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ABSTRACT

INDEXING PROBLEMS IN SPATIOTEMPORAL DATABASES

by

GeorgeN. Kollios

Advisor: VassilisTsotras

Co-Advisor: Alex Delis

Submittedin PartialFulfillmentof theRequirementsfor the

Degreeof Doctorof Philosophy(ComputerScience)

June2000

Spatiotemporaldatabasesmanagespatialobjectsthatchangepositionsand/orextentsover

time. Examplesincludetraffic surveillancedata,climateandlandcoverdata,demographicdataand

multimediaapplications(animatedmovies). Sincethesedatabasesarelarge in size,it is important

to designefficient indexing schemesthatcanaccessandexplorethem.

Wefirst studytheproblemof indexing spatialobjectsthathaveevolvedin thepastandthe

wholeevolution of eachobjectis known. We presentmethodsto storetheseevolutionsin external

memoryin order to answerefficiently rangeandnearestneighborqueriesof the form: “find the

objectsthat were in area
�

betweentime instants��� and ��� ”, or “find the � nearestobjectsto a

given positionbetweentime instants��� and ��� ”. We reducethe problemto a partial-persistence

one,that is, we usea 2-dimensionalaccessmethodthat is madepartially persistent.We show that

this approachleadsto fastquerytime while still usingspaceproportionalto the total numberof

changesin thespatiotemporalevolution. Whatdifferentiatesthisproblemfrom traditionaltemporal

indexing approachesis that objectsareallowed to move and/orchangetheir extent continuously

over time. Wepresentnovel methodsto approximatesuchobjects.We then,formulatetheproblem
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asan optimizationproblemfor which we provide an efficient andeffective solutionfor the case

whereobjectsmove linearly. An extensive experimentalstudydemonstratestheadvantagesof our

approachoverotherstraightforwardsolutions.

While the above studyconcentrateson historicalqueries(paststates)of spatiotemporal

data,of interestarealsoqueriesaboutthe futurebehavior of suchdata. Here,we assumethat the

objectsmovement/changefunctionsareknown. We show how to index mobileobjectsin oneand

two dimensionsusingefficientdynamicexternalmemorydatastructures.Ourapproachis to employ

methodsto storethemotionfunctionof eachobjectandanswerrangeandnearestneighborqueries

usingthesemethods.

Finally, we presenta solution to the temporalmembershipproblemwhich is likely to

occurin temporalandspatiotemporaldatabases.Considerasetof objectsthatevolvesover timeby

addinganddeletingobjectsandthesechangesaretimestamped.A temporalmembershipqueryasks

whetheragivenobjectwasin thesetataspecifictimeinstant.Wepresentmethodsthatusepartially

persistenthashingschemesto answerefficiently this typeof queries.Theproposedmethodshave

linearspaceandperformbetterthanotherapproachesin practice.
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Chapter 1

Intr oduction

Databasesystemsthatmanagespatialandtemporalobjectshavereceivedincreasinginter-

estin recentyears.Databasesthatstorespatialobjectsthatchangetheirextentand/ortheirposition

over time arecalledspatiotemporal databases. In thesedatabases,the current,the past,aswell

as the anticipatedfuture positionsandextentsof the objectsarefrequentlyof interest. Applica-

tions that have to dealwith spatiotemporalobjectsincludeglobal change(climateor land cover

data),transportation(traffic surveillance),social(demographic,health)andmultimedia(animated

movies).Next wedescribein moredetailtwo specificexamplesof spatiotemporalapplications.

In the first example,we considera databasethat managesmoving vehicles(cars)in a

highway system.Recentadvancesin communicationsandGPS(GlobalPositioningSystem)tech-

nologyallow peopleandvehiclesto locatethemselvesatany positiononearth,with highaccuracy.

Considera databasethat (usingthis technology)storesthe currentpositionsof moving vehicles,

aswell astheir directionandtheir speed.A numberof interestingqueriescanbedirectedto this

database.For example,apersonmaywantto find theclosesthotelto hercarfor thenext 10minutes.

Also acompany thatmanagestrucks,mayneedto find theclosesttruckto aspecificwarehouse.Or,

in caseof a traffic accidentwe maywantto find theclosestambulancesandtheclosesthospitalto

theaccident.

Anotherexampleof aspatiotemporalapplicationcomesfrommultimediadatabasesandin
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particularfrom systemsthatstoreanimatedmovies.A movie correspondsto anorderedsequenceof

frames.In thissequence,eachframe(or screen)is a2-dimensionalspacethatcontainsacollection

of objects. As the movie proceeds,this collectionof objectschangesfrom oneframeto the next

(new objectsareadded,objectsmove,changein size,disappear, etc.)For thepurposesof editingor

assemblingmovie sequences,it is importantto haveefficientwaysto accessandreplayall, or parts,

of suchmovies. Thus,a usermay be interestedin askingtopologicalrangequeriesof the form:

“find all objectsthatappearin area
�

betweenframesG*� and G!� ”, andnearestneighborquerieslike:

“find the � objectsthat appearclosestto a given position H during frames G*� and G!� ”. �
and H

arepartof the2-dimensionalframescreen.For examplethemovie editormaywantto find all the

objectsthatareinsideagivenwindow region in asequenceof consecutive frames.

Due to the time component,spatiotemporaldatabasesneedto managelarge amountsof

dataaccumulatedoverlongperiodof time. A userasksqueriesoverthisdataandthestraightforward

solutionto find theansweris to readall objectsin thedatabaseandreturntheobjectsthatbelongto

theanswer. However thisapproachis inefficientdueto thesizeof thedatabase.A bettersolutionis

to constructindexesover thedataandanswera queryby readingonly a smallpartof thedatabase.

In general,an index is a way to organizea datasetin disk pagesin order to answerefficiently a

specifictypeof queries,by readingonly asmallnumberof disk pages.

In this thesis,wepresentmethodsto answerefficiently range,nearestneighborandmem-

bershipqueriesin spatiotemporaldatabases.In arangequery, wespecifyaregionandatimeinterval

andthesystemhasto find theobjectsthatoverlapor containedinsidetheregionduringthespecified

time interval. Similarly, in a nearestneighborquery, we specifya locationis spaceandwe arein-

terestedin theobjectsthatarecloseto this locationduringa timeinterval. Finally, in amembership

query, we specifyan objectanda time instantandwe would like to know if the object is in the

databaseat thespecifiedtime instant.
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1.1 External Memory Model

Weconsiderourproblemsin thestandardexternalmemorymodelof computation[AV88].

In this modeleachdisk access(an I/O) transmitsin a singleoperation
=

unitsof data.We call
=

the pagecapacity. We measurethe efficiency of an algorithmin termsof the numberof I/O’s to

performan operation. If
<

is the numberof the objectsin the databaseand I is the numberof

objectsreportedby a query, thentheminimumnumberof pagesto storethedatabaseis &KJMLON PRQ
andtheminimumnumberof I/O’s to reporttheansweris �SJTLOU P+Q . We saythatanalgorithmuses

linear space,if it usesVW�
&�� disk pages,andthat it useslogarithmictime to answera query if it

needsto executeVF��XZY2[ P &W\]�^� I/O’s. Notethat X_Y2[ P & is for theexternalmemorymodeldifferent

than X_Y2[ 
 & since
=

is notaconstantbut aproblemvariable.

Our goal is to minimizethenumberof pagesthatareusedto storea databaseandat the

sametimeminimizethenumberof pagesthatweneedto accessin orderto answeraquery.

1.2 Spatial and Temporal Indexes

During the last two decades,a large numberof index methodsfor spatialandtemporal

databaseshavebeenproposed.For anexcellentsurvey in spatialaccessmethodswereferto [GG98]

andfor temporalindicesto [ST99]. Next wedescribetwo very importantaccessmethodsin spatial

and temporaldatabases.In particular, we presentthe R-tree,an externalmemoryspatialaccess

methodandtheSnapshotIndex, a veryefficient temporalindex.

1.2.1 R-Tree

An R-treeis a hierarchical,height-balancedexternalmemorydatastructureproposedby

Gutmanin [Gut84]. It is a generalizationof theB-treefor multidimensionalspaces.Multidimen-

sionalobjectsare representedby a conservative approximation,usually the Minimum Bounding

Rectangle(MBR). An MBR of anobjectis thesmallestrectanglethatenclosestheobjectandhas

its sidesparallelto theaxes.
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Figure 1.1: An example of a 2 dimensional R-Tree .

The R-treeconsistsof directoryand leaf (data)nodes,eachone correspondingto one

disk page.Directorynodescontainentriesof the form ��a�'*&b�dcfeg&ih!j*��kl��jf� wherekl��j is a pointerto

a successornodein the next level of the treeand aO'*&b�dcfem&ihnj is the MBR of all the entriesin the

descendentnode.Leaf nodescontainentriesof theform ��aO'*&b��coem&ih!j*��'*eg�p� where '*eg� is anobject-

identifierandit is usedasapointerto therealobjectandaO'q&b�dcoem&ih!j is theMBR of thecorresponding

object. Eachpagecanhold up to
=

entriesandall thenodesexcepttheroot musthave at least r
records(usually r�J =Fs / ). Thusthe heightof the treeis at most t
'qu%v < where

<
is the total

numberof objects(SeeFigure1.1).

Searchingin theR-treeis similar to theB-tree.At eachdirectorynode,we testall entries

againstthequeryandthenwevisit all child nodesthatsatisfythequery. However, MBRs in anode

areallowed to overlapand this is a potentialproblemwith the R-tree,since,unlike B-trees,we

may have to follow multiple pathswhenansweringa query, althoughsomeof the pathsmay not

contributeto theansweratall. In theworstcasewemayhave to visit all leafnodes.

A numberof variationshave beenproposedin orderto reducetheoverlapamongMBRs

andthereforeincreasethe queryperformanceof the tree. Thesevariationsincludethe Hilbert R-

tree[KF94] andtheR*-tree[BKS+90]. Anothervariation(R+-tree[SRF87]) doesnotallow overlap-

pingamongtheMBRsof thesamelevel of thetree.
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1.2.2 The SnapshotIndex

Before we describethe SnapshotIndex, we presenta model of a temporalevolution.

Considerfor simplicity an initially empty set
�

. As time proceeds,objectscan be addedto or

deletedfrom thisset.Whenanobjectis addedto
�

anduntil (if ever) is deletedfrom
�

, it is called

“alive”. Thisis representedby associatingwith eachobjectasemi-closedinterval, or lifespan,of the

form: "xw#��coj%� ��emrBh3�0h!&(� ��emrBhq� � . While anobjectis alive it cannotbere-addedin
�

, i.e.
�

contains

noduplicates.Deletionscanbeappliedto alive objects.Whenanobjectis addedat � , its start time

is � but its end time is yet unknown. Thusits lifespaninterval is initiatedas " �	��&('*)+� , where &('*)
is a variablerepresentingthealwaysincreasingcurrenttime. If this objectis laterdeletedfrom

�
,

its end time is updatedfrom now to the object’s deletiontime. Sinceanobjectcanbeaddedand

deletedmany times,objectswith thesameoid mayexist but with non-intersectinglifespanintervals

(i.e.,suchobjectswerealive at differenttimes).Thestateof thesetat a giventime � , namely
� �
��� ,

is thecollectionof all aliveobjectsat time � .
TheSnapshotIndex [TK95] solvesthepure-snapshotproblemwherea time instant ��y is

specifiedandthestateof theset
� �
�dyO� hasto beretrieved. It usesthreebasicstructures:a balanced

tree(time-tree)that indexesdatapagesby time, a pointerstructure(access-forest)amongthedata

pagesandan ephemeralhashingscheme.The time-treeand the access-forestenablefast query

responsewhile thehashingschemeis usedfor fastupdates.

We first discussupdates.Objectsarestoredsequentiallyin datapagesin thesameorder

asthey areaddedon set
�

. Whena new objectwith oid � is addedat time � , a new recordof the

form �z�{�#" �	��&('*)R�+, is createdandis appendedin a datapage.At any given instantthereis only

onedatapagethat stores(accepts)records,the acceptor(data)page. Whenthe currentacceptor

pagebecomesfull, anew oneis created.Thetimewhenanacceptorpagewascreatedalongwith its

pageaddressarestoredin thetime-tree.As acceptorpagesarecreatedsequentiallythetime-treeis

easilymaintained(amortizedVF�d�#� I/O for indexing eachnew acceptorpage).For objectadditions,

thesequenceof all datapagesresemblesa regular log but with two maindifferences:(1) deletion

updatesarehandleddifferently, and(2) additionallinks (pointers)amongthedatapagesexist.|
Weusebrackets([]) to denoteclosedintervalsandparentheses(()) for openintervals.
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Objectdeletionsarenotaddedsequentially;ratherthey arein-placeupdates.Whenobject

� is deletedat time ��} , its recordis first locatedand then updatedfrom �~�{�#" ����&('*)R�K, to �
�{�#" ������}���, . Objectrecordsarefoundusingtheir oidsthroughthehashingscheme.Whenanobject

is addedin
�

, its oid andtheaddressof thepagethatstorestheobject’s recordareinsertedin the

hashingscheme.If this object is deletedthe hashingschemeis consulted,the object’s recordis

locatedandits interval is updated.Thenthisobject’s oid is removedfrom thehashingscheme.

Storingonly onerecordfor eachobjectsuggeststhat the recordsof the objectsin
� �
���

maybedispersedin variousdatapages.Accessingall pageswith alive objectsat t, would require

too muchI/O (O(a)pages).To achieve goodrecordclusteringa “controlled” copying techniqueis

usedthatkeepsthetotal spacelinearto thenumberof updates.Thecopying procedureis basedon

theconceptof pageusefulness.

Considerthenumberof “alive” recordsapagecontainsafterit becomesfull. For all times

that this pagecontains� = alive recordsit is calleduseful. For thesetimes � the pagecontainsa

goodpartof theanswerfor
� �
��� . Answeringa pure-snapshotqueryaboutsometime � needsonly

locatetheusefulpagesat thattime;eachsuchpagewill contributeat least� = objectsto theanswer.

Theusefulnessparameter� is aconstantthattunesthebehavior of theSnapshotIndex.

Acceptorpagesarespecial.While a pageis theacceptorpageit maycontainfewer than

� = alive records.By definitiona pageis alsocalledusefulfor aslong asit is theacceptorpage.

Sucha pagemaynot give enoughanswerto justify accessingit but it muststill beaccessed.Since

for eachtime instantthereexistsexactlyoneacceptorpage,thisdoesnotaffectqueryperformance.

Let " �i89w#��coj%� ��emrBh3���i89hn&(� ��egrBhq� denotea page’s usefulnessperiod; �i89w#�dcfj%� ��emrBh is the

timethepagestartedbeingtheacceptorpage.Whenthepagegetsfull it eithercontinuesto beuseful

(andfor aslongasthepagehasat least� = alive records)or it becomesnon-useful(if at thetime it

becamefull thepagehadlessthan � = alive records).Thenext stepis to clusterthealive recordsfor

each� amongtheusefulpagesat � . Whenapagebecomesnon-useful,anartificial copy occursthat

copiesthealiverecordsof thispageto thecurrentacceptorpage(asin atimesplit[LS89]). Thenon-

usefulpagebehavesasif all its objectsaremarkedasdeletedbut copiesof its alive recordscanstill

be foundfrom theacceptorpage.Copiesof thesamerecordcontainsubsequentnon-overlapping
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intervalsof theobject’s lifespan.Thecopying procedurereducestheoriginalproblemof findingthe

aliveobjectsat � into findingtheusefulpagesat � . Thesolutionof thereducedproblemis facilitated

throughtheaccess-forest.

Theaccess-forestis a pointerstructurethatcreatesa logical “forest of trees”amongthe

datapages.Eachnew acceptorpageis appendedat theendof a doubly-linked list andremainsin

thelist for aslongasit is useful.Whenadatapaged becomesnon-useful:(a) it is removedfrom the

list and(b) it becomesthenext child pageunderthepagec precedingit in thelist (i.e.,c wastheleft

sibling of d in thelist whend becamenon-useful).As time proceeds,this processwill createtrees

of non-usefuldatapagesrootedundertheusefuldatapagesof the list. Thedoubly-linked list and

thechild lists areimplementedby usingfour pointersperpage.Hence,eachpagehasonepointer

thatpointsto thenext page,onepointerto theprevious page,oneto thefirst pageof its child list

andoneto the lastpageof its child list. Thenext, previousandlastchild pointersareupdatedso

thatthey alwayspoint to thecurrentpagesin thecorrespondingpositions.

Theaccess-foresthasa numberof propertiesthatenablefastquerying.In [TK95] it was

shown thatstartingfrom theacceptorpageat t, all usefulpagesat � canbefoundin at mosttwice

asmany I/O’s (in practicemuchfewer I/O’s areneeded).Finding the acceptorpageat � requires

searchingthe balancedtime-tree(this correspondsto the logarithmicpart of the querytime). In

practicethis searchis very fastastheheightof thebalancedtreeis small (it storesonly oneentry

peracceptorpagewhich is clearly VF�
& s*= � ). Themainpartof thequerytime is finding theuseful

pages.Theperformanceof theSnapshotIndex canbefine tunedby changingparameter� . Large �
impliesthatacceptorpagesbecomenon-usefulfaster, thusmorecopiesarecreatedwhich increases

thespacebut alsoclusterstheanswerinto smallernumberof pages,i.e., lessqueryI/O.

1.3 Organizationof the Thesis

In this thesiswe extendprevious spatialandtemporalaccessmethodsandwe propose

new methodsto index spatiotemporaldatabases.In thenext chapterwe presentaccessmethodsto

index historicalspatiotemporaldata. In chapter3 we presentmethodsto index objectsthat move
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in oneandtwo dimensions.Thegoal is to answerefficiently queriesaboutthe futurepositionsof

theobjectsprovidedassumptionsabouttheirmovementbehavior. Finally, in chapter4 wedescribe

methodsto answerthetemporalmembershipquery.
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Chapter 2

Indexing Historical Spatiotemporal

Evolutions

2.1 Intr oduction

In this chapterwe presentindexing structuresfor historical(past)datagatheredfrom a

spatiotemporalevolution. A simple type of an evolution is whenobjectsretain their extent and

positionfrom thetime they areinsertedin thedatasetto thetime they aredeleted.Wecall this type

of evolutiondegenerateandchangesin thisevolutionrefersimplyto objectsadditionsanddeletions.

�� �� �� � �� � ��
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Figure 2.1: A conceptual view of a spatiotemporal evolution.
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Moreinteresting(andrealistic)is thegeneralcasewhereobjectsareallowedto moveand

grow/shrinkduring their lifetime (Figure2.1). However, in thegeneralcaseit is not obvioushow

positionandextentchangescanbequantifiedasobjectinsertions/deletions. Considerfor example

an object that movesfrom position H in time instant ��� to a new position � in the next time in-

stant ���Z��� . The simplestway to representsuchmovementis to deletethe objectfrom position H
at ���Z��� andreinsertit at position � at thesametime instant. This createstwo recordsfor this ob-

ject,onerecordstoringposition H andwhoselifetime endsat ���Z��� andonerecordwith position �
andlifetime startingat ���Z��� . Theobject’s lifetime hasbeen“artificially” truncatedinto two records

with consecutive andnon-overlappingintervals. This approachis not efficient if objectsalterposi-

tions/extentscontinuouslythroughtimeasit createsa largenumberof artificial insertionsandthus

it increasestheindex storagespace.

A betterway is to storethe functionsdescribinghow objectsmove or vary their extents

[EGS+98]. Even thoughgeneralfunctionscanbeused,for simplicity we assumethatobjectscan

move or grow/shrink througha simple(for examplelinear) functionof time. Thena new record

is insertedonly whentheparametersdescribinganobject’s movementor extent functionschange.

Thenew recordwill maintaintheobject’s lifetime underthenew movement/extent function. Then

in thegeneralcasethenumberof insertions
<

correspondsto: (i) regularobjectinsertions,and,(ii)

insertionsdueto functionparameterchanges.

We distinguishbetweentwo differentmodesof operation.In theOn-Linemode,whena

new objectis insertedat timeinstant��� , its deletiontime is notyet known, soits lifetime is initiated

as " ������&('*)+� wherenow is a variablerepresentingthe (ever increasing)currenttime. If this object

getsdeletedat a later instant ��� , its lifetime interval is updatedto " ���������*� . Instead,in theOff-Line

mode,we know in advancefor eachobjectits insertionanddeletiontimesaswell asits positions

andextentsin between.Obviously, in theOff-Line mode,theconstructedindex is expectedto be

moreefficientsincewehavemoreinformationaboutthedata.In thischapterweconcentrateon the

Off-Line mode,sincethis is thecasein mostspatiotemporalapplications.Notehowever, thatthere

aresomeapplicationswherethefutureof theevolution is unknown andtheOn-Linemodeis more

appropriate,for examplestoringtheevolutionof acollectionof carsmoving in theplane.
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Onestraightforwardwayto index moving/changingobjects,is to considertimeasanother

index dimension.Theneachobjectcanbestoredasa3-dimensionalrectanglein atraditionalspatial

index (e.g.anR-Tree[Gut84] or its variations[KF94, SRF87, BKS+90])wherethe“height” of the

rectanglecorrespondsto theobject’s lifetime interval. The“base”of therectanglecorrespondsto

the largest2-dimensionalminimumboundingrectangle(MBR) that theobjectobtainedduring its

lifetime. Sincethisapproachusesan“off-the-self” spatialindex, it is straightforwardto implement.

However, it doesnot take advantageof thespecificpropertiesof the time dimension.Objectsre-

mainingunchangedfor many time instantswill have long lifetimesandthus,they will bestoredas

long rectangles.A long-livedrectangledeterminesthelengthof thetime rangeassociatedwith the

pagein which it resides.Thismakestheclusteringof objectsinto pagesverychallengingandleads

to decreasedqueryperformance.

In anattemptto overcometheaboveproblemswith storingintervals,KolovsonandStone-

braker proposedthe SegmentR-Tree(SR-Tree) [KS91] which is a variationof the R-Tree. The

SR-Treecombinespropertiesof theR-TreeandtheSegmentTree,a binarytreedatastructurethat

storesline segments[Sam90]. In the SR-Tree, intervals canbe storedin both leaf andnon-leaf

nodes.An interval � is placedto thehighestlevel node� of thetreesuchthat � spansat leastone

of theintervalsrepresentedby � ’schild nodes.If � doesnotspan� , then � spansat leastoneof its

childrenbut is not fully containedin � , then � is fragmented.Usingthis idea,long intervalswill be

placedin higherlevelsof thetree,thustheSR-Treetendsto decreasetheoverlappingin leaf nodes

(in theregularR-Tree,a long interval storedin a leafnodewill ”elongate”theareaof thisnodethus

exacerbatingthe overlapproblem). Interval fragmentationimplies storingfragmentsof the same

interval in many places.At worst,thespaceof theSR-Treeis no longerlinear(a logarithmicfactor

is added).

In contrast,we proposeto usea differentapproachin indexing spatiotemporalobjects

whichcombinesaspatialindex (R-Tree)with thepartiallypersistentmethodology. A datastructure

is calledpersistent[DSS+86]if anupdateappliedto it createsa new versionof thedatastructure

while thepreviousversionis still retainedandcanbeaccessed.A datastructurethatdoesnot keep

its pastis calledephemeral. Partial persistenceimplies thatall versionscanbeaccessedbut only

thenewestversioncanbemodified.
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Partialpersistencefits nicelywith thedegeneratecaseof theproblemweaddress.This is

becausein thedegeneratecaseanupdatesimplycorrespondsto anobjectaddition/deletion.Thus,

thepartially-persistentR-Treecanbeeasilyextendedto index thedegeneratecaseof spatiotemporal

objects.

However, thegeneralcasewhereobjectschangecontinuouslyis far morechallengingto

address.Oneapproachis to representan object’s movementor extent changeby the largest2-

dimensionalMBR that theobjectobtainedat any time instantduring its evolution (maxMBR). For

example,in Figure2.1thelargestMBR in theevolutionof object '%
 occursat time instant�	� . Then

theevolutionof '%
 canberepresentedby theinsertionof thisMBR attimeinstant�	� andthedeletion

of thesameMBR at ��� . While this representationcreatesonly onerecord,it createsa largeempty

spacefor the partially persistentmethodology. Even thoughobject '%
 reducesits extent as time

advances,it is still representedby thelargerMBR. Emptyspacein R-Treesis known to deteriorate

querytime.

To reduceemptyspaceweproposeto introducealimited numberof artificial updates.An

artificial updatedeletesanexisting objectandreinsertsit, thusaddinganextra record. In orderto

maintainthe index storagespacelinear to thenumberof realevolution insertions
<

, we limit the

numberof artificial updatesto be a fraction of
<

. To apply the partially persistentmethodology

onemustfirst decide:(i) whichobjectsshouldbeartificially updatedand,(ii) onwhattime instants

the artificial updatesare created. We formulatethesequestionsas an optimizationproblemfor

which we provide a greedyalgorithmthatoptimally finds theartificial updatesfor thecasewhere

objectsmovewith linearfunctions.Thealgorithmis basedonaspecialr�'*&('q�d'*&bega�em��� propertythat

holdsfor linear changes.This propertyholdsalsowhenobjectschangeoneof their (two) extent

dimensionslinearly. If bothextentdimensionschange,thealgorithmdoesnot provide theoptimal

solution,however it servesasagoodheuristicthatperformsverywell in practice.

Section2.2 provides backgroundon the partially persistentR-Treeand the degenerate

case.Section2.3 discussesthe generalcaseof animatedobjectsaswell asthe greedyalgorithm.

Section2.4containsexperimentalresults.Section2.5presentsrelatedwork while 2.6concludesthe

chapter.
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2.2 Background

Therearetwo obviousbut inefficientwaysto addresstopologicalqueriesin spatiotempo-

ral evolutions. Thefirst is to storein thedatabasesnapshotsof theevolution at eachtime instant.

This ”snapshot”approachprovidesfastaccessto the time of interest,but extra work is neededto

locatethe objectsin the queryarea
�

. The main disadvantagehowever is the high storagespace

redundancy. Many objectsthatdo not changewill bestoredseveral times.At worst,thespacecan

becomequadraticto thenumberof updatesin theevolution, i.e., VW�!N��PK� .
The secondstraightforward approachis to storethe changesbetweentime instantsin a

”log”. This approachusesminimal spaceVF� N P � , but the querytime is ratherlarge asthe time of

interesthasto bereconstructedstartingfrom thebeginningof thelog (at worstthewholelog must

bereadresultingto VW� N P � querytime). An intermediateapproachis to storeanumberof snapshots

and the sequencesof changesbetweensuccessive snapshots(similar idea as in MPEG[PG97]).

However, this approachhasthe following disadvantages:(i) it is not obvious how often to keep

snapshots(frequentsnapshotsincreasestoragespace,fewer snapshotsincreasequery time), (ii)

locatingthe objectsin the queryarea
�

still requiresextra effort that affects the queryresponse

time.

We proceedfirst with a discussionof thedegeneratecase.We thenshow how a Partially

PersistentR-Treecanbeextendedto efficiently index thiscase.

2.2.1 DegenerateCase

In thedegeneratecase,anobjectis insertedatsomepointinstantandremainsasis until the

timeit isdeleted.A solutionfor thiskindof spatiotemporalevolutionhasbeenproposedin [VTS98],

thatutilizesa3-dimensionalR-Tree.Thetimedimensionis consideredasanotherdimensionalong

with thespatialones,andanobjectis representedby its 3-dimensionalMBR. Figure2.2shows the

MBRs of four objectsin a degenerateevolution. As mentionedbefore,with this approachobjects

that remainunchangedover long time will be storedasrecordswith long lifetimes. The R-Tree

will attemptto storetheserecordsaslong rectangles(like object '*� in Figure2.2). causinga lot
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Figure 2.2: A degenerate spatiotemporal evolution of four objects.

of overlappingbetweenthenodesof theR-Tree.However, largeoverlappingdecreasestheR-Tree

queryperformance.

The SR-Treehasbeenproposedasa remedyfor storing intervals. Overlappingis de-

creasedby placinglong intervals in highernodesof thestructure.However largenumbersof span-

ning recordsor fragmentsof spanningrecordsarestoredhigh up in thetreeandthis decreasesthe

fan-outof the index asthereis lessroomfor pointersto children. In [KS91] is suggestedto vary

thesizeof thenodesin thetree,makinghigher-up nodeslarger. ”Varyingthesize”of anodemeans

thatseveralpagesareusedfor onenode.Thisaddssomepageaccessesto thesearchcost.

As with the R-tree,if an interval is insertedat a leaf (becauseit did not spananything)

theboundariesof theMBR coveredby the leaf nodein which it is placedmaybeexpanded.Ex-

pansionsmaybeneededon theMBRs of all nodeson thepathto the leaf which containsthenew

record. This may changethe spanningrelationshipssincerecordsmay no longerspanchildren

which have beenexpanded.Suchrecordsarereinsertedin thetree,possiblybeingdemotedto oc-

cupantsof nodesthey previously spanned.Splitting nodesmay alsocausechangesin spanning

relationshipsasthey make childrensmaller-formeroccupantsof a nodemaybepromotedto span-

ning recordsin the parent. Becauseof fragmentation,the worst casespacerequirementsfor an

SR-Treeis VF��� <Ws*= ��t�'qu P � <Ws*= ��� [ST99]. To improve performance,KolovsonandStonebraker

have alsoproposedthe useof a SkeletonSR-Tree,which is an SR-Treewhich pre-partitionsthe

entiredomaininto somenumberof regions[KS91]. This pre-partitionis basedon someinitial as-
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sumptionon thedistribution of dataandthenumberof intervals to be inserted.ThentheSkeleton

SR-Treeis populatedwith data.

A betterapproachis to usepartialpersistence.Consideringthedegenerateevolution of

Figure2.2,assumethat theobjectsat time �0� areindexedby a 2-dimensionalR-Tree. As thetime

advances,this2D R-Treeevolves,by applyingon it theupdates(objectadditions/deletions) asthey

occurat the appropriatetime instants.Storingthis 2D R-Treeevolution correspondsto makinga

2D R-Treepartiallypersistent.

By “viewing” adegenerateevolutionasapartialpersistenceproblem,weobtainadouble

advantage.First, we disassociatethe indexing requirementswithin a time instantfrom the evolu-

tion. More specifically, indexing theobjectsat a time instantis providedfrom thepropertiesof the

ephemeral2D R-Treewhile thetimeevolutionsupportis achievedby makingthis treepartiallyper-

sistent.Second,partialpersistenceavoidsthelong3-dimensionalrectanglesandthustheextensive

overlappingdueto long lifetimes.Moreover, thepartiallypersistentR-Treeusesstoragespacethat

is linearin thenumberof updatesin thedegeneratespatiotemporalevolution.

2.2.2 Partially-P ersistentR-Tree

To illustrate the partial persistencemethodologywe presenthow a 2D R-Treeis made

partiallypersistent.Notethatthemethodologyappliesto otherspatialindices;weusea2D R-Tree

for simplicity.

Kumaretal. presentsapartiallypersistentR-Tree(calledtheBitemporalR-Tree)[KTF98]

following anapproachsimilar to [BGO+96] (which shows how to make a B-treepartially persis-

tent). In temporalapplicationsit is assumedthat updatesarrive in order. Hencewe assumethat

all updatesin the evolution areprovided in a sequenceorderedby time (the “updatesequence”).

For simplicity of exposition,assumeat mostoneupdatepertime instant(in practicemany updates

happenpertime instant).

Thepartially-persistent R-Tree(PPR-Tree)recordstheevolutionof anephemeralR-Tree

on which the above updatesequenceis applied. However, it doesnot storesnapshotsof all the
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versionsof the ephemeralR-Tree. Insteadit recordsthe evolution updatesefficiently so that the

storagespaceremainslinear, while still providing fast query time. The PPR-Tree is actually a

directedacyclic graphof nodes(eachnodeis againcorrespondingto a disk page). Moreover, it

hasa numberof root nodes,whereeachroot is responsiblefor recordinga subsequentpartof the

ephemeralR-Tree’s evolution. Datarecordsin thePPR-Treeleaf nodesmaintaintheevolution of

the ephemeralR-Treedataobjects.Eachdatarecordis thusextendedto includethe two lifetime

fields: insertion-timeanddeletion-time. Similarly, index recordsin thedirectorynodesof thePPR-

Treemaintainthe evolution of the correspondingindex recordsof the ephemeralR-Treeandare

alsoaugmentedwith insertion-timeanddeletion-timefields.

An index or datarecordis calledalive for all time instantsduringits lifetime interval. A

leaf or a directorynodeis calledalive if it hasnot beensplit. With theexceptionof root nodes,for

thetimeinterval thatanodeis alive it musthaveat least� aliverecords( �T� = ). Thisrequirement

enablesclusteringtheobjectsthatarealiveatagiventimein asmallnumberof nodes(pages),which

in turn will minimize the queryI/O. The PPR-Treeis createdincrementallyfollowing the update

sequence.Consideranupdate(insertionor deletion)at time � � . To processthisupdatethePPR-Tree

is searchedto locatethetarget leaf nodewheretheupdatemustbeapplied.This stepis carriedout

by takinginto accountthelifetime intervalsof theindex andthedatarecordsvisited. This implies

that thesearchfollows recordsthatarealive at � � . After locatingthe target leaf node,an insertion

updateaddsadatarecordwith aninterval " � � ��&('*)+� to thetargetleafnode.Instead,adeletionupdate

will updatethedeletion-timeof adatarecordfrom now to � � .
An updateleadsto astructural changeif at leastonenew nodeis created.Non-structural

arethoseupdateswhich arehandledwithin anexisting node.An insertionupdatetriggersa struc-

tural changeif the target leaf nodealreadyhas
=

records.A deletionupdatetriggersa structural

changeif theresultingnodeendsup having fewer than � alive recordsasa resultof thedeletion.

Theformerstructuralchangeis a nodeoverflow; thelatteris a weakversionunderflow[BGO+96].

Nodeoverflow andweakversionunderflow needspecialhandling:a split is performedon thetar-

get leaf node.This is reminiscentof the time-splitproposal[LS89] andthepagecopying concept

proposedin [TK95]. The split on a node � at � , is performedby copying to a new node � the

recordsalive in node � at � . Node � is considereddeadafter time instant � . (We canassumethat
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thedeletion-timefield of all � ’salive recordsis changedto � eventhoughthis is notneededin prac-

tice). Thenthe resultingnew nodehasto be incorporatedin the structure(for detailswe refer to

[KTF98, VV97, BGO+96]).

Answeringa rangequeryaboutregion
�

andtime � hastwo parts.First, theroot alive at

� is found. This part is conceptuallyequivalent to accessingthe root of ephemeralR-Treewhich

indexesthe dataobjectsalive at � . Second,the objectsintersecting
�

arefoundby searchingthis

treein a top-down fashionasin a regular R-Tree. The lifetime interval of every recordtraversed

shouldcontainthetime instant� , while therecord’s MBR shouldintersecttheregion
�

. Answering

aquerythatspecifiesatimeinterval " ����� } � is similar. Firstall rootswith lifetime interval intersecting

the time rangearefoundandsoon. SincethePPR-Treeis a graph,somenodesareaccessibleby

multiple roots.Re-accessingnodescanbeavoidedby keepinga list of accessednodes.

To answernearestneighborquerieswe usethealgorithmproposedin [RKV95] andlater

refinedin [CF98]. Thequeryconsistsof a point or objectanda time interval. Theanswercontains

the � nearestobjectsthat areclosestto the queryobjectduring the specifiedtime interval. The

algorithmproposedin [RKV95] canbe useddirectly; the only differenceis on the way distances

arecomputed.All objectsthatarenot alive duringthequerytime interval have infinite distanceto

thequeryobject. On theotherhandfor theobjectsthathave lifetimes intersectingthequerytime

interval, thedistanceis computedusingtheir extentdimensions.Thealgorithmvisits first theroot

of thetreeandthentraversesthetreein a top-down fashion.At eachnode,a list of thesubtreesis

kept,orderedby theminimumdistanceof eachsubtreeto thequeryobject. Thesubtreesarethen

visitedin sortedorder. A subtreeis prunedfrom thesearchif theminimumdistanceof thissubtree

is larger thanthedistanceof the � -th nearestobjectfoundsofar. Thesamealgorithmis usedwith

thePPR-Tree,aftertherootof thecorrespondingephemeralR-treeis found.

2.3 GeneralCase

Theproblemin thegeneralcaseis how to representobjectsthatcontinuouslychangeposi-

tionsand/orextentover time. Objectsarestill representedby MBRsbut anefficientsolutionshould
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minimize the emptyspaceintroducedby the MBR representation.To achieve that we introduce

artificial deletionsandre-insertionsof objects. Herewe assumethat objectsmove with a linear

functionover time andlaterwe discussthecasewhereobjectsmove andchangeextent in a more

complex way. Weproceedwith somedefinitions.

Definition 1 Considera 2-dimensionalspatialobject ' that movesand/orchangesits extentdur-

ing its lifetime interval � . This evolution createsa w�k�co��eg'*��h!r�k�'*j2cpt object V�� which is the 3-

dimensionalvolumeoccupiedby ' during its lifetime � .

In therest,we usecapitallettersto representspatiotemporalobjects;we sometimesdrop

thelifetime exponentto simplify thenotation.

Definition 2 Let � bea setof spatiotemporal objects.WedefinethefunctionEmpty: �.��@ that

takesas input a spatiotemporal objectandreturnstheemptyspacethat is introducedby approxi-

matingthespatiotemporal objectbya 3-dimensionalMBR.

Figure2.3shows themovementof object 'o� from time �0� to ��
 . Thecorrespondingspa-

tiotemporalobjectis theshadedvolume;theemptyspaceis thevolumethatis containedinsidethe

3-dimensionalMBR andis notshaded.

MBR

o1

o1

t2t1

Figure 2.3: A spatiotemporal object.

Next we definethe(artificial) split operation.Considerthespatiotemporalobjectcreated

by the evolution of object ' from ��� to ��� . A split operationat the time �d� , where �������d�S����� ,
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artificially deletesobject ' at � � andreinsertsit at the sametime instantwith the sameextent at

the sameposition. As a result,the original spatiotemporalobject V�  ¡Z¢�£ ¡9¤	¥ is replacedby two new

spatiotemporalobjects,namely V�  ¡Z¢�£ ¡Z¦�¥ and V§  ¡Z¦�£ ¡9¤�¥ . By addingtwo new spatiotemporalobjects

insteadof theoriginalone,theoverallMBR emptyspaceis expectedto decreasesincetheoriginal

evolution is representedusingmoredetails.

Figure2.4showstheresultof asplit operationperformedontheobjectevolutionof Figure

2.3.Theview from the �©¨Cco�le�w is depicted(i.e., thespatialobjectis simplyaninterval thatmoved

alongthe �ª¨�co�le�w from time �	� to ��
 ). Thegainin emptyspaceis equalto «��3\¬«­
 . For thepartially

persistenceapproach,theabovesplit is seenashaving onobjectwith interval ��� with lifetime " �	�n�����	�
andobject ��
 with lifetime " ���!���d
n� . Without theartificial split, we hadanobject � ¡Z®�¡ with lifetime

" �	�n����
n� . Usingthesplit operationwecandecreasetheemptyspace,andconsequentlythepossibility

of overlappingamongthenodesin theephemeralR-Tree.Thusthequeryperformanceof theindex

is improvedwith theexpenseof courseof usingmorespace,sinceevery time we performa split,

we increasethenumberof theindexedobjectsby one.

¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯ ¯
° ° ° ° ° ° ° ° ° °° ° ° ° ° ° ° ° ° °° ° ° ° ° ° ° ° ° °° ° ° ° ° ° ° ° ° °° ° ° ° ° ° ° ° ° °° ° ° ° ° ° ° ° ° °° ° ° ° ° ° ° ° ° °
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E

E

Tt t t1 2s

y

y

1

2

ytot

Y
1

2

Figure 2.4: A split operation of a 1-dimensional object (interval) that moved continuously

from � � to � 
 .
Themoregeneralsplit operationallows aspatiotemporalobjectto besplit many times.

Definition 3 Consideragaina spatiotemporal object V�  ¡Z¢�£ ¡9¤�¥ . ThentheSplit-k( V ) operationparti-

tions V§  ¡Z¢�£ ¡9¤0¥ into ��\³� spatiotemporal objectsusing w�k�´ splittingpoints,where ���¶µ.w�k�´·µ¸���%��t¹J
�%�!8_8_8_�0� .



29

Thesplittingpointscanbeany timeinstantsbetweenthestarttimeandtheendtimeof the

lifespanof aspatiotemporalobject.In thecasethatobjectsmovewith alinearmotionover time,the

bestchoicefor � splitting pointsover a givenspatiotemporalobject(soasto minimize theempty

space)is to take equidistantsplitsduringthelifetime of thespatiotemporalobject.Notethatthis is

trueonly for objectsthatmove linearly (while retainingthesameextent). It is alsotruefor objects

thatchangeoneof theirextentdimensionslinearly. However, it is not theoptimalchoicefor objects

thatchangeboththeir extentdimensions.Therearewaysto computethebestsplitting pointseven

in this scenarioandwediscussthiscasein thenext section.

Considernow theproblemof choosingthebestsplitsthatdecreasetheemptyspaceover

a setof (linearly moving) spatiotemporalobjects. Clearly, as the numberof splits increasesthe

moreaccuraterepresentationof the spatiotemporalobjectsis achieved andthusthe emptyspace

is reduced.On theoneextremeis thecasewhensplitting occursfor every spatiotemporalobject.

However, this createshigh spaceoverhead.A morerealisticassumptionis to put anupperlimit on

thenumberof splits. Thenthechallengeis to find which spatiotemporalobjectsto split andwhere

to split them. More formally we considerthefollowing problem,alsotermedtheMinimization of

EmptySpace(MES)problem:

Problem Statement. Given a setof spatiotemporalobjects � andan upperlimit on the

numberof splits � , find theoptimalway to applythesesplitssoasto minimizetheempty

space.

Thegainfunctionbelow measuresthegainin emptyspaceafter � splits.

Definition 4 Let � bea setof spatiotemporal objects.Functiongain: �»º�¼½��¾ , takesasinput

a spatiotemporal object V andan integer � andreturnsthefollowingreal value:

upcfem&ª�mV§�0�^�ªJ¸«¿r�kl���b�mV¿�À¨ Á��Â^�
ÂlÃO��� «¿r�kl�����mV � �
where V4� are theobjectsthatgeneratedafterapplyingtheoperation split-k(V ).

For example,in the1-dimensionalcasethatis shown in Figure2.4,wehave uocoem&ª�mV��n�#��J
«+�¶\Ä«4
 . Next, we show thata specialr�'*&('*��'*&bega�em��� propertyholdswhenobjectsmove linearly
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over time. Thispropertyis usedto prove thecorrectnessof oursplittingalgorithm.

Lemma 1 Let V bea spatiotemporal objectcreatedby a linear movement.Thenfor any e��gÅ , with

eª�KÅ :
uocoem&ª�mV§��e��À¨Æupcfem&ª�mV§��ei¨Ç�#�ÉÈ-uocoem&ª�mV��gÅp�¹¨Æupcfem&ª�mV§�gÅ�¨Ç�#�

Proof: The positionchangeis describedby an equationof the form: G¹� ;���§JTÊ ;�ª\7Ë . We

initially provide formulasfor thegainfunctionandthenshow thatthemonotonicitypropertyholds.

Considerfirst thecasewhereobjectsmove or changetheir extentlinearlyon a1-dimensionalenvi-

ronment.An exampleis aninterval thatmoveslinearlyover timeover a line. Thegainobtainedby

splitting � timessuchaspatiotemporalobject V is givenby theequation:

uocoem&ª�mV��0�^��J ���\7� «�r�k����b�mV¿�
where«¿r�kl���b�mV¿� is theemptyspaceintroducedby approximatingtheoriginal spatiotemporalob-

jectwith anMBR.

Figure2.5 depictsan 1-dimensionalobject V that is split oneandtwo times. With one

split, the bestsplit position is at the middle of the horizontalside of the original spatiotempo-

ral object. The gain in emptyspaceis upcfem&ª�mV§�n�#�6J �
 «+�4\ �
 «4
KJ �
 «�r�k����b�mV¿� . With two

splits,thebestsplit positionsarein thefirst third andthesecondthird of thehorizontalside. Now

uocoem&ª�mV��0/3��J 
� «�r�k����b�mV¿� . (Notethattheaboveequationholdsalsofor 1-dimensionalobjectsthat

linearlychangeextent,or moveandchangeextent.)

The gain formula for a 2-dimensionalspacedependson whetherthe objecthasextent.

For thecaseof apointmoving linearly, thegainobtainedafter � splitsis:

uocoem&ª�mV��0�^��J ���¿\7�#� 
 ¨Ä����¿\7�#� 
 «�r�kl���b�mV¿�
For example,assumethat themoving point hasinitial position �
�(�n�����!���0��� andfinal po-

sition �
��
%���3
%���d
n� , where �(�SÌJÍ��
*�����SÌJÎ�3
 and �	�SÌJÍ��
 . ThentheMBR hasvolume Ï�JÍcpÐ�a§J
�
��
(¨W�(���O�
�3
(¨W���	�O�
��
i¨W�	�	� whichis equalto theemptyspace,sincethemoving pointdoesnothave
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Figure 2.5: A 1-dimensional moving object with one and two splits.

extent. After � splits,we get �§\z� spatiotemporalobjects,thatapproximatedwith ��\z� MBRs.

Sincewe split in equidistantpoints,eachrectangle(MBR) hassides ÑÃO��� �³ÒÃ!��� and ÓÃ!��� . Thetotal

volumefor theserectanglesis:

Ï ��Ô ´ � ¡ � JÕ����\?�#� c�¿\7� Ð��\7� a��\7�
andfinally thegainin emptyspacefrom the � splitsis:

uocoem&ª�mV��0�^��J³Ï.¨ÖÏ �×Ô ´ � ¡ � J ���¿\7�#� 
 ¨Ä����¿\7�#� 
 cpÐ�a
andthis is equalto thepreviousequation.

An objectwith extent is representedby its 2-dimensionalMBR. Henceconsidera rect-

angleobjectthatmovedfrom someinitial positionto a final one. Thepositionof this rectangleis

definedby thepositionof its center. If the initial andfinal positionshave onecommoncoordinate

(x or y), the gain is describedby a similar formula asin the 1-dimensionalspace.Note however

that theemptyspacein the1-dimensionalcaserefersto anareawhile in two dimensionsrefersto

volume.

If the initial andfinal positionshave differentx andy coordinates,(seeFigure2.6), the

gain formula involvesalsothespatialextentof theobject. Usingthesameargumentsasfor point

objectsit canbeshown that:
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Figure 2.6: Three cases for 2-dimensional moving objects, (a) point, (b) moving rectangle

with the same starting and ending x-coordinates and (c) moving rectangle with different

starting and ending x and y coordinates.

uocfeg&ª�mV��0�^�ªJ ����\7�#� 
 ¨Ç����¿\?�#� 
 c�Ð�aÉ¨ �����\7�#� 
 ��c�Ð0�¿\]cpa����·¨ � 
����\7�#� 
 cf���
where c is the lifespanof theobject, � and � the lengthsof thetwo sidesof theobject’s

MBR and Ð and a thedisplacementof theobjectin Ø and � axesrespectively.

Usingtheabovegainfunctionsit is easyto provethat G¹���^�¹JÄupcfem&ª�mV§�0�^�O¨­uocoem&ª�mV��0�(¨©�#�
for eachV and �ÙÈ»� is amonotonicallydecreasingfunctionof � , i.e.,

��G¹���^��o� µÇ �8

It shouldbenotedthattheabovepropertydoesnotholdfor spatiotemporalobjectscreated

by non-linearmovementfunctions. For example,Figure2.7, shows the caseof a 1-dimensional

moving object,wherethe differencein gainbetweenthefirst split andno split is smallerthat the

differencebetweenthe secondandthe first split. Note that in that casewe don’t useequidistant

splits,sincethemotionis not linear. Similarexamplesexist for 2-dimensionalobjects.

The monotonicitypropertysimply statesthat the morewe split a spatiotemporalobject

the lessrelative gainwe get,in termsof emptyspace.Sothefirst few splitswill give high gain in
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Figure 2.7: The spatiotemporal object created by a 1-dimensional moving point and the

gain after one and two splits.

emptyspace,but aftersomepoint thegainin emptyspacewill besmall.

As presentedtheMES problemminimizestheemptyspacein the 3-dimensionalspace.

However by minimizing this emptyspace,we alsominimize the total emptyspacefor the PPR-

Tree. Emptyspacein thePPR-Treeis introduceddueto approximatinga moving objectwith the

2-dimensionalrectanglethatenclosestheobjectfor all time instantsduringits lifetime (maxMBR).

Introducingthe artificial splits enablesthe PPR-Treeto betterapproximatean object’s evolution.

Henceits queryperformancewill improve.

Ontheotherhand,the3D R-Treeis notexpectedto besignificantlyaffectedby thesplits.

To justify this, we usethe resultspresentedin [TS96]. In this paperthe authorsgive an analyti-

cal modelto approximatethe numberof pagesaccessedin an R-Tree,given a rangequery. This

numberis proportionalto thenumberof indexedobjectsandalsoproportionalto thedensityof the

dataset.In particular, they give thefollowing equationfor thenumberof datapagesaccessedfor a

3-dimensionaldatasetof r hyper-rectangles.

�¬H����3�¹J r G ��� � � Gr � ��Úd� \]�!Ûf�O��� � � Gr � ��Úd� \]�nÜ*�O��� � � Gr � ��Úd� \]�nÝn�
and

�Ù��JÕ�d�Þ\ � ��Úd� ¨Ä�G ��Úd� � �
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whereG is thecapacityof eachnodein thetree,and ��JÕ��� Û ��� Ü ��� Ý � is arangequery. Also

� is the densityof the dataobjectsandis definedasthe averagenumberof objectsthat contain

a given point in the dataspace. Theseequationsshow that split operationswill not necessarily

decreasethequeryoverhead,sincea split operationdecreasesthedensityof thedataset( � ), but at

thesametime increasesthenumberof indexedobjects( r ).

2.3.1 A GreedyAlgorithm

In thissubsectionwe introduceagreedyalgorithmfor theMESproblemwhichoptimally

finds thespatiotemporalobjectsto split for linearly moving objects.We alsodiscusspossibleim-

plementationmethodsof thealgorithm.

Figure2.8 describesthe algorithm. We usethe notation ßR� to denotea vectorof size<
(thenumberof spatiotemporalobjectscreatedby the linearmovements).Eachpositionin this

vector correspondsto an object and storesthe numberof splits for the associatedobject in the

optimalsolution.Weinitiatethisvectorwith the
<

dimensionalzerovector ; ©JÕ�� ��!8_8_8_�� f� . Thenwe

find theoptimalsolutionsfor one,two, ..., up to I splits.Thebasicideais thattheoptimalsolution

for e splits, canbe derived from the solutionfor e¹¨³� splits, if we chooseto split oneobjectone

moretime. Thevector h � haszerovaluesto all positionexcepttheposition Å whosevalueis one

(1). Thuswechoosefrom all possibleobjects,theonethatgivesthehighergainin emptyspace.

A naive implementationof this idea will give an algorithm with complexity VW��I < �
operationsin main memory. Note however, that to find the objectthat givesthe optimal solution

with onemoresplit, oneneedsto checkonly theobjectsthatgive the maximumgain. Hencethe

objectscanbestoredin apriority queue,sortedby thegainobtainedif eachobjectis split oncemore.

Thenateachsteptheobjectthatgivesthehighestgainis chosen.Supposethatatsomepointobject

'!� is chosento besplit andassumethisobjecthasalreadyt splits.Thenthealgorithmcomputesthe

differencebetweenthegainobtainedby splitting theobjectusing tl\7� splits( uocoem&ª��'!�f��tl\7�#� ) and

its currentgain.Thatis, theobjectis insertedin thequeuewith value uocoem&ª��'!�2��tp\à�#�(¨�uocoem&ª��'!�f��t�� .
Next westateandprove thefollowing theorem:
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Givena set � of
<

(linear)spatiotemporalobjectsanda valuefor the input parameterI
(anupperlimit to thenumberof splits),

1. Set ß�á4J ; . Computefor eachobjectthegainobtainedwith onesplit andinsertit to

apriority queue.

2. Repeatfor e¹Jâ� to I
(a) Getthetopelementof thequeue,deletethisobjectandlet thisbetheobjectÅ .
(b) Set ß+�bJ³ß+�
ãb�·\-h0�
(c) Computethedifferencein gainobtainedif object Å is split onemoretime and

inserttheobjectinto thequeueusingthisvalue.

Figure 2.8: The Optimal GREEDY algorithm

Theorem 1 There is an algorithmthat solvesthe MESproblemfor linearly moving objectsopti-

mally. Thisalgorithmcanbeimplementedin mainmemorywith complexity VF� < \àIät�'qu < � and

in externalmemorywith VW�!N PRt�'qu(å æçN P�� I/O’s,whereM is thesizeof themainmemoryin records.

Proof:

First we prove thatindeedtheGREEDY algorithmfindstheoptimalsolution.Let ß Ã be

thevectorthatstorestheoptimalsolutionfor theMES problemof
<

objectswith � splits.Thatis,

thesolutionthatminimizestheemptyspaceby using � splits.Wethenderive thesolutionfor �A\Ç�
splits.

Clearly, fro �CJ�� thebestsolutionis to split theobjectthatgivesthehighestreduction

in emptyspace.Let ß Ã JÕèq���n�0�f
%�!8_8_8_�0� N�é , where �2�d��eªJê�%�!8_8_� < arethenumberof splitsfor each

object. Thusthefirst objecthasto be split ��� times,thesecondone �3
 andsoon. Also we have

that ë N�Zì�� �2��JM� and �³,í� . We claim that the optimal solutionfor �W\ê� splits hasthe form

ß Ã!��� J»èq���n�!8_8_8_�0�2��\7�%�!8_8_8_�0� N�é for someeªîÆèf�%�!8_8_8_� < é .
Let assumethatthis is not trueandthattheoptimalsolutionfor �+\Ä� splitshastheform:
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ß Ã!����ï J»èq� � �!8_8_8_�0� � \-/p�!8_8_8_�0� � ¨Ä�%8_8_8_�0� N é for somee and Å .
Since ß Ã is theoptimalsolutionfor � splits,wehave that:

uocoem&ª��'*�d�0�2�l\7�#�(\Kuocfeg&ª��'O�f�0�#��¨Ç�#�Þµ-upcfem&ª��'*�d�0�2�g�(\Kuocfeg&ª��'O�3�0�#�*�
ð uocoem&ª��'*���0�3��\¸�#�·¨Æuocoem&ª��'*���0�2�m�Þµ-upcfem&ª��'!�f�0�#�*��¨Æuocoem&ª��'!�3�0�q�ñ¨Ç�#�

Also by Lemma1 it holdsthat:

uocoem&ª��'*�d�0�2�l\-/3�·¨Æupcfem&ª��'*�d�0�2�l\7�#�Éµ-uocoem&ª��'*���0�3�l\7�#�·¨Æuocoem&ª��'*�d�0�2�g�
Therefore,

uocfeg&ª��'q�d�0�3�^\à/3�·¨Æuocoem&ª��'*�d�0�2�l\7�#�Þµ-upcfem&ª��'!�f�0�#�*�·¨äuocoem&ª��'!�3�0�q�ñ¨Ç�#�
ð uocoem&ª��'*�d�0�2�l\-/3�(\Kuocfeg&ª��'O�f�0�#��¨Ç�#�Þµ-upcfem&ª��'*�d�0�2�l\7�#�i\Öuocoem&ª��'!�3�0�q�q�

Thelast inequalityimplies that ß Ã!��� is anoptimalsolutionsincewe cansplit object 'q�
��\.� timesandobject '!�4�q� timesandhave a bettersolution(or at leastthesame)with a solution

of theform ß Ã!����ï .
Thus,theoptimalsolutionfor �©\³� splitscanbederivedby theoptimalsolutionwith �

splitsandthealgorithmin Figure2.8doesexactly this.

To implementthe greedyalgorithmefficiently we needto implementa priority queue.

For this queuewe usea heap. The creationtime of this heapis VF� < � for
<

objects[CLR90].

Theneachinsertionor deletiontakes VW��t
'qu < � operationsandtherunningtime of thealgorithmis

VF� < \SIät�'qu < � . Undertheassumptionthat IòJ7'�� < � , therunningtimeof thealgorithmbecomes

VF� < t�'qu < � .
Sincefor theapplicationswe have in mind thenumberof spatiotemporalobjectsis large

andcannotbekeptin mainmemory, anexternalmemorypriority queueisneeded.Weproposeusing

an implementationof anexternalmemorypriority queuethat is basedon thebuffer tree[Arg95].

The basicidea is to performoperations(insertionsanddeletions)off-line in sucha way that the
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amortizedcomplexity of eachoperationis VF� �P4t�'#u(å æçN P ) [Arg97]. As a resultthe runningtime of

thealgorithmin externalmemorybecomesVF� N P t�'#u(å æ N P � I/O’s.

Note that the above proof works similarly for the casewhereobjectsdo not move but

changeonlyoneof theirextentattributeslinearly. Asmentionedearlierit worksasanapproximation

otherwise.

2.3.2 A Dynamic Programming Algorithm for the GeneralCase

For objectsthat move and/orchangewith a complex non-linearfunctionover time, the

above greedyalgorithmis suboptimal. To find the optimal solutionhere,we canusea dynamic

programmingalgorithmfor objectsthatchangewith any complex function.

Let assumethatwehaveN spatiotemporalobjectsandK possiblesplits.Also, weassume

thatgivenanobjectanda numberof splits,we canfind theoptimalway to split theseobjectswith

thegivensplits.Let uocoem&ª�
e��gÅp� denotethegainin emptyspacethatwegetby splittingobject e using

atmostÅ splitsandSP(i,j)thetotalgainin emptyspaceby splittingthesetof thefirst i objectsusing

atmost Å splits.Thenwehave that:

�¹ó �
e��gÅo��J ôFõ�öá�÷ ì ¡ ÷ ì�� è
�Àó �
ei¨Ä�%�gÅ¿¨ø���b\Öupcfem&ª�
e0����� é

andwe needto find theSP(N,K)in orderto solve our problem.Therunningtime for an

implementationof this algorithmin mainmemoryis VF� < I 
 � andassumingIùJúVF� < � , thenit

becomesVW� < � � . Giventhatthenumberof thespatiotemporalobjectsis large(in orderof millions

or billions of objects)theabove algorithmis not very practical.Notehowever thatwe canusethe

samealgorithmto find thebestsplittingpointsfor a singleobjectgivena numberof splitsandthis

canbeusedwith thepreviousgreedyalgorithm.

2.4 PerformanceEvaluation

We first describethedatasetsandoutlinetheworkloadsusedin our experimentalevalu-

ation. Then,subsection2.4.2discussestheperformancecharacteristicsof variousimplementations
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(tuning) of the PPR-Treesthat we have developed. Finally, we presentexperimentalresultsfor

bothtypesof objectevolutionnamely, thedegenerate(subsection2.4.3)andthegeneral(subsection

2.4.4)cases.

2.4.1 Experimental Setup

For all methodsthepagesizewassetto 1 kbytesandthemaximumnumberof recordsper

pagewasequalto 50(B=50).For theinsertionanddeletionoperationsabuffer of 10pageswasused

with a LRU replacementpolicy. In all methods,duringthequeryphasethebuffer wasinvalidated

beforea new queryis executed(so that strengthsandweaknessesof the variousimplementations

arerevealed).For the3D R-Treemethod,weusedanimplementationof theR*-tree[BKS+90]. We

implementedtheSkeletonSR-Treebasedon thedescriptionin [KS91]. In our implementationwe

allowedindex nodesto have largerpages(startingfrom theleaf nodesthepagesizedoublesasthe

level reachestheroot). At a given index page,onethird is allocatedto storingspanningsegments

while the rest is for index records.Overflow segmentsstill appearedin higher level nodes;such

segmentswere storedin additionalpages. However, the reportedquery times for the Skeleton

SR-Treedo not includeaccessingtheseoverflow pages(i.e., thereportedSR-Treequerytimesare

underestimatesof theactualones).

Wegeneratedvariousspatiotemporaldatasetsto comparetheperformanceof thedifferent

methods.Thedatasetsfor thedegeneratecaseweresimilar to thespatiotemporaldatasetsdescribed

in [VTS98]. Objectsin a giventime instantwereapproximatedby their 2-dimensionalMBRs and

the sizeof the dataspacewas �%8û Bºà�%8û (unit square).Moreover, 70% of the objectsweresmall

rectangleswith small lifetimes. The lengthof eachrectanglein the � and � axeswasuniformly

chosenfrom theinterval (0,0.04]andthecentersof therectangleswereuniformly distributedin the

unit square.The lifetime of eachobjectfolloweda Poissondistribution with meanvalueequalto

50. Another15%of theobjectswerelargerectangleswith smalllifetimes. Herethelengthof each

rectanglein spatialdimensionswasuniformly chosenfrom (0, 0.6] andthelifetimeswerethesame

asabove. The remaining15% objectsweresmall rectangleswith large lifetimes. The lifetimes

for theseobjectswereuniformly chosenbetween250 and 500 time instants. For eachobjecta
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numberof lifetimesbetween0 and10000wasgenerated,andthetimeintervalsbetweensubsequent

lifetimes hadthe samecharacteristicsas the lifetimes. We generatedfive differentdatasetswith

objectspertime instantrangingfrom 250to 2500.Wecall this typeof datasetsDG (degenerate).

For thegeneralcasewe createdtwo differenttypesof datasets.First we hada collection

of datasetscontainingonly moving rectangles(theMV dataset).Eachrectanglestartsat a specific

positionandmoveswith a linear motion to its final position. Eachsethadone-thirdof “slowly”

moving rectangleswhosesideswereuniformly chosenin �� ��� �8û 3/qü , andspeedsbetween0 and0.001.

Anotherthird hadsidesin �� ��� �8û ���ü andspeedsbetween0 and0.006andfinally “f ast” objectswith

thesamesidelengthsandspeedsbetween0 and0.01.Therectanglesretaintheir sizeasthey move

andonly changetheir centerpositions.The lifetime of eachobjecthadmeanvalue50. Again the

averagenumberof objectspertime instantrangedbetween500and2500.

Wealsogeneratedacollectionof datasetsthatwasamixtureof thepreviousones(theGN,

or, genericcollection),andconsistsof staticobjects,moving objectsandobjectsthatchangeextent

over their lifetime. In particular, onethird of theobjectsarestaticobjectswith thecharacteristicsof

theDG datasets.Anotherthird aremoving objectsandtherestareobjectsthatchangepositionand

extentover time. To generatesomeof theabove datasetsweusedtheGSTDgenerator[TSN99]. In

Table2.1,wegive themaincharacteristicsof thedatasets.

Table 2.1: The datasets used for testing the index structures.

Dataset Avg Numberof ObjectsperTime Instant TotalNumberof SpatiotemporalObjects
DG 500,1000,1500,2000,2500 86807,173925,260933,348006,435056
MV 500,1000,1500,2000,2500 74017,147996,222096,296012,369858
GN 500,1000,1500,2000,2500 74346,148597,222970,297272,371598

It shouldbenotedthatto insertobjectsinto a PPR-Tree,we first sortthedatasetover the

objectinsertionanddeletiontimes. Thenthedatasetis processedsequentiallyuntil theendof the

evolution. For the 3D R-Treethe datasetis first sortedon the object insertiontimesandobjects

areinsertedin thatorder. For theSkeletonSR-Treeinsertingthespatiotemporalobjectsaccording

to insertiontime ordertendto affect overlapping(sincethe orderingimplies that an interval will

probablyoverlapthe next insertedinterval). We got betterperformancewhenthe spatiotemporal
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objectswereinsertedrandomly.

Finally variousquery workloadswere generated(separateworkloadswere createdfor

rangeandnearestneighborqueries).A queryworkloadconsistsof 1000queries.A queryis spa-

tiotemporalin nature,i.e., it hasaspatialandatemporalpredicate.For therangequeries,thespatial

partcontained2D rectangleswith threedifferentsizes,Small,MediumandLarge. TheSmallrect-

angleshad lengthsbetween0 and0.1, Medium between0.1 and0.3 andLarge between0.2 and

0.6. For thetemporalpredicate,we distinguishedbetween“snapshot”queries,wherethetemporal

partwasa singletime instant,and,“period” querieswhereeachqueryspecifieda time interval of

lengthbetween0 and100.For thenearestneighborqueriesthespatialpartwaseitheraquerypoint

or a small rectangleuniformly insidethe dataspace.The temporalpart wasa “period” selected

randomly, with lengthbetween0 and100.

2.4.2 Tuning the PPR-Tree
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Figure 2.9: Query performance for

different merging/splitting policies.
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Figure 2.10: Space consumption for

different merging/splitting policies.

A numberof optimizationissueshave to beaddressedwhenimplementingthePPR-Tree.

Themostimportantof themarethemergingandsplittingpolicies.Notethatthemergingpoliciesof
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thepartiallypersistentB-treearenotapplicable.Thereasonis thatin aB-treethereis asingleorder

amongindexedobjects;moreover, datais kept in pagesaccordingto this order. Consequently, for

eachunderutilizedpagethereareat mosttwo possiblesibling pagesthatit canmergewith. On the

otherhand,a PPR-Treestoresmultidimensionalobjectsandfor eachpagetherearemany possible

sibling pages(all pagesthathave thesameparentwith theunderutilizedpagearecandidates).We

usedthreemerging policies. Thefirst one,calledOverlapchoosesasa sibling thecurrentlyalive

pagethathasthesameparentandsharesthemostoverlapwith theunderutilizedpage.Thesecond

one,(Min Area), selectsassiblingthepagewhoseboundingrectangleareaneedstheleastgeometric

expansionto incorporatetheobjectsof theunderutilizedpage.Finally, the third policy (Margin),

findsthepagethatwhenmergedwith theunderutilizedpage,hastheleastmargin, which is thesum

of thelengthsof all sidesof theboundingrectangle.

For the splitting policies,we usetwo methods.On is calledQuadratic andit hasbeen

proposedin theoriginal R-Treepaper. Theotherone(R-star) is thepolicy that is usedby theR*-

tree. The first policy assignsobjectsin two groups,initializing thesegroupsby picking the pair

of objectsthatwould wastethemostareaif put in thesamegroup. TheR-starpolicy is basedon

determiningvariousdistributionsof objectsin a page,afterorderingall objectsin eachdimension.

Thebestdistribution is selected,basedon a setof criteria,suchasminimizing thesumof margin

valuesandalsominimizing theoverlap-areabetweenthetwo generatedpages.

In Figure2.9weplot thequeryperformance(in averagenumberof pagesreadperquery)

for all combinationsof splitting andmerging methods.We usedthe DG datasetsanda snapshot

queryworkload. As the Figureshows, the queryperformanceis mainly affectedby the splitting

policy (with the R-starpolicy providing betterresultsthanQuadratic). The merging policy has

smalleffect. Thespaceconsumptionof thePPR-Treeis depictedonFigure2.10.Heretheimportant

factoris the merging policy andthe Margin policy givesthebestresults. As a result,for the rest

of our experimentswe implementedthePPR-TreeusingtheR-starsplitting policy andtheMargin

policy for mergingnodes.
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2.4.3 DegenerateCase

Weproceedwith experimentalresultsaboutthedegeneratecase.Sinceit containsobjects

with no position/extent changes,it servesasa referencepoint for our later experiments.Figures

2.11-2.13depict the resultsfor snapshotquerieswith Small, Medium andLarge size (in spatial

extent)respectively. Theaveragelifetime of theobjectsis 50 timeinstants.In all casesthepartially

persistencemethodologyoutperformsthe3D R-Tree.Thedifferenceis higherfor smallerqueries.

Figure2.14shows theresultsfor Small/Periodqueries.Herethequerytime periodrangedfrom 0

to 100. Thedifferencebetweenthetwo methodsis decreasingasthesizeof thequerytime period

increases.Sincethe PPR-Tree(andpartial persistence)is optimizedtowardssnapshotqueries,a

queryinvolving a largeperiod(many subsequentsnapshots)will overlapwith many objectcopies

thusdecreasingqueryperformance.
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Figure 2.11: Query performance

for small/ snapshot queries and DG

datasets.
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Figure 2.12: Query performance for

medium/ snapshot queries and DG

datasets.

Figure2.15depictsthespaceconsumptionof bothmethods,for DG datasets.As expected

thespaceconsumptionof thePPR-Treeis higherthanthe3D R-Tree. Note thoughthat thespace

overheadremainslinearto thenumberof objectsandit is about2.5timesmorethanthespaceused
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Figure 2.13: Query performance

for large/ snapshot queries and DG

dataset.
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Figure 2.14: Query performance for

time period queries and DG dataset.

by the3D R-Tree.

2.4.4 GeneralCase

Firstwepresentourresultsfor themoving rectanglesdatasets(MV) andthenfor thegen-

eraldatasets(GN). Givena dataset,theGREEDY algorithmderivesfirst all spatiotemporalobjects

that yield the bestgainsin termsof emptyspacewhensplit. Thentheseobjectsaresplit andthe

MBRsof thenewly generatedspatiotemporalobjectsarecomputed.Subsequently, theseMBRsare

indexedby thePPR-Tree(markedasGreedy-PPR-Treein thefigures).To validatetheexpectation

thata 3D R-Treewill not gainmuchby theartificial splitsof theGREEDY algorithm,we indexed

theresultingMBRs with a 3D R-tree,too (Greedy-3DR-Tree).We comparethesetwo approaches

againstthesimpleapproachwerenoartificial split is considered.Thatis, we useda 3-dimensional

MBR aroundaspatiotemporalobjectandindexedthemusingaplain3D R-tree.Similarly weused

the r�co��: = @ approachfor the PPR-Tree (maxMBR-PPR-Tree). Unlessotherwisestated,the

numberof artificial splitswereabouthalf of thenumberof original spatiotemporalobjects( �%891 < ).
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Figure 2.15: Space consumption for

DG datasets.
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Figure 2.16: Query performance

for small/ snapshot queries and MV

datasets.

Weusedthis numberof splitsbecauseit providesgoodqueryperformancewith a smallincreasein

spaceoverhead.

Figures2.16-2.18depictthe resultsfor snapshotqueriesandMV datasets.The greedy

algorithmcombinedwith the PPR-Treeprovidesthe bestqueryperformance.Next is the simple

PPR-Treewith themaxMBRapproach.It is interestingto notethat the3D R-Treeperformssimi-

larly with splitsor nosplits(i.e.,asexpected,thegreedysplitsdonotprovidea largeadvantage).A

split maydecreasetheemptyspacebut it increasesthenumberof objects,affectingthe3D R-Tree

queryperformance.The spacefor a methodthat usesthe greedyapproachis about1.5 timesthe

spaceof the samenon-greedymethod(Figure2.19). Time periodqueriesappearin Figure2.20

usinga datasetwith 1000objectsper time instant. The Greedy-PPR-Treemethodremainsbetter

thanthe othermethodseven for the larger periodswe tried. It is alsoclearthat asthe querype-

riod increases,theperformanceof thegreedy3D R-Treedeterioratesagainstthe3D R-tree.This is

becausethesplits introducedby thegreedyapproachintroducecopiesthat theR-treeconsidersas

separateobjects.
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Figure 2.17: Query performance for

medium/ snapshot queries and MV

datasets.
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Figure 2.18: Query performance

for large/ snapshot queries and MV

datasets.

The effect of using different numberof splits is examinedin Figure 2.21. The query

performanceis shown for threeMV snapshotqueryworkloadswith 1000objectsper time instant

anddifferentnumberof splits.For brevity only theGreedy-PPR-Treeis presented.Thedatasetwas

a MV datasetwith 1000objectspertime instant.Clearly increasingthenumberof splits improves

thequeryperformance.Thespaceis alsoincreasingproportionallyto thesplit percentageincrease

(andis thusnotdepicted).

The performancecomparisonsfor the generaldatasets(that include mixturesof mov-

ing/static/extendingobjects)appearin Figures2.22to 2.27.All methodsbehave verysimilar to the

resultsfor themoving objectsdatasets.Despiteusingthegreedyalgorithmasanapproximationfor

theextendingobjects,theGreedy-PPR-Treestill providesthebestperformance.

Theperformancefor nearestneighborqueriesis similar to the rangequeries.We report

resultsfor thegeneraldatasets(GN), but thesametrendwasobservedfor theotherdatasetsaswell.

In Figure2.28 the averagequeryperformanceis shown for a setof 50-NearestNeighborqueries

(thatis, find the50nearestobjectsto thequeryobject).Thetimeperiodwas20. Figure2.29reports
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Figure 2.19: Space consumption for

MV datasets.
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Figure 2.20: Query performance for

time period queries and MV datasets.

resultsfor nearestneighborquerieswith differenttimeperiods.TheGreedy-PPR-treehasagainthe

bestqueryperformance.

Finally, in Figures2.30and2.31we presentthe total numberof I/O’s neededto create

eachof the index structures.Here,we assumea cacheof only 10 pages. Using a larger cache

we candecreasetheconstructiontime considerably. The3D R-Treeshave lower constructiontime

thatthePPR-Trees.This is not surprising.Clearly, for thepartiallypersistentmethodstheindex is

accessedtwice for eachspatiotemporalobject: onceat the insertiontime andagainat thedeletion

time. On the other handfor the 3D R-Trees,the index is accessedonly when the MBR of the

spatiotemporalobjectis inserted.However, for theOff-line problem,theindex is createdonly once

andthenis usedfor thequerying,i.e., theupdatecostis not thatcritical.

2.5 RelatedWork in Spatiotemporal Indexing

Researchin theareaof spatiotemporaldatabaseindexing is limited. In particular, Theodor-

idis et al. [TSP+98]summarizetheissuesthata spatiotemporalindex needsto address.In anearly
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Figure 2.21: Query performance

of the Greedy-PPR-tree for snapshot

queries and different number of splits

and MV datasets.
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Figure 2.22: Query performance

for small/ snapshot queries and GN

datasets.

paper[XHL90], theRT-treeis presented,anR-Treethat incorporatestime into its nodes.Eachob-

ject hasa spatialanda temporalextent. For anobjectthat is enteredat time ��� thetemporalextent

is initialized to " ���������m� . This temporalextent is updated(increased)at every time instantthat this

spatialextent remainsunchanged.If thespatialextentchangesat time ��� , a new recordis created

for thisobjectwith a new temporalextent " ���������*� . Clearly, this methodis inefficient dueto its large

updateoverhead.In [NS98, TVM98, XHL90, NST99]theideaof overlappingtreesis usedto make

anindex partially persistent.Differentindicesarecreatedfor eachtime instant,but to save space,

commonpathsaremaintainedonly oncesincethey aresharedamongthestructure.However the

overlappingmethodhasalogarithmicspaceoverhead,sinceeverytimeanupdateismade,thewhole

pathfrom theroot to theupdatedleaf nodehasto becopied.Indeed,in anexperimentalevaluation

presentedin [NST99] the overlappingR-Tree(HR-Tree)hasan orderof magnitudehigherspace

overheadthatthe3D R-Tree.It shouldbenotedthattheGREEDY algorithmpresentedin thispaper

is generalandcanbeusedto enhancetheperformanceof any partiallypersistentmethod(including

the overlappingapproach).In anotherrecentwork, SaltenisandJensen[SJ99], an R-Treeis ex-
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Figure 2.23: Query performance for

medium/ snapshot queries and GN

datasets.
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Figure 2.24: Query performance

for large/ snapshot queries and GN

datasets.

tendedto supporttransactionandvalid time. However, this work concentrateson thecombination

of degenerateevolutionsandbitemporaldatasets.

2.6 Summary

Wehaveexaminedtheproblemof indexing objectsin spatiotemporalevolutions,by using

theideaof partially persistentdatastructures.However, thepartialpersistenceapproachconsiders

only objectsthat remainunchangedduring their evolution. This is not realistic in many real life

applicationswhereobjectscanchangetheir extent/positionover time. We presentedan efficient

wayto representsuchcomplex objects.In particular, weformulatedthisproblemasanoptimization

problemandprovided an optimal greedyalgorithmfor the caseof linearly moving objects. Our

solutionis alsooptimal for objectsthat changelinearly only oneof their extent dimensions.The

presentedapproachprovidesveryfastquerytimeattheexpenseof someextraspace,whichhowever

is linear to the numberof changesin the evolution. We have shown the merit of our methodby

comparingit with anapproachthatseestimeasanotherdimensionanduses(i) aregular3D R-Tree,
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Figure 2.25: Query performance

of the Greedy-PPR-Tree for snapshot

queries and different number of splits

and GN datasets.
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Figure 2.26: Space consumption for

the GN datasets.

or, (ii) aSkeletonSegmentR-Tree.

While in this chapterwe consideredrangeandnearestneighborqueriesthat refer to the

past,in the next chapterwe investigatethe problemof answeringqueriesthat refer to the future

assumingthatobjectsmove linearlyover time.
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Figure 2.27: Query performance for time period queries and GN dataset.

0
5

10
15
20
25
30
35
40
45
50
55
60
65
70
75
80
85
90

500 1000 1500 2000 2500

N
u

m
b

e
r 

o
f 

I/
O

’s
 p

e
r 

Q
u

e
ry

ý

Avg. # of Objects per time instant

3D R*-tree
 maxMBR-PP R-tree

Greedyx1.5 - 3D R*-tree
Greedyx1.5 - PP R-tree

Figure 2.28: Nearest Neighbor query

performance for GN datasets.
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Figure 2.29: Nearest Neighbor query

performance for different time periods

and GN datasets.
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Figure 2.30: Construction cost for

MV dataset.
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Figure 2.31: Construction cost for

GN dataset.
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Chapter 3

Indexing the Futur ePositionsof

Continuously Moving Objects

3.1 Intr oduction

Traditionaldatabasemanagementsystemsassumethatdatastoredin thedatabaseremain

constantuntil explicitly changedthroughanupdate.While thismodelserveswell many applications

wheredatachangesin discretesteps,it is notappropriatefor applicationswith continuouslychang-

ing data.Onesuchapplicationis a“motion” databasethatstoresthelocationof mobileobjects(e.g.

cars).Sinceobjectschangelocationcontinuously, onewould have to updatethedatabaseat every

unit of time. This is clearlyaninefficientandinfeasiblesolutionconsideringtheprohibitively large

updateoverhead.

A betterapproachis to abstracteachobject’s locationasa function of time G¹�
��� , and

updatethedatabaseonly whentheparametersof G change(for examplewhenthespeedor thedi-

rectionof a carchanges).Using G¹�
��� thedatabasecancomputethe locationof the mobileobject

at any time in the future. While this approachminimizestheupdateoverhead,it introducesa va-

riety of novel problems(suchastheneedfor appropriatedatamodels,querylanguagesandquery

processingandoptimizationtechniques)sincethe databaseis not directly storingdatavaluesbut
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functionsto computethesevalues. Motion databaseproblemshave recentlyattractedthe interest

of theresearchcommunity:([SWC+97,WCD+98,WXC+98]) presenttheMoving ObjectsSpatio-

Temporal(MOST) modelanda language(FTL) for queryingthe currentandfuture locationsof

mobile objects;([EGS+98])proposesa model that tracksandqueriesthe history (pastroutes)of

mobileobjects,basedonnew spatio-temporaldatatypes.Anotherspatiotemporalmodelappearsin

[CR99]. Spatio-temporalqueriesaboutmobileobjectshave importantapplicationsin traffic moni-

toring, intelligentnavigationandmobilecommunicationsdomains.For examplein databasesthat

trackcarsin a highway system,we candetectfuturecongestionareas.In mobilecommunications,

we canallocatemorebandwidthfor areaswherehighconcentrationof mobilephonesis approach-

ing. Thereis alreadyaGISsystem[ARC98] thatsupportstrackingandqueryingof mobileobjects.

In this chapterwe focuson the problemof indexing mobile objects. In particularwe

examinehow to efficiently addressrangequeriesover the object locationsinto the future. An

exampleof sucha spatio-temporalquery is: “Report all the objectsthat will be inside a query

region
ó

10minutesfrom now”. Notethattheanswerto thisqueryis tentative in thesensethatit is

computedbasedon thecurrentknowledgestoredin thedatabaseaboutthemobileobjects’location

functions.In thenearfuturethis knowledgemaychange,which impliesthatthesamequerycould

have a differentanswer. As the numberof mobileobjectsin the applicationswe consider(traffic

monitoring,mobilecommunications,etc.)canberatherlarge,weareinterestedin externalmemory

solutions.

While in generalanobjectcouldmove anywherein the3-dimensionalspaceusingsome

rathercomplex motion,we limit our treatmentto objectsmoving in 1- and2-dimensionalspaces

andwhoselocationis describedby a linearfunctionof time. Thereis a strongmotivationfor such

an approachbasedon the real-world applicationswe have in mind: straightlines areusuallythe

fasterway to get from one point to another;carsmove in networks of highways which can be

approximatedby connectedstraightline segmentson a plane;this is alsotrue for routestaken by

airplanesor ships. In addition,solving thesesimpler1- and2-dimensionalproblemsmayprovide

intuition for addressingthemoredifficult problemof indexing generalmultidimensionalfunctions.
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3.2 Background

Weconsidera databasethatkeepstrackof mobileobjectsmoving in oneandtwo dimen-

sions. We modelthe objectsaspointsthat move with a constantvelocity startingfrom a specific

locationat a specifictime instant.Usingthis informationwe cancomputethelocationof anobject

atany time in thefuturefor aslongasits movementcharacteristicsremainthesame.In onedimen-

sion,anobjectstartedfrom location � á at time � á with a velocity � ( � canbepositive or negative)

will bein location � á \ � �
�¶¨ø� á � at time �A,³� á . Similarly for objectsmoving in two dimensions.

Objectsareresponsiblefor updatingtheir motion information,eachtime their speedor direction

changes.Also, we assumethat the objectscanmove insidea finite terrain(a line segmentin one

dimensionor a rectanglein two). Thuswhenan objecthasreachedthe limits, it hasto issuean

update(eitherbecauseit is deletedor it is reflected).Finally, we allow insertionof a new objector

deletionof anold one,eg. thesystemis dynamic.

We would like to answerefficiently proximity queriesamongthemobileobjects.In par-

ticular, we areinterestedin answeringqueriesof the form: “Report the objectsthat resideinside

theinterval " ���gy*���3
�y0ü (or therectangle" �(�gy*����
�y	ü(º " ���gy#���3
�y	ü in two dimensions)at thetime instants

betweentime �	�gy and �d
�y , (where ��� ® � µ �0�gyÙµê�d
�y ), given the currentmotion informationof all

objects”. We call this type of querya onedimensionalMOR (Moving ObjectsRange) query for

objectsmoving in onedimensionanda two dimensionalMOR query for objectsmoving in two

dimensions.

3.3 Indexing in onedimension

Webegin with thesimplerproblemof objectsmoving ona 1-dimensionalline. Weparti-

tion themobileobjectsinto two categories,theobjectswith low speed���  andtheobjectswith

speedbetweenaminimum � v���� andmaximumspeed� v Ñ Û . Weconsiderherethe“moving” objects,

eg. theobjectswith speedgreaterthan � v���� . Wediscussthecaseof slowly moving objectslater.

We assumethat theobjectsmove on the ��¨ axisbetween and �2v Ñ Û andthatanobject

canupdateits motioninformationwhenever it changes.We treatanupdateasa deletionof theold
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Figure 3.1: Trajectories and query in �
������� plane.

informationandan insertionof thenew one. Next we give differentgeometricrepresentationsof

theproblemandfor eachonewediscussaccessstructuresto efficiently addressMOR queries.

3.3.1 Space-timerepresentation

In this representationwe plot the trajectoriesof the mobile objectsaslines in the time-

location �
�	���^� plane.Theequationof eachline is �b�
���¹J � ��\Cc where� is theslope(thevelocity in

ourcase)and c is theintercept,thatcanbecomputedby themotioninformation.In facta trajectory

is not a line but a semi-linestartingfrom thepoint �
� � ��� � � . However sincewe askqueriesfor the

presentor for thefuture,assumingthatthetrajectoryis a line doesnot affect thecorrectnessof the

answer. Figure3.1shows anumberof trajectoriesin theplane.

Thequeryis expressedasa 2-dimensionalinterval "_�
���gyq���3
�y!�	�#�
�	�gy*����
�yn�gü . Theansweris

thesetof objectsthatcorrespondto linesthatintersectthequeryrectangle.

While the space-timerepresentationis quite intuitive, it leadsto indexing long lines, a

situationthatcausessignificantshortcomingsto traditionalindexing techniques.

Onewayis to index thelinesusingaSpatialAccessMethod(SAM). Theneachline is ap-

proximatedbyaminimumboundingrectangle(MBR) whichis thenindexedusinganR-tree[Gut84]

or anR*-tree[BKS+90]. However, thisapproachis problematicbecause:(i) anMBR assignsto the

moving objectamuchlargerareathana line has,(ii) sinceobjectsretaintheir trajectoryuntil being

updated,all lines in figure3.1 extendto ”infinity”, i.e. a commonendingon the time dimension.

Mappinga line segmentasa point in four dimensions,by takingthecoordinatesof theendpoints,
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will alsonot work. Evenif we partitionthetime dimensionin time intervals(”sessions”)of length
	�


(asin [TUW98]) andindex thepartof eachtrajectorythat falls in thecurrentsession,we still

havesegmentswith acommonendpoint(theendtimeof thecurrentsession).Anothershortcoming

is thattheSAM canonly addressqueriesuntil theendof thecurrentsession.

A differentapproachis to decomposethedataspaceinto disjointcellsandstorewith each

cell thesetof linesthat intersectit. Indexesthatfollow this approacharetheR+–tree[SRF87], the

cell–tree[Gun89] andthe PMR–quadtree[Sam90]. The main drawback for thesemethodsis that

every line will have many copies;this becomesworsein our environmentsincelines are large.

Storingmany copiesaffectsboththeupdateperformance(whenanobjectchangesits trajectory, its

previousroutehasto bedeletedfrom all cellsit wascontained),aswell asspace.�
In [Jag90] amethodis proposedto index line segmentsbasedon thedualtransformation.

Theuseof dualtransformationto index mobileobjectsis alsoproposedin [WXC+98]. In thenext

sectionwe considerthis approachin our setting,namelyusing the dual transformationto index

mobileobjects.

3.3.2 The dual space-timerepresentation.

Duality is apowerful andusefultransformfrequentlyusedin thecomputationalgeometry

literature;in generalit mapsa hyper-plane � from @
� to a point in @
� andvice-versa.Theduality

transformis usefulbecauseit allows formulationof a problemin amoreintuitive manner.

In our casewe canmapa line from theprimal plane �
�	���^� to a point in thedual plane.

Thereis no uniqueduality transform,but a classof transformswith similar properties.Sometimes

onetransformis moreconvenientthananother.

Considera dual planewhereoneaxis representsthe slopeof an object’s trajectoryand

theotheraxis its intercept.Thusthe line with equation�b�
���RJ � �À\¸c is representedby thepoint

� � ��c�� in the dual space(this is calledthe Hough-X transformin [Jag90]). While the valuesof �
arebetween̈ � v Ñ Û and � v Ñ Û , thevaluesof the interceptaredependenton thecurrenttime. If the|

[TUW98] usesamethodbasedonthePMR-quadtree;theirexperimentsshow thatevenfor asmallnumberof mobile
objects(50K) thenumberof copiescanbecomequitelarge(about250copies/object).
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Figure 3.2: Query in the dual Hough-X plane.

currenttime is ����� � thentherangefor � is ���������������� ���!�"$#%���&�(')���������*�� ���!,+ .
The queryis transformedin a polygonin the dual space.We canexpressthis polygon

usinga linearconstraintquery[GRS+97].

Proposition1 TheonedimensionalMORqueryis expressedin thedualHough-Xplaneasfollows:

- For ��.0/ thequeryis : 132547698*4;:<8�4;=<8*4�> , where: 476;2?��@A����B� , 4;:(2C�EDF������� ,
4;=72C�G')�H:$IJ�E@K#L6MI and 4�>(2?�
')�J6MI&�NDK#O:$I .

- For �QPR/ thequeryis : 1S2UTN6<8�TV:;8WTV=;8WTX> , where: TN6
23�QDY�����<B� , TV:X23�Q@
�7�Z�;��� , TV=72?�
')�J6MI[�\@K#L6MI and TX>(2?�
')�H:$I&�NDK#O:$I .

Proof: Let �].?/ . The 476 and 4;: constraintsarestraightforwardby theproblemsetting.We

will show that the othertwo arealsonecessary. Let � be a particular �^DS#O:$I . Thena line with

intercept� canintersectthequeryrectangleiff theslopehasvalues:

_�`%acbed 6[fgDK�\D _�`%a9bed :hfji #L6MI<�k�
� :$I DA�\D #O:$I��l�

� 6MI
Fromtheabove inequalitieswegetthetwo otherconstraints.Similarly for �NPA/ .
Sincethequeryis differentfor positive andnegative slopes,we canusetwo structuresto

storethedualpoints.It is easyto seethattherangeof the � ’svaluesis now ���������&�m�V�� ���!n"$#%���&�o�
���<B� ��]�� ���!,+ .
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Howeversincetimeismonotonicallyincreasing,thevaluesof theinterceptarenotbounded.

If thevalueof themaximumspeedis significant,thevaluesof theinterceptcanbecomevery large

andthispotentiallycanbeaproblem(i.e., representingunboundedrangesof realnumbers).

Tosolvethisproblemweuseourassumptionthatwhenanobjectcrossesaborderit issues

anupdate(i.e. it is deletedor reflected).Combiningthis assumptionwith theminimal speed,we

canassurethatall objectshaveupdatedtheirmotioninformationat leastonceduringthelast prqts�u Bv�Hw
time instants,whereprqts�u Bv�Hw 2yx�z|{H}~ z���� . Wecanthenusetwo distinctindex structures.Thefirst index

storesall objectsthathave issuedtheir lastupdatein theperiod � /L"Hprqts�u Bv�Hw + . Thesecondindex stores

objectsthat have issuedtheir last updatein the interval � prqts�u B��Hw "&��prqts�u Bv�Hw + . Eachobject is stored

only once,eitherin thefirst or in thesecondindex. Beforetime prqts�u Bv�Hw , all objectsarestoredin the

first index. However, every objectthat issuesanupdateafter prqts�u B��Hw is deletedfrom thefirst index

andit is insertedin thesecondindex. Theinterceptof thefirst index is computedby usingtheline

��2U/ andfor thesecondindex usingthe line ��2Rprqts�u Bv�Hw . Thuswe aresurethat the interceptwill

alwayshavevaluesbetween/ and �Z�;���G��pLqts�u Bv��w . To querythedatabaseweusebothindices.After

time ��pLqhsMu Bv�Hw we know that thefirst index is emptyandall objectsarestoredin thesecondindex,

sinceevery objecthave issuedat leastoneupdatefrom pLqhsMu Bv�Hw to ��prqtsMu Bv�Hw . At thattimeweremove

theemptyindex andwe initiateanew onewith timeperiod ����pLqts�u Bv��w "&��prqts�u B��Hw + . Wecontinuein the

sameway andevery pLqhsMu Bv�Hw time instantswe initiate a new index andwe remove an emptyone.

Using this methodthe interceptis boundedwhile the performanceof the index structuresremain

asymptoticallythesameasif wehadonly onestructure.

Anotherway to representa line #V2?����')� , is to write theequationas �n2 6~ #�� �~ . Then

wecanmapthis line to apoint in thedualplanewith coordinates�W2 6~ andthe �o2R� �~ (Hough-Y

in [Jag90]). Note that � is thepoint wherethegiven line intersectsthe line #�2Y/ . Notealsothat

this transformcannotrepresenthorizontallines(similarly, theHough-Xtransformcannotrepresent

vertical lines). However, this is not a problemsinceour lines have a minimum anda maximum

slope.
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3.3.3 Lower Bounds

Thedualspace-timerepresentationtransformstheproblemof indexing mobileobjectson

a line to theproblemof simplex rangesearchingin two dimensions.

In simplex rangesearchingwe aregiven a set � of 2-dimensionalpoints,andwe want

to answerefficiently queriesof the following form: given a setof linear constraints���� DY� , find

all the points in � that satisfyall the constraints.Geometrically, the constraintsform a polygon

on theplane,andwe want to find thepointsin the interior of thepolygon. This problemhasbeen

extensively studiedbeforein thestatic,main-memorysetting(seefor exampletheexcellentsurvey

in [AE98] andtherelatedwork section).

The only known lower boundfor simplex rangesearching,if we want to reportall the

points that fall in the query region ratherthan their number, is due to Chazelleand Rosenberg

([CR92]). They show that simplex reportingin d-dimensionswith a querytime of � b���� 'C��f ,
where

�
is thenumberof points, � is thenumberof thereportedpointsand /]P��ND�� , requires

space� b�� w���6$� �H  �¢¡ f , for any fixed £ . This resultis shown for thepointermachinemodelof com-

putation[CR92]. The boundholdsfor the staticcase,even if the queryregion is the intersection

of just two hyper-planes.Since £ canbe arbitrarysmall, any algorithmthat useslinear spacefor

d-dimensionalsimplex rangesearchinghasworstcasequerytime � b�� ��w��,6  ¥¤ w '¦�§f .
Here we show that a similar boundholds for the input-outputcomplexity of simplex

searching.Following theapproachin [SR95]we usetheexternalmemorypointermachineasour

modelof computation.This is a generalizationof thepointermachinesuitablefor analyzingexter-

nal memoryalgorithms.In this model,a datastructureis modeledasa directedgraph ¨R2 bª© "�«�f ,
with a source¬ . Eachnodeof thegraphrepresentsa disk block andis thereforeallowed to have
­

dataandpointerfields. The pointsarestoredin the nodesof ¨ . Given a query, the algorithm

traverses̈ startingfrom ¬ , examiningthe pointsat the nodesit visits. The algorithmcanonly

visit nodesthatareneighborsof alreadyvisitednodes(with theexceptionof theroot)and,whenit

terminatestheanswerto thequerymustbecontainedin thesetof visitednodes.Therunningtime

of thealgorithmis thenumberof nodesit visits.
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Theorem 2 Simplex reportingin d-dimensionswith a querytimeof � b � � '0®¯f I/O’s, where
�

is

thenumberof points,�W2 �\° ­ , � is thenumberof thereportedpoints, ®\20� ° ­ , and /VPF��D5� ,
requires � b � w��¥6$� ��  �¢¡ f discblocks,for anyfixed £ .

Proof: To prove the lower boundwe show that,given � , thereexistsa setof
�

points,and

a setof � b � w±��6$� �H  � � �¢¡ f queriessuchthat eachqueryhas ² b ­ � � f points,andthe intersectionof

any pair of queryresultsis small.To answera querywith ² b ­ � � f points,theansweringalgorithm

mustvisit � b � � f nodes.To answerthis queryin � b � � f I/O’s, at leasta constantfraction of that

many blockshave a constantfraction of their pointsin the answerof the query. But if the setof

thequerieshassmall intersection,it follows that to answereachqueryin thesetin time � b � � f at

least ² b � � f7�§� b � w���6$� �H  � � �¢¡ f
2³� b � w��¥6$� ��  �¢¡ f nodeshave to bevisited. It remainsto show that

sucha setof queriesexist. To do sowe simply modify theexisting constructionby Chazelleand

Rosenberg [CR92]by replacingeachpoint in their pointsetby
­

copies.

A corollaryof thetheoremis thatin theworstcaseadatastructurethatuseslinearspaceto

answerthe2-dimensionalsimplex rangequeryandthustheonedimensionalMOR query, requires

� b�´ �Q'µ®¯f I/O’s. Next we presenta dynamic,external-memoryalgorithmthat achievesalmost

optimalquerytimewith linearspace.As weshallseehowever thisalgorithmis notpracticalsowe

alsoconsiderfasteralgorithmsto approximatethequeries.Finally, wegiveaworstcaselogarithmic

querytimealgorithmfor a restrictedbut practicalversionof ourproblem.

3.3.4 An (Almost) Optimal Solution

Matousek([Mat92]) gaveanalmostoptimalalgorithmfor simplex rangesearching,given

astaticsetof points.Thismainmemoryalgorithmis basedon theideaof simplicialpartitions.

We briefly describethis approachhere.For a set � of
�

points,a simplicial partitionof

� is a set ¶ b �c6t"&·N6[fJ"±¸±¸±¸h" b � u "&· u f&¹ where ¶Z�c6t"±¸±¸±¸h"J� u ¹ is a partitioningof � , and ·VB is a triangle

thatcontainsall thepointsin �|B . If º `Z» B¢¼��|B�¼�P½�¾º�¿ a Br¼��|B�¼ , we saythat thepartition is balanced.

Matousek([Mat92]) showsthat,givenaset � of
�

points,andaparameterÀ (where/VPFÀÁP �\° �Of ,
wecanconstructin lineartime,abalancedsimplicialpartitionfor � of size � b ÀZf suchthatany line
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crossesat most � b�´ À�f trianglesin thepartition.

This constructioncanbeusedrecursively to constructa partitiontreefor � . Theroot of

the treecontainsthe whole set � , anda trianglethat containsall the points. We find a balanced

simplicial partitionof � of size Â ¼���¼ . Eachof thechildrenof theroot areassociatedwith a set �|B
from thesimplicialpartition,andthetriangle ·XB thatcontainsthepointsin �|B . For eachof the �|B ’s
we find simplicialpartitionsof size Â ¼���B$¼ , andcontinueuntil eachleaf containsa constantnumber

of points.Theconstructiontime is � b���ÃvÄ%Å : � f .
To answerasimplex rangequery, westartat theroot. Wetakeeachof thetrianglesin the

simplicial partitionat the root andcheckif it is insidethequeryregion, outsidethequeryregion,

or intersectsoneof thelinesthatdefinethequery. In thefirst caseall pointsinsidethetriangleare

reported,in thesecondcasethetriangleis discarded,andin thethird casewerecurseonthetriangle.

Thenumberof trianglesthatthequerycancrossis boundedhowever, sinceeachline crossesatmost

� b ¼��7¼MÆÇ f trianglesat theroot. Thequerytime is � b�� ÆÈ±É ¡ 'k�§f , with theconstantfactordepending

on thechoiceof £ .
Agarwal et. al. [AAE+98] give anexternalmemoryversionof staticpartitiontreesthat

answersqueriesin � b � ÆÈ É ¡ '^®¯f I/Os. To adaptthisstructureto ourenvironment,wehave to make

it dynamic.Usingastandardtechniqueby Overmars([Ove83]) for decomposableproblemswecan

show thatwe caninsertor deletepointsin a partitiontreein � b�ÃvÄ%Å :: � f I/Os, andanswersimplex

queriesin � b � ÆÈ É ¡ '^®¯f I/Os.

3.3.5 Impr oving the averagequery time.

Partition treesarenot very usefulin practicebecausethequerytime is � b � ÆÈ É ¡ 'K®¯f and

the hiddenconstantfactorbecomeslarge if we chosea small £ . In this sectionwe presenttwo

differentapproachesthataredesignedto improve theaveragequerytime.
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UsingPoint AccessMethods

Thereare a large numberof accessmethodsthat have beenproposedto index point

data[GG98]. All thesestructuresweredesignedto addressorthogonal rangequeries,eg. a query

expressedasamultidimensionalhyper-rectangle.However, mostof themcanbeeasilymodifiedto

addressnon-orthogonalquerieslike simplex queries.

Recently, Goldsteinat al. [GRS+97]presentedan algorithmto answersimplex range

queriesusingR-trees.Theideais to changethesearchprocedureof thetree.In particularthey gave

efficientmethodsto testwhethera linearconstraintqueryregionanda hyper-rectangleoverlap.As

mentionedin [GRS+97] this methodis not only applicableto theR-treefamily, but to otheraccess

methodsaswell.

We usethis approachto answerthe onedimensionalMOR queryin the dual Hough-X

space(Figure3.2). However it is not clearwhatstructurewould bemoresuitablehere,given that

the distribution of points in the dual spaceis highly skewed. We argue that an index structure

basedon ®LÊ -trees (like theLSD-tree[HSW89] andthe Ë ­XÌ -tree[ELS95]) is moresuitablethan

a methodbasedon R-trees.Thereasonis thatsinceR-treestry to clusterdatapointsinto squarish

regions[KF93], they will split usingonly onedimension(theintercept).Ontheotherhanda ®LÊ -tree

basedmethodwill usebothdimensionsto split (seeFigure3.3). Thusit is expectedto have better

performancefor theMOR query.

A Query Approximation Algorithm.

A differentapproachis basedon a queryapproximation ideausing the Hough-Y dual

plane. In general,the � coordinatecanbe computedat differenthorizontal( #A2Í# u ) lines. The

queryregion is describedby the intersectionof two half-planequeries(Figure3.4). The oneline

intersectsthe line �F2 6~ z|{$} at thepoint
b �&6MI(� x ÈÏÎ � x�Ð~ z|{$} "

6~ zÑ{$} f andthe line �F2 6~ z���� at thepoint
b �J6MIj� x ÈÏÎ � x�Ð~ z��Ò� "

6~ z��Ò� f . Similarly theotherline thatdefinesthequeryintersectsthehorizontallinesat
b �H:$I�� x Æ Î � x Ð~ zÑ{$} "

6~ z|{$} f and
b �H:$I�� x Æ Î � x Ð~ z���� "

6~ z��Ò� f .
Sinceaccessmethodsaremoreefficient for rectanglequeries,supposethatwe approxi-
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matethe simplex querywith a rectangularone. In Figure3.4 the queryrectanglewill be � b �&6MI(�
x ÈÏÎ � x Ð~ z��Ò� "$��:$In� x Æ

Î � x Ð~ z|{$} fJ"
b 6~ z|{$} "

6~ z|��� fM+ . Notethatthequeryareais enlargedby thearea«U2?«m6,'l«7:
which is computedas:

«32 �
�
b �Z�;���m�l�Z��B� 
�Z��B� N�]���;��� f

: b ¼ #O:$I��§# u ¼±'5¼ #L6MI��l# u ¼�f (3.1)

We areinterestedin minimizing « sinceit representsa measureof the extra I/O’s that

an accessmethodwill have to performfor solving an onedimensionalMOR query. « is based

on both # u (i.e. wherethe � coordinateis computed)and the query interval
b #L6MIh"$#O:$Itf which is

unknown. Hence,we proposeto keep Ó indices(where Ó is a small constant)at equidistant# u ’s.

All Ó indicescontainthesameinformationabouttheobjects,but usedifferent # u ’s. The Ô -th index

storesthe � coordinatesof the datapointsusing #?2Õx�z|{$}Ö �)Ô , ÔE2×/L"±¸v¸v"�Ó��3� . Conceptually,
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# B serves as an “observation” element,and its correspondingindex storesthe dataas observed

from position #%B . We call the areabetweensubsequent“observation” elements,a subterrain. A

given one dimensionalMOR query will be forwardedto the index(es) that minimize « . Since

all 2-dimensionalapproximatequerieshave the samerectangleside( 6~ z|{$} ,
6~ z���� ) (Figure3.4) the

rectanglerangesearchis equivalentto asimplerangesearchon the � coordinateaxis.Thuseachof

the Ó “observation” indicescansimplybeaB+-tree[Com79].

To processageneralqueryinterval � #L6MIZ"$#O:$I�+ weconsidertwo casesdependingonwhether

thequeryinterval coversasubterrain:

(i) #O:$I��§#L6MI(D x z|{$}Ö : thenit canbeeasilyshown thatarea« is boundedby:

«½D �
�
b ���;���
�§���<B� 
� ��B� �]� ���&� f

: b #%�����
Ó f (3.2)

Thequeryis processedat theindex thatminimizes ¼ # :$I ��# u ¼±'µ¼ # 6MI �§# u ¼ .
(ii) #O:$I<�Q#L6MI7. x z|{$}Ö : thequeryinterval containsoneor moresubterrains,which implies

thatif aqueryis executedatasingleobservationindex, area« becomeslarge.Tobound« weindex

eachsubterrain,too. Eachof the Ó subterrainindicesrecordsthetimeinterval whenamoving object

wasin thesubterrain.Thenthequeryis decomposedinto a collectionof smallersubqueries:one

subquerypersubterrainfully containedby theoriginalqueryinterval, andonesubqueryfor eachof

theoriginalquery’sendpoints.Thesubqueriesattheendpointsfall to case(i) above,thusthey canbe

answeredwith bounded« usinganappropriate“observation” index. To index theintervals in each

subterrainwe could usean externalmemoryInterval tree[AV96] which will answera subterrain

queryoptimally (i.e., «Ø2Ù/ ). As a result, the original querycanbe answeredwith bounded« .

Thuswehave thefollowing lemma:

Lemma 2 TheonedimensionalMORquerycanbeanswered in time � b�ÃÚÄ%ÅÜÛ �]' b �Ý'F��ÞÚf ° ­ f ,
where � Þ is theapproximationerror, thatis thenumberof objectsthatweretrieveanddonotbelong

in theanswerof theoriginal query. Thespaceusedis � b Ó[�cf where Ó is a smallconstant,andthe

updateis � b Ó ÃvÄ%Å Û �cf .
Notethatassumingthatthepointsaredistributeduniformly over the � -axis,thentheapproximation
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erroris boundedby � ° Ó , eg. �WÞ¢2C� b � ° Ó±f .

3.3.6 Achieving Logarithmic Query Time

For many applications,therelative positionsof themoving objectsdo not changeoften.

Considerfor examplethe casewhereobjectsaremoving very slowly, or with approximatelythe

samevelocity. In this casethe lines in the time-spaceplanedo not crossuntil well forward in the

future.If werestrictourqueriesto occurbeforethefirst timethatapointovertakes(passes)another,

theoriginalproblemis equivalentto 1-dimensionalrangesearching.

This is oneof our motivationsto considera restrictedversionof the original problem,

namely, to index mobileobjectsin a boundedtime interval p in thefuture. As we have seen,there

exist lowerboundsfor theoriginalproblemthatshow thatwecannotachieve querytimebetterthan

� b ´ �ßf given linear space.However, usingthe above restriction,we achieve a logarithmicquery

time,with spacethatcanbequadraticin theworstcasebut is expectedto belinearin practice.

Formally, theproblemwe areconsideringin this sectionis thefollowing: givena setof

objectsthat aremoving on a line, anda time limit p , find all the objectsthat lie in the segment

� #Oàe"$# u + at time �HI (where�HáGD0��I�DA�Há<')p ). Equivalently, this is a standardonedimensionalMOR

querywhere�J6 Î 20�H: Î . Wewill call it anonedimensionalMOR1query.

Ourmethodis to find all thetimeswhenanobjectovertakesanother. Theseeventscorre-

spondto line segmentcrossesin thetime-spaceplane.Notethatbetweentwo consecutive crossing

eventstherelative orderingof theobjectson theplaneremainsthesame.

Firstweshow thefollowing lemma:

Lemma 3 If wehavetherelativeorderingof all theobjectsat time �HI , thepositionof theobjectsat

time � Ö thatcorrespondsto theclosestcrossingeventbefore ��I , andthespeedof theobjects,wecan

find theobjectsthatare in � #Oàe"$# u + in � b�ÃvÄ%Å : � '¦�§f time.

Proof: Assumethattheobjectsare ¶$â 6 "�â : "±¸±¸±¸�"�â|ãG¹ , whereâ B hasaposition # B at time � Ö and

a velocity � B . Without lossof generality, assumethat, at time � I , the relative orderof the objects
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from left to right is â 6 "�â : "±¸±¸±¸h"�â�ã .

Storetheobjectsin a binarytree,sortedby their original positions.Theroot of thetree,

point â¢B , is goingto beat position #%B|'A��B�����I at time ��I . Sincetheobjectsin thebinary treeare

storedby orderat thetime ��I , if #%B¯'¦��Bj�]��I�P0#Oà thenthis is alsotruefor all theobjectsto theleft

child of theroot, in whichcaseweeliminatetheleft child andrecurseon theright child. Otherwise

we recurseon theleft child of thetree.Thusin � b�ÃvÄ%Å : � f timewe canfind thepositionsof #Oà and

# u relative to theobjectsat time �HI , andwereporttheobjectsthatlie between.

Thefollowing lemmafindsall thecrossingsof pointsefficiently.

Lemma 4 We canfind all thecrossingsof objectsin time � b��3ÃvÄ%Å : � '^ä ÃvÄ%Å : ä3f , where ä is

thenumberof crossesin thetimeperiod � /L"Hp�+ .

Proof: Let ¶$â�6±"±¸±¸±¸h"�â ã ¹ betheorderingof the
�

objectsat time0. At time p , thepositionof

object Ô is #%Br')��B¾��p . To find theorderingof theobjectsat time p wehave to sorttheir positions.

Let ¶$â¢å �¥6   "±¸±¸±¸�"�â¢å � ã   ¹ betheorderingof thesame
�

objectsat time p . ThenobjectsÔ and æ cross

if andonly if � b æçf;PK� b Ô�f .
Keepthe objectsin a linked list, in the sameorder they wereat time ��2Í/ . Scanthe

sortedlist of objectsat time p . Findobjectâ å �¥6   in thelist. Thisobjectcrossesall theobjectsahead

of it in thelist. After reportingthesecrosses,weremoveit from thelist, andrepeatthisprocesswith

thenext point. This procedurereportsall thecrossingsin � b�� '^äUf time. After all thecrossings

arereportedwecanfind wheneachoccursandsortthemontheir timeattributes.

Theseä crossesdefine ä orderedlists of the
�

objects. Eachtwo consecutive lists

differ in exactly two positions,thepositionsthatcorrespondto theobjectsthatcross.Thetotalsum

of thedifferencesbetweenconsecutive lists is therefore� b äUf . In thenext lemmaweshow how we

canefficiently storeandsearchtheselists in externalmemory.

Lemma 5 We canstore the � b äUf ordered lists of
�

objectsin � b �]'AèWf blocks andperforma

search onanylist in � b�ÃÚÄ%ÅÜÛ�b �E')èWf$f I/O’s,where �W2 ã Û and èÝ2³é Û .
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Proof: Let ê b ��f bethelist of objectsat time � . Consider4�� = � 6 ,..., � é theorderedsequence

of the time instantswherecrossingsoccurduring the interval (0,p ). The problemof storingthe

ä orderedlists ê b �J6[f through ê b � é f canbe”visualized” asstoringthehistoryof a list ê b �$f that

evolvesover time, i.e., a partial persistenceproblem[DSS+86]. That is, list ê b �$f startsfrom an

initial stateê b /�f andthenevolvesthroughconsecutivestatesê b �&6Jf , ê b �H:hf ,..., ê b � é f , whereê b ��B É 6[f
is producedfrom ê b ��Bef by applyingthecrossingthatoccurredat ��B É 6 ( Ô =0,...,ä -1, and �Há =0).

A commoncharacteristicin the list evolution is thateachê b �$f hasexactly
�

positions,

namelypositions1 through
�

, whereposition æ storesthe æ��^�HË elementof ê b ��f . To performa

binarysearchona given ê b ��f wecouldimplementit usinga binarytreewith
�

nodes,whereeach

nodeis numberedby a position(theroot nodecorrespondsto themiddlepositionin thelist andso

on)andholdstheelementof ê b ��f at thatposition.Oneobvioussolutionto theproblemwouldbeto

storethebinarytreeof theoriginal list ê b /�f andthebinarytreeof eachê b ��Bªf for all ��B in 4Á� . Then,

a queryaboutlist ê b �$f is addressedby usingthebinarytreeof ê b ��Bªf , where��B is thelargestinstant

in 4Á� thatis lessor equalto � . While this achieves � b�ÃvÄ%Å : b�� 'Kä3f$f querytime, it uses� b ä � f
space.

To reducethespaceto � b�� 'NäUf wemusttakeadvantageof thefactthatsubsequentlists

do not differ much.A main-memorysolutionto this problemappearsin [Col86]. Herewe present

anefficient externalmemorysolution. In particular, we first embedthebinarytreestructureinside

a B-tree. This is easilydonesincethestructureof the list (andits correspondingbinarytree)does

notchangeover time. Considerfor exampletree
­ b /�f thatcorrespondsto theinitial list ê b /�f . Tree

­ b /�f uses� b �cf nodeswhereeachnodecanhold
­

entries.An entry is now a record: (position,

occupant,pointer, t), wherepositioncorrespondsto a position in the list, occupantcontainsthe

elementat thatposition,âÑëZÔª�,�$ì±í pointsto a child nodeand � correspondsto thetime this element

wasat thatposition,in thiscase� =0.

Conceptually, eachB-treenodeis permanentlyassigned
­

positionsandis responsible

for storingtheoccupantsof thesepositions.Considertheevolution of sucha node À throughtrees
­ b /�f ,­ b � 6 f ,­ b � : f ,...,­ b � é f . An obvious way to storethis evolution is to storea copy of À b /�f
anda ”log” of changesthathappenon theoccupantsof node À at later times. A changeis simply
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anotherrecordthat storesthe positionwherea changeoccurred,the new occupantand the time

of the change.To achieve fastaccessto À b �$f we do not allow the ”log” to get too large. Every

� b ­ f changes(in practicewhenthe log fills oneor two pages)we storea new, currentcopy of

À . If we considerthehistoryof node À independently, we canhave anauxiliary arraywith records

( ��Ôªè�ì , âÑëZÔª�,�$ì±í ) thatpoint to thevariouscopiesof nodeÀ . LocatingtheappropriatenodeÀ b �$f takes

� b�ÃÚÄ%ÅÜÛ èWf time (first find the recordin theauxiliary arraywith the largesttimestampthat is less

or equalto � andthenwe accessthe appropriatecopy of À andprobablya (constant)numberof

”log” pages).Thespaceremains� b �X'�èWf sinceeverynew nodecopy is amortizedover the � b ­ f
changesin the”log”.

While this solutionworksnicely for thehistoryof a givenB-treenode,it would leadto

� b�ÃÚÄ%Å Û �l� ÃÚÄ%Å Û èWf search(sincefinding theappropriateversionof achild node,whensearching

the B-tree,requires� b�ÃvÄ%Å Û èWf searchin the child node’s history). Insteadof usingthe auxiliary

arrayto index thecopiesof nodeÀ wepostsuchentriesaschangesin thehistoryof theparentnode

â . AssumethatnodeÀ is pointedto by therecordat position î in nodeâ . Whenanew copy of node

À is created,a new recordis addedon the ”log” of â thathasthesameposition î , but a pointerto

thenew copy of À andthecurrenttime. Sincenew nodecopiesareaddedafter � b ­ f changes,the

overall spaceremains� b �N'¦èWf . Thequerytime is reducedto � b�ÃÚÄ%ÅÜÛob �N')èWf$f sinceperforming

abinarysearchon list ê b ��f is equivalentto searchingapathof
­ b �$f ; locatingtherootof

­ b �$f takes

� b�ÃÚÄ%ÅÜÛ èWf (searchingthehistoryof theB-treeroot node)while all othernodesof
­ b �$f arefound

in � b�ÃvÄ%ÅLÛ �cf usingtheappropriateparentto child pointers.

Thefollowing theoremfollows from thepreviouslemmas:

Theorem 3 Given
�

objectsanda timelimit p , a onedimensionalMOR1querycanbeanswered

in time
ÃvÄ%Å Û b ��'FèWf usingspace� b ��'FèWf , where èï2 é Û and ä is thenumberof crossesof

objectsin thetimelimit p .

To solve the problemof answeringquerieswithin a time interval p into the future, we

staggertheconstructionof ourdatastructure.Thus,at time �Há weconstructadatastructurethatwill

answerqueriesin thetime interval � �Há�"$�Há;'F��p�+ , andat time ��ág'^Ôep we constructa datastructure

thatwill answerqueriesin thetime interval � ��án' b Ô,'?�hfMp7"$�Há<' b Ô�'K�OfMp�+
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Ourapproachworksfor any valueof p . If thetimelimit is settoo largehowever, all pairs

of objectsmaycross,in which casethesizeof thedatastructurewill bequadratic.It is therefore

importantto setthetimelimit appropriatelysothatonly approximatelya linearnumberof crossings

occur. Fortunately, in practiceit is often true that many objectsmove with approximatelyequal

speeds(oneexampleis carsonahighway) andthereforedonotcrossveryoften.

3.4 Indexing in two dimensions

In thissectionweconsidertheproblemof mobileobjectsin theplane.Againweconsider

only “moving” objects,namelyobjectswith a speedbetween� ��B� and � �;��� . We assumethat

objectsmove in the
b � "$#¯f planeinsidethefinite terrain � b /L" � �;��� f b /L"$# �;��� fM+ . Theinitial locationof

theobject ë B is
b � Bvð "$# Bvð f andits velocity is avector ñ�X2 b � � "$� x f .

We distinguishtwo importantcases.Thefirst considersobjectsmoving in theplanebut

their movementis restrictedon usinga givencollectionof routes(roads)on thefinite terrain.Due

to its restriction,we call this casethe 1.5-dimensionalproblem. Thereis a strongmotivation for

suchanenvironment;for theapplicationswe have in mind, objects(cars,airplanesetc.) move on

a network of specificroutes(highways,airways).In thesecondcasetheobjectsmove anywherein

theplane.

3.4.1 The 1.5-dimensionalproblem

The1.5-dimensionalproblemcanbe reducedto a numberof 1-dimensionalqueries.In

particular, weproposerepresentingeachpredefinedrouteasasequenceof connected(straight)line

segments. The positionsof theseline segmentson the terrainare indexed by a standardSAM.

(Maintainingthis SAM doesnot introducea large overheadsincefor mostpracticalapplications:

(a) the numberof routesis muchsmallerthan the numberof objectsmoving on them, (b) each

routecanbeapproximatedby asmallnumberof straightlines,and,(c) new routesareaddedrather

infrequently.) Indexing theobjectsmoving onagivenrouteis an1-dimensionalmodelandwill use

techniquesfrom theprevioussection.
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Given a two dimensionalMOR query, the above SAM identifiesthe intersectionof the

routeswith the query’s spatialpredicate(the rectangle� � 6MIh" � :$IJ+g�C� #L6MI�"$#O:$I�+ ). Sinceeachroute

is modeledas a sequenceof line segments,the intersectionof the route and the query’s spatial

predicateis alsoa setof line segments,possiblydisconnected.Eachsuchintersectioncorresponds

to thespatialpredicateof an1-dimensionalqueryfor thisroute.In thissettingweassumethatwhen

routesintersect,objectsremainin theroutepreviously traveled(otherwiseanupdateis issued).

3.4.2 The 2-dimensionalproblem

The full 2-dimensionalproblem(i.e., allowing objectsto move anywhereon the finite

terrain)is moredifficult. As with the 1-dimensionalcase,we discussdifferentrepresentationsof

theproblemandweproposemethodsto addressthetwo dimensionalMOR query.

In the space-timerepresentationthe trajectoriesof the mobile objectsare lines in the

space.Thelinescanbecomputedby themotioninformationof eachobject.Thetwo dimensional

MOR queryis expressedasa cubein the3-dimensional
b � "$#|"$�$f spaceandtheansweris thesetof

objectswith linesthatcrossthequerycube.
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Figure 3.5: Trajectories and query in
b � "$#|"$�$f plane.

Algorithmsthatareapplieddirectly to thetime-spacerepresentationdo not work well in

one-dimension,sotheperformanceis likely to beevenworsein two dimensions.Unfortunatelywe

cannotusedirectly thedual transformationsof theprevioussection,sincethesetransformsmapa

hyper-planein thespaceinto a point andvice-versa,whereherewe have lines. We point out that

theproblemswith lines in thespacearemuchharderthanlines in theplane. Thereasonis thata
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line in spacehas4 degreesof freedomandthereforetaking the dualwe jump to a 4-dimensional

space.To get the dualwe projectthe lineson the
b � "$�$f and

b #|"$�$f planesandthentake the duals

for the two lineson theseplanes.Thusnow a line canberepresentedby the4-dimensionalpoint
b ���L"����r"$� x "�� x f , wherethe ��� and � x aretheslopesof the lineson the

b � "$�$f and
b #Ñ"$��f planesand

the ��� and � x aretheinterceptsrespectively.

Thetwo dimensionalMOR queryis mappedto a simplex queryin thedualspace.This

queryis the intersectionof four 3-d hyper-planesandthe projectionof the queryto
b �[" � f andto

b �["$#rf planesarewedges,asin the1-dimensionalcase.Thuswe canusea 4-dimensionalpartition

tree(section3.4)andanswertheMOR queryin � b � á[ò óHô É ¡ 'K®¯f I/O’s. A simpleapproachto solve

the4-dimensionalproblemis to useanindex basedon the ®LÊm�§��íOìhì . An alternative approachis to

decomposethemotionof theobjectinto two independentmotions,onein thex-axisandtheother

in the y-axis. For eachaxis we canusethe methodsfor the 1-dimensionalcaseandanswertwo

1-dimensionalMOR queries. We must then take the intersectionof the two answersto find the

answerto theinitial query. Thismethodallows usto usethealgorithmsfor the1-dimensionalcase.
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Figure 3.6: Query Performance for

10% Queries.
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3.5 A PerformanceStudy

Wepresentresultsfor theonedimensionalMOR query, comparingourqueryapproxima-

tion approach,the ®LÊ -treemethodanda traditionalR-treebasedapproach.First we describethe

way experimentaldatais generated.At time �(2U/ we generatedthe initial locationsof
�

mobile

objectsuniformly distributedon theterrain � /L"t�±/%/%/Z+ . Wevaried
�

from �±/%/O® to õ�/%/O® . Thespeeds

weregenerateduniformly from ���<B� W2�/L¸Ú�tö to �����&�]2Ý��¸Òö%ö andthedirectionrandomlypositive

or negative.: Thenobjectsstartmoving. Whenan object reachesa bordersimply it changesits

direction. At eachtime instantwe choose��/%/ objectsrandomlyandwe randomlychangetheir

speedand/ordirection.Wegenerate�±/ differenttimeinstantsthatrepresentthetimeswhenqueries

areexecuted.At eachsuchtime instantwe execute200 randomqueries,wherethe lengthof the

# -rangeis chosenuniformly between/ and ÷V1
äRø(ù andthelengthof thetime rangebetween/
andpGú . Weactuallygeneratedtwo setsof queries.Onesetof largequerieswith ÷X1mä�ø(ùû23�tõ�/
and p
ú 2½ö�/ andonesetof smallquerieswith ÷X1mä�ø(ùü2³�±/ and pGú 2½��/ . Thefirst setof

querieshasaveragecardinalityalmost10%andthesecondonecloseto 1%. We run this scenario

usingaparticularaccessmethodfor ��/%/%/ time instants.

To verify that indexing mobile objectsas line segmentsis not efficient, we storedthe

trajectoriesin anR*-tree. We fixedthepagesizeto ýO/Oþ%ö bytes.To representa line segmentin an

R*-treeweusedfour 4-bytenumbers(thetwo endpoints)andonemorenumberasa pointerto the

realobject,resultingin a pagecapacityof
­ 2���/�ý . For theB+-treewe usedone4-bytenumber

to representthe � -coordinate,onenumberfor thespeedandanotheronefor thepointer, sothepage

capacitywas
­ 2³�Zý¯� . We index eachrecordusingonly the � -coordinatebut usingthespeedof

eachobjectwe can identify the objectsthat correspondto the real answerandreportonly these

objects.Thesamepagecapacityusedandfor the Ë ­XÌ -tree.However, eachË ­XÌ -treepagereserves

somespacefor internalstructuraldata. We considera simplebuffering schemefor the resultswe

presenthere. For eachtreewe buffer thepathfrom the root to a leaf node,thusthebuffer sizeis

only 3 or 4 pages.For thequerieswealwaysclearthebuffer poolbeforewerunaquery. An update

is performedwhenthemotioninformationof anobjectchanges.È
Notethat ÿ�� ��� miles/minis equalto

� ÿ miles/hourand
� � ��� miles/minis equalto

� ÿ[ÿ miles/hour.
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Figure 3.9: Update Performance.

In Figure3.6 we presentthe resultsfor the averagenumberof I/O’s per queryfor 10%

queriesand in figure 3.7 for 1% queries. The approximationmethodused Ól2 ýr"&ö and � B+-

trees.As anticipated,theline segmentsmethodwith R*-treeshastheworstperformance.Also, the

approximationmethodoutperformsthe Ë ­XÌ -treefor smallqueriesandit is slightly betterfor large

queries.

In Figures3.8,3.9we plot the spaceconsumptionandthe averagenumberof I/O’s per

updaterespectively. We did not reportthe updateperformancefor the R*-treemethodbecauseit

wasveryhigh(morethan90 I/O’sperupdate).Theupdateandspaceperformanceof the Ë ­ Ì -tree

is betterthantheothermethodssinceits objectsarestoredonly onceandbetterclusteredthanthe

R*-tree.Theupdateperformanceof the Ë ­ Ì -treeandtheapproximationapproachremainconstant

for differentnumberof mobileobjects.Thespaceof all methodsis linearto thenumberof objects.

The approximationapproachusesmorespacedueto the useof Ó observation indices. Thereis a

tradeoff betweenÓ andthequery/updateperformance.

3.6 RelatedWork in Indexing Continuously Moving Objects

Theproblemof indexing mobileobjectsis novel; we arenot awareof any otherrelated

work except [TUW98] wherea methodto index mobile objectsbasedon the PMR-quadtreeis

presented.However thisapproachhaslargespaceandupdateoverhead.



74

Mobility in a geographicsystemis addressedin [SY91] wherethe aim is to mapclose

pointsin spaceto adjacentdiskssothatcollisiondetectionqueriesareoptimized.

The issueof mobility andmaintenanceof a numberof configurationfunctionsamong

continuouslymoving objectshasbeenaddressedby Baschet al. in [BGH97]. Suchfunctions

arethe convex hull, the closestpair andthe minimum spanningtree. They proposea framework

to transforma staticdatastructureinto a kinetic datastructure(KDS) that maintainsan attribute

of interestfor a setof mobile objectsand they give a numberof criteria for the quality of such

structures.Thekey structureis aneventqueuethatcontainseventscorrespondingto timeswhere

thevalueof theconfigurationfunction(may)change.Thiseventqueueis theinterfacebetweenthe

datastructureandthe mobileobjects.All thesestructuresaremainmemorydatastructures.The

major resultsof this chapterarepresentedin [KGT99]. More recently, therearetwo otherworks

thatfollow theideaspresentedhereto index moving objects.In [SJL+00] a structurebasedon the

R-Treeis presentedfor indexing objectsmoving in two andthreedimensions.The basicideais

to parameterizetheindex structureusingthevelocity vectorsof themoving objects.Thus,instead

of MBRs, eachnodein the treestores“moving” MBRs andgiven a query, thestateof the treeis

computedon line by projectingthe MBRs at the specifiedtime instantin the future. In another

work [AAE00], methodsto index two dimensionalmoving objectsarepresented.They useexternal

memorypartition treesandkinetic rangetreesto answerrangeandnearestneighborquerieswith

goodworst-casequeryperformance.

3.7 Summary

Indexing mobileobjectsis aproblemmotivatedby reallife applications.Westudytheone

andtwo dimensionalversionsof the problem. For the onedimensionalcase,we give a dynamic,

external memoryalgorithm with guaranteedworst caseperformanceand linear space. We also

give a practicalapproximationalgorithmalsoin thedynamic,externalmemorysetting,which has

linear spaceandexpectedlogarithmicquerytime. Finally we give an algorithmwith guaranteed

logarithmicquerytime for a restrictedversionof theproblem.We alsoextendsomeof our results

into two dimensions.First we considerthe casewhereobjectsmove in 2–dimensionalnetworks
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of 1–dimensionalroutes.In this casewe caneffectively applyour 1–dimensionalalgorithms.We

alsoconsiderobjectsthat move on a plane,andwe discussextensionsof our techniquesto two

dimensions.
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Chapter 4

Temporal Hashing in Temporal and

SpatiotemporalDatabases

4.1 Intr oduction

In this chapterwe discussthe problemof answeringmembershipqueriesin a temporal

or spatiotemporalenvironment.Conventionalmembershipqueriesover a setof objectshave been

addressedthroughhashing.Hashingcanbeappliedeitherasamainmemoryscheme(all datafits in

main-memory[DKM+88, FNS+92])or in databasesystems(wheredatais storedon disk [Lit80]).

Its latterform is calledexternalhashing[EN94,R97]. For everyobjectin theset,ahashingfunction

computesthebucket wheretheobjectis stored.Eachbucket hasinitially thesizeof apage.Ideally,

eachdistinctoid shouldbemappedto a separatebucket, however this is unrealisticastheuniverse

of oids is usuallymuchlarger thanthe numberof bucketsallocatedby the hashingscheme.If a

bucket cannotaccommodatetheoidsmappedto it in thespaceassignedto thebucket, anoverflow

occurs. Overflows aredealtin variousways,including rehashing(whereanotherbucket is found

usinganotherhashingscheme)and/orchaining(createachainof pagesundertheoverflown bucket).

If no overflows arepresent,finding whethera given oid is in the set is trivial: simply

computethehashingfunctionfor thequeriedoid andvisit theappropriatebucket. If theobjectis in
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thesetit shouldbein thatbucket. Hence,if thehashingschemeis perfect,membershipqueriesare

answeredin � b �hf steps(justoneI/O to accessthepageof thebucket). Overflowshowever compli-

catethesituation.If datais not known in advance,theworstcasequeryperformanceof hashingis

large. It is linear in thesizeof thesetsinceall oidscouldbemappedto thesamebucket if a bad

hashingschemeis used.Nevertheless,practicehasshown that in theabsenceof pathologicaldata,

goodhashingschemeswith few overflows andconstantaveragecasequeryperformance(usually

eachbucket hassizeof oneor two pages)exist.

Statichashingrefersto schemesthat usea predefinedcollectionof buckets. This is in-

efficient if thesetof objectsis allowed to change(by addingor deletingobjectsfrom it). Instead,

a dynamichashingschemehasthepropertyof allocatingspaceproportionalto thesizeof theset.

Variousexternaldynamichashingschemes[Lar78, FNP+79,ED88] have beenproposed,among

which linearhashing[Lit80] appearsto bethemostcommonlyused.

Even if thesetevolves,traditionaldynamichashingis ephemeral,i.e., it answersmem-

bershipquerieson themostcurrentstateof theset. Theproblemwe discusshereis moregeneral.

We assumethatchangesof setS aretimestampedby thetime instantwhenthey occurred.We are

interestedin answeringmembershipqueriesfor any statethatsetS exhibited. Let S(t) denotethe

state(collectionof objects)setS hadat time t. Thenthemembershipqueryhasa temporalpredi-

cateasin: ”givenoid k andtime t find whetherk wasin S(t)”. We termthis problemasTemporal

Hashingandthenew queryastemporalmembershipquery.

Assumethat for every time t whenS(t) changes(by adding/deletingobjects)we could

have agoodephemeraldynamichashingschemeh(t) thatmapsefficiently (with few overflows) the

oids in S(t) into a collectionof bucketsb(t). Onestraightforward solutionto thetemporalhashing

problemwould beto separatelystoreeachcollectionof bucketsb(t) for eacht. Answeringa tem-

poralmembershipqueryfor oid k andtime t requiresfirst applyingh(t) onk andthenaccessingthe

appropriatebucket of b(t). This would provide anexcellentqueryperformance(asit useshashing

schemeh(t) for eacht), but thespacerequirementsareprohibitively large. If n denotesthenumber

of changesin S’sevolution,flashingeachb(t) on thediskcouldeasilycreate� b � : f space.

Insteadwe proposea solutionthathassimilar queryperformanceasabove (with a small
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overhead)but usesspacelinearin � . We call our solutionpartially persistenthashingasit reduces

theoriginalprobleminto acollectionof partiallypersistentsub-problems.Weapplytwo approaches

for solvingthesesub-problems.Thefirst approach”sees”eachsub-problemasanevolving subset

of setSandis basedontheSnapshotIndex [TK95]. Thesecondapproach”sees”eachsub-problem

asanevolving sublist. In bothcases,thepartiallypersistenthashingscheme”observes” andstores

theevolutionof theephemeralhashingh(t).

We comparepartially persistenthashingwith threeotherapproaches.Thefirst oneuses

a traditionaldynamichashingschemeto map all oids ever createdduring the evolution of S(t).

This solutiondoesnot distinguishamongthe many copiesof the sameoid k that may have been

createdastime proceeds.A givenoid k canbeaddedanddeletedto/from S many times,creating

copiesof k eachassociatedwith a different,disjoint time interval. Becauseall suchcopieswill

be hashedon the samebucket, bucket reorganizationswill not solve the problem(this wasalso

observed in [AS]). Large bucket sizeswill eventuallydeteriorateperformanceespeciallyas the

numberof copiesincreases.The secondapproachassumesthat a B+ tree is usedto index each

S(t) andmakesthis B+treepartially persistent[BGO+96,VV97, LS89]. The third approachsees

eachoid-interval combinationasa multidimensionalobjectandusesanR*-treefor storingit. Our

experimentsshow that the partially persistenthashingoutperformsthe otherthreecompetitorsin

membershipqueryperformancewhile having aminimalspaceoverhead.

Therestof thechapteris organizedasfollows: section4.2describesthebasicsof Linear

Hashing.Thedescriptionof partiallypersistentlinearhashingappearsin section4.3. Performance

comparisonsarepresentedin section4.4,while conclusionsappearin section4.4.3.

4.2 Background

In chapter1 we discussedtheSnapshotindex andwe describedhow this methodcanbe

usedto answerthepure-snaphsotqueryefficiently. Next wepresentthebasicsfor LinearHashing.
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4.2.1 Linear Hashing

LinearHashing(LH) is adynamichashingschemethatadjustsgracefullyto objectinser-

tionsanddeletions.Theschemeusesa collectionof bucketsthatgrows or shrinksonebucket at a

time. Overflowsarehandledby creatingachainof pagesundertheoverflowedbucket. Thehashing

functionchangesdynamicallyandat any giveninstantatmosttwo hashingfunctionsareused.

Morespecifically, letU betheuniverseof oidsand Ë¢á
	����µ.C¶h/L"±¸v¸v¸v"�äy�X�Z¹ betheinitial

hashingfunctionthatis usedto loadsetS into M buckets(for example: Ë¯á b ëZÔMÊLf�25ëZÔMÊ�è*ëZÊ�ä ).

Assumethatanemptypageis initially assignedto eachbucket. Insertionsanddeletionsof oidsare

performedusing Ë¯á until abucket overflow happens.Whenthefirst overflow occurs(it canoccurin

any bucket), thefirst bucket in theLH file, bucket0, is split (rehashed)into two buckets:theoriginal

bucket 0 anda new bucket M, which is attachedat the endof the LH file. A new emptypageis

alsoaddedin theoverflown bucket to accommodatetheoverflow. Theoidsoriginally mappedinto

bucket 0 (usingfunction Ë¢á ) arenow distributed betweenbuckets 0 andM usinga new hashing

function Ë�6 b ëZÔMÊÜf . Thenext bucket overflow triggersa new split thatwill attacha new bucket M+1

andthe contentsof bucket 1 will be distributedusing Ë�6 betweenbuckets1 andM+1. A crucial

propertyof Ë�6 is thatany oids thatwereoriginally mappedby Ë¯á to bucket j shouldberemapped

eitherto bucket j or bucket j+M. Thisis anecessarypropertyfor linearhashingto work. An example

of suchhashingfunctionis: Ë�6 b ëZÔMÊÜf�2?ëZÔMÊ�è*ëZÊ3��ä .

Furtherbucket overflows will causeadditionalbucket splits in a linear bucket-number

order. A variablep indicateswhich is the bucket to be split next. Conceptuallythe valueof p

denoteswhich of thetwo hashingfunctionsthatmaybeenabledat any giventime,appliesto what

buckets. Initially p=0, which meansthatonly onehashingfunction( Ë¢á ) is usedandappliesto all

buckets in the LH file. After the first overflow in the above example,p=1 and Ë�6 is introduced.

Supposethatanobjectwith oid k is insertedafter thesecondoverflow (i.e., whenp=2). First the

olderhashingfunction( Ë¯á ) is appliedon k. If thenthebucket Ë¯á b ®¯f hasnot beensplit yet thenk

is storedin thatbucket. Otherwisethebucket providedby Ë¢á hasalreadybeensplit andthenewer

hashingfunction( Ë,6 ) is used;oid k is storedin bucket Ë,6 b ®¯f . Searchingfor anoid is similar, that

is, bothhashingfunctionsmaybeinvolved.
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After enoughoverflows, all original M buckets will be split. This marks the end of

splitting- round0. During round0, p went subsequentlyfrom bucket 0 to bucket M-1. At the

endof round0 theLH file hasa totalof 2M buckets.Hashingfunction Ë¢á is no longerneededasall

2M bucketscanbeaddressedby hashingfunction Ë,6 (note: Ë�6
	����µ.µ¶h/L"±¸v¸v¸v"&��ä �A�Z¹ ). Variable

p is resetto 0 andanew round,namelysplitting-round1, is started.Thenext overflow (in any of the

2M buckets)will introducehashingfunction Ë¯: b ëZÔMÊLfg2µëZÔMÊ è*ëZÊY� : ä . This roundwill lastuntil

bucket 2M-1 is split. In general,roundi startswith p = 0, buckets ¶h/L"±¸v¸v¸v"&� B ä �µ�Z¹ andhashing

functionsË¯B b ëZÔMÊLf and Ë¯B É 6 b ë�Ô�ÊÜf . Theroundendswhenall � B ä bucketsaresplit. For ourpurposes

we use Ë¯B b ëZÔMÊLf�2 ëZÔMÊÕè*ëZÊ � B ä . FunctionsË�� , æ§2Ø��"±¸v¸v¸v" arecalledsplit functionsof Ë¢á . A

split function Ë�� hasthe properties:(i) Ë���	����Ù.Ù¶h/L"±¸v¸v¸v"&� � ä �5�Z¹ and(ii) for any oid, either

Ë�� b ëZÔMÊÜf�2CË��t�,6 b ë�Ô�ÊÜf or Ë�� b ëZÔMÊLf<2CË��±�,6 b ëZÔMÊÜfß'^� �±�,6 ä .

At any giventime,thelinearhashingschemeis completelyidentifiedby theroundnumber

andvariablep. Givenroundi andvariablep, searchingfor oid k is performedusing ËrB if Ë¯B b ®¯fg@�â ;

otherwiseË¯B É 6 is used.During roundi thevalueof p is increasedby oneat eachoverflow; when

â�2C� B ä thenext round Ô|'?� startsandp is resetto 0.

A split performedwheneverabucketoverflow occursis anuncontrolledsplit. Let î denote

theLH file’s loadfactor, i.e., î�2½¼���¼ °Lb ­ ¼ �%¼�f where ¼���¼ is thecurrentsizeof setSand ¼ �%¼ thecurrent

numberof bucketsin theLH file. Theloadfactorachievedby uncontrolledsplitsis usuallybetween

50-70%,dependingonthepagesizeandtheoid distribution. In practice,ahigherstorageutilization

is achievedif asplit is triggerednotby anoverflow, but whentheloadfactor î becomesgreaterthan

someupperthresholdg. This is calleda controlledsplit andcantypically achieve 95%utilization.

(Notethat thesplit is now independentof bucket overflows. Othercontrolledschemesexist where

a split is delayeduntil boththethresholdconditionholdsandanoverflow occurs).Deletionsin set

Swill causetheLH file to shrink.Bucketsthathave beensplit canberecombinedif theloadfactor

falls below somelower thresholdf. Thentwo bucketsaremergedtogether;this operationis the

reverseof splitting andoccursin reverselinearorder. Practicalvaluesfor f andg are0.7 and0.9,

respectively. In ourexperimentsandanalysisweusethecontrolledversionof linearhashing.
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4.3 Partially PersistentLinear Hashing

Wewill applythepartiallypersistentmethodologytoanephemerallinearhashingscheme.

Wefirst describetheevolving-setapproachwhich is basedon theSnapshotIndex; theevolving-list

approachwill follow.

4.3.1 The Evolving-SetApproach

Usingpartialpersistence,thetemporalhashingproblemwill bereducedinto anumberof

sub-problemsfor which efficient solutionsareknown. Assumethat anephemerallinear hashing

scheme(asthe onedescribedin the previous section)is usedto mapthe objectsof S(t). As S(t)

evolveswith timethehashingschemeis afunctionof time,too. Let LH(t) denotethelinearhashing

file asit is at time t. Therearetwo basictime-dependentparametersthat identify LH(t) for each

t, namelyi(t) andp(t). Parameteri(t) is the roundnumberat time t. The valueof parameterp(t)

identifiesthenext bucket to besplit.

An interestingpropertyof linear hashingis that buckets are reused;when round i+1

startsit hasdoublethe numberof buckets of round i but the first half of the bucket sequenceis

the samesincenew bucketsareappendedin the endof the file. Let � å � å � à denotethe longestse-

quenceof bucketsever usedduringtheevolution of S(t) andassumethat � å � å � à consistsof buckets:

/L"t��"&�Ü"±¸v¸v¸v"&� I äï�§� . Theaboveobservationimpliesthatfor all t, b(t) (thecollectionof bucketsused

at time t) is aprefixof � å � å � à . In addition Ô b �$fgD��Ü"���� .
Considerbucket ��� from thesequence� å � å � à andobserve thecollectionof objectsthatare

storedin this bucket astime proceeds.Thestateof bucket ��� at time t, namely ��� b ��f , is thesetof

oidsstoredin this bucket at t. Let ¼ ��� b ��f±¼ denotethenumberof oids in ��� b ��f . If all states��� b ��f can

somehow bereconstructedfor eachbucket ��� , answeringa temporalmembershipqueryfor oid k at

time t canbeansweredin two steps:

(1) find whichbucket ��� , oid k wouldhave beenmappedby thehashingschemeat t, and,

(2) searchthroughthecontentsof ��� b ��f until k is found.
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The first steprequiresidentifying the hashingschemeusedat t. The evolution of the

hashingschemeLH(t) is easilymaintainedif a recordof theform P��J"$Ô b ��fJ"�â b ��f
. is appendedto

anarrayH, for thoseinstantst wherethevaluesof i(t) and/orp(t) change.Givenany t, thehashing

functionusedatt is identifiedby simplylocatingt insidethetime-orderedH in alogarithmicsearch.

The secondstepimplies accessing��� b �$f . The obvious way would storeeach ��� b ��f , for

thosetimesthat ��� b �$f changed.As explainedearlier this would easilycreatequadraticspacere-

quirements.Theupdatingperchangewouldalsosuffer sincetheI/O requiredfor storingthecurrent

stateof ��� wouldbeproportionalto thebucket’s currentsize,namely � b ¼ ��� b ��f±¼ ° ­ f .
By observingtheevolutionof bucket ��� wenotethatits statechangesasanevolvingsetby

adding/deletingoids.Eachsuchchangecanbetimestampedwith thetime it occurred.At timesthe

ephemerallinearhashingschememayapplyarehashingprocedurethatremapsthecurrentcontents

of bucket ��� to bucket ��� andsomenew bucket � u . Assumethatsuchrehashingoccurredat time t’

andits resultis amoveof v oidsfrom ��� to � u . For theevolutionof ��� ( � u ), this rehashingis viewed

asa deletion(respectively addition)of thev oidsat time t’ , i.e., all suchdeletions(additions)are

timestampedwith thesametime t’ for thecorrespondingobject’s evolution.

Figure4.1 shows anexampleof theephemeralhashingschemeat two differenttime in-

stants.For simplicity M = 5 andB = 2. Figure4.2shows thecorrespondingevolution of setS and

theevolutionsof variousbuckets. Herewe assumedcontrolledsplitting with anupperthresholdg

= 0.9. At time t = 21 theadditionof oid 8 triggersa split since ¼��7¼Ñ2 �±/ oidsand ä 2 õ , î�.��
(at thesametimeoid 8 causesanoverflow onbucket 3). Thusthecontentsof bucket 0 arerehashed

betweenbucket 0 andbucket 5. As a resultoid 15 is movedto bucket 5. For bucket’s 0 evolution

this changeis consideredasa deletionat t = 21 but for bucket 5 it is anadditionof oid 15 at the

samet = 21.

If ��� (t) is available,searchingthroughits contentsfor oidk is performedbyalinearsearch.

Thisprocessis lowerboundedby � b ¼ ��� b ��f±¼ ° ­ f I/O’ssincethesemany pagesareat leastneededfor

storing ��� (t). (This is similar with traditionalhashingwherea queryaboutsomeoid is translated

into searchingthepagesof a bucket; this searchis alsolinearandcontinuesuntil theoid is found

or all thebucket’s pagesaresearched.)Whatis thereforeneededis a methodwhich for any givent
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i=0, p=1;  h  (oid) = oid mod  5, h  (oid) = oid mod  10, t = 210 1
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(b)

Figure 4.1: Two instants in the evolution of an ephemeral hashing scheme. (a) Until time t

= 20, no split has occurred and p = 0. (b) At t = 21, oid 8 is mapped to bucket 3 and causes

a controlled split. Bucket 0 is rehashed using Ë 6 and p = 1.

canreconstruct� � (t) with effort proportionalto ¼ � � b�� f±¼ ° ­ I/O’s. Sinceevery bucket � � behaveslike

a setevolving over time, theSnapshotIndex [TK95] canbeusedto storetheevolution of each� �
andreconstructany � � (t) with therequiredefficiency.

We can thus concludethat given an evolving set S, partially persistentlinear hashing

answersa temporalmembershipquery aboutoid k at time t, with almost the samequery time

efficiency (plusa smalloverhead)asif a separateephemeralhashingschemeexistedon eachS(t).

A goodephemeralhashingschemefor S(t) would requireanexpected� b �hf I/O’s for answeringa

membershipquery. Thismeansthaton averageeachbucket ��� b�� f usedfor S(t) wouldbeof limited

size,or equivalently, ¼ ��� b�� f±¼ ° ­ correspondsto just a few pages(in practiceoneor two pages).In

perspective, partially persistentlinear hashingwill reconstruct��� b�� f in � b ¼ ��� b�� f±¼ ° ­ f I/O’s, which

from theabove is expected� b �hf .
Thesmalloverheadincurredby partiallypersistentlinearhashingis becauseit storesthe

wholehistoryof S’s evolution andnot just a singlestateS(t). Array H storesanentryevery time
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a split occurs.Evenif all changesarenew oid additions,thenumberof splits is upperboundedby

� b � ° ­ f . HencearrayH indexesat most � b � ° ­ : f pagesandsearchingH takes � b î�ë�� Û b � ° ­ : f$f
I/O’s.

Having identifiedthehashingfunctiontheappropriatebucket ��� is pinpointed.Thentime

t mustbesearchedin thetime-treeassociatedwith thisbucket. Theoverheadimpliedby thissearch

is boundedby � b î�ë�� Û b ��� ° ­ f$f where��� correspondsto thenumberof changesrecordedin bucket

��� ’s history. In practice,we expectthat then changesin S’s evolution will beconcentratedon the

first few in the � å! �å � à bucket sequence,simply becausea prefix of this sequenceis alwaysused.If

we assumethatmostof S’s historyis recordedin thefirst � B ä buckets(for somei), ��� behavesas

� b � °Lb � B äUf$f andthereforesearching��� ’s time-treeis ratherfast.

A logarithmicoverheadthat is proportionalto the numberof changesn, is a common

characteristicin querytimeof all temporalindicesthatusepartialpersistence.TheMultiVersionB-

Tree(MVBT) proposedby Beckeretal. (or theMultiVersionAccessStructureproposedby Verman

andVarma)will answera temporalmembershipqueryaboutoid k on time t, in � b îÏë�� Û b � ° ­ f$f
I/O’s. WenotethatMVBT’ s logarithmicboundcontainstwo searches.First, theappropriateB-tree

that indexesS(t) is found. This is a fastsearchandis similar to identifying the hashingfunction

andwhich bucket to searchin partially persistentlinearhashing.Thesecondlogarithmicsearchin

MVBT is for finding k in the treethat indexesS(t) andis logarithmicon the sizeof S(t). Instead

partiallypersistentlinearhashingfindsoid k in expected� b �hf I/O’s.

Updateand SpaceAnalysis

Hereweshow thatthepartiallypersistentlinearhashingschemeuses� b � ° ­ f space.An

� b �hf amortizedexpectedupdateprocessingperchangecanthenbederived. For thespaceanalysis

we assumethat the correspondingephemerallinear hashingschemeLH(t) startswith M initial

buckets,usescontrolledsplitsandhasupperthresholdg. Assumefor simplicity thatsetS evolves

by only addingoids (oid additionscreatenew recordsandhencemorecopying; deletionsdo not

createsplits).

ClearlyarrayH satisfiesthe spacebound. Next we show that the spaceusedby bucket
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historiesis alsoboundedby � b � ° ­ f . Sincefor partiallypersistentlinearhashing,eachsplit creates

artificial changes(the oidsmoved to a new bucket aredeletedfrom the previous bucket andsub-

sequentlyaddedto a new bucket asnew records),it mustbeshown that thenumberof oid moves

(copies)dueto splitsis still boundedby thenumberof realchangesn. Wewill first usetwo lemmas

thatupperandlowerboundsuchoid movesduringthefirst roundof splits.

Lemma 6 For anyN in �*D � D ä , N splitsoccurafter at least
b ä ' � �µ�hf ­ � real object

additionshappen.

Proof: JustbeforetheN-th split we have exactly M+N-1 bucketsandhencethe load is îo2
¼���¼ °Lb ­ b ä ' � ���hf$f . By definition, for the next controlledsplit to occurwe musthave îm."� ,
which impliesthat ¼���¼Ü. b ä ' � �A�hf ­ � .

Lemma 7 For anyN in �mD � DFä , N splitscancreateat most
b ä ' � �K�hf ­ '?� oid copies.

Proof: Assumethat all bucketsareinitially empty. Observe that the numberof oid copies

madeduringa singleroundis at mostequalto thenumberof realobjectadditions.This is because

during one roundan oid is rehashedat most once. The numberof real additionsbeforea split

increaseswith g (lower g triggersa split earlier, i.e.,with lessoids). Hencethemostrealadditions

occurwheng = 1. TheN-th controlledsplit is thentriggeredwhentheloadexceeds1. Sincethere

arealreadyM+N-1 buckets,thishappensat the
b$b ä ' � �A�hf ­ '?�hf -th objectaddition.

Thebasictheoremaboutspaceandupdatingfollows.

Theorem 4 Partially PersistentLinearHashingusesspaceproportionalto thetotal numberof real

changesandupdatingthat is amortizedexpected� b �hf perchange.

Proof: As splitsoccur, linearhashingproceedsin rounds.In thefirst roundvariablep starts

from bucket 0 andin theendof theroundit reachesbucket M-1. At thatpoint2M bucketsareused

andall copies(remappings)from oids of the first roundhave beencreated.SinceM splits have

occurred,lemma7 implies that theremusthave beenat most(2M-1)B+1 oid moves(copies).By

construction,thesecopiesareplacedin thelastM buckets.
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For the next round,variablep will againstart from bucket 0 andwill extendto bucket

2M-1. Whenp reachesbucket 2M-1, therehave been2M new splits. Thesenew splits imply that

theremusthavebeenatmost(4M-1)B+1copiescreatedfrom theseadditions.Thecopiedoidsfrom

thefirst roundareseenin thesecondroundasregularoid additions.At mosteachsuchoid canbe

copiedoncemoreduringthesecondround(theoriginaloidsfrom which thesecopieswerecreated

in the first round,cannotbe copiedagainin the secondroundas they representdeletedrecords

in their correspondingbuckets). Hencethe maximumnumberof copiesafter thesecondroundis
b$b ��ä ���hf ­ 'k��' b ýOäï�Q�hf ­ 'k�hf . Thetotalnumberof copies4 å! �å � à createdin Ô roundssatisfies:

4 å! �å � àcDC¶ b ��ä �A�hf ­ '0�Z¹�'A¶ b ��ä �A�hf ­ '?��' b ýOä �A�hf ­ '0�Z¹�'F¸v¸v¸

whereeach¶%¹ representscopiesperround.Usingthat ä @�� and
­ .5� weget:

4 å! �å � àcDF��ä ­ '0¶týOä ­ '^��ä ­ ¹g'F¸v¸v¸¯DAä ­$#
B%
&(' á

&%
� ' á �

�*) 2

ä ­$# � b � B É 6 �A�hf9� b Ô,'?�hf ) PA� B É : ä ­

Lemma6 impliesthatafterthefirst roundwehaveat least
b ��äØ�*�hf ­ � realoid additions.

At theendof thesecondroundthetotal numberof oid additionsis at least
b ýOäÕ�0�hf ­ � . However

b ��äY���hf ­ � of thesewereinsertedandcountedfor thefirst round.Thusthesecondroundintroduces

atleast��ä ­ � new additions.Similarly, thethird roundintroducesatleastýOä ­ � new oidadditions

andsoon. Thetotal numberof realoid additionsø å! �å � à afterall rounds,is lower boundedby:

ø å! �å � àc@ # ¶ b ��ä �A�hf ­ �¯¹g'0¶���ä ­ �¯¹�'F¶týOä ­ �¯¹�'0¸v¸v¸ ) @ # ä ­ �G'^��ä ­ �
')ýOä ­ �
'0¸v¸v¸ )

Hencefor Ô rounds:

ø å! �å � àc@Kä ­ �
B%
&+' á �

& 2 b � B É 6 �A�hf�ä ­ �N@F� B ä ­ �

Fromtheaboveequationsit canbederivedthatthereexistsapositiveconstantÓ�ëZ�ßÀ � such

that 4 å! �å � à ° ø å! �å � à9P0Ó[ëZ�ßÀ � . Sinceø å! �å � à is boundedby thetotal numberof changesn, wehave that
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4 å! �å � àG2 � b �cf . For proving that partially persistentlinear hashinghasO(1) expectedamortized

updatingperchange,wenotethatwhena realchangeoccursit is directedto theappropriatebucket

wherethestructuresof theSnapshotIndex areupdatedin O(1)expectedtime. Rehashingsmustbe

carefullyexamined.This is becausea rehashingof a bucket is causedby a singlerealoid addition

(theonethatcreatedthesplit) but it resultsin a”bunch”of copiesmadeto anew bucket(atworsethe

wholecurrentcontentsof therehashedbucketaresentto thenew bucket). However, usingthespace

boundany sequenceof n realchangescanat mostcreate� b �cf copies(extra work) or equivalently

O(1)amortizedeffort perrealchange.

Optimization Issues

Optimizingtheperformanceof partiallypersistentlinearhashinginvolvestheloadfactor

î of theephemeralLinearHashingandtheusefulnessparameter, of theSnapshotIndex. Theload î
liesbetweenthresholdsf andg. Notethat î is anaverageover timeof î b�� f<2 ¼�� b�� f±¼ ° ­ ¼ � b�� f±¼ , where

¼�� b�� f±¼ and ¼ � b�� f±¼ denotethesizeof theevolving setS andthenumberof bucketsusedat t. A good

ephemerallinear hashingschemewill try to equallydistribute the oidsamongbuckets for eacht.

Henceonaveragethesize(in oids)of eachbucket ��� (t) will satisfy: ¼ ��� b�� f±¼.-½¼�� b�� f±¼ ° ¼ � b�� f±¼ .
Oneof theadvantagesof theSnapshotIndex is theability to tuneits performancethrough

usefulnessparameter, . Theindex will distribute theoidsof each� � (t) amonga numberof useful

pages.Sinceeachusefulpage(excepttheacceptorpage)containsat least, ­ aliveoids,theoidsin

� � (t) will beoccupying at most ¼ � � b�� f±¼ ° , ­ pages,which is actually î b�� f ° , . Ideally, we would like

theanswerto asnapshotqueryto becontainedin asinglepage.Thenagoodoptimizationchoiceis

to maintain: î ° ,WP5� . Conceptually, theload î givesameasureof thesizeof abucket (”alive” oids)

at eachtime. Thesealive oidsarestoredinto thedatapagesof theSnapshotIndex. Recallthatan

artificial copy happensif thenumberof alive oidsin a datapagefalls below , ­ . At thatpoint the

remaining, ­ �l� aliveoidsof thispagearecopiedto anew page.By keepingî below , weexpect

that thealive oidsof thesplit pagewill becopiedin a singlepagewhich minimizesthenumberof

I/O’s neededfor finding them.

On the otherhand,the usefulnessparameter, affects the spaceusedby the Snapshot
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Index andin returntheoverall spaceof thepersistenthashingscheme.As mentionedin previous

section,highervaluesof , imply frequenttime splits, i.e., morepagecopiesandthusmorespace.

Henceit would beadvantageousto keep , low but this impliesanevenlower î . In return,lower î
would meanthatthebucketsof theephemeralhashingarenot fully utilized. This is becauselow î
causessetS(t) to bedistributedinto morebucketsnotall of whichmaybefully occupied.

At first this requirementseemscontradictory. However, for thepurposesof partiallyper-

sistentlinearhashing,having low î is still acceptable.Recallthatthelow î appliesto theephemeral

hashingschemewhosehistory the partially persistenthashingobserves and accumulates.Even

thoughat singletime instantsthe ��� b�� f ’s maynot be fully utilized, over thewhole time evolution

many objectoidsaremappedto thesamebucket. Whatcountsfor thepartiallypersistentschemeis

thetotal numberof changesaccumulatedperbucket. Becauseof bucket reuse,a bucket will gather

many changescreatinga largehistoryfor thebucket andthusjustifying its usein thepartiallyper-

sistentscheme.Our findingsregardingoptimizationwill be verified throughthe experimentation

resultsthatappearin thenext section.

4.3.2 The Evolving-List Approach

Theelementsof bucket � � b�� f canalsobeviewedasanevolving list îe� � b�� f of alive oids.

Suchan observation is consistentwith the way buckets aresearchedin ephemeralhashing,i.e.,

linearly, asif abucket’s contentsbelongto a list. Accessingthebucket state� � b�� f is thenreducedto

reconstructingî�� � b�� f . Equivalently, theevolving list of oidsshouldbemadepartiallypersistent.

We notethat [VV97] presentsa notion of persistentlists calledthe C-lists. A C-list is

a list structuremadeup of a collection of pagesthat containtemporalversionsof datarecords

clusteredby oid. However, a C-list anda partially-persistent list solve differentproblems.(1) A

C-list addressesthequery:”givenanoid anda time interval, find all versionsof thisoid duringthis

interval”. Instead,a partially persistentlist findsall theoids that its ephemerallist hadat a given

time instant.(2) In a C-list thevarioustemporalversionsof anoid mustbeclusteredtogether. This

implies that oids arealsoorderedby key. In contrast,a persistentlist doesnot requireordering

its keys, simply becauseits ephemerallist is not ordered. (3) In a C-list updatesandqueriesare
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performedby first usingtheMVAS structure.Updating/queryingthepartiallypersistentlist always

startsfrom thetopof thelist andproceedsthrougha linearsearch.

For the evolving-list approach,a list pagehasnow two areas.The first areais usedfor

storingoid recordsandits sizeis
­ u (

­ u is � b ­ f ). Thesecondarea,of size
­ � ­ u (

­ � ­ u is

alsoO(B)), accommodatesanextrastructure(arrayNT) whichwill beexplainedshortly. Whenthe

first oid k is addedonbucket ��� at time t, a record PF®|"h� � "$��ë�¬
fg. is appendedin thefirst list page.

Additional oid insertionswill createrecordinsertionsin this page. Whenthe
­ u part of the first

pagegetsfull of records,anew pageis addedafterthispagein thelist andsoon.

Goodclusteringis achieved if eachpagein îe��� b�� f is a usefulpage.A pageis usefulif :

(i) it is full of recordsandcontainsat least , ­ u alive records
b /]P/,kD½�hf , or, (ii) it is thelast list

page.A non-usefulpageis takenoff list îe��� b�� f andits alive recordsarecopiedto thecurrentlastlist

page.If thelastpagein îe��� b�� f doesnothave enoughfreespace,anew lastpageis appended.

Reconstructing��� b�� f is equivalentto finding the pagesin îe��� b�� f . We will usetwo array

structures.Array 0Gp1� b�� f providesaccessto thefirst pagein the list for any time t. Entriesin 0Gp1�
have the form P � Ôªè�ìO"�â¢ÔMÊ?. wherepid is the addressof the first page. If the first pageof the

list changesat t, a new entry is appendedin 0Gp�� . This arraycanbe implementedasa multilevel

index sinceentriesareaddedin increasingtimeorder. Eachremainingpageof î���� b�� f is foundby the

secondstructure,which is anarrayof size
­ � ­ u , implementedinsideevery list page.Let

� p b ø
f
be the arrayinsidepageA. This arrayis maintainedfor aslong asthe pageis useful. Entriesin
� p b øGf arealsoof the form P � Ôªè�ì%"�âÑÔMÊ�. , wherepid correspondsto theaddressof thenext list

pageafterpageA.

To answera temporalmembershipquery for oid k at time t the appropriatebucket ��� ,
whereoid k wouldhave beenmappedby thehashingschemeat t, is found.Thispartis thesamein

evolving-setapproach.To reconstructbucket ��� (t), thefirst pagein îe��� b�� f is foundby searchingt in

array 0Gp�� . This searchis � b î�ë�� Û b ��� ° ­ f$f . Theremainingpagesof î���� b�� f arefoundby locatingt

in the
� p arrayof eachsubsequentlist page.Sinceall pagesin the list î���� b�� f areuseful,theoids

in ��� b�� f arefound in � b ¼ ��� b�� f±¼ ° ­ f I/O’s. Hence,the spaceusedby the evolving-list approachis

� b ��� ° ­ f while updatingis � b ¼ ��� b�� f ° ­ f perupdate.
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Thereare two differencesbetweenthe evolving-list and the evolving-setapproaches.

First, updatingusing the SnapshotIndex remainsconstant,while in the evolving list the whole

currentlist mayhave to besearchedfor deletinganoid. Second,reconstructionin theevolving-list

startsfrom thetopof thelist pageswhile in theevolving-setreconstructionstartsfrom thelastpage

of thebucket. Thismayaffect thesearchfor agivenoid dependingwhetherit hasbeenplacednear

thetopor neartheendof thebucket.

4.4 PerformanceEvaluation

For the Partially PersistentLinear Hashingwe implementedthe set-evolution (PPLH-s)

and the list-evolution (PPLH-l) approaches,using controlledsplits. Both are comparedagainst

LinearHashing(in particularAtemporallinearhashing,which is discussedbelow), theMVBT and

two R*-tree implementations( 2 B which storesintervals in a 2-dimensionalspace,and 2 q which

storespointsin a 3-dimensionalspace).Thepartialpersistencemethodologyis applicableto other

hashingschemesaswell. We implementedPartially PersistentExtendibleHashingusingthe set-

evolution (PPEH-s)anduncontrolledsplitsandcomparedit with PPLH-s.

4.4.1 Experimental Setup

We setthesizeof a pageto hold25 oid records(B=25). An oid recordhasthefollowing

form, PSë�Ô�Ê¯"&À � �çí � � � Ôªè�ìO"&ì±��ÊE� � ÔMè�ì%"�â � í§. , wherethe first field is the oid, the secondis the

startingtime andthe third the endingtime of this oid’s lifespan. The last field is a pointerto the

actualobject(whichmayhave additionalattributes).

WefirstdiscusstheAtemporallinearhashing(ALH). It shouldbeclarifiedthatALH is not

the ephemerallinear hashingwhoseevolution the partially persistentlinear hashingobservesand

stores.Rather, it is a conventionallinearhashingschemethat treatstime asjust anotherattribute.

This schemesimply mapsobjectsto buckets using the objectoids. Consequently, it ”sees” the

different lifespansof the sameoid as copiesof the sameoid. We implementedALH using the

schemeoriginally proposedby Litwin in [Lit80]. Forsplit functionsweusedthehashingbydivision
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functions Ë B b ëZÔMÊÜfl2 ë�Ô�Ê è*ë�Ê � B ä with ä 2 �±/%/ . For good spaceutilization controlled

splits wereemployed. The lower andupperthresholds(namelyf andg) hadvalues0.7 and0.9

respectively.

Anotherapproachfor Atemporalhashingwould bea schemewhich usesa combination

of oid andthestart-timeor end-timeattributes. However this approachwould still have thesame

problemsasALH for temporalmembershipqueries.For example,hashingon start-timedoesnot

helpfor queriesabouttime instantsotherthanthestart-times.

The two Partially PersistentLinear Hashingapproaches(PPLH-sandPPLH-l) observe

anephemerallinearhashingLH(t) with controlledsplitsandloadbetweenf=0.1 andg=0.2.Array

H which identifiesthe hashingschemeusedat eachtime is kept in main-memory(i.e., no I/O

costis countedfor accessingH). In our experimentsthesizeof H variedfrom 5 to 10 KB (which

caneasilyfit in today’s mainmemories).Unlessotherwisenoted,PPLH-swasimplementedwith

,52 /L¸Ò� (othervaluesfor usefulnessparameter, werealsoexamined). Sincethe entriesin the

time-treeassociatedwith a bucket have half theoid recordsize,eachtime-treepagecanholdup to

50entries.

In thePPLH-l implementation,thespacefor theoid records
­ u canhold20suchrecords.

A pagein thelist is consideredusefulaslongasthenumberof alive oidsin thepageis greaterthan

or equalto 5 (i.e., , = 0.25). Theremainingspacein a list page(of size5 oid records)is usedfor

thepage’s NT array. Similarly with the time-arrays,NT arrayshave entriesof half size,i.e., each

pagecanhold 10 NT entries.For thesamereason,thepagesof each0Gp1� arraycanhold up to 50

entries.

The MultiversionB-tree (MVBT) implementationusesbuffering during updates;this

buffer storesthepagesin thepathto thelastupdate(LRU buffer replacementpolicy is used).Such

buffering can be very advantageoussinceupdatesare directedtowardsthe most currentB-tree,

which is a smallpartof thewholeMVBT structure.In our experimentswesetthebuffer sizeto 10

pages.Theoriginal MVBT usesbuffering for queries,too. For a fair comparisonwith thepartially

persistentmethods,during querieswe allow the MVBT to usea buffer that is as large in sizeas

arrayH for thatexperiment.NotethatduringqueryingtheMVBT usesa root* structure.For every
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time t, root* identifiestherootof theB-treeat thattime(i.e.,wherethesearchfor thequeryshould

startfrom). Eventhoughroot* canincreasewith time, it is smallenoughto fit in theabove main-

memorybuffer. ThuswedonotcountI/O accessesfor searchingroot*.

As with the SnapshotIndex, a pagein the MVBT is ”alive” aslong asit hasat leastq

alive records.If thenumberof alive recordsfalls below q this pageis mergedwith a sibling (this

is calleda weakversionunderflow in [BGO+96]). On the otherextreme,if a pagehasalready

B records(alive or not) anda new recordis added,the pagesplits. Both conditionsneedspecial

handling.First, a time-splithappens(which is like thecopying procedureof theSnapshotIndex).

All alive recordsin the split pagearecopiedto a new page. Thenthe resultingnew pageshould

be incorporatedin thestructure.The MVBT requiresthat thenumberof alive recordsin thenew

pageshouldbebetweenq+eandB-e wheree is a predeterminedconstant.Constante worksasa

thresholdthatguaranteesthatthenew pagecanbesplit or mergedonly afterat leastenew changes.

Not all valuesfor q, e andB arepossibleasthey mustsatisfysomeconstraints;for detailswe refer

to [BGO+96]. In our implementationwe setq = 5 ande = 4. The directorypagesof theMVBT

have thesameformatasthedatapages.

The 2(B implementationassignsto eachoid its lifespaninterval. Onedimensionis used

for the oid and one for the interval. Whena new oid k is addedin set S at time t, a record P
®|"h� � "$��ë�¬
fJ"�â � í\. is addedin anR*-treedatapage.Notethat ��ëZ¬ is storedin theR*-treeassome

largenumber(largerthanthemaximumevolutiontime). Directorypagesin theR*-treeincludeone

moreattributeperrecordfor representinganoid range.The 2 q implementationhassimilar format

for datapages,but it assignsseparatedimensionsfor thestart-timeandtheend-timeof theobject’s

lifespaninterval. Hencea directorypagerecordhassevenattributes(two for eachof theoid, start-

time, end-timeandone for the pointer). During updating,both R*-tree implementationsuseda

buffer (10 pages)to keepthepagesin thepathleadingto the lastupdate.A buffer aslargeasthe

sizeof arrayH wasagainusedduringthequeryphase.To furtheroptimizetheR*-treeapproaches

towardstemporalmembershipquerieswe forcedthetreesto clusterdatafirst basedon theoidsand

thenon thetimeattributes.

Another popularexternal dynamichashingschemeis ExtendibleHashing[FNP+79],
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which differs from linear hashingin two ways. First, a directorystructureis usedto accessthe

buckets. Second,anoverflow is addressedby splitting thebucket thatoverflowed. Notethat tradi-

tional extendiblehashingusesuncontrolledsplitting. To implementPartially PersistentExtendible

Hashingoneneedsto keepthedirectoryhistoryaswell asthehistoryof eachbucket. Thehistoryof

eachbucket waskeptusingtheevolving-setapproach(PPEH-s).In our experimentsthedirectory

historyoccupiedbetween7 and18KB sowe kept it in mainmemory. Sinceuncontrolledsplitting

is used,mostbucketswill befull of recordsbeforebeingsplit. This impliesthatthealive recordsin

a bucket arecloseto onepage.Consequently, to getbetterqueryperformance(with theexpenseof

higherspaceoverhead),thehistoryof suchbucketswasimplementedusingSnapshotindiceswith

higherutilizationparameter(u=0.5).

Variousworkloadswereusedfor thecomparisons.Eachworkloadcontainsanevolution

of a datasetS andtemporalmembershipquerieson this evolution. Morespecifically, aworkloadis

definedby triplet ú 2 b ��"�«\"J1Áf , whereU is theuniverseof theoids(thesetof uniqueoids that

appearedin theevolutionof setS),E is theevolutionof setSand 1�2�¶Z1�6t"±¸v¸v¸v¸v"J1 u ¹ is acollection

of queries,whereíÁ2½¼3��¼ and 1 & is thesetof queriescorrespondsto oid k.

Eachevolution startsat time 1 andfinishesat time ä�ø(ù*p54�äR« . Changesin a given

evolution werefirst generatedperobjectoid andthenmerged.First, for eachobjectwith oid k, the

number� & of thedifferentlifespansfor this objectin this evolution waschosen.Thechoiceof � &
wasmadeusingaspecificrandomdistribution function(namely �(�,Ô�6�ë�í�è , « � âÑëZ�ßì±� � ÔM�çî , � � ìHâ or
� ë�í�è*�Üî ) whosedetailsaredescribedin thenext section.Thestart-timesof the lifespansof oid k

weregeneratedby randomlypicking � & differentstartingpointsin theset ¶���"±¸v¸v¸v"�äRø(ù*p74çä�«�¹ .
Theend-timeof eachlifespanwaschosenuniformly betweenthestart-timeof this lifespanandthe

start-timeof thenext lifespanof oid k (sincethe lifespansof eachoid k aredisjoint). Finally the

wholeevolutionE for setSwascreatedby merging theevolutionsfor everyobject.

For another”mix” of lifespans,wealsocreatedanevolution thatpicksthestart-timesand

thelengthof thelifespansusingPoissondistributions;wecalledit the 8mëZÔ�ÀZÀhëZ� evolution.

A temporalmembershipqueryin querysetQ is specifiedby tuple
b ëZÔMÊ¢" � f . Thenumber

of queries1 & for everyobjectwith oid k waschosenrandomlybetween10and20; thusonaverage,
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1 & -Ù�tõ . To form the
b ®|" � f querytuplesthecorrespondingtime instantst wereselectedusinga

uniform distribution from theset ¶���"±¸v¸v¸v"�äRø7ù�p74�äR«V¹ . The äRø7ù�p74�äR« is setto 50000for all

workloads.Thevalueusedin theR-treesfor ��ëZ¬ was100000.

Eachworkloadis describedby thedistribution usedto generatetheobjectlifespans,the

numberof differentoids,thetotal numberof changesin theevolution n (objectadditionsanddele-

tions),thetotal numberof objectadditionsNB, andthetotal numberof queries.

4.4.2 Experiments

First, thebehavior of all implementationswastestedusinga basic �(�,Ô96�ëZí�è workload.

The numberof lifespansper object follows a uniform distribution between20 and40. The total

numberof distinctoidswas ¼3�V¼O2:��/%/%/ , thenumberof realchangesn = 466854andNB = 237606

objectadditions.Hencethe averagenumberof lifespansper oid was ;� ­ - ��/ (we refer to this

workloadasUniform-30).Thenumberof querieswas115878.

Figure4.3.apresentsthe averagenumberof pagesaccessedper queryby all methods.

ThePPLHmethodshave thebestperformance,abouttwo pagesperquery. TheALH approachuses

morequeryI/O (about1.5timesin thisexample)becauseof thelargerbucketsit creates.TheMVBT

alsousesmoreI/O (about1.75times)thanthePPLHapproachessincea treepathis traversedper

query. The 2�B usesmoreI/O’s perquerythantheMVBT, mainlydueto treenodeoverlappingand

larger treeheight (the 2�B height relatesto the total numberof oid lifespanswhile in the MVBT

theheightcorrespondsto thenumberof alive oidsat thetime specifiedby thequery).The 2 q tree

hastheworsequeryperformance;it usedanaverageof 28.3I/O’s perqueryin this experiment(its

performancehasbeentruncatedin Figure4.3.ato fit thegraph).While usinga separatedimension

for thetwo endpointsof a lifespaninterval allows for betterclustering(seealsothespaceusagein

Figure4.3.c) it makesit moredifficult to checkwhetheraninterval containsaquerytime instant.

Figure4.3.bshows theaveragenumberof I/O’sperupdate.Thebestupdateperformance

wasgivenby thePPLH-smethod.In PPLH-l theNT arrayimplementationinsideeachpagelimits

the actualpageareaassignedfor storing oids and thus increasesthe numberof pagesusedper

bucket. TheMVBT updateis longerthanPPLH-ssincetheMVBT traversesa treefor eachupdate
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(insteadof quickly finding thelocationof theupdatedelementthroughhashing).Theupdateof 2 B
follows; it is larger thattheMVBT sincethesizeof thetreetraversedis relatedto all oid lifespans

(while thesizeof theMVBT structuretraversedis relatedto thenumberof alive oidsat thetimeof

theupdate).The 2 q treeuseslargerupdateprocessingthanthe 2�B becauseof theoverheadto store

an interval astwo points. TheALH hadtheworseupdateprocessing.This is becausein ALH all

lifespanswith thesameoid arethrown on thesamebucket thuscreatinglargebucketsthatmustbe

searchedseriallyduringanupdate.

Thespaceconsumedby eachmethodappearsin Figure4.3.c.TheALH approachusesthe

smallestspacesinceit storesa singlerecordperoid lifespananduses”controlled” splitswith high

utilization. ThePPLH-smethodhasalsoverygoodspaceutilization,verycloseto ALH. TheR-tree

methodsfollow; 2 q usesslightly lessspacethanthe 2�B becausepaginatingintervals(puttingthem

into boundingrectangles)is moredemandingthanwith points. Note that similarly to ALH, both

R* methodsuseasinglerecordperoid lifespan;theadditionalspaceis mainlybecausetheaverage

R-treepageutilization is about65NT arrayimplementationreducespageutilization. TheMVBT

hasthelargestspacerequirements,abouttwicemorespacethantheALH andPPLH-smethods.

In summary, thePPLH-shasthebestoverallperformance.Similarly with thecomparison

betweenephemeralhashingandB-trees,theMVBT behavesworsethantemporalhashing(PPLH-

s) for temporalmembershipqueries.TheALH is slightly betterthanPPLH-sonly in spacerequire-

ments,even thoughnot significantly. The R-treebasedmethodsaremuchworsethanPPLH-sin

queryandupdateperformance.

To considertheeffectof lifespandistributionall approacheswerecomparedusingfivead-

ditional workloads(calledtheexponential,step,normal,poissonanduniform-consecutive). These

workloadshadthe samenumberof distinct oids ( ¼3�V¼<2<��/%/%/ ), numberof queries(115878)and

similarn ( -?/L¸Òõ�ä ) and ;� ­ ( -C��/ ) parameters.TheExponentialworkloadgeneratedthe � & lifes-

pansperoid usinganexponentialdistribution with probabilitydensityfunction 6 b � f<2>=cì �1?�� and

mean� ° =Q2C��/ . Thetotalnumberof changeswasn = 487774,thetotalnumberof objectadditions

wasNB = 245562and ;� ­ 2C��/L¸A@ . In theStepworkloadthenumberof lifespansperoid follows a

stepfunction. Thefirst 500oidshave 4 lifespans,thenext 500have 8 lifespansandsoon, i.e., for
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every 500oidsthenumberof lifespansadvancesby 4. In this workloadwe hadn = 540425,NB =

272064and ;� ­ 2C�Zý . TheNormalworkloadusedanormaldistributionwith BW2µ��/ and C : 2C�%õ .
Heretheparameterswere:n = 470485,NB = 237043and ;� ­ 2C�%þÜ¸Òö .

For thePoissonworkloadthefirst lifespanfor everyoid wasgeneratedrandomlybetween

time instants1 and500. The lengthof a lifespanwasgeneratedusinga Poissondistribution with

mean1100.Eachnext starttime for a givenoid wasalsogeneratedby a Poissondistribution with

meanvalue500. For this workloadwe hadn = 498914,NB = 251404and ;� ­ 2³�L� . Themain

characteristicof the Poissonworkloadis that the numberof alive oids over time canvary from a

very small numberto a large proportionof ¼3��¼ , i.e., therearetime instantswherethe numberof

alive oidsis somehundredsandothertime instantswherealmostall distinctoidsarealive.

Thespecialcharacteristicof theUniform consecutiveworkloadis thatit containsobjects

with multiple but consecutive lifespans.This scenariooccurswhenobjectsareupdatedfrequently

duringtheirlifetime. Eachupdateisseenasthedeletionof theobjectfollowedby theinsertionof the

updatedobjectat thesametime. Sincetheobjectretainsits oid throughupdates,thisprocesscreates

consecutive lifespansfor thesameobject(theendof onelifespanis thestartof thenext lifespan).

This workloadwasbasedon the Uniform-30 workloadandhad n = 468715,NB = 236155and

;� ­ 2µ��/ . An objecthasasinglelifetime which is cut into consecutive lifespans.Thestart-timesof

anobject’s lifespansarechosenuniformly.

Figure4.4 presentsthe query, updateandspaceperformanceunderthe new workloads.

For simplicity only the 2�B methodis presentedamongtheR-treeapproaches(aswith theuniform

load, the 2 q usedconsistentlymore query and updatethan 2 B and similar space). The results

resemblethe Uniform-30workload. As before,the PPLH-sapproachhasthe bestoverall perfor-

manceusingslightly morespacethanthe ”minimal” spaceof ALH. PPLH-l hasthe samequery

performancewith PPLH-sbut usesmoreupdatingandspace.Note that in Figure4.4.a,thequery

performanceof 2 B hasbeentruncatedto fit thegraph(onaverage,2 B usedabout9.2,10.2,9.9,10.2

and27.5I/O’s per queryin the exponential,step,normal,poissonandconsecutive workloadsre-

spectively). Likewise,in Figure4.4.cthespaceof theMVBT is truncated(MVBT usedabout26K,

28K, 25K, 35K and28K pagesfor therespective workloads).We have tried theconsecutive work-
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loadsfor theexponential,step,normalandpoissondistributions,too. Thecomparative behavior of

all methodsin theconsecutive workloadswassimilarandis thusnotpresented.

Theeffect of the numberof lifespansperoid wastestedusingeightuniform workloads

with varyingaveragenumberof lifespans.All used¼3��¼%2/��/%/%/ differentoidsandthesamenumber

of queries( -3�%�tõ�� ). Theotherparametersareshown in Table4.1below.

Table 4.1: Uniform Datasets.

workload n NB ;� ­
uniform-10 149801 75601 9.4
uniform-20 308091 155354 19.4
uniform-30 466854 237606 29.7
uniform-40 628173 316275 39.5
uniform-50 787461 396266 49.5
uniform-80 1264797 635604 79.5
uniform-100 1585949 796451 99.5

Theresultsappearin Figure4.5.Thequeryperformanceof atemporalhashingdeteriorates

as NB increasessincebuckets becomelarger (Figure 4.5.a). The PPLH-s,PPLH-l and MVBT

methodshave a queryperformancethat is independentof NB (this is becausein all threemethods

the NB lifespansof a given oid appearat different time instantsand thus do not interferewith

eachother). The queryperformanceof 2�B wasmuchhigherand it is truncatedfrom the figure.

Interestingly, the 2�B queryperformancedecreasesgraduallyas ;� ­ increases(from 11.7I/O’s to

8.9I/O’s). This is because2(B clusteringimprovesas ;� ­ increases(therearemorerecordswith the

samekey).

PPLH-soutperformsall methodsin updateperformance(Figure4.5). As with querying,

the updatingof PPLH-s,PPLH-l andMVBT is basicallyindependentof ;� ­ . Becauseof better

clusteringwith increased ;� ­ , the updatingof 2�B graduallydecreases.In contrast,becausein-

creased ;� ­ implieslargerbucket sizes,theupdatingof ALH increases.Thespaceof all methods

increaseswith ;� ­ astherearemorechangesn perevolution (Table4.1). TheALH hasthelower

space,followedby thePPLH-s;theMVBT hasthesteeperspaceincrease(for ;� ­ values80 and

100,MVBT used68K and84.5Kpages).
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Theeffectof thenumberof distinctoidsperevolutionwasexaminedby consideringfour

uniform workloads.Thenumberof distinctoids ¼3�V¼ was: 5000,8000,12000and16000,respec-

tively. All workloadshadsimilar averagenumberof lifespansper distinct oid ( ;� ­ -Ù��/ ). The

otherparametersappearin Table4.2.Theresultsaredepictedin figure4.6.Thequeryperformance

of thehashingmethods(PPLH-s,PPLH-l andALH) is basicallyindependentof ¼3�V¼ , with PPLH-s

andPPLH-l having the lowestqueryI/O. In contrast,it increasesfor bothMVBT and 2(B (the 2(B
used9.1,10.7,11.1and12.4I/O’sperquery).Theincreaseis becausemoreoidsarestoredin these

treestructures,thusincreasingthestructure’sheight.Thisis moreevidentin 2�B asall oidsappearin

thesametree.Similar observationshold for theupdateperformance(i.e., thehashingbasedmeth-

odshave updatingthat is basicallyindependentof ¼3�V¼ , while the updatingof treebasedmethods

tendsto increasewith ¼3�V¼ ). Finally, thespaceof all methodsincreasesbecausen increases(Table

4.2).

Table 4.2: Datasets with different number of oids.

workload n NB #of queries
uniform-5K 291404 146835 72417
uniform-8K 466854 237606 115878
uniform-12K 700766 353067 174167
uniform-16K 937443 472294 226456

Fromtheabove experiments,thePPLH-smethodhasthemostcompetitive performance

amongall solutions.As mentionedpreviously, thePPLH-sperformancecanbe furtheroptimized

throughthesettingof usefulnessparameteru. Figure4.7showstheresultsfor thebasicUniform-30

workload( ¼3�V¼O2D��/%/%/ , n = 466854,NB = 237606and ;� ­ -µ��/ ) but with differentvaluesof u. As

expected,thebestqueryperformanceoccursif , is greaterthanthemaximumloadof theobserved

ephemeralhashing.For theseexperimentsthemaximumloadwas0.2. As assertedin Figure4.7.a,

thequerytime is minimizedafter ,]2?/L¸Ò� . Theupdateis similarly minimized(Figure4.7.b)for u’s

above0.2,sinceafterthatpoint,thealiveoidsarecompactlykeptinto few pagesthatcanbeupdated

easier(for smalleru’s thealive oidscanbedistributedinto morepageswhich increasestheupdate

process).Figure4.7.cshows thespaceof PPLH-s.For u’s below themaximumloadthealive oids

aredistributedamongmoredatapages,hencewhensucha pagebecomesnon-usefulit contains
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Data Sets I/Os per Query I/Os per Update) Space (Pages)

PPLH-s PPEH PPLH-s PPEH PPLH-s PPEH
Uniform-30 2 3.22 2.18 2.53 13256 17035
Exponential-30 2 2.8 2.18 2.43 13646 15985
Step-30 2 2.8 2.18 2.43 15003 16688
Normal-30 2 3.18 2.28 2.52 13462 16982
Poisson-30 2 2 2.18 2.23 14394 16760
Consecutive-30 2 2.41 2.23 2.60 14246 17636

Table 4.3: Performance comparison of PPLH-s (controlled splits) versus PPEH-s (uncon-

trolled splits).

lessalive oids andthuslesscopiesaremade,resultingin smallerspaceconsumption.Using this

optimization,thespaceof PPLH-scanbemadesimilar to thatof theALH at theexpenseof some

increasein query/updateperformance.

Finally, we comparedthePPLH-swith partially persistentextendiblehashing,a method

thatalsousestheevolving-setapproachbut uncontrolledsplits(PPEH-s)(Table4.3). With uncon-

trolled splits a bucket ��� is split only whenit overflows. Thusthe ”observed” ephemeralhashing

tendsto uselessnumberof bucketsbut longerin size.As it turnsout, thispolicy hasseriousconse-

quences.First,for theSnapshotIndex thatkeepsthehistoryof bucket ��� thestate��� (t) is afull page.

ThismeansthattheSnapshotIndex will distribute ��� (t) into morephysicalpagesin thebucket’s his-

tory. Consequently, to reconstruct��� (t) morepageswill beaccessed.Second,theSnapshotIndex

will becopying largeralivestatesandthusoccupy morespace.Werunthesamesetof experiments

for thePPEH-s.In summary, PPEH-susedconsistentlylargerquery, updateandspacethanPPLH-s.

4.4.3 Summary

This chapteraddressedthe problemof TemporalHashing,or equivalently, how to sup-

port temporalmembershipqueriesovera time-evolving setS.An efficientsolutiontermedpartially

persistenthashingwaspresented.For queriesandupdates,this schemebehavesasif a separate,

ephemeraldynamichashingschemeis availableon every stateassumedby setS over time. How-

ever themethoduseslinearspace.By hashingoidsto variousbucketsover time,partiallypersistent

hashingreducesthetemporalhashingprobleminto reconstructingpreviousbucket states.Two fla-



100

vorsof partiallypersistentlinearhashingwerepresented,onebasedon anevolving-setabstraction

(PPLH-s)andoneon an evolving-list (PPLH-l). They have similar queryandcomparablespace

performancebut PPLH-susesmuchlessupdating.Both methodswerecomparedagainststraight-

forward approaches,namely: traditional(atemporal)linear hashingscheme,the MultiversionB-

Treeandtwo R*-tree implementations.TheexperimentsshowedthatPPLH-shasthemostrobust

performance.Partially persistenthashingshouldbeseenasanextensionof traditionalexternaldy-

namichashingin a temporalenvironment.Themethodologyis generalandcanbeappliedto other

ephemeraldynamichashingschemes,like extendiblehashing,etc.



101

(t,   oid,   oper)
 1    10       +
 2     7        +
 4      3       +
 8     21      +
 9     15      +
15    36      +
16    29      +
17    13      +
20    12      +
21     8       +
25    10      -

to time  t= 25:                                                             

                                                                                          
                                                                                          :

evolution of Set S up                    

(t,   oid,   oper)

<oid, lifespan> <oid, lifespan> <oid, lifespan>
  at t = 20   at t = 21   at t = 25

(t,   oid,   oper)

<oid, lifespan> <oid, lifespan> <oid, lifespan>
  at t = 20   at t = 21   at t = 25 4       3      +

17     13     +
21      8      + <3, [4, now)>

<13, [17, now)>
<3, [4, now)>
<13, [17, now)>
<8, [21, now)>

<3, [4, now)>
<13, [17, now)>
<8, [21, now)>

(t,   oid,   oper)
 1     10      +
 9     15      +
21    15      -   
25    10      -

<oid, lifespan>
<10, [1, now)>
<15, [9, now)>

<oid, lifespan>
<10, [1, now)>

<oid, lifespan>

<15, [9, 21)> <15, [9, 21)>
<10, [1, 25)>

  at t = 20   at t = 21     at t = 25

evolution of bucket 3:              records in bucket  3’s  history

evolution of bucket 1:              records in bucket  1’s  history

evolution of bucket 5:              records in bucket  5’s  history

 21     15      +

<15, [21, now)> <15, [21, now)>

Figure 4.2: The detailed evolution for set S until time t = 25 (a ”+/-” denotes addi-

tion/deletion respectively). Changes assigned to the histories of three buckets are shown.

The hashing scheme of Figure 4.1 is assumed. Addition of oid 8 in S at t = 21, causes the

first split. Moving oid 15 from bucket 0 to bucket 5 is seen as a deletion and an addition

respectively. The records stored in each bucket’s history are also shown. For example,

at t=25, oid 10 is deleted from set S. This updates the lifespan of this oid’s corresponding

record in bucket 0’s history from P5�±/L"h����"$��ëZ¬
fo. to P5�±/L"h����"&�%õOf7. .
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Chapter 5

Summary and Futur eResearch

The primary focus of this thesishasbeento designefficient external memoryaccess

methodsfor spatiotemporaldatabases.In particular, this work presentssolutionsto the following

problems:

1. Indexing HistoricalSpatiotemporalDatabases:Westudytheproblemof indexing spatiotem-

poralobjectsin orderto answerefficiently proximity andtopologicalqueriesaboutthepast

andcurrentpositionsandextentsof the indexed objects. For example,a usercandefinea

region in space(usuallya rectangle)anda specifictime interval in thepast,andthedatabase

mustreturnthe objectsthat intersectedthe queryregion during the specifiedtime interval.

The most importantissuein indexing suchdata,is how to representan object that moved

from an initial position to a final position. In traditional spatialindexing, objectsare ap-

proximatedby their Minimum BoundingRectangle(MBR) andanindex is constructedover

theseMBRs. However, usingtheMBR of amovingobjectwill introducealot of emptyspace,

whichgreatlydecreasestheperformanceof any index thatusestheseMBRs. To reduceempty

space,we proposedto introducea limited numberof artificial updates.An artificial update

breaksthe lifetime of anobjectinto two contiguousbut not overlappingintervals, reducing

emptyspaceandproviding betterclustering. In order to maintainthe index storagespace

linear to thenumberof realupdates
l

, thenumberof artificial updateswaslimited to bea
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fractionof
l

. Theproblemnow is to decidewhich objectsandwhereshouldbeartificially

updated.We formulatedthis problemasan optimizationproblemandprovided an optimal

andefficient solutionfor thecasethatobjectsmove or changeextentin a linearfashionover

time. To index theobjectsgeneratedaftertheartificial updates,weuseda partiallypersistent

versionof a very successfulspatialindex (R-tree).An extensive experimentalstudydemon-

stratedtheadvantagesof theproposedmethodsoverotherstraightforwardsolutions.

2. Indexing theFuturePositionsof ContinuouslyMoving Objects:Here,weconsideradatabase

that tracksobjectsmoving continuouslyin oneandtwo dimensions(carsmoving in a high-

way systemor mobilephoneusersmoving in a 2-dimensionalspace).Storingthe position

of eachobjectexplicitly impliesthatthedatabasehasto befrequentlyupdated,sincemoving

objectschangepositionscontinuously. Instead,a betterapproachis to storein thedatabase

thefunctionthatdescribesthemovementof eachobject.Now changesareconsideredonly at

theinstantswherethefunctionparametersthatdescribethemovementsof aparticularobject

change(speed,direction,etc). While this approachminimizestheupdateoverhead,it intro-

ducesthenovel problemof indexing theobjectmoving functions.We designedmethodsto

index thesefunctionsandanswerproximity queriesaboutthe future locationsof theindexed

objects,assumingthatthey aremoving in a linearfashionover time. For theonedimensional

case,weproposed(i) a dynamic,externalmemorydatastructurewith guaranteedworstcase

performanceandlinearspaceand(ii) apracticalapproximationalgorithmwith expectedlog-

arithmicquerytime. Also, wepresentedextensionsof our techniquesin two dimensions.

3. TemporalHashingin SpatiotemporalDatabases:Weexaminedtheproblemof temporalhash-

ing, that is, answeringa membershipqueryon a set that evolvesover time. In traditional

(non-temporal)databasesthis querycanbeansweredefficiently by usingtraditionalhashing

schemes.We proposedto make a hashingmethodpartially persistent,andwe provided two

approachesto achieve that.Experimentsshowedthatpartiallypersistenthashingoutperforms

otherpossiblemethodsfor indexing anevolving setfor themembershipquery.

Therearea numberof interestingopenproblemsthat arerelatedto the work presented

in this thesis. In Historical SpatiotemporalDatabases,a possiblefuture researchdirection is to
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considerhow to index thedataOn-Line. In thatcase,objectsneedto be indexed at the time they

arrive in thesystemandnoknowledgeabouttheir futurestateexists.Anotherinterestingextension

of thework presentedhereis to usetheproposedindex methodsin orderto efficiently implement

join betweentwo spatiotemporalrelations.Considertwo spatiotemporalrelations�x� and ��� . Then

a join queryis the following: “ find thepairsof objectswhoseextentsintersectedduringthe time

interval T”. To answerthis join querywecanusethetreeindex structuresover therelations�x� and

��� andperforma synchronizedtreetraversalto computetheresult.

For indexing continuouslymoving objects,it is interestingto considerparallelandmain

memorytechniquesto speedup theexecutionof rangeandnearestneighborqueries.Also, another

interestingextensionto work presentedhereis to considerobjectsthat move with morecomplex

functions(for examplequadratic).A generalizationof the1.5dimensionalproblemis whentheter-

rain is subdividedinto areaswith variousspeedlimits or terrainabnormalitiesthatlimit movement

accordingto direction.
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