow the
node,thenodeis split or entriesaredemotedor promoted.
The operationwill be chosenthat resultsin the best tree
arrangementaccordingto thecostfunction.

4.2 Operationson CUR-trees

In contrastto R-trees,operationson CUR-treesare in-
vokednotonly whenanodeoverflows. Instead,uponinser-
tion or deletion,every nodeon the insertionpathis evalu-
atedto seewhetherits entriescanbe betterarrangedwith
respectto thecostfunction. Theoperationsusedin there-
organizationprocessaresplit, demotion, andpromotion.

5 Reorganizationof CUR-Trees

5.1 Split

Thesplit operationsplitsa nodeinto two nodesandre-
distributesitsentriesusingthecostevaluationfunction.The
distribution is picked which createsthe cheapesttree ac-
cordingto the cost function acost. In Figure3, the node^ with discriminator� is split into nodeŝ

{
and ^�| with dis-

criminators� { and ��| . An extra entryis addedto theparent
nodet .
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Figure 3. Split of a node

We candeterminewhena split is advantageousby de-
terminingthe changein cost for accessingthe treebefore
andafterthesplit. Let t betheparentnodeof thesplit, with
discriminatort(� . Thechangein acost for t is

prob %�t(�!'C/ cost %�tm	 S�)P��'m� prob %�t(��'C/ cost %�t�	9SY') prob %K� { 'C/ cost %e^ { 	9SY'�) prob %&�!|�'C/ cost %e^�|�	9SY'� prob %K��'C/ cost %e^
	 SY'
In practice,the split operationneedsto determinewhich
possibledistributions it will consider. Then,for eachsplit
considered,it calculatesthe changein cost for the parent
tree.A split usingthebestdistribution is thenperformedif
it is advantageous.

5.1.1 Exponential Split

Thesimplestsplitting algorithmis to considerall F i_j X pos-
sibledistributions. For largernodesizes,this algorithmis
impractical.

5.1.2 Quadratic Split

Thequadraticsplit is basedonageneralizationof thequad-
raticR-treealgorithm[9] to arbitraryquerymeasures.Two
seedsarepickedfor the two new nodesleft andright. The
entriesarechosenasseedswhoseminimumboundingbox
would have the highestprob-value if put into one node.
Subsequently, theentryis chosenfromtheremainingentries
whichshowslargestpreferencefor onegroup,i.e.,increases
theprob-valueof thatgroupleast,andaddedto thatgroup.
This stepis repeateduntil all entrieshave beendistributed
into the two groups.To createmorethanjust onepossible
distribution,wealsoevaluateintermediatedistributions:we
usethegroupleft for onenodeandaddall remainingentries
to thegroupright andvice versa.Thatis aftereachstepwe
consideranothertwo possibledistributions definedby the
pairs % left �f^�� left' and %I^M� right � right ' for eachvaluethat
leftsandrightstakein theprocess.Thisresultsin S0�A� split
distributionsfor a nodewith S entries.

5.1.3 Linear Split

The linear split is a generalizationof the linear R-treeal-
gorithm. The algorithmpicks the two seedsin onelinear
scanof theentries.Entriesthatarefurthestapartfrom each
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otheraredeterminedfor every dimensionasapossibleseed
pair. The dimensionis chosenfor the split that shows the
largestseparationbetweenthetwo possibleseeds.After the
seedshave beendetermined,anotherscanthroughtheentry
setassignseachentrytoeitherleftor right. Thesetis chosen
which shows the leastincreaseof the prob-value. Again,
after eachstepwe consideranothertwo possibledistribu-
tionsdefinedby thepairs % left �f^8� left' and %I^8� right � right '
for eachvaluethat leftsandrights takein theprocess.

5.2 Demotion

Demotionmovesa singleentryor groupof entriesto a
lowerlevel in thetree.Thiscanbeanalreadyexisting node
or a newly creatednode,dependingon which arrangement
resultsin an overall cheapertree. In Figure4, the entries%&�!F8�f^�F�' and %&�! 8�f^� �' aredemotedinto the subtreê giving^�S .

We candeterminewhena demotionis advantageousby
determiningthechangein costfor accessingthetreebefore
andafterthedemotion.Let t , with discriminatort(� , bethe
parentof node ^ , with discriminator � , into which � nodes
aredemoted.Theresultingnew nodeis ^�S . Thenthechange
in acost for t is

prob %�t(��'C/ cost %�t�	9S.�1�8'M� prob %�t(�!'C/ cost %�tm	 SY') prob %&�!SY'C/ cost %I^
	9SG)*�8'm� prob %K�!'C/ cost %I^
	9SY'
Possiblegroupsof entriesfor demotionarecreatedby

usingthe left and right groupscreatedby the splitting al-
gorithm.

5.3 Promotion

Promotionmovesan entry to a higher level in the tree.
Entrieswith a largeprobabilityof beingaccessedshouldbe
storedhighupin thetreeto minimizethecostsfor searching
andaccessingthem.In Figure5, theentry %&���!�_^g��' is deleted
from nodê andinsertedin its parentnodet .

Wecandetermineif a promotionis advantageousby de-
terminingthechangein costof theresultingtree. Let t be
the nodeinto which a node ^ with discriminator � is pro-
moted,with discriminatort~� , thechangein acost for t is

prob %�t~�!'C/ cost %�t�	9S�)H�
'm� prob %�t~�!'C/ cost %�t�	9SY') prob %&�!SY'C/ cost %e^
	9S��P�
'm� prob %&�!'C/ cost %I^
	9SY'
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Figure 5. Promotion of an entry

Notethatpromotionis a specialcaseof a split. Imaginethe
split operationresultsin anarrangementwith all entriesbut
onein theold nodeandonly onenodein thenew node.In
this case,the entry canbe directly insertedinto the parent
node.

6 Building the CUR-tr ee

The intersectionquery performanceof CUR-treesde-
pendsonthedecisionsmadeabouttwo mainaspectsduring
insertion:(i) thebestnodefor insertionhasto befoundand
(ii) operationson that nodeandall nodeson the insertion
pathhave to optimizethecostof every nodeof thepath.

6.1 General Insertion Algorithm

Insertinga new entry %K�~�
��' in a CUR-treê occursby
traversingthe tree ^ until a suitablenodefor insertionhas
beenfound. Oncethe new entry is inserted,eachnodein
theinsertionpathfrom thenew entryto theroot is updated
andevaluatedto seeif somereorganizationoperation:split,
promotionor demotionwould improvethenode.

insert %e^
�
%K�~�
��'g'
choosetheentry V for whichprob %e^ T VI[g	9�@�O��'��

prob %I^ T VI[g	9�!' increasesleast
if ^ T Ve[ is anobject %K���K�����l'

replacê
T Ve[ by a new nodecontaining��%K���&�
�W�l'W��%&�(�
�
'��

else^ T Ve[ := insert %e^ T Ve[g	 ^
�
%K�~�
��'g'
if ^ T Ve[ changedlocally (ignoringchangesin its children)

return reorganize %e^�'
elsereturn ^
Notethattheinsertionalwaysfinishesby creatinga new

nodecontainingoneobjectalreadyin thetreeandtheentry
to beinserted(objectinsertion).To avoid unnecessarycom-
putation,reorganizationis only performedon node ^ if the
information in the nodechangesafter the insertion in its
child.

6.2 Choosingthe Entry for Insertion

To determinewherea new entryshouldbeinserted,the
increaseof theprob-valuefor eachchild of a nodeafterin-
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Figure 6. Insertion with and without insertion into objects

sertingthe new entry is measured.The entry is preferred
thatshows theleastincrease.If two entriesshow thesame
increaseof their prob-value, ties are resolved by choos-
ing theentry with the smallesttotal prob-value. Note that
we considerthepossibilityof insertinga new entry into an
object(which will effectively createa new nodewith two
entries)at every level of thetree.This is importantbecause
this optioncanleadto muchbetterCUR-trees.Seetheex-
amplein Figure6.

Theleftmostfigureshowsfive geometricobjects(depic-
tedasrectangleswith roundcorners),two discriminators�(�
and �!F (rectangles)groupingthe five entries,a large entry��� andagrey new entry ��F . Thelargeobject ��� is storedon
thesamelevelasthediscriminators�(� and�!F . Wheninsert-
ing thenew entry �
F undertheconditionthatonly subtrees
canbeconsideredfor insertion,insertionwouldresultin the
scenariodepictedin themiddlefigure. Oneof thediscrim-
inators, �!F in theexample,hasto beenlargedsignificantly
to containthe new entry �
F . By doing so, the costof �!F
is increasedsignificantlyandspacein thediscriminatorhas
beenwastedas �
F is only a relatively smallobject. As the
entry ��� contains��F , it is betterto createa new discrimin-
ator �! thatcontainsbothentries��� and ��F . This is shown
in theright figure.

6.3 Reorganization

Reorganizationdetermineswhich, if any, of the opera-
tions demote,promoteor split producesthe bestlocal tree
arrangement. The operationwhich results in the smal-
lest local cost is executed. We restrict reorganizationso
thateachreorganizationconsideredmustinvolvesomething
newly createdin the insertion, to eliminate unnecessary
computation. This is basedon the assumptionthat other
beneficialreorganizationsshouldalreadyhave takenplace.
In our implementationwe alsodeterminethe kinds of re-
organizationoperationwhich couldbebeneficialat a node
from thechangesmadeto its children.

If thecurrentnodeis overfull, werestrictreorganizations
of thatnodeto thosethatremove theoverfull conditionand
do not createit in a nodebelow. The reorganizationcan
howevermaketheparentnodeoverfull.

7 Experiments

We implementedthe CUR-treeand comparedits per-
formancein a seriesof experimentsto an ordinaryR-tree
andthe R� -tree. In this section,we presentgraphsshow-
ing theperformanceof CUR-trees,R-treesandR� -treeson
arealsystemfor real2-dimensionaltestdata.

Moreexperimentalresultsincludingexperimentswith an
optimizedevaluationof split,demotionandpromotionoper-
ationscanbefoundin [15]. In thatreport,wealsodescribe
theoperationsin greaterdetail.

7.1 Implementation Details

We implementeda common in-memory traversal al-
gorithmfor R-trees,R� -treesandCUR-trees.Thealgorithm
readsin thetreestructure(which is generatedby eitherthe
R-tree/R� -treealgorithmsor ourcost-basedalgorithms)and
performsa largenumberof querieson it. We storeall co-
ordinatesas 16-bit values. (This is reasonablefor many
applications;for example,it allows two decimalplacesfor
longitudeandlatitude.) We usea variantof theCSB+-tree
technique[13] to storeonepointerpernode(to a contigu-
ousgroupof children)ratherthanonepointerperentry. A
level-2cacheline onourtargetarchitecture(SunUltra) is 64
bytes.Thusa node-sizeequalto thecache-linesizeallows
the storageof 7 boxes, togetherwith a 32-bit pointer, an
8-bit counter(denotinghow many entriesarepresent)and
an8-bit bitmap.Thebitmapis usedto distinguishbetween
boundingboxesof objects,andboundingboxesof subtrees.
In ourexperiments,��/ o 4H> .

To generatetreestructures,we usedthe R-treecodeby
A. GuttmanandtheR� -treecodeby N. Beckmann,andour
own CUR-treecode. To compareinsertiontimesfairly we
reimplementedthe R� -tree insertionin the sameenviron-
ment as the CUR-treecode,sinceBeckmann’s codeper-
formsadditionaloperationsfor simulatingbuffer behaviour
whicharenot performedby theR-treeor CUR-treecode.



7.2 Testdata

For the experimentsdescribedin this section,we used
an artificially createdpoint data set and six files of the
TIGER/Line Data collection. All datasetsconsistof 2-
dimensionalobjects. The point datasetsconsistof uni-
formly distributedpoints. The file sizesrangefrom 100
entriesto 100,000entries.TheTIGER/Linedatasetsvary
in sizefrom 3,743entriesto 234,250entries.They arechar-
acterizedby askewedobjectdistributionandahighdensity
of objectsin thepopulatedareas.CUR-treespromiseto be
particularlyuseful in thesecondition with decreasingim-
provementfor uniformdata.

7.3 Search Performance

7.3.1 The costvalues

The costvaluesusedin our experimentsarebasedon the
actualcost of readinga nodeinto the cacheand the cost
of comparisonsin the cacheusinga real system.We used
the memory-cpulatency of 170nsof our target architec-
ture(SunUltra-5 with 270MHz and256MByte RAM) for# [17]. We measuredthe comparisoncost $ to be 85ns
perentry. Thecomparisoncostincludesboth thecostof a
comparisonitself andthecostof somesupplementarycom-
putationsuchasincrementingcountervariables.

While thesevaluesareusedin thecost-modelfor predict-
ing the searchcostof the treesproduced,theexperimental
resultsareall givenby actualsearchtimeperqueryasmeas-
uredby thein-memorytraversalalgorithm.

7.3.2 Point query model

In ourfirst experiment,we comparedtheactualsearchper-
formanceof a CUR-treeunderthepoint querymodelwith
anordinaryR-treeandR� -tree.

For both point data and TIGER data, the CUR-trees
clearlyoutperformtheR-trees.Evencomparedwith theR� -
tree,theCUR-treesshow betterperformance.Figure7 (a)
shows theaveragetime for a point queryon thepoint data
for linearandquadraticCUR-trees,linearandquadraticR-
treesand the R� -tree. The largestimprovementis shown
by thelinearCUR-treewhichoutperformsthelinearR-tree
by a factor of seven. The quadraticCUR-treereducesthe
searchtimeby afactorof four comparedto thequadraticR-
tree. Comparedto R� -trees,theCUR-treesstill reducethe
searchtime by about35 percent. Thequality of thesplits
is notasimportantfor therelativeperformanceof theCUR-
treesasit is for theR-trees.Theperformanceof theR-tree
dependsstronglyon thesplit, whereasonly slightperform-
ancedifferencescanbe observed for the CUR-trees.The
R� -treeshowsbetterperformancebecauseof dynamicrein-
sertionof objectswhichhelpsto reorganizethetree.
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Figure 7. Average query cost ( ¢ s) for point
queries
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Figure 8. Average query cost ( ¢ s) for range
queries

For theTIGER data,theresultsaredepictedin Figure7
(b). Again, the linear CUR-treeimproveson the linear R-
treeclearlyfor all datasets,with animprovementof afactor
four for thesetTiger2. ThequadraticCUR-treeshowssim-
ilar performanceandimproveson the quadraticR-treeby
up to a factorof two. Both CUR-treesimprove on theper-
formanceof theR� -treeby between20and35percent.

7.3.3 Rangequery model

The resultsfor rangequeriesareshown in Figure8. The
CUR-treesbuilt undertherangequeryquerymodelalsoim-
provesignificantlyonlinearandquadraticR-treesandshow
smallerimprovementcomparedto theR� -tree.

The resultsfor the point dataset in Figure8 (a) show,
thatthe linearCUR-treeoutperformsthelinearR-treeby a
factorof three. The quadraticCUR-treeonly takeshalf of
thesearchtimeof thequadraticR-tree.Comparedto theR� -
tree,theCUR-treesshow a slight improvementof about12
percent.For theTIGERdatasets,thelinearCUR-treeout-
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Figure 9. Average query cost ( ¢ s) for skewed
queries

performsthelinearR-treeby up to a factorof two. For the
quadraticalgorithm,the CUR-treeimproveson the R-tree
by between20 to 30 percent.TheR� -treeis outperformed
by bothCUR-treesby about10percent.

7.3.4 SkewedPoint Query Model

We experimentedwith a skewed distribution of points for
point queries. Figure9 depictsresultsfor the distribution� %&�m����'E4¦% �§���3�
�� ' . For point data, the query time for
skewedpoint queriesin theCUR-treewashalf the time of
the R� -tree. Comparedto the R-trees,the CUR-treeout-
performsthe quadraticR-tree by a factor of almost five
and the linear R-tree by a factor of seven. Dif ferences
betweenthe CUR-treealgorithmswere insignificant. For
theTIGERdatasets,improvementcomparedto theR� -tree
rangesbetween4 percentfor Tiger5 anda factorof 10 for
Tiger4, asshown in Figure 9(b). Comparedto the linear
andquadraticR-tree,improvementsalsorangefrom 4 per
cent for Tiger5 anda factor of 10 for Tiger4 andshows
largerimprovementfor theremainingdatasets.

7.4 Insertion Times

Theinsertiontimesof theCUR-treecomparedto thein-
sertiontimesof theR-treesandR� -treesareshown in Fig-
ure10. As expected,CUR-treeinsertionis slower thanR-
tree insertionbecauseof the amountof evaluationcarried
out in eachstep. Comparedto the R� -tree, on the other
hand, the insertion times of CUR-treesare only slightly
higher. For the point data insertion, insertionof a point
into the CUR-treestakeson averagetwice as long as for
R-trees.ComparedtheR� -tree,theCUR-treeis only about
30 percentslower. For the TIGER datasets,asshown in
Figure10 (b), CUR-treeis againslower thanR-treeinser-
tion by a factor of two. The R� -treeinsertionis up to 30
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Figure 10. Average insertion times ( « s)

percentfaster, but shows the sameinsertiontimesfor the
Tiger1 dataset.

Takinginto accounttheimprovementof performanceof
theCUR-treeeven over the R¬ -treeandthe greaterflexib-
ility givenby theCUR-trees,thehigherinsertiontimesare
justifiable.

7.5 Experimentswith CUR ¬ -trees

Consideringthe performanceimprovement shown by
R¬ -treescomparedto R-treesfor rangeandpoint queries,
onemightexpectthatincorporatingR¬ -treetechniquesinto
CUR-treesmight leadto furtherimprovement.Thestrength
of R¬ -treesis causedby dynamicallyreinsertingentriesas
thedefaultoverflow treatment.Reinsertinganentrymight
resultin placinganentryatamoresuitableplacein thetree,
improving the overall treearrangement.We implemented
reinsertionfor CUR-trees(CUR¬ -trees). Our experiments
showed no significantperformanceimprovement. In fact,
analyzingthe reinsertionprocess,we found that deleted
entriesare reinsertedin their old placein the CUR¬ -tree.
This shows that CUR-treeshave no needfor further reor-
ganizationthroughreinsertionof entries.Thecost-basedin-
sertionalgorithmalreadyproducesgoodtreearrangements.

8 RelatedWork

R-treesarethe basisof our work as they aresuitedfor
both point and rectangulardata, and are suitablefor dy-
namic contexts (where insertionsand deletionsare inter-
leaved with intersectionqueries).Otherspatialdatastruc-
turessuchas interval trees[3, 4] and priority searchtree
[11] arespecializedfor intersectionqueries,andhavebetter
asymptoticbehaviour. But becauseof themorecomplex in-
dex structuresthey aremoredifficult to update,andhence
not asusefulin a dynamiccontext. They arealsomoredif-
ficult to tunefor goodcacheperformance.



Theclosestwork toCUR-treesis [14] whichusespromo-
tion anddemotionto move dataobjectsaroundthe R-tree.
In this approachoverfull nodesarefixed by eitherpromo-
tion or demotionof singleentriesor split of the node. A
performanceimprovementof up to 45 per centcompared
to regular R¬ -tree hasbeenachieved by this method. In
contrastto ourapproach,themethodonly promotesandde-
motesobjectsratherthansubtrees,henceit is identicalto a
regular R¬ -tree for point data. The treesbuilt arealways
height-balancedR¬ -trees(althoughobjectscan appearin
non-leafnodes).No querymodelis takeninto account,so
theonly impetusfor reorganizationis anoverfull node.The
conceptof treatinglargeobjectsseparatelyhasalsobeenin-
vestigatedin [8] where,to avoid fragmentationin cell trees,
largeobjectsarestoredin separatebuckets.

Analysisof thecostof spatialqueriesin R-treeshasbeen
presentedin [18]. Theauthorsconcentrateonestimatingse-
lectionor join costusingparameterssuchasdensityof data
andaverageextent. In contrastweusecostestimatesthatare
particularto theCUR-treethatis beingbuilt, hencethecost
modelsarecompletelydifferent. A moreaccurateestima-
tion for skewedpoint datais presentedin [5] by describing
thedistributionsasa fractaldimension.

Pagel et al. [12] introduceda performancemeasure
whichanalyzescostof accessingspatialdatastructuresun-
der intersectionqueriesfor differentquerymodels. They
concentrateon bucket (for R-trees leaf-node) accesses,
sincetheanalysisis independentof thedatastructurehold-
ing thespatialdata.Hencetheiranalysisis in asenseortho-
gonalto ourswhich ignorestheobjectretrieval phase.

9 Conclusions

We have introduced CUR-trees, a methodology for
building R-tree-likespatialindex structuresthatcombinesa
probabilitybasedquerymodelwith acostmodel.Usingthe
estimatedquerycostCUR-treesreorganizetheirstructureto
improve intersectionqueryevaluation. In all experiments,
CUR-treesshowed a significantly improved performance
for both syntheticand real test sets. The overheadof re-
organizationin building aCUR-treeleadsto insertiontimes
which arestill acceptableconsideringthe improvementof
searchperformance.

Our work shows thepotentialof makingdatastructures
moredynamicwith regardto costfunctions.Sofar, wehave
only investigatedintersectionqueriesin anR-tree.We will
extendourwork to investigatethejoin costsfor R-trees.
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