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Abstract

Cost-basedinbalanceR-trees(CUR-trees)are a cost-
functionbaseddata structuie for spatial data. CUR-trees
are constructedpecificallyto improvethe evaluationof in-
tersectionqueries,the mostbasicselectionqueryin 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 subteesare stored higherup in thetree After
ead insertionin the tree,local reorganizationsof a node
andits children havetheir expectedquery costevaluated,
and a reoganizationis performedif this is beneficial. No
strict balancingof the treesappliesallowing thetreeto un-
fold solelybasedon theresultof the costevaluation.

We presentour cost-basedapproad and describethe
evaluationandreomganizationopemtionsbasedon the cost
function. We presenta cost modelfor in-memoryaccess
costsand we presentthree different query models. In our
experimentswe compae the performancenf the CUR-tree
to the R-treeandthe R*-tree The CUR-treeis ableto sig-
nificantlyimproveintersectionquery performancewithout
unacceptablyncreasingthe costto build thetree Theuse
of R-treesfor in-memorydata reflectsthe high (and grow-
ing) costof bringing datafrom RAM into the CPU cade
relativeto the costof othercomputation.

1 Intr oduction

Applicationsbasedon spatialdata,e.g.,Geographidn-
formationSystemgGIS), ComputerAided Design(CAD),
SatellitelmageBasesandMedical Applications,arerapidly
expanding.SpatialDatabasélanagemengystemaave to
masterthe challengeto provide efficient accesdo the data
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usedby theseapplications. The large volume of the data
andthe variety of very specializedjueriesrequirefastand
flexible datastructures.

One of the most typical spatial queriesare intersec-
tion querieswhich involve finding all objectsintersecting
a queryrectangle(rangequeries)or point (point queries).
Othertypesof spatialqueriesncludefinding objectswithin
a certaindistancefrom a queryobject(distancequeries)or
finding pairs of objectsthat intersector are within a cer
tain distancefrom eachother (join queries). In this paper
we concentrat®n intersectiorgueries.Typical spatialdata
structuressupportinghesegueriedor in-memoryanddisk-
basedlata,includeinterval trees[3, 4], priority searctrees
[11], quadtree-basestructuresandthe R-treeandits vari-
ants[9, 1]. Surwys of the variousspatialdatastructures
presentedh theliteraturecanbefoundin [6] and[16].

In recentyears asignificantamountof researcihasbeen
doneto addresswo researchssues: (i) How canspatial
index structuresbe mademore efficient by using general
measuresiot involving specificcharacteristicef the data,
gueries,or system[10, 19, 8]? and (ii) How canthe per
formanceof an existing spatialindex in a systembe estim-
atedusingthe propertiesof the data[18, 5] and of the ex-
pectedquerieq12]?

In this paperwe suggesteversingtheorderof thesetwo
steps.Insteadof evaluatinganindex a posteriorito estim-
ateits performanceywe suggestisinga costmodela priori
to build anindex optimizedwith respecto systemcharac-
teristicsandquerypatterngeflectedin a costfunction. We
present spatialdatastructurewhich directly takesinto ac-
countthe expectedcostof accessinglatawhile building the
datastructure.

The cost-basedinbalancedR-tree (CUR-tree)is based
on R-treeshut doesnot have to follow strictrulesabouttree
shapeg.g.,balancing.Insteada costfunction determines
theexpectedntersectiorguerycostfor agivenquerymodel
undera certaincostmodelfor possibletree arrangements.
Thetreewith thesmallestaveragequerycostis selected.



1.1 Main Memory Useof R-Trees

Main memorysizeshave beenincreasingapidly, to the
point where mary applicationscan fit their dataentirely
within mainmemory Evenwhenthe entire datadoesnot
fit, CPUandmain-memoryperformanceareoftenthemain
performancéottleneckin commerciadisk-basediatabase
systemd7]. Thus,the focus of databaseerformancere-
searchis begginning to shift from optimizing I/O perform-
anceto optimizing CPU andmemoryperformance.Thus,
we focuson main-memoryperformanceén this paper

Why do we focus on R-treesfor in-memory perform-
ance? R-treeswere designedfor disk-basedsystemsin
which transferinga block of datafrom disk to memorywas
thedominantcost. Looking atthe next level of thememory
hierarchy we canmakea similar alumentfor datatrans-
fer betweermain memoryandthe datacache.At present,
a datacachemissin the cache-lgel closestto the main
memoryincursadelayof perhaps hundredcycleson mod-
ernarchitecturesWhile this doesnot yet represena dom-
inant cost,we needto look a few yearsahead.During the
recentpast, CPU speeddhave beenincreasingat 60% per
year while RAM speechasbeenincreasingatamoremod-
estl0%peryear[2]. As aresulttherelative costof acache
missis increasingat about45% per year andis expected
to continueto increaseaat this ratefor yearsto come.Even-
tually, this datatransfercostwill becomedominant. This
architecturapictureexplains our choiceof R-trees. Other
in-memorytechniquesreavailable(seeSection8), butthey
arefar moredifficult to tunefor cacheperformancehanR-
trees.

Our costfunction modelsthe cost of accessindR-tree
structuresn mainmemory Extendingthe CSB+-treetech-
nigue presentedn [13] makesR-treesa competitive in-
memorydatastructure,asthey are highly optimizedwith
respectto cacheaccessesvhile still maintainingtheir dy-
namicbehaiour. Themainideaof [13] is to remove point-
ersfrom B+-treeindex nodes:somenodesare storedcon-
tiguously meaningthat arithmetic on memory addresses
canbe usedto locatechild nodes.The neteffectis thatthe
branchingactoris dramaticallyincreasedleadingto fewer
nodeaccesses.

1.2 PaperOrganization

The paperis organizedasfollows. We give a motivat-
ing examplein Section2. Section3 describeR-treesand
thecostinvolvedin queryingR-treesunderseveral costand
guery models. Section4 introducesCUR-trees. Possible
reoganizationsor a CUR-treearedescribedn Sectionb.
Sectiornb discusselow we build aCUR-tree Experimental
resultscomparethe performancef the CUR-treeto the R-
andR*-treein Section7. Relatedwork is describedn Sec-
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Figure 1. A collection of spatial objects

tion 8 andconclusionsaregivenin Section9.

2 A Motivating Example

R-treesareabalancednulti-way treestructurewhereall
objectsarestoredin leaf nodes.Non-leafnodesconsistof
pointersto the childrenof thenodeandminimumbounding
boxesdescribinghe entriesin the child nodes.

Figure 1 shavs a numberof objectse;, . .., eg. Object
e; coversa large partof the queryspaceand containsthe
otherobjectses, ..., eq. Objecte; will typically intersect
with a significantly larger proportionof queriesthan, for
example,objecte,. We assumehatthe query-ablespaces
theboundingbox of all dataobjects.

ThebalancedR-tree(BT) muststoreel attheleaflevel,
asillustratedin Figure 2 (a). In this tree, both the root
andthe leftmostleaf will be retrieved for a large propor
tion of queries. Figure 2 (b) shawvs the objectsas round
cornerboxeswith solid linesandthe boundingboxesused
asdiscriminatorsasdashedine boxes. An unbalance®R-
tree(U BT) maystoreel attherootlevel, asillustratedin
Figure2 (c). Thisresultsin only onenodeaccesgo reade1.
Furthermoreasignificantlysmallerdiscriminatord8 canbe
usedto describethe remainingobjectse8 ande9 asshavn
in Figure2 (d). Heresecondevel discriminatorsaareshavn
asdot-dashboxes.

But what is it specifically that makesstoring an item
higherup thetreeworthwhile? And whenis theadvantage
of storingtheitem high up the treeoutweighedy theneed
to pushotheritemsfurtherdown (theentiretreesunderneath
d3 andd4 in Figure2 (d))?

Our answerto thesequestionds to usea cost-modebf
gueryevaluationto understandhe accesscostsof dataon
a particularsystemand a query-modelto predict queries
whicharemostlikely. Thecost-modehlndthe query-model
canbe combinednto a costfunctionwhich predictsthe av-
eragentersectiorguerycostin atreeunderthegivenpara-
metersandreoiganizest accordingly

For example, the cost function of (intersection)query
evaluationfor R-treesn mainmemoryconsistof two parts:
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Figure 2. Storing large items higher up the tree

(i) thecost L to retrieve anindex node,and(ii) the costC
to comparethe querybox versusboundingboxes of items
or subtrees.Supposea function prob(d) determinesvhat
proportionof queriesntersecta boundingboxd. In the ex-
ample,if we examinethe costof accessingB7’, the root
nodewill alwaysbeaccessetbr acostof I andthreecom-
parisonswill alwaystake placefor a costof 3C. There-
mainingcostdepend®nwhich of thediscriminatorsi1, d3
andd4 intersecthequery

The averagecost of accessingB7" is then . + 3C' +
el + ¢3 + ¢4 wherecl, ¢3 andc4 are the averagecosts
of accessinghe treespointedto by d1, d3 andd4. Ignor-
ing coststo retrieve the objectsthemseles, the costcl is
prob(dl) x (L + 3C) sinceit will beaccessethy the pro-
portionof queriegprob(d1) andwhenaccessethvolve one
node accessand threecomparisons.As d1 covers about
90 per cent of the query space,querieswill intersectd1
with prob(dl) = 0.9. Thenthe averagecostfor BT is
1.9L 4+ 5.7C + ¢3 + c4.

Similarly, we candeterminethe averagecostof access-
ingU BT asL + 3C + ¢8 + ¢5. Thecostch to accesslh is
prob(d5) x (L 4 2C) + ¢3 + c4. Thetotal averagecostfor
UBT assuming8 = 0.1 x (L + 2C') andprob(d5) = 0.33
is thereforel .43 + 3.86C + ¢3 + ¢4 whichis clearly su-
perior.

This exampleillustrateshow a costfunction determines
which organizationof the treewill yield betterintersection
queryperformancéhantheother It alsoshovsthatdeterm-
ining the costof a nodeaccesss possiblewith information
alreadyavailable. No additionalcostinformationneedsto
bestoredin thetree.

3 Costand Query BasedAnalysis of R-Trees
3.1 TheR-Tree

The R-tree[9, 1] is a datastructurefor n-dimensional
data.Geometricobjectsarestoredin leaf nodesof theform
[(d1,0idy), ..., (dn, 0idy)] Whereeachd; is the minimum
boundingbox describinghe objectpointedto by the object
identifier oid;. Non-leafnodescontainentriesof the form
[(d1,t1),. .., (dn,t,)] whereeachd; is the minimumrect-
anglethatenclosesill entriesin thesubtree;. Let M bethe

maximumnumberof entriespernodeandm < M/2 bethe
minimumnumberof entriespernode. For disk-basedlata,
the sizeof M usuallycorresponds$o the numberof entries
thatfit a disk block. For in-memorydata,thesizeof anode
canexceedthe sizeof acacheline.

Furtherrules which determinethe shapeof the R-tree
are:

1. All leafnodesappeanonthesamdevel.

2. Every node which is not the root node contains
betweenn and M entries.

3. Therootnodehasatleasttwo entriesunlesst is a leaf
node.

If insertionof anentryin anoderesultsin anoverfull node,
thenodeis split. Splittingalgorithmsof linearandquadratic
complity have beenpresentedn the literature[9, 1, 19,

10]. For an R-treenodet (and later for CUR-treenodes)
we usenotationt.n to referto n, the numberof entriesin a
node,t[i] to referto the pair (d;, ¢;), while ¢[i].d and¢[i].¢

referto d; andt; respectiely.

3.2 The Costof an Intersection Query

The costof accessinglatain an R-treecanbe estimated
usinga querymodelwhichpredictsthedistributionof quer
iesanda costmodelwhich reflectsthe costof processing
nodefor a particularsystem.The querymodelis reflected
in a function prob(d) which givesthe probability thatthe
rectangled will matcha query(i.e., intersecthe querybox
for arangequery). Theraw costof processinga nodewith
n entriesis givenby afunctioncost(n).

The averagecostof processinga nodet with »n entries
andminimumboundingboxd canthereforebe summarized
as

prob(d) x cost(n)

sinceon averageonly theproportionprob(d) of queriesac-
cessthe node. The averagecostacost of an intersection
gueryfor atreerootedat nodet andboundingboxd in an
arbitraryqueryis simply the sumof the costsof the nodes
of thetree.

acost(t) = prob(d) x cost(t.n) + X" acost(t[i].t)



If asubtree pointsto anobject,we assuméhatacost(t) =

0. Notethatwe canignorethe costsfor retrieving anobject
sinceary arrangemenof the R-treewill result,for a par

ticular query in the samesetof objectsbeingretrievedand
thusthe sameretrieval cost.

3.3 The CostModel

Thecostmodelfor R-treesn thispapefapproximateshe
costof queryingin-memoryR-trees Accessinganodeof an
R-treein mainmemoryinvolves(i) readinghenodeintothe
cacheand(ii) comparingeachentrywith thequeryto decide
whetherto continuesearchn thecorrespondingubtree If
E entriesfit into one cachelinethe costof a nodewith n
entriesconsistf the costto readthe nodefrom RAM into
[ %] cachelinesachat cost L andn comparisongachat
costC'.

cost(n) = {%] xL+nxC

Thenumberof cachehits andmisseghatoccurin anervir-
onmentwhereseveralindex structuresompeteor caches
difficult to predict. We thereforedo not attemptto simu-
late real cachebehaiour, but approximatet by assuming
no cachehits occurandgive anoverestimatef the cost.In
general,computationcanbe overlappedwith datatransfer
betweermainmemoryandthe cache However, in our con-
text thereis verylittle potentialfor overlapwithin thesearch
process. A cache-linemust be cache-residenbeforeary
computationon its dataitemscantake place,andthe next
cache-linedo be readdependon that computation. Thus
we addthe computatiorand memorylateny components,
consistentvith the assumptiorof no overlap.

3.4 Query Models

We definequerymodelsfor thetwo mostcommontypes
of intersectiorgueries:pointqueriesandrangequeries We
alsogive examplesfor morespecializedjuerymodels.The
guerymodelsreflectthe probability thatanitem d matches
aqueryq of agiventypeof query

3.4.1 Uniform Point Query Model

Thepointquerymodelreflectsthe assumptionsboutquer
iescommonlymadein spatialdatastructuresPointswhich
areuniformly distributed over the query spaceare usedto
guery the data. Consideragainthe collection of spatial
objectsin Figure 1. As explainedin the motivating ex-
ample,objectel is very likely to matcha queryasit cov-
ersa large areaof the query space. The probability that
an entry d containsa query point p can be measurecas
area(d)/area(w) wherew isarectangledescribinghetotal
areaof thedata.In this costmodel,thefunction prob(d) is

simply the function area(d)/area(w), calculatingthe per
centageof thewholeareacoveredby theentry,

3.4.2 RangeQuery Model

Rangequeriesuserectangleso querythedata.A common
assumptions thatthe queryrectanglesaredistributeduni-
formly over the query spaceand have a fixed side length
[. If r is arectanglelet r.low[i] andr.high[i] denotethe
lower and uppervalue of r in dimension:. The probabil-
ity thata queryrectangley with sidelength/ intersectsan
entryd is the probabilitythatq.low[:] intersectgheinterval
(max(d.low[i] — I, w.lowld]), d.high[i]) iIn eachdimension
1.

Therefore the probabilitythatanentry d intersectswith
a queryrectangleg with sidelength/ in an2-dimensional
gueryspacew canbe calculatechs

f[ d.high[i] — max(d.low[i] — |, w.low][i])

b w.highli] — w.low[i]
Therangequerymodelis ageneralizatiof thepointquery
model. Clearly, for length! = 0, the formulaabore is the
functionprob(d) of thepointquerymodel.

3.4.3 SkewedPoint Query Model

As in real applicationsqueriesare not alwaysdistributed
uniformly over the workspacewe extend our query mod-
els to include point querieswith ary kind of distribution
D(z,y). Theprobability thata discriminatord in a work-
spacel0, 1] x [0, 1] intersectswith a point queryis given
by

d.xu d.yu

/ D(z,y)dydx
d.xl d.yl

We presenexperimentakesultsin Section? for D(z, y) =

(ﬁxg—yz) overtherange[0..1, 0..1]. This represent$ighly
skaved query patternwherequeriesare muchmorelikely
in thetop right-handcornerof thequeryspace.

Query modelscan be usedto specificallyimprove the
performancef oneparticulartypeof query As mary query
distributionsmay containqueriesof mary differenttypes,it
isimportantto notethatquerymodelscanbederivedfor ary
querydistribution, not just distributionswith a singletype
of query We chosethe threequerymodelsasexamplesto
demonstratéhe possibilitiesof the CUR-tree.

4 Cost-basedUnbalancedR-tr ees

As R-treeshave to be usedon a wide rangeof systems
with differentcostparametersgvaluatingdifferentkinds of



guerieson datawith a variety of distributions, the R-tree
structureis too generalto caterfor all thesepossibilities.
The strict restrictionson the shapeexclude mary possible
betterarrangementsf thedata. Thealgorithmsfor splitting

do not take specificcharacteristicef systemor queryinto

accountWesuggestisingadynamic self-oganizingindex

structurewhich is basedn R-treesbut whoseshapés only

influencedby a costfunction.

4.1 The Structure of CUR-Trees

CUR-treesare multi-way searchtrees basedon R-
trees. A node in the CUR-tree is of the form
[(d1,t1), ..., (dm,tm)] Wwhereeachd; isaminimumbound-
ing box describinganobjector a collectionof objects.The
pointert; pointsto eithera subtredf d; describes collec-
tion of objectsor is the objectidentifier of a singleobject.
Thereis no explicit minimum numberof entriesper node.
Themaximumnumberof entriespernodeis givenasamul-
tiple N of thenumberE of entriesthatfit into acacheline.

Therulesof the CUR-treestructureare:

1. Eachnodecanstorepointersto bothobjectsandother
nodes

2. EverynodecontainsatmostN x E entries

3. Thearrangemenof thetreeshouldbelocally optimal
with respecto the costfunction

If insertinganotherentryinto thenodewill overflow the
node,the nodeis split or entriesaredemotedor promoted.
The operationwill be chosenthat resultsin the besttree
arrangemenaccordingo the costfunction.

4.2 Operationson CUR-trees

In contrastto R-trees,operationson CUR-treesare in-
vokednotonly whenanodeoverflons. Instead uponinser
tion or deletion,every nodeon the insertionpathis evalu-
atedto seewhetherits entriescanbe betterarrangedwith
respecto the costfunction. The operationaisedin there-
organizationprocessaresplit, demotionandpromotion

5 Reorganizationof CUR-Trees
5.1 Split

The split operationsplits a nodeinto two nodesandre-
distributesits entriesusingthe costevaluationfunction. The
distribution is picked which createsthe cheapestree ac-
cordingto the costfunction acost. In Figure 3, the node
t with discriminatord is split into nodest! and¢r with dis-
criminatorsd! anddr. An extraentryis addedo the parent
nodep.

(P d d2 dl dr d2
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Figure 3. Split of a node

We candeterminewhen a split is advantageoudy de-
terminingthe changein costfor accessinghe tree before
andafterthesplit. Let p betheparentodeof thesplit, with
discriminatorpd. Thechangdn acost for p is

prob(pd) x cost(p.n + 1) — prob(pd) x cost(p.n)
+prob(dl) x cost(tl.n) + prob(dr) x cost(tr.n)
—prob(d) x cost(t.n)

In practice,the split operationneedsto determinewhich
possibledistributions it will consider Then,for eachsplit
consideredijt calculateshe changein costfor the parent
tree. A split usingthe bestdistributionis thenperformedf

it is advantageous.

5.1.1 Exponential Split

The simplestsplitting algorithmis to considerall 2¢* pos-
sible distributions. For larger nodesizes,this algorithmis
impractical.

5.1.2 Quadratic Split

Thequadraticsplit is basedn a generalizatiorof thequad-
ratic R-treealgorithm[9] to arbitraryquerymeasuresTwo
seedsarepickedfor the two new nodedleft andright. The
entriesare chosenas seedsvhoseminimumboundingbox
would have the highestprob-value if put into one node.
Subsequentlyheentryis choserfrom theremainingentries
whichshows largestpreferencdor onegroup,i.e.,increases
theprob-valueof thatgroupleast,andaddedo thatgroup.
This stepis repeateduntil all entrieshave beendistributed
into the two groups. To createmorethanjust one possible
distribution, we alsoevaluateintermediatalistributions: we
usethegroupleft for onenodeandaddall remainingentries
to thegroupright andvice versa.Thatis aftereachstepwe
consideranothertwo possibledistributions definedby the
pairs(left, ¢ — left) and (¢ — right, right) for eachvaluethat
leftsandrightstakein theprocessThisresultsn n — 1 split
distributionsfor anodewith n entries.

5.1.3 Linear Split

The linear split is a generalizatiorof the linear R-treeal-
gorithm. The algorithm picks the two seedsin onelinear
scanof theentries.Entriesthatarefurthestapartfrom each
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otheraredeterminedor every dimensiornasapossibleseed
pair. The dimensionis chosenfor the split that shavs the
largestseparatiorbetweerthetwo possibleseedsAfter the
seedhave beendeterminedanotherscanthroughtheentry
setassign®achentryto eitherleft orright. Thesetis chosen
which shaws the leastincreaseof the prob-value. Again,
after eachstepwe consideranothertwo possibledistribu-
tionsdefinedby thepairs(left, ¢ — left) and(¢ — right, right)
for eachvaluethatleftsandrightstakein the process.

5.2 Demotion

Demotionmovesa single entry or groupof entriesto a
lowerlevel in thetree. This canbe analreadyexisting node
or anewly creatednhode,dependingon which arrangement
resultsin an overall cheapettree. In Figure 4, the entries
(d2,t2) and(d3,t3) aredemotedinto the subtreet giving
tn.

We candeterminewhena demotionis advantageoudy
determininghechangen costfor accessinghetreebefore
andafterthedemotion.Let p, with discriminatorpd, bethe
parentof nodet, with discriminatord, into which £ nodes
aredemotedTheresultingnew nodeis¢n. Thenthechange
in acost for p is

prob(pd) x cost(p.n — k) — prob(pd) x cost(p.n)
+prob(dn) x cost(t.n + k) — prob(d) x cost(t.n)

Possiblegroupsof entriesfor demotionare createdby
usingthe left andright groupscreatedby the splitting al-
gorithm.

5.3 Promotion

Promotionmoves an entry to a higherlevel in thetree.
Entrieswith alarge probabilityof beingaccessedhouldbe
storedhighupin thetreeto minimizethecostsfor searching
andaccessinghem.In Figure5, theentry(ds, t3) isdeleted
from nodet andinsertedn its parentnodep.

We candetermingf a promotionis advantageou$y de-
terminingthe changein costof theresultingtree. Let p be
the nodeinto which a nodet with discriminatord is pro-
moted with discriminatorpd, thechangen acost for p is

prob(pd) x cost(p.n + 1) — prob(pd) x cost(p.n)
+prob(dn) x cost(t.n — 1) — prob(d) x cost(t.n)
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Figure 5. Promotion of an entry

Notethatpromotionis a specialcaseof a split. Imaginethe
split operatiorresultsin anarrangemenuith all entriesbut

onein the old nodeandonly onenodein thenew node.In

this case the entry canbe directly insertedinto the parent
node.

6 Building the CUR-tree

The intersectionquery performanceof CUR-treesde-
pendsonthe decisiongnadeabouttwo mainaspectsiuring
insertion:(i) thebestnodefor insertionhasto befoundand
(i) operationson that nodeandall nodeson the insertion
pathhave to optimizethe costof every nodeof thepath.

6.1 Generallnsertion Algorithm

Insertinga new entry (d, e) in a CUR-treet occursby
traversingthe treet until a suitablenodefor insertionhas
beenfound. Oncethe new entryis inserted,eachnodein
theinsertionpathfrom the new entryto therootis updated
andevaluatedo seeif somereolganizationoperation:split,
promotionor demotionwould improve thenode.

insert(z, (d,¢))

chooseheentry: for which prob(t[i].d U d)—
prob(t[i].d) increaseseast

if ¢[7] is anobject(d’, )
replacet[] by anew nodecontaining{(d’, ¢'), (d, e)}

else
t[i] ;= insert(t[7].t, (d, €))

if ¢[:] changedocally (ignoringchangesn its children)
return reorganize(t)

elsereturn ¢

Notethattheinsertionalwaysfinishesby creatinga new
nodecontainingoneobjectalreadyin thetreeandtheentry
to beinsertedobjectinsertion).To avoid unnecessargom-
putation,reolganizationis only performedon nodet if the
informationin the node changesafter the insertionin its
child.

6.2 Choosingthe Entry for Insertion

To determinewvherea new entry shouldbeinsertedthe
increasef the prob-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 entriesshov the same
increaseof their prob-value, ties are resohed by choos-
ing the entry with the smallesttotal prob-value. Note that
we considerthe possibility of insertinga new entryinto an
object(which will effectively createa new nodewith two
entries)at every level of thetree. Thisis importantbecause
this optioncanleadto muchbetterCUR-trees.Seethe ex-
amplein Figure6.

Theleftmostfigure shavs five geometricobjects(depic-
tedasrectanglesvith roundcorners)wo discriminators/1
andd?2 (rectanglesygroupingthe five entries,a large entry
el andagrey new entrye2. Thelargeobjectel is storedon
thesamdevel asthediscriminatorsi/1 andd2. Wheninsert-
ing the naw entry e2 underthe conditionthatonly subtrees
canbeconsideredor insertion,insertionwould resultin the
scenariadepictedn the middlefigure. Oneof the discrim-
inators,d2 in the example,hasto be enlagedsignificantly
to containthe new entry e2. By doing so, the costof d2
is increasedignificantlyandspacen the discriminatorhas
beenwastedase? is only arelatively small object. As the
entryel containse2, it is betterto createa new discrimin-
atord3 thatcontainsbothentriese1 ande2. Thisis shovn
in therightfigure.

6.3 Reorganization

Reoganizationdetermineswhich, if ary, of the opera-
tions demote promoteor split produceghe bestlocal tree
arrangement. The operationwhich resultsin the smal-
lest local costis executed. We restrict reoiganizationso
thateachreoiganizatiorconsidereanustinvolve something
newly createdin the insertion, to eliminate unnecessary
computation. This is basedon the assumptiorthat other
beneficialreoiganizationshouldalreadyhave takenplace.
In our implementatiorwe also determinethe kinds of re-
organizationoperationwhich could be beneficialat a node
from the changesnadeto its children.

If thecurrentnodeis overfull, we restrictreoiganizations
of thatnodeto thosethatremove the overfull conditionand
do not createit in a nodebelov. The reoiganizationcan
however makethe parentnodeoverfull.

7 Experiments

We implementedthe CUR-treeand comparedits per
formancein a seriesof experimentsto an ordinary R-tree
andthe R*-tree. In this section,we presentgraphsshaw-
ing the performanceof CUR-treesR-treesandR*-treeson
arealsystentor real2-dimensionatestdata.

More experimentatesultsincludingexperimentswith an
optimizedevaluationof split, demotiorandpromotionoper
ationscanbefoundin [15]. In thatreport,we alsodescribe
theoperationsn greaterdetail.

7.1 Implementation Details

We implementeda common in-memory traversal al-
gorithmfor R-treesR*-treesandCUR-trees Thealgorithm
readsin thetreestructure(whichis generatedy eitherthe
R-tree/R -treealgorithmsor our cost-basedlgorithms)and
performsa large numberof queriesonit. We storeall co-
ordinatesas 16-bit values. (This is reasonabldor mary
applicationsfor example,it allows two decimalplacesfor
longitudeandlatitude.) We usea variantof the CSB+-tree
technique[13] to storeone pointerper node(to a contigu-
ousgroupof children)ratherthanonepointerperentry A
level-2cachdine onourtametarchitectur€SunUltra) is 64
bytes. Thusa node-sizeequalto the cache-linesizeallows
the storageof 7 boxes, togetherwith a 32-bit pointer, an
8-bit counter(denotinghow mary entriesare presentjand
an8-bit bitmap. The bitmapis usedto distinguishbetween
boundingboxesof objects,andboundingboxesof subtrees.
In ourexperimentsN x £ =T.

To generatdree structureswe usedthe R-treecodeby
A. Guttmanandthe R*-treecodeby N. Beckmannandour
own CUR-treecode. To comparensertiontimesfairly we
reimplementedhe R*-tree insertionin the sameerviron-
ment as the CUR-treecode, since Beckmanrs code per
formsadditionaloperationgor simulatingbuffer behaiour
which arenot performedby the R-treeor CUR-treecode.



7.2 Testdata

For the experimentsdescribedn 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 distributed points. The file sizesrangefrom 100
entriesto 100,000entries. The TIGER/Line datasetsvary
in sizefrom 3,743entriesto 234,250entries.They arechar
acterizedoy a skevedobjectdistribution anda high density
of objectsin the populatedareas.CUR-treespromiseto be
particularly usefulin thesecondition with decreasingm-
provementfor uniform data.

7.3 Search Performance

7.3.1 The costvalues

The costvaluesusedin our experimentsare basedon the
actualcost of readinga nodeinto the cacheand the cost
of comparisonsn the cacheusinga real system.We used
the memory-cpulateny of 170nsof our target architec-
ture (SunUltra-5with 270MHz and256 MByte RAM) for
L [17]. We measuredhe comparisoncost C' to be 85ns
perentry. The comparisorcostincludesboth the costof a
comparisortself andthe costof somesupplementargom-
putationsuchasincrementingcountervariables.

While thesevaluesareusedin thecost-modefor predict-
ing the searchcostof the treesproducedthe experimental
resultsareall givenby actualsearchime perqueryasmeas-
uredby thein-memorytraversalalgorithm.

7.3.2 Point query model

In ourfirst experiment,we comparedhe actualsearchper
formanceof a CUR-treeunderthe point querymodelwith
anordinaryR-treeandR*-tree.

For both point data and TIGER data, the CUR-trees
clearlyoutperformthe R-trees Evencomparedvith theR*-
tree,the CUR-treesshaw betterperformance Figure7 (a)
shaws the averagetime for a point queryon the point data
for linearandquadraticCUR-trees|inearandquadraticR-
treesand the R*-tree. The largestimprovementis shavn
by thelinear CUR-treewhich outperformshelinearR-tree
by a factor of seven. The quadraticCUR-treereduceghe
searchtime by afactorof four comparedo the quadratidR-
tree. Comparedo R*-treesthe CUR-treesstill reducethe
searchiime by about35 per cent. The quality of the splits
is notasimportantfor therelative performancef the CUR-
treesasit is for the R-trees.The performancef the R-tree
dependstronglyon the split, whereaonly slight perform-
ancedifferencescan be obsenred for the CUR-trees. The
R*-treeshows betterperformancdecausef dynamicrein-
sertionof objectswhich helpsto reolganizethetree.
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For the TIGER data,theresultsaredepictedn Figure7
(b). Again, thelinear CUR-treeimproveson thelinear R-
treeclearlyfor all datasetswith animprovementf afactor
fourfor thesetTiger2. ThequadraticCUR-treeshowvs sim-
ilar performanceandimproves on the quadraticR-treeby
up to a factorof two. Both CUR-treesmprove on the per
formanceof the R*-treeby betweer20 and35 percent.

7.3.3 Rangequery model

The resultsfor rangequeriesare shavn in Figure8. The
CUR-treesuuilt undertherangequeryquerymodelalsoim-
prove significantlyonlinearandquadratidR-treesandshav
smallerimprovementcomparedo the R*-tree.

The resultsfor the point datasetin Figure 8 (a) show,
thatthe linear CUR-treeoutperformghelinear R-treeby a
factor of three. The quadraticCUR-treeonly takeshalf of
thesearchimeof thequadratidR-tree.Comparedo theR*-
tree,the CUR-treesshow a slightimprovementof about12
percent.For the TIGER datasets thelinear CUR-treeout-
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performsthelinear R-treeby up to a factorof two. For the
guadraticalgorithm,the CUR-treeimproveson the R-tree
by betweer20to 30 percent. The R*-treeis outperformed
by both CUR-treesy about10 percent.

7.3.4 SkewedPoint Query Model

We experimentedwith a skewed distribution of pointsfor
point queries. Figure 9 depictsresultsfor the distribution
D(z,y) = (%). For point data, the query time for
skaved point queriesin the CUR-treewashalf the time of
the R*-tree. Comparedo the R-trees,the CUR-treeout-
performsthe quadraticR-tree by a factor of almostfive
and the linear R-tree by a factor of seven. Differences
betweenthe CUR-treealgorithmswere insignificant. For
the TIGER datasetsimprovementcomparedo the R*-tree
rangeshetwee percentfor Tiger5 andafactorof 10 for
Tiger4, asshowvn in Figure 9(b). Comparedo the linear
and quadraticR-tree,improvementsalsorangefrom 4 per
centfor Tiger5 anda factor of 10 for Tiger4 and shows
largerimprovementfor theremainingdatasets.

7.4 Insertion Times

Theinsertiontimesof the CUR-treecomparedo thein-
sertiontimesof the R-treesandR*-treesareshown in Fig-
ure10. As expected,CUR-treeinsertionis slower thanR-
treeinsertionbecausef the amountof evaluationcarried
out in eachstep. Comparedo the R*-tree, on the other
hand, the insertiontimes of CUR-treesare only slightly
higher For the point datainsertion,insertion of a point
into the CUR-treestakeson averagetwice aslong as for
R-trees.Comparedhe R*-tree,the CUR-treeis only about
30 percentslower. For the TIGER datasets,asshowvn in
Figure10 (b), CUR-treeis againslower thanR-treeinser
tion by a factor of two. The R*-treeinsertionis up to 30
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per centfaster but shavs the sameinsertiontimesfor the
Tigerl dataset.

Takinginto accountheimprovementof performancef
the CUR-treeeven over the R*-treeandthe greaterflexib-
ility givenby the CUR-treesthe higherinsertiontimesare
justifiable.

7.5 Experimentswith CUR*-trees

Consideringthe performanceimprovementshovn by
R*-treescomparedo R-treesfor rangeand point queries,
onemightexpectthatincorporatingR*-treetechniquesnto
CUR-treesnightleadto furtherimprovement.Thestrength
of R*-treesis causeddy dynamicallyreinsertingentriesas
the defaultoverflow treatment.Reinsertingan entry might
resultin placinganentryatamoresuitableplacein thetree,
improving the overall tree arrangementWe implemented
reinsertionfor CUR-trees(CUR*-trees). Our experiments
shaved no significantperformanceémprovement. In fact,
analyzingthe reinsertionprocess,we found that deleted
entriesare reinsertedn their old placein the CUR*-tree.
This shavs that CUR-treeshave no needfor further reor
ganizatiorthroughreinsertiorof entries.The cost-baseth-
sertionalgorithmalreadyproducegjoodtreearrangements.

8 RelatedWork

R-treesare the basisof our work asthey are suitedfor
both point and rectangulardata, and are suitablefor dy-
namic contets (whereinsertionsand deletionsare inter-
leared with intersectionqueries).Other spatialdatastruc-
turessuchasinterval trees[3, 4] and priority searchtree
[11] arespecializedor intersectiorqueriesandhave better
asymptotidbehaiour. But becausef themorecomples in-
dex structureghey are moredifficult to update,andhence
notasusefulin adynamiccontet. They arealsomoredif-
ficult to tunefor goodcacheperformance.




Theclosesivorkto CUR-treess [14] whichusegpromo-
tion anddemotionto move dataobjectsaroundthe R-tree.
In this approachoverfull nodesarefixed by eitherpromo-
tion or demotionof single entriesor split of the node. A
performancamprovementof up to 45 per centcompared
to regular R*-tree hasbeenachiezed by this method. In
contrasto our approachthemethodonly promotesandde-
motesobjectsratherthansubtreeshenceit is identicalto a
regular R*-treefor point data. The treesbuilt are always
height-balancedrR*-trees (althoughobjects can appearin
non-leafnodes).No querymodelis takeninto accountso
theonly impetusfor reoiganizatioris anoverfull node.The
concepbf treatinglarge objectsseparatelyrasalsobeenin-
vestigatedn [8] where to avoid fragmentationn cell trees,
large objectsarestoredin separatéuckets.

Analysisof thecostof spatialqueriesn R-treeshasbeen
presentedh [18]. Theauthorsconcentraten estimatingse-
lectionor join costusingparametersuchasdensityof data
andaveragesxtent. In contrastve usecostestimateshatare
particularto the CUR-treethatis beingbuilt, hencethe cost
modelsare completelydifferent. A moreaccurateestima-
tion for skaved point datais presentedn [5] by describing
thedistributionsasa fractaldimension.

Pagel et al. [12] introduceda performancemeasure
which analyzesostof accessingpatialdatastructuresun-
der intersectionqueriesfor differentquery models. They
concentrateon bucket (for R-treesleaf-node)accesses,
sincethe analysigs independendf the datastructurehold-
ing the spatialdata.Hencetheiranalysiss in asensertho-
gonalto ourswhichignoresthe objectretrieval phase.

9 Conclusions

We have introduced CUR-trees, a methodology for
building R-tree-likespatialindex structuregshatcombinesa
probabilitybasedquerymodelwith acostmodel.Usingthe
estimatedjuerycostCUR-treegeoiganizetheir structureo
improve intersectionquery evaluation. In all experiments,
CUR-treesshawved a significantly improved performance
for both syntheticandreal test sets. The overheadof re-
organizatiorin building a CUR-treeleadsto insertiontimes
which arestill acceptableonsideringthe improvementof
searctperformance.

Ourwork shaws the potentialof makingdatastructures
moredynamicwith regardto costfunctions.Sofar, we have
only investigatedntersectiomgueriesin an R-tree. We will
extendourwork to investigatehejoin costsfor R-trees.
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