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ABSTRACT

INDEXING PROBLEMS IN SPATIOTEMPORAL DATABASES

by

GeorgeN. Kollios
Advisor: VassilisTsotras

Co-Advisor: Alex Delis

Submittedn Partial Fulfillment of the Requirement$or the
Degreeof Doctorof Philosophy(ComputerScience)

June2000

Spatiotemporalatabasesianagespatialobjectsthatchanggpositionsand/orextentsover
time. Examplesncludetraffic suneillancedata,climateandlandcover data,demographicataand
multimediaapplicationganimatedmovies). Sincethesedatabasearelargein size, it is important

to designefficientindexing schemeshatcanaccesandexplorethem.

Wefirst studytheproblemof indexing spatialobjectsthathave evolvedin thepastandthe
whole evolution of eachobjectis knawvn. We presenimethodgo storetheseevolutionsin external
memoryin orderto answerefficiently rangeand nearesheighborqueriesof the form: “find the
objectsthat werein areaS betweentime instantst; andt;”, or “find the ¢ nearestbbjectsto a
given position betweentime instantst; andt;”. We reducethe problemto a partial-persistence
one,thatis, we usea 2-dimensionahccessnethodthatis madepartially persistentWe shav that
this approacheadsto fastquerytime while still using spaceproportionalto the total numberof
changesdn the spatiotemporadvolution. Whatdifferentiateghis problemfrom traditionaltemporal
indexing approachess that objectsare allowed to move and/orchangetheir extent continuously

overtime. We presennovel methoddo approximatesuchobjects.We then,formulatethe problem



asan optimizationproblemfor which we provide an efficient and effective solutionfor the case
whereobjectsmove linearly. An extensve experimentalstudydemonstratethe advantagesf our

approachover otherstraightforvard solutions.

While the above study concentratesn historicalqueries(paststates)of spatiotemporal
data,of interestarealsoqueriesaboutthe future behaior of suchdata. Here,we assumehatthe
objectsmovement/chang&inctionsareknovn. We shav how to index mobile objectsin oneand
two dimensiongsingefficientdynamicexternalmemorydatastructuresQurapproachs to employ
methoddo storethe motionfunctionof eachobjectandanswerangeandnearesheighborqueries

usingthesemethods.

Finally, we presenta solutionto the temporalmembershigproblemwhich is likely to
occurin temporalandspatiotemporailatabase<Considera setof objectsthatevolvesovertime by
addinganddeletingobjectsandthesechangesretimestampedA temporamembershigueryasks
whetheragivenobjectwasin thesetataspecifictime instant.We presenmethodghatusepartially
persistenhashingschemego answerefficiently this type of queries.The proposednethodshave

linearspaceandperformbetterthanotherapproachem practice.
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Chapter 1

Intr oduction

Databassystemghatmanagespatialandtemporabbjectshave recevedincreasingnter
estin recentyears.Databasethatstorespatialobjectsthatchangeheir extentand/ortheir position
over time are called spatiotempaal databases In thesedatabaseshe current,the past,aswell
asthe anticipatedfuture positionsand extentsof the objectsare frequentlyof interest. Applica-
tions that have to dealwith spatiotemporabbjectsinclude global change(climate or land cover
data),transportatior{traffic surwillance),social(demographichealth)andmultimedia(animated

mavies). Next we describen moredetailtwo specificexamplesof spatiotemporahpplications.

In the first example,we considera database¢hat managesnoving vehicles(cars)in a
highway system.Recentadvancesn communicationeandGPS(Global PositioningSystem)tech-
nologyallow peopleandvehiclesto locatethemselesat ary positionon earth,with high accuray.
Considera databasehat (usingthis technology)storesthe currentpositionsof maoving vehicles,
aswell astheir directionandtheir speed.A numberof interestingqueriescanbe directedto this
databasef-or example apersommaywantto find theclosesthotelto hercarfor thenext 10 minutes.
Also acompay thatmanagesrucks,mayneedto find theclosestruckto aspecificwarehouseOr,
in caseof atraffic accidentwe maywantto find the closestamhulancesandthe closesthospitalto

theaccident.

Anotherexampleof aspatiotemporadpplicationcomesrom multimediadatabaseandin
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particularfrom systemghatstoreanimatednovies. A movie correspond$o anorderedsequencef
frames.In this sequencegachframe(or screen)s a 2-dimensionaspacehatcontainsa collection
of objects. As the movie proceedsthis collectionof objectschangedrom oneframeto the next
(new objectsareaddedpbjectsmove, changdn size,disappearetc.) For the purpose®f editingor
assemblingnovie sequencest is importantto have efficientwaysto accesandreplayall, or parts,
of suchmovies. Thus,a usermay be interestedn askingtopologicalrangequeriesof the form:
“find all objectsthatappeain area$S betweerframesf; andf;”, andnearesheighborqueriedike:
“find the ¢ objectsthat appearclosestto a given position A during framesf; and f;”. S and A
arepartof the 2-dimensionaframescreen.For examplethe movie editormaywantto find all the

objectsthatareinsidea givenwindow regionin asequencef consecutie frames.

Dueto thetime componentspatiotemporatlatabaseaeedto managdarge amountsof
dataaccumulatedverlongperiodof time. A userasksqueriesoverthis dataandthestraightforvard
solutionto find theanswelis to readall objectsin thedatabasandreturnthe objectsthatbelongto
theanswer However this approachs inefficient dueto the sizeof the databaseA bettersolutionis
to construcindexesover the dataandanswera queryby readingonly a smallpartof thedatabase.
In general,anindex is a way to organizea datasein disk pagesin orderto answerefficiently a

specifictype of queriesby readingonly a smallnumberof disk pages.

In this thesiswe presentmethoddo answelefficiently range hearesheighborandmem-
bershipqueriesn spatiotemporallatabasedn arangeguery we specifyaregionandatimeintenal
andthesystemhasto find theobjectsthatoverlapor containednsidetheregion duringthespecified
time interval. Similarly, in a nearesneighborquery we specifya locationis spaceandwe arein-
terestedn the objectsthatarecloseto this locationduringatimeinterval. Finally, in amembership
guery we specify an objectanda time instantand we would like to know if the objectis in the

databasatthe specifiedime instant.
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1.1 External Memory Model

We considerour problemsn thestandardxternalmemorymodelof computation[A&/88].
In this modeleachdisk accesgan I/0) transmitsin a singleoperationB units of data. We call B
the pagecapacity We measuredhe efficiengy of an algorithmin termsof the numberof 1/0’s to
performan operation.If N is the numberof the objectsin the databasend K is the numberof
objectsreportedby a query thenthe minimumnumberof pagedo storethe databasés n = [%1
andthe minimumnumberof I/O’s to reporttheansweris k = [%1. We saythatanalgorithmuses
linear spacejf it usesO(n) disk pagesandthatit useslogarithmictime to answera queryif it
needgo executeO(logg n + k) 1/0’s. Notethatlog z n is for the externalmemorymodeldifferent

thanlog, n sinceB is notaconstanbut a problemvariable.

Our goalis to minimize the numberof pagegshatare usedto storea databas@andatthe

sametime minimizethe numberof pageghatwe needto accessn orderto answeraquery

1.2 Spatial and Temporal Indexes

During the lasttwo decadesa large numberof index methodsfor spatialandtemporal
databasebBave beenproposedFor anexcellentsuney in spatialaccessnethodsvereferto [GG9§
andfor temporalindicesto [ST99]. Next we describawo very importantaccessnethodsn spatial
andtemporaldatabasesin particular we presentthe R-tree,an external memoryspatialaccess

methodandthe Snapshotndex, a very efficienttemporalindex.

1.2.1 R-Tree

An R-treeis a hierarchical height-balancedxternalmemorydatastructureproposedy
Gutmanin [Gut84). It is a generalizatiorof the B-treefor multidimensionakpaces Multidimen-
sional objectsare representedby a conserative approximation,usually the Minimum Bounding
RectanglgMBR). An MBR of an objectis the smallestrectanglehat encloseshe objectandhas

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

The R-tree consistsof directory and leaf (data)nodes,eachone correspondingo one
disk page. Directory nodescontainentriesof the form (container, ptr) whereptr is a pointerto
a successonodein the next level of the treeandcontainer is the MBR of all the entriesin the
descendentode. Leaf nodescontainentriesof the form (container, oid) whereoid is anobject-
identifierandit is usedasapointerto therealobjectandcontainer is theMBR of thecorresponding
object. Eachpagecanhold up to B entriesandall the nodesexcepttheroot musthave atleastm
records(usuallym = B/2). Thusthe heightof the treeis at mostlog,, N whereN is the total

numberof objects(SeeFigurel.1).

Searchingn the R-treeis similarto the B-tree. At eachdirectorynode we testall entries
againsthequeryandthenwe visit all child nodegshatsatisfythe query However, MBRsin anode
are allowed to overlap andthis 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 theworstcasewe mayhave to visit all leaf nodes.

A numberof variationshave beenproposedn orderto reducethe overlapamongMBRs
andthereforeincreasehe query performanceof the tree. Thesevariationsincludethe Hilbert R-
tree[KF94 andthe R*-tree[BKS+9(. Anothervariation(R+-tree[SRF8Jj doesnotallow overlap-

ping amongthe MBRs of the samdevel of thetree.
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1.2.2 The Snapshotindex

Before we describethe Snapshotndex, we presenta model of a temporalevolution.
Considerfor simplicity an initially emptysetS. As time proceedspbjectscan be addedto or
deletedfrom this set.Whenanobjectis addedto S anduntil (if ever)is deletedrom S, it is called
“alive”. Thisis representelly associatingvith eachobjectasemi-closedntenal, or lifespan,of the
form: [start_time, end_time) L While anobjectis alive it cannotbere-addedn S, i.e. S contains
no duplicates Deletionscanbe appliedto alive objects.Whenanobjectis addedatt, its starttime
is t but its end.time is yet unknavn. Thusits lifespanintenal is initiated as ¢, now), wherenow
is avariablerepresentinghe alwaysincreasingcurrenttime. If this objectis later deletedfrom S,
its endtime is updatedrom now to the objects deletiontime. Sincean objectcanbe addedand
deletedmary times,objectswith the sameoid mayexist but with non-intersectindifespanintenals
(i.e.,suchobjectswerealive at differenttimes). The stateof the setata giventime ¢, namelyS(t),

is the collectionof all alive objectsattimet.

The Snapshotndex [TK95] solvesthe pure-snapshgtroblemwhereatime instantt, is
specifiedandthe stateof thesetS(¢,) hasto beretrieved. It usesthreebasicstructuresa balanced
tree (time-tree)thatindexesdatapageshy time, a pointerstructure(access-fores@mongthe data
pagesand an ephemerahashingscheme. The time-treeand the access-forestnablefast query

responseavhile thehashingschemas usedfor fastupdates.

We first discusupdates. Objectsarestoredsequentiallyin datapagesn the sameorder
asthey areaddedon setS. Whena new objectwith oid k is addedattime ¢, a new recordof the
form < k, [t,now) > is createdandis appendedn a datapage.At ary giveninstantthereis only
onedatapagethat stores(acceptsyecords,the acceptor(data) page. Whenthe currentacceptor
pagebecomedull, anew oneis created Thetime whenanacceptopagewascreatedalongwith its
pageaddresarestoredin thetime-tree.As acceptopagesarecreatedsequentiallythetime-treeis
easilymaintainedamortizedO(1) 1/O for indexing eachnew acceptopage).For objectadditions,
the sequencef all datapagesesembles regularlog but with two main differences:(1) deletion

updatesaarehandleddifferently and(2) additionallinks (pointers)amongthe datapagesexist.

!we usebraclets([]) to denoteclosedintenvalsandparenthese)) for openintenals.
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Objectdeletionsarenotaddedsequentiallyratherthey arein-placeupdatesWhenobject
k is deletedat time ¢/, its recordis first locatedand then updatedfrom < &, [t,now) > to <
k,[t,t') >. Objectrecordsarefoundusingtheir oidsthroughthe hashingschemeWhenanobject
is addedin S, its oid andthe addresof the pagethat storesthe objects recordareinsertedin the
hashingscheme.If this objectis deletedthe hashingschemeis consultedthe objects recordis

locatedandits intenal is updated.Thenthis objects oid is removed from the hashingscheme.

Storingonly onerecordfor eachobjectsuggestshat the recordsof the objectsin S(t)
may be dispersedn variousdatapages.Accessingall pageswith alive objectsat t, would require
too muchl/O (O(a) pages).To achieve goodrecordclusteringa “controlled” copying techniques
usedthatkeepsthetotal spacdinearto the numberof updatesThe copying procedurés basedon

theconcepbf pageusefulness.

Consideithenumberof “alive” recordsa pagecontainsafterit becomesull. Forall times
thatthis pagecontainsuB alive recordsit is calleduseful. For thesetimest the pagecontainsa
goodpartof theanswerfor S(¢). Answeringa pure-snapshajueryaboutsometime ¢ needsonly
locatetheusefulpagesatthattime; eachsuchpagewill contritute atleastu B objectsto theanswer

Theusefulnesparametet is a constanthattunesthe behaior of the Snapshotndex.

Acceptorpagesarespecial.While a pageis the acceptopageit may containfewer than
uB alive records.By definitiona pageis alsocalledusefulfor aslong asit is the acceptompage.
Sucha pagemay not give enoughanswetto justify accessingt but it muststill beaccessedSince

for eachtime instantthereexistsexactly oneacceptoipage this doesnot affect queryperformance.

Let [u.start_time, u.end_time) denotea pages usefulnesperiod;u.start_time is the
timethepagestartedoeingtheacceptopage Whenthepagegetsfull it eithercontinuego beuseful
(andfor aslong asthe pagehasatleastu B alive records)or it becomesion-usefulif atthetimeit
becamdull thepagehadlessthanu B alive records).Thenext stepis to clusterthealive recordsor
eacht amongtheusefulpagesatt. Whena pagebecomeson-usefulanartificial copy occursthat
copiegthealive record=of this pageto the currentacceptopage(asin atimesplit[LS89]). Thenon-
usefulpagebehaesasif all its objectsaremarkedasdeletedout copiesof its alive recordscanstill

be found from the acceptoipage. Copiesof the samerecordcontainsubsequemnon-overlapping
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intenalsof the objects lifespan.Thecopying proceduregeducegheoriginal problemof finding the
alive objectsatt into findingtheusefulpagesatt. Thesolutionof thereducedoroblemis facilitated

throughtheaccess-forest.

The access-foregs a pointerstructurethat createsa logical “forest of trees”amongthe
datapages.Eachnew acceptompageis appendedt the endof a doubly-linked list andremainsin
thelist for aslongasit is useful. Whena datapaged becomeson-useful:(a)it is removedfrom the
list and(b) it becomeshenext child pageunderthe pagec precedingt in thelist (i.e.,c wastheleft
sibling of d in the list whend becamenon-useful).As time proceedsthis proceswill createtrees
of non-usefuldatapagesootedunderthe usefuldatapagesof thelist. The doubly-linked list and
the child lists areimplementedoy usingfour pointersper page.Hence eachpagehasonepointer
that pointsto the next page,one pointerto the previous page,oneto thefirst pageof its child list
andoneto the last pageof its child list. The next, previous andlast child pointersareupdatedso

thatthey alwayspointto the currentpagesn thecorrespondingpositions.

The access-foredtasa numberof propertieghatenablefastquerying.In [TK95] it was
shawvn thatstartingfrom the acceptoipageatt, all usefulpagesat¢ canbe foundin at mosttwice
asmary I/O’s (in practicemuchfewer I/O’s are needed).Finding the acceptompageat ¢ requires
searchinghe balancedime-tree(this correspondso the logarithmic part of the querytime). In
practicethis searchis very fastasthe heightof the balancedreeis small (it storesonly oneentry
peracceptompagewhichis clearlyO(n/B)). Themainpartof the querytime is finding the useful
pages.Theperformancef the Snapshotndex canbefine tunedby changingparametet.. Largeu
impliesthatacceptopagesecomenon-usefufasteythusmorecopiesarecreatedvhichincreases

the spacebut alsoclustersghe answeiinto smallernumberof pagesi.e.,lessqueryl/O.

1.3 Organizationof the Thesis

In this thesiswe extend previous spatialandtemporalaccesanethodsand we propose
new methodgo index spatiotemporaflatabasesn the next chaptemwe presentaccessnethodgo

index historicalspatiotemporatiata. In chapter3 we presentmethodso index objectsthat move
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in oneandtwo dimensions.The goalis to answerefficiently queriesaboutthe future positionsof
theobjectsprovided assumptionabouttheir movementbehaior. Finally, in chapter4 we describe

methodgo answetthetemporalmembershimuery
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Chapter 2

Indexing Historical Spatiotemporal

Evolutions

2.1 Intr oduction

In this chapterwe presentindexing structuredor historical (past)datagatheredrom a
spatiotemporaévolution. A simple type of an evolution is when objectsretain their extent and
positionfrom thetime they areinsertedn thedataseto thetime they aredeleted We call this type

of evolution dggenerat@andchangedn this evolutionrefersimplyto objectsadditionsanddeletions.

S

Query Region S

Time

Figure 2.1: A conceptual view of a spatiotemporal evolution.
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Moreinterestinglandrealistic)is thegeneraktasewhereobjectsareallowedto move and
grow/shrink during their lifetime (Figure2.1). However, in the generalcaseit is not obvious how
positionandextentchangesanbe quantifiedasobjectinsertions/deletioss Considerfor example
an objectthat movesfrom position A in time instant¢; to a new positionC' in the next time in-
stantt;. ;. Thesimplestway to represensuchmovementis to deletethe objectfrom position A
att; ., andreinsertit at positionC' atthe sametime instant. This createdwo recordsfor this ob-
ject, onerecordstoringposition A andwhoselifetime endsat¢;; andonerecordwith positionC
andlifetime startingatt;, 1. Theobjects lifetime hasbeen“artificially” truncatednto two records
with consecutie andnon-w/erlappingintenals. This approachs not efficient if objectsalter posi-
tions/extentscontinuouslythroughtime asit createsalarge numberof artificial insertionsandthus

it increasesheindex storagespace.

A betterway is to storethe functionsdescribinghow objectsmove or vary their extents
[EGS+98]. Eventhoughgeneralfunctionscanbe used,for simplicity we assumeahat objectscan
moave or grow/shrink througha simple (for examplelinear) function of time. Thena new record
is insertedonly whenthe parameterslescribingan objects movementor extentfunctionschange.
Thenew recordwill maintainthe objects lifetime underthe new movement/gtentfunction. Then
in thegenerakasethenumberof insertionsNV correspondso: (i) regularobjectinsertionsand, (ii)

insertionsdueto functionparametechanges.

We distinguishbetweernwo differentmodesof operation.In the On-Linemode,whena
new objectis insertedattime instantt;, its deletiontime is notyetknown, soits lifetime is initiated
as[t;,now) wherenowis a variablerepresentinghe (ever increasing)currenttime. If this object
getsdeletedat a later instantt;, its lifetime interval is updatedo [¢;,¢;). Instead,in the Off-Line
mode,we know in adwvancefor eachobjectits insertionanddeletiontimesaswell asits positions
andextentsin between.Olviously, in the Off-Line mode,the constructedndex is expectedto be
moreefficient sincewe have moreinformationaboutthedata.In this chaptemwe concentrat®nthe
Off-Line mode,sincethisis the casein mostspatiotemporahpplications Note however, thatthere
aresomeapplicationsvherethe future of the evolution is unknavn andthe On-Linemodeis more

appropriatefor examplestoringthe evolution of a collectionof carsmoving in the plane.
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Onestraightforvard way to index moving/changingbjectsjs to considettime asanother
index dimension.Theneachobjectcanbestoredasa 3-dimensionatectanglén atraditionalspatial
index (e.g.anR-Tree[Gut84 or its variationgKF94, SRF87 BKS+90]) wherethe “height” of the
rectanglecorrespondso the objects lifetime intenal. The “base” of the rectanglecorrespondso
the largest2-dimensionaminimum boundingrectangleMBR) thatthe objectobtainedduringits
lifetime. Sincethisapproachusesan“off-the-self spatialindex, it is straightforvardto implement.
However, it doesnot take advantageof the specificpropertiesof the time dimension. Objectsre-
mainingunchangedor mary time instantswill have long lifetimesandthus,they will be storedas
long rectanglesA long-livedrectangledetermineghelengthof thetime rangeassociateavith the
pagein whichit resides This makesthe clusteringof objectsinto pagesvery challengingandleads

to decreasedueryperformance.

In anattempto overcometheabaove problemswith storingintenals, KolovsonandStone-
braker proposedhe SegmentR-Tree (SR-Tree) [KS91] which is a variation of the R-Tree. The
SR-Treecombinegpropertiesof the R-Treeandthe SegmentTree,a binary treedatastructurethat
storesline sggments[Sam9(. In the SR-Tree,intenals can be storedin both leaf and non-leaf
nodes.An intenal I is placedto the highestlevel node X of thetreesuchthat spansatleastone
of theintenalsrepresentetly X'schild nodes|If T doesnotspanX, thenl spansatleastoneof its
childrenbut is notfully containedn X, thenT is fragmentedUsingthisidea,longintenalswill be
placedin higherlevelsof thetree,thusthe SR-Treetendsto decreas¢he overlappingin leaf nodes
(in theregularR-Tree,alongintenal storedin aleafnodewill "elongate”the areaof this nodethus
exacerbatinghe overlap problem). Intenal fragmentatiorimplies storingfragmentsof the same
intenal in mary places.At worst,thespaceof the SR-Treeis nolongerlinear(alogarithmicfactor

is added).

In contrast,we proposeto usea differentapproachin indexing spatiotemporabbjects
which combinesa spatialindex (R-Tree)with thepartially persistentethodologyA datastructure
is calledpersistent{DSS+86]if anupdateappliedto it createsa new versionof the datastructure
while the previousversionis still retainedandcanbeaccessedA datastructurethatdoesnot keep
its pastis calledephemeal. Partial persistencémpliesthatall versionscanbe accessedut only

the newestversioncanbe modified.
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Partial persistencéits nicely with the degenerateaseof the problemwe addressThisis
becausén the dggenerateeasean updatesimply correspond$o anobjectaddition/deletion. Thus,
thepartially-persistenR-Treecanbeeasilyextendedo index thedegenerateaseof spatiotemporal

objects.

However, the generalcasewhereobjectschangecontinuouslyis far morechallengingto
address.One approachis to representin objects mavementor extent changeby the largest2-
dimensionaMBR thatthe objectobtainedat ary time instantduringits evolution (maxMBR. For
example,in Figure2.1thelargestMBR in the evolution of objecto, occursattime instantt;. Then
theevolutionof o5 canberepresentetly theinsertionof thisMBR attimeinstantt; andthedeletion
of thesameMBR att,. While this representatiogreatesonly onerecord,it createsa large empty
spacefor the partially persistenimethodology Eventhoughaobjectos reducests extentastime
adwancesit is still representely thelarger MBR. Emptyspacean R-Treesis known to deteriorate

guerytime.

To reduceemptyspacene proposeo introducea limited numberof artificial updatesAn
artificial updatedeletesan existing objectandreinsertst, thusaddinganextra record. In orderto
maintainthe index storagespacdinearto the numberof real evolution insertionsN, we limit the
numberof artificial updatego be a fractionof N. To apply the partially persistentmethodology
onemustfirst decide:(i) which objectsshouldbeartificially updatedand,(ii) onwhattime instants
the artificial updatesare created. We formulatethesequestionsas an optimization problemfor
which we provide a greedyalgorithmthat optimally finds the artificial updatedor the casewhere
objectsmove with linearfunctions.Thealgorithmis basen aspeciatmonotonicity propertythat
holdsfor linear changes.This propertyholdsalsowhenobjectschangeone of their (two) extent
dimensiondinearly. If bothextentdimensionchangethe algorithmdoesnot provide the optimal

solution,however it senesasagoodheuristicthatperformsvery well in practice.

Section2.2 provides backgroundon the partially persistentR-Tree and the degenerate
case. Section2.3 discusseshe generalcaseof animatedobjectsaswell asthe greedyalgorithm.
Section2.4 containsexperimentatesults.Section2.5 presentselatedwork while 2.6 concludeshe

chapter
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2.2 Background

Therearetwo obviousbut inefficient waysto addressopologicalqueriesn spatiotempo-
ral evolutions. Thefirst is to storein the databasesnapshot®f the evolution at eachtime instant.
This "snapshot”approachprovidesfastaccesdo the time of interest,but extra work is neededo
locatethe objectsin the queryareaS. The maindisadwantagehowever is the high storagespace
redundang Many objectsthatdo not changewill be storedseveraltimes. At worst,the spacecan

becomeguadratido thenumberof updatesn theevolution,i.e., O(%).

The secondstraightforvard approachs to storethe changedetweentime instantsin a
"log”. This approactusesminimal spaceO(%), but the querytime is ratherlarge asthe time of
interesthasto bereconstructedtartingfrom the beginning of the log (at worstthe wholelog must
bereadresultingto O(%) querytime). An intermediateapproachs to storea numberof snapshots
and the sequence®sf changesetweensuccessie snapshotgsimilar ideaasin MPEG[PG9TY).
However, this approachhasthe following disadwantages:(i) it is not obvious how oftento keep
snapshotgfrequentsnapshotsncreasestoragespace,fewer snapshoténcreasequery time), (ii)
locatingthe objectsin the queryareas§ still requiresextra effort that affects the queryresponse

time.

We proceedirst with a discussiorof the degeneratecase.We thenshav how a Partially

PersistenR-Treecanbe extendedo efficiently index this case.

2.2.1 DegenerateCase

Inthedegenerateaseanobjectis insertedatsomepointinstantandremainsasis until the
timeit is deleted A solutionfor thiskind of spatiotemporadvolutionhasbeerproposedn [VTS98],
thatutilizesa 3-dimensionaR-Tree. Thetime dimensionis considerecdsanothemimensionalong
with the spatialones,andanobjectis representedy its 3-dimensionaMBR. Figure2.2 shavs the
MBRs of four objectsin a degenerateavolution. As mentionedbefore,with this approactobjects
thatremainunchangedver long time will be storedasrecordswith long lifetimes. The R-Tree

will attemptto storetheserecordsaslong rectangleglike objectos in Figure2.2). causinga lot
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Figure 2.2: A degenerate spatiotemporal evolution of four objects.

of overlappingbetweerthe nodesof the R-Tree. However, large overlappingdecreasethe R-Tree

queryperformance.

The SR-Tree hasbeenproposedas a remedyfor storingintenals. Overlappingis de-
creasedy placinglongintenalsin highernodesof the structure.However large numbersof span-
ning recordsor fragmentsf spanningecordsarestoredhigh up in thetreeandthis decreasethe
fan-outof the index asthereis lessroomfor pointersto children. In [KS91] is suggestedo vary
thesizeof thenodesin thetree,makinghigherup nodedarger "Varyingthesize” of anodemeans

thatseveralpagesareusedfor onenode.This addssomepageaccesse® the searchcost.

As with the R-tree,if anintenal is insertedat a leaf (becausét did not spananything)
the boundarief the MBR coveredby the leaf nodein which it is placedmay be expanded.Ex-
pansionsmay be neededn the MBRs of all nodeson the pathto the leaf which containsthe new
record. This may changethe spanningrelationshipssincerecordsmay no longer spanchildren
which have beenexpanded.Suchrecordsarereinsertedn thetree,possiblybeingdemotedo oc-
cupantsof nodesthey previously spanned.Splitting nodesmay also causechangesn spanning
relationshipsasthey make childrensmaller-formeroccupant®f a nodemaybe promotedto span-
ning recordsin the parent. Becauseof fragmentationthe worst casespacerequirementgor an
SR-Treeis O((N/B)logs(N/B)) [ST99]. To improve performanceKolovsonand Stonebrakr
have also proposedhe useof a SkeletonSR-Tree,which is an SR-Tree which pre-partitionsthe

entiredomaininto somenumberof regions[KS91]. This pre-partitionis basedon someinitial as-
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sumptionon the distritution of dataandthe numberof intenalsto be inserted. Thenthe Skeleton

SR-Treeis populatedvith data.

A betterapproactis to usepartial persistence Consideringhe degeneratesvolution of
Figure2.2, assumehatthe objectsat time ¢; areindexed by a 2-dimensionaR-Tree. As thetime
adwancesthis 2D R-Treeevolves,by applyingonit the updategobjectadditions/deletios) asthey
occurat the appropriatgime instants. Storingthis 2D R-Treeevolution correspond$o makinga

2D R-Treepartially persistent.

By “viewing” a degeneratevolution asa partial persistenc@roblem we obtainadouble
adwantage.First, we disassociat¢éhe indexing requirementsvithin a time instantfrom the evolu-
tion. More specifically indexing the objectsat a time instantis provided from the propertiesof the
ephemeralD R-Treewhile thetime evolution supportis achieved by makingthistreepartially per
sistent.Secondpartial persistencevoidsthelong 3-dimensionafectanglesindthusthe extensve
overlappingdueto long lifetimes. Moreover, the partially persistenR-Treeusesstoragespacehat

is linearin thenumberof updatesn the degeneratespatiotemporadvolution.

2.2.2 Partially-P ersistentR-Tree

To illustrate the partial persistencenethodologywe presenthow a 2D R-Treeis made
partially persistentNotethatthe methodologyappliesto otherspatialindices;we usea 2D R-Tree

for simplicity.

Kumaretal. presents partially persistenR-Tree(calledtheBitemporalR-Tree)[KTF98]
following an approactsimilar to [BGO+96] (which shawvs how to male a B-tree partially persis-
tent). In temporalapplicationsit is assumedhat updatesarrive in order Hencewe assumehat
all updatesn the evolution are provided in a sequencerderedby time (the “updatesequence”).
For simplicity of exposition,assumeat mostoneupdatepertime instant(in practicemary updates

happemertime instant).

Thepartially-persistenR-Tree(PPR-Tee)recordsthe evolution of anephemeraR-Tree

on which the above updatesequencés applied. However, it doesnot storesnapshot®f all the



25

versionsof the ephemeraR-Tree. Insteadit recordsthe evolution updatesefficiently so thatthe
storagespaceremainslinear, while still providing fastquerytime. The PPR-Teeis actuallya
directedagyclic graphof nodes(eachnodeis againcorrespondingo a disk page). Moreover, it

hasa numberof root nodeswhereeachroot is responsibldor recordinga subsequernpart of the
ephemeraR-Trees evolution. Datarecordsin the PPR-Teeleaf nodesmaintainthe evolution of

the ephemeraR-Treedataobjects. Eachdatarecordis thusextendedto includethe two lifetime
fields: insertion-timeanddeletion-time Similarly, index recordsin thedirectorynodesof the PPR-
Tree maintainthe evolution of the correspondindgndex recordsof the ephemeraR-Treeandare

alsoaugmenteavith insertion-timeanddeletion-timefields.

An index or datarecordis calledalive for all time instantsduringits lifetime interval. A
leaf or adirectorynodeis calledalive if it hasnotbeensplit. With the exceptionof root nodes for
thetimeintenal thatanodeis alive it musthave atleastD aliverecordq D < B). Thisrequirement
enableslusteringheobjectghatarealive atagiventimein asmallnumberf nodeqpages)which
in turn will minimize the queryl/O. The PPR-Teeis createdncrementallyfollowing the update
sequenceConsidenupdatg(insertionor deletion)attimet;. To processhisupdatehe PPR-Tee
is searchedo locatethetargetleaf nodewherethe updatemustbe applied. This stepis carriedout
by takinginto accounthe lifetime intenals of theindex andthe datarecordsvisited. Thisimplies
thatthe searchfollows recordsthatarealive at ¢;. After locatingthe tagetleaf node,aninsertion
updateaddsadatarecordwith anintenal [¢;, now) to thetargetleafnode.Insteadadeletionupdate

will updatethe deletion-timeof a datarecordfrom now to ¢;.

An updatdeadsto a structurl changef atleastonenew nodeis created Non-structual
arethoseupdatesvhich arehandledwithin an existing node. An insertionupdatetriggersa struc-
tural changeif the targetleaf nodealreadyhasB records.A deletionupdatetriggersa structural
changéf theresultingnodeendsup having fewer than D alive recordsasa resultof the deletion.
Theformerstructuralchangds a nodeoverflow thelatteris a weakversion underflon[BGO+96].
Nodeoverflov andweakversionunderflav needspecialhandling: a split is performedon the tar
getleaf node. This is reminiscenbf the time-splitproposalLS89] andthe pagecopying concept
proposedn [TK95]. The split on a nodezx att, is performedby copying to a new nodey the

recordsalive in nodez att. Nodez is consideredleadaftertime instantt. (We canassumehat
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thedeletion-timefield of all z’s alive recordss changedo ¢ eventhoughthisis notneededn prac-
tice). Thentheresultingnew nodehasto beincorporatedn the structure(for detailswe referto

[KTF98, VV97, BGO+96]).

Answeringa rangequeryaboutregion S andtime ¢ hastwo parts.First, theroot alive at
t is found. This partis conceptuallyequivalentto accessinghe root of ephemeraR-Treewhich
indexesthe dataobjectsalive att. Secondthe objectsintersectingS arefound by searchinghis
treein atop-davn fashionasin aregular R-Tree. The lifetime interval of every recordtraversed
shouldcontainthetime instantt, while therecords MBR shouldintersectheregion S. Answering
aquerythatspecifieatimeintenal [¢, ¢') is similar. Firstall rootswith lifetime intenal intersecting
thetime rangearefoundandsoon. Sincethe PPR-Teeis a graph,somenodesareaccessibldy

multiple roots.Re-accessingodescanbe avoidedby keepingallist of accessedodes.

To answemearesheighborqueriesve usethe algorithmproposedn [RKV95] andlater
refinedin [CF98]. Thequeryconsistof a point or objectandatime interval. The answercontains
the ¢ nearesibbjectsthat are closestto the query objectduring the specifiedtime interval. The
algorithmproposedn [RKV95] canbe useddirectly; the only differenceis on the way distances
arecomputed.All objectsthatarenot alive duringthe querytime intenal have infinite distanceto
the queryobject. On the otherhandfor the objectsthat have lifetimesintersectinghe querytime
intenal, the distancds computedusingtheir extentdimensions.The algorithmuvisits first the root
of thetreeandthentraverseghetreein atop-davn fashion.At eachnode,alist of the subtreess
kept, orderedby the minimumdistanceof eachsubtreeto the queryobject. The subtreesarethen
visitedin sortedorder A subtreds prunedfrom the searchif the minimumdistanceof this subtree
is larger thanthe distanceof the g-th nearesbbjectfoundsofar. The samealgorithmis usedwith

the PPR-Tee,aftertheroot of the correspondingphemeraR-treeis found.

2.3 GeneralCase

Theproblemin thegenerakasds how to representbjectsthatcontinuouslychangeposi-

tionsand/orextentovertime. Objectsarestill representetly MBRs but anefficientsolutionshould
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minimize the empty spaceintroducedby the MBR representation.To achiere that we introduce
artificial deletionsand re-insertionsof objects. Here we assumehat objectsmove with a linear
function over time andlater we discusgthe casewhereobjectsmove andchangeextentin a more

complex way. We proceedvith somedefinitions.

Definition 1 Considera 2-dimensionabpatial objecto that movesand/orchangesits extentdur-
ing its lifetime interval L. This evolution createsa spatiotemporal objectOr which is the 3-

dimensionalolumeoccupiedby o duringits lifetime L.

In therest,we usecapitallettersto represenspatiotemporabbjects;we sometimesirop

thelifetime exponentto simplify the notation.

Definition 2 LetG bea setof spatiotempaal objects.We definethefunctionEmpty: G — R that
takesas input a spatiotempal objectand returnsthe emptyspacethat is introducedby approxi-

matingthe spatiotempal objectby a 3-dimensionaMBR.

Figure2.3 shavs the movementof objecto; from time ¢, to 5. Thecorrespondingpa-
tiotemporalobjectis the shaded/olume;the emptyspacds the volumethatis containednsidethe

3-dimensionaMBR andis notshaded.

MBR

Ly

tl t2
Figure 2.3: A spatiotempaal object.

Next we definethe (artificial) split operation.Considerthe spatiotemporabbjectcreated

by the evolution of objecto from ¢; to ¢;. A split operationat the time ¢,, wheret; < t, < t;,
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artificially deletesobjecto at¢; andreinsertsit at the sametime instantwith the sameextent at
the sameposition. As a result, the original spatiotemporabbject Oli-%) is replacedby two new
spatiotemporabbjects,namely Olti*s) and Olts%). By addingtwo new spatiotemporabbjects
insteadof the original one,the overall MBR emptyspacds expectedio decreassincetheoriginal

evolutionis representedsingmoredetails.

Figure2.4shavstheresultof asplit operatiorperformedntheobjectevolution of Figure
2.3. Theview fromthez — axis is depicted(i.e., the spatialobjectis simply anintenal thatmoved
alongthey —axzis fromtimet; tote). Thegainin emptyspacds equalto E; + F,. Forthepartially
persistencapproachtheabove splitis seerashaving onobjectwith intenal y; with lifetime [¢1,¢5)
andobjectty with lifetime [t5, t2). Without the artificial split, we hadan objecty,,; with lifetime
[t1,t2). Usingthesplit operationwe candecreas¢éheemptyspaceandconsequentlyhepossibility
of overlappingamongthe nodesin theephemeraR-Tree. Thusthe queryperformancef theindex
is improved with the expenseof courseof usingmorespace sinceevery time we performa split,

we increaseghe numberof theindexed objectsby one.

Eq

Yiot

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

from ¢1 to ».

Themoregenerakplit operatiorallows a spatiotemporabbjectto be split mary times.

Definition 3 Consideragain a spatiotempail objectO[*:ti). Thenthe Split-k(O) opestion parti-
tionsOl%+%) into k + 1 spatiotempaal objectsusingsp; splitting points,whee t; < sp; < tj,l =

...k
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Thesplitting pointscanbeary time instantdbetweerthestarttime andtheendtime of the
lifespanof a spatiotemporabbject.In the casethatobjectsmove with alinearmotionovertime, the
bestchoicefor & splitting pointsover a given spatiotemporabbject(so asto minimize the empty
space]s to take equidistansplitsduringthe lifetime of the spatiotemporabbject. Notethatthisis
true only for objectsthatmove linearly (while retainingthe sameextent). It is alsotruefor objects
thatchangeoneof theirextentdimensiondinearly. However, it is nottheoptimalchoicefor objects
thatchangeboththeir extentdimensions.Therearewaysto computethe bestsplitting pointseven

in this scenaricandwe discusghis casen the next section.

Considemow the problemof choosingthe bestsplitsthatdecreas¢he emptyspaceover
a setof (linearly moving) spatiotemporabbjects. Clearly asthe numberof splits increaseghe
more accuraterepresentatiof the spatiotemporabbjectsis achieved andthusthe empty space
is reduced.On the one extremeis the casewhensplitting occursfor every spatiotemporabbject.
However, this createshigh spaceoverhead A morerealisticassumptioris to putanupperlimit on
the numberof splits. Thenthe challengds to find which spatiotemporabbjectsto split andwhere
to split them. More formally we considerthe following problem,alsotermedthe Minimization of

Empty Spacg MES) problem:

Problem Statement. Given a setof spatiotemporabbjectsG andan upperlimit on the
numberof splits £, find the optimalway to apply thesesplits soasto minimize the empty

space.
Thegainfunctionbelov measurethegainin emptyspaceafterk splits.

Definition 4 LetG bea setof spatiotempal objects.Functiongain: G x N’ — R, takesasinput

a spatiotempal objectO andaninteger k£ andreturnsthefollowing real value:

gain(0, k) = Empty(O) — Z Empty(0;)
1<i<k+1

whee O; are theobjectsthat geneatedafter applyingthe opeiation split-k(O).

Forexample,in the1-dimensionatasethatis shavnin Figure2.4,we have gain(0O, 1) =

E; + E». Next, we shaw thata specialmonotonicity propertyholdswhenobjectsmove linearly
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overtime. This propertyis usedto prove the correctnessf our splitting algorithm.

Lemmal LetO bea spatiotempal objectcreatedby a linear movement.Thenfor anysi, 7, with
i< j
gain(0, 1) — gain(0,i — 1) > gain(O, j) — gain(0O,j — 1)

Proof: The positionchangeis describedby an equationof the form: f(¢) = ot + 5. We
initially provide formulasfor thegainfunctionandthenshav thatthe monotonicitypropertyholds.
Consideffirst the casewhereobjectsmove or changetheir extentlinearly on a 1-dimensionaervi-
ronment. An exampleis anintenal thatmoveslinearly overtime over aline. Thegainobtainedoy

splitting k£ timessucha spatiotemporabbjectO is givenby theequation:

. k
gain(0, k) = k—HEmpty(O)

where Empty(0) is the emptyspacentroducedby approximatinghe original spatiotemporabb-

jectwith anMBR.

Figure2.5 depictsan 1-dimensionabbjectO thatis split oneandtwo times. With one
split, the bestsplit positionis at the middle of the horizontalside of the original spatiotempo-
ral object. The gainin empty spaceis gain(O,1) = $E; + sE» = 1Empty(0). With two
splits, the bestsplit positionsarein thefirst third andthe secondhird of the horizontalside. Now
gain(0,2) = %Empty(O). (Notethattheabore equatiorholdsalsofor 1-dimensionabbjectsthat
linearly changesxtent,or move andchangeextent.)

The gain formulafor a 2-dimensionakpacedependn whetherthe objecthasextent.
For thecaseof a pointmoving linearly, thegainobtainedafterk splitsis:

(k+1)% -

. 1
gain(0O, k) = FE Empty(O)

For example,assumehatthe moving point hasinitial position(z1,y,¢;) andfinal po-
sition (z2, y2,t2), Wherez; # zo,y1 # yo andty # to. Thenthe MBR hasvolumeV = abc =

(z2 —z1)(y2 —y1) (t2 — t1) whichis equalto theemptyspacesincethemoving pointdoesnothave
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Figure 2.5: A 1-dimensional moving object with one and two splits.

extent. After k splits,we getk + 1 spatiotemporabbjects,thatapproximatedvith £ + 1 MBRs.
Sincewe split in equidistanpoints,eachrectanglgMBR) hassides;+, kLH and ;% . Thetotal
volumefor theserectangless:

a b c
k+1k+1k+1

Vs’plits = (k + 1)

andfinally thegainin emptyspacdrom the k splitsis:

(k+1)2-1

krop

gain(oa k) =V - Vsplits =

andthisis equalto the previous equation.

An objectwith extentis representetby its 2-dimensionaMBR. Henceconsidera rect-
angleobjectthatmoved from someinitial positionto a final one. The positionof this rectanglds
definedby the positionof its center If theinitial andfinal positionshave onecommoncoordinate
(x ory), thegainis describeddy a similar formulaasin the 1-dimensionakpace.Note however
thatthe emptyspacen the 1-dimensionataserefersto anareawhile in two dimensiongefersto

volume.

If theinitial andfinal positionshave differentx andy coordinates(seeFigure2.6), the
gainformulainvolvesalsothe spatialextent of the object. Usingthe sameargumentsasfor point

objectsit canbeshawn 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.

(k+1)2-1 k k2

Ut 1) abc — 7(k+1)2(aby+acw) - 7(k+1)2axy

gain(0, k) =
wherea is thelifespanof the object,z andy thelengthsof the two sidesof the objects

MBR andb andc thedisplacemenof the objectin Y and X axesrespeciiely.

Usingtheabaove gainfunctionsit is easyto provethat f (k) = gain(O, k)—gain(O,k—1)
for eachO andk > 1 is amonotonicallydecreasindunctionof k, i.e.,

df (k)
“ax =0

|
It shouldbenotedthattheabore propertydoesnotholdfor spatiotemporabbjectscreated
by non-linearmaovementfunctions. For example,Figure 2.7, shavs the caseof a 1-dimensional
maving object,wherethe differencein gain betweerthe first split andno split is smallerthatthe
differencebetweenthe secondandthe first split. Note thatin thatcasewe don't useequidistant

splits,sincethe motionis notlinear Similarexamplesexist for 2-dimensionabbjects.

The monotonicitypropertysimply statesthat the morewe split a spatiotemporabbject

thelessrelative gainwe get,in termsof emptyspace.Sothefirst few splitswill give high gainin
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MBR MBR MBR

7 7

Figure 2.7: The spatiotemporal object created by a 1-dimensional moving point and the

gain after one and two splits.

emptyspacebput aftersomepointthe gainin emptyspacewill besmall.

As presentedhe MES problemminimizesthe empty spacein the 3-dimensionakpace.
However by minimizing this empty space we also minimize the total empty spacefor the PPR-
Tree. Empty spacen the PPR-Teeis introduceddueto approximatinga moving objectwith the
2-dimensionatectanglehatencloseshe objectfor all time instantduringits lifetime (maxMBR).
Introducingthe artificial splits enablegshe PPR-Teeto betterapproximatean objects evolution.

Henceits queryperformancavill improve.

Ontheotherhand,the 3D R-Treeis notexpectedo besignificantlyaffectedby thesplits.

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

cal modelto approximatehe numberof pagesaccessed an R-Tree,given arangequery This

numberis proportionalto the numberof indexed objectsandalsoproportionatto the densityof the

datasetlIn particular they give thefollowing equationfor the numberof datapagesaccessefbr a
3-dimensionatiatasebf m hyperrectangles.

m

DAlg) = F(

Dyf

7+ ) (D)8 4 gy (P 1)

and
D3 -1,
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wheref is thecapacityof eachnodein thetree,andg = (g, gy, ¢;) iIsarangequery Also
D is the densityof the dataobjectsandis definedasthe averagenumberof objectsthat contain
a given point in the dataspace. Theseequationsshav that split operationswill not necessarily
decrease¢he queryoverheadsincea split operationdecreasethe densityof thedatase{D), but at

thesametime increaseshenumberof indexed objects(m).

2.3.1 A GreedyAlgorithm

In this subsectiomve introducea greedyalgorithmfor the MES problemwhich optimally
findsthe spatiotemporabbjectsto split for linearly moving objects. We alsodiscusspossibleim-

plementatiormethodsof the algorithm.

Figure 2.8 describeghe algorithm. We usethe notation); to denotea vector of size
N (the numberof spatiotemporabbjectscreatedby the linear movements).Eachpositionin this
vector corresponddo an objectand storesthe numberof splits for the associatedbjectin the
optimalsolution.Weinitiate this vectorwith the N dimensionakzerovector0 = (0, ..., 0). Thenwe
find theoptimalsolutionsfor one,two, ...,upto K splits. Thebasicideais thatthe optimalsolution
for ¢ splits, canbe derived from the solutionfor 7 — 1 splits, if we chooseto split one objectone
moretime. Thevectore; haszerovaluesto all positionexceptthe position;j whosevalueis one

(2). Thuswe choosdrom all possibleobjects the onethatgivesthe highergainin emptyspace.

A naive implementationof this ideawill give an algorithmwith compleity O(KN)
operationdn main memory Note however, thatto find the objectthat givesthe optimal solution
with onemoresplit, oneneedso checkonly the objectsthat give the maximumgain. Hencethe
objectscanbestoredin apriority queue sortedby thegainobtainedf eachobjectis splitoncemore.
Thenateachstepthe objectthatgivesthe highestgainis chosen Supposehatat somepoint object
oj is choserto be split andassumehis objecthasalready! splits. Thenthealgorithmcomputeghe
differencebetweerthe gainobtainedby splitting the objectusingi + 1 splits(gain(o;,! + 1)) and

its currentgain. Thatis, theobjectis insertedn the queuewith valuegain(o;, 1 + 1) — gain(o;,1).

Next we stateandprove thefollowing theorem:
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GivenasetG of N (linear) spatiotemporabbjectsanda valuefor theinput paramete®

(anupperlimit to thenumberof splits),

1. SetQy = 0. Computefor eachobjectthe gainobtainedwith onesplit andinsertit to

apriority queue.
2. Repeafori =1t0 K
(a) Getthetop elementof thequeuedeletethis objectandlet this betheobject;.
(b) SetQ; = Qi—1 +¢;

(c) Computethe differencein gainobtainedif objectj is split onemoretime and

insertthe objectinto the queueusingthis value.

Figure 2.8: The Optimal GREEDY algorithm

Theorem 1 Thek is an algorithmthat solvesthe MES problemfor linearly moving objectsopti-
mally. Thisalgorithmcanbeimplementedn main memorywith compleity O(N + KlogN) and

in externalmemorywith O(%logM %) I/O’s,where M is the sizeof themainmemoryin recods.
B

Proof:

Firstwe prove thatindeedthe GREEDY algorithmfindsthe optimalsolution.Let @}, be
thevectorthatstoresthe optimalsolutionfor the MES problemof N objectswith & splits. Thatis,
the solutionthatminimizestheemptyspaceby usingk splits. We thenderie the solutionfor £ + 1

splits.

Clearly fro k¥ = 1 the bestsolutionis to split the objectthat givesthe highestreduction
in emptyspacelet Qy = {k1, k2, ..., kn }, wherek;,i = 1, .., N arethenumberof splitsfor each
object. Thusthefirst objecthasto be split £; times,the secondone ky andsoon. Also we have
that Zf-vzl k; = k andk > 1. We claim thatthe optimal solutionfor k£ + 1 splits hasthe form
Qr+1 = {k1,-., ki +1,...,kn} for somei € {1,..., N}.

Let assumehatthisis nottrue andthatthe optimalsolutionfor k£ + 1 splitshastheform:
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Qi1 = {k1, .., ki +2,...,k; — 1...,kn } for somei andj.

SinceQ), is theoptimalsolutionfor & splits,we have that:

gain(o;, ki + 1) + gain(oj, k; — 1) < gain(o;, k;) + gain(o;, k;)
= gain(o;, ki + 1) — gain(o;, k;) < gain(o;, k;) — gain(o;, k; — 1)

Also by Lemmal it holdsthat:

gain(o;, ki + 2) — gain(o;, ki + 1) < gain(o;, ki + 1) — gain(o;, k;)

Therefore,

gain(o;, k; + 2) — gain(o;, k; + 1) < gain(o;, k;) — gain(oj, k; — 1)
= gain(o;, ki + 2) + gain(oj, k; — 1) < gain(o;, k; + 1) + gain(oj, k;)

Thelastinequalityimpliesthat Q1 is anoptimal solutionsincewe cansplit objecto;
k + 1 timesandobjecto; k; timesandhave a bettersolution(or at leastthe same)with a solution

of theform Q. 1/.

Thus,the optimal solutionfor k£ + 1 splitscanbe derived by the optimal solutionwith &

splitsandthe algorithmin Figure2.8 doesexactly this.

To implementthe greedyalgorithm efficiently we needto implementa priority queue.
For this queuewe usea heap. The creationtime of this heapis O(N) for N objects[CLR90].
Theneachinsertionor deletiontakesO(logN') operationsandthe runningtime of the algorithmis
O(N + KlogN). Undertheassumptiothat K = o(NV), therunningtime of thealgorithmbecomes
O(NlogN).

Sincefor the applicationsve have in mind the numberof spatiotemporabbjectsis large
andcannotbekeptin mainmemory anexternalmemorypriority queuds neededWe proposeausing
animplementatiorof an externalmemorypriority queuethatis basedon the buffer tree[Arg95.

The basicideais to performoperationginsertionsand deletions)off-line in sucha way that the
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amortizedcompleity of eachoperationis O(=log

1
B
thealgorithmin externalmemorybecomes) (% logu &) I/0's. u

Note that the abore proof works similarly for the casewhereobjectsdo not move but
changeonly oneof theirextentattributeslinearly. As mentioneckarlierit worksasanapproximation

otherwise.

2.3.2 A Dynamic Programming Algorithm for the General Case

For objectsthat move and/orchangewith a complex non-linearfunction over time, the
above greedyalgorithmis suboptimal. To find the optimal solutionhere,we canusea dynamic

programmingalgorithmfor objectsthatchangewith any complex function.

Letassumehatwe have N spatiotemporabbjectsandK possiblesplits. Also, we assume
thatgiven an objectanda numberof splits,we canfind the optimalway to split theseobjectswith
thegivensplits. Let gain(i, j) denotethegainin emptyspacehatwe getby splitting object: using
atmost; splitsandSP(i,j)thetotal gainin emptyspaceby splitting the setof thefirsti objectsusing
atmostj splits. Thenwe have that:

SP(i,j) = 0<mt1£_ {SP(i—1,j —t) + gain(i,t)}

andwe needto find the SP(N,K)in orderto solve our problem. The runningtime for an
implementatiorof this algorithmin main memoryis O(N K?) andassumingk = O(N), thenit
become®)(N?). Giventhatthe numberof the spatiotemporabbjectsis large (in orderof millions
or billions of objects)the above algorithmis not very practical. Note howvever thatwe canusethe
samealgorithmto find the bestsplitting pointsfor a singleobjectgivena numberof splitsandthis

canbeusedwith the previousgreedyalgorithm.

2.4 PerformanceEvaluation

We first describethe dataset@ndoutline the workloadsusedin our experimentalevalu-

ation. Then,subsectior?.4.2discusseshe performanceharacteristicef variousimplementations
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(tuning) of the PPR-Teesthat we have developed. Finally, we presentexperimentalresultsfor
bothtypesof objectevolution namely thedegeneratésubsectior?.4.3)andthegeneralsubsection

2.4.4)cases.

2.4.1 Experimental Setup

For all methodghepagesizewassetto 1 kbytesandthemaximumnumberof recordsper
pagewasequalto 50 (B=50). For theinsertionanddeletionoperations buffer of 10 pagesvasused
with aLRU replacemenpolicy. In all methodsduringthe queryphasethe buffer wasinvalidated
beforea new queryis executed(so that strengthsandweaknessesf the variousimplementations
arerevealed).Forthe 3D R-Treemethod we usedanimplementatiorof the R*-tree[BKS+9(]. We
implementedhe SkeletonSR-Treebasedon the descriptionin [KS91]. In ourimplementatiorwe
allowedindex nodegto have larger pagegstartingfrom the leaf nodesthe pagesizedoublesasthe
level reachegheroot). At a givenindex page,onethird is allocatedto storingspanningsegments
while the restis for index records. Overflov segmentsstill appearedn higherlevel nodes;such
segmentswere storedin additional pages. However, the reportedquery times for the Skeleton
SR-Treedo notincludeaccessingheseoverflov pageq(i.e., thereportedSR-Treequerytimesare

underestimatesf theactualones).

We generatedariousspatiotemporaiatasetso compargheperformancef thedifferent
methods. Thedataset$or the degenerateaseweresimilarto thespatiotemporadlatasetsiescribed
in [VTS98]. Objectsin a giventime instantwereapproximatedy their 2-dimensionaMBRs and
the sizeof the dataspacewas1.0 x 1.0 (unit square).Moreover, 70% of the objectswere small
rectanglesvith small lifetimes. The lengthof eachrectanglein the z andy axeswasuniformly
choserfromtheintenal (0, 0.04]andthecenterof therectanglesvereuniformly distributedin the
unit square.The lifetime of eachobjectfollowed a Poissordistribution with meanvalueequalto
50. Another15%of the objectswerelarge rectanglesvith smalllifetimes. Herethe lengthof each
rectanglen spatialdimensionsvasuniformly choserfrom (0, 0.6] andthelifetimeswerethe same
asabore. The remaining15% objectswere small rectangleswith large lifetimes. The lifetimes

for theseobjectswere uniformly chosenbetween250 and 500 time instants. For eachobjecta
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numberof lifetimesbetweerD and10000wasgeneratedandthetime intenalsbetweersubsequent
lifetimes had the samecharacteristicas the lifetimes. We generatedive differentdatasetsvith

objectspertime instantrangingfrom 250to 2500.We call this type of dataset®G (degenerate).

For the generalcasewe createdwo differenttypesof datasetsFirst we hada collection
of datasetgontainingonly maving rectanglegthe MV dataset) Eachrectanglestartsat a specific
positionand moveswith a linear motionto its final position. Eachsethad one-thirdof “slowly”
moving rectanglesvhosesideswereuniformly choserin (0, 0.02], andspeed$etweerd and0.001.
Anotherthird hadsidesin (0,0.01] andspeeddetweerD and0.006andfinally “fast” objectswith
thesamesidelengthsandspeeddetweerD and0.01. Therectanglesetaintheir sizeasthey move
andonly changetheir centerpositions. The lifetime of eachobjecthadmeanvalue50. Againthe

averagenumberof objectspertime instantrangedbetweerb00and2500.

Wealsogenerate@ collectionof datasetthatwasamixtureof thepreviousonesgtheGN,
or, genericcollection),andconsistof staticobjects moving objectsandobjectsthatchangesxtent
overtheirlifetime. In particular onethird of the objectsarestaticobjectswith thecharacteristicef
the DG datasetsAnotherthird aremoving objectsandthe restareobjectsthatchangepositionand
extentovertime. To generatesomeof theabove datasetsve usedthe GSTDgeneratofTSN99]. In

Table2.1,we give the maincharacteristicef thedatasets.

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

Dataset| Avg Numberof ObjectsperTime Instant| Total Numberof SpatiotemporaDbjects
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 222970297272 371598

It shouldbe notedthatto insertobjectsinto a PPR-Tee,we first sortthe datasebver the
objectinsertionanddeletiontimes. Thenthe datasets processedequentiallyuntil the endof the
evolution. For the 3D R-Treethe dataseis first sortedon the objectinsertiontimesand objects
areinsertedin thatorder For the SkeletonSR-Treeinsertingthe spatiotemporabbjectsaccording
to insertiontime ordertendto affect overlapping(sincethe orderingimplies that an intenal will

probablyoverlapthe next insertedintenal). We got betterperformancevhenthe spatiotemporal
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objectswereinsertedrandomly

Finally variousquery workloadswere generatedseparatavorkloadswere createdfor
rangeandnearesneighborqueries).A queryworkloadconsistof 1000queries.A queryis spa-
tiotemporalin naturej.e., it hasaspatialandatemporalpredicate For therangequeriesthespatial
partcontained2D rectanglesvith threedifferentsizes,Small,MediumandLarge. The Smallrect-
angleshad lengthsbetween0 and 0.1, Medium between0.1 and 0.3 and Large between0.2 and
0.6. For thetemporalpredicatewe distinguishedetweeri'snapshot’querieswherethetemporal
partwasa singletime instant,and,“period” querieswhereeachqueryspecifieda time intenal of
lengthbetweerD and100. For the nearesheighborguerieghe spatialpartwaseithera querypoint
or a small rectangleuniformly inside the dataspace. The temporalpartwasa “period” selected

randomly with lengthbetweer0 and100.

2.4.2 Tuning the PPR-Tree
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Figure 2.9: Query performance for Figure 2.10: Space consumption for

different merging/splitting policies. different merging/splitting policies.

A numberof optimizationissueshave to be addressedhenimplementinghe PPR-Tee.

Themostimportantof themarethemeging andsplitting policies. Notethatthemeiging policiesof
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thepartially persistenB-treearenotapplicable Thereasoris thatin a B-treethereis asingleorder
amongindexed objects;morewer, datais keptin pagesaccordingto this order Consequent|yfor
eachunderutilizedpagethereareat mosttwo possiblesibling pageghatit canmeigewith. Onthe
otherhand,a PPR-Teestoresmultidimensionabbjectsandfor eachpagetherearemary possible
sibling pageqall pageghat have the sameparentwith the underutilizedpageare candidates)We
usedthreememing policies. Thefirst one,called Overlapchoosesasa sibling the currentlyalive
pagethat hasthe sameparentandshareghe mostoverlapwith the underutilizedpage.The second
one,(Min_Ared), selectassiblingthepagewhoseboundingrectangleareaneedgsheleastgeometric
expansionto incorporatethe objectsof the underutilizedpage. Finally, the third policy (Margin),
findsthe pagethatwhenmeigedwith theunderutilizecdbage hastheleastmaigin, whichis thesum

of thelengthsof all sidesof theboundingrectangle.

For the splitting policies, we usetwo methods.On is called Quadiatic andit hasbeen
proposedn the original R-Treepaper The otherone (R-sta) is the policy thatis usedby the R*-
tree. Thefirst policy assignsobjectsin two groups,initializing thesegroupsby picking the pair
of objectsthatwould wastethe mostareaif putin the samegroup. The R-starpolicy is basedon
determiningvariousdistritutionsof objectsin a page afterorderingall objectsin eachdimension.
The bestdistribution is selectedpasedon a setof criteria, suchasminimizing the sumof mawgin

valuesandalsominimizing the overlap-aredetweerthetwo generateghages.

In Figure2.9we plot the queryperformancedin averagenumberof pagegeadperquery)
for all combinationsof splitting and meiging methods.We usedthe DG datasetsanda snapshot
qgueryworkload. As the Figure shaws, the query performancds mainly affectedby the splitting
policy (with the R-starpolicy providing betterresultsthan Quadratic). The meiging policy has
smalleffect. Thespaceconsumptiorof the PPR-Teeis depictedbn Figure2.10.Heretheimportant
factoris the meiging policy andthe Margin policy givesthe bestresults. As a result,for the rest
of our experimentsve implementedhe PPR-Teeusingthe R-starsplitting policy andthe Margin

policy for meging nodes.
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2.4.3 DegenerateCase

We proceedvith experimentakesultsaboutthe degeneratease . Sinceit containsobjects
with no position/atent changesijt senesasa referencepoint for our later experiments. Figures
2.11-2.13depictthe resultsfor snapshoquerieswith Small, Medium and Large size (in spatial
extent)respectiely. Theaveragdifetime of the objectsis 50timeinstants.In all caseghepartially
persistencenethodologyutperformghe 3D R-Tree. The differenceis higherfor smallerqueries.
Figure2.14shaws theresultsfor Small/Periodqueries.Herethe querytime periodrangedfrom O
to 100. Thedifferencebetweernthe two methodds decreasingisthe sizeof the querytime period
increases.Sincethe PPR-Tee (and partial persistencejs optimizedtowardssnapshotjueries,a
queryinvolving a large period (mary subsequengnapshotsivill overlapwith mary objectcopies

thusdecreasingjueryperformance.
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Figure2.15depictghespaceconsumptiorof bothmethodsfor DG datasetsAs expected
the spaceconsumptiorof the PPR-Teeis higherthanthe 3D R-Tree. Note thoughthatthe space

overheademaindinearto the numberof objectsandit is about2.5timesmorethanthe spaceaised
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by the3D R-Tree.

2.4.4 GeneralCase

Firstwe presenburresultsfor themoving rectangleslatasetéMV) andthenfor thegen-
eraldataset¢GN). Givena datasetthe GREEDY algorithmderiesfirst all spatiotemporabbjects
thatyield the bestgainsin termsof empty spacewhensplit. Thentheseobjectsare split andthe
MBRs of thenewly generatedpatiotemporabbjectsarecomputed SubsequentjytheseMBRs are
indexed by the PPR-Tee(marked asGreedy-PPR-ieein thefigures). To validatethe expectation
thata 3D R-Treewill notgain muchby the artificial splits of the GREEDY algorithm,we indexed
theresultingMBRs with a 3D R-tree,too (Greedy-3DR-Tree). We comparehesetwo approaches
againsthe simpleapproactwereno artificial split is consideredThatis, we useda 3-dimensional
MBR arounda spatiotemporabbjectandindexed themusinga plain 3D R-tree.Similarly we used
the maxz M BR approachfor the PPR-Tee (maxMBR-PPR-Tee). Unlessotherwisestated,the

numberof artificial splitswereabouthalf of the numberof original spatiotemporabbjects(1.5N).
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We usedthis numberof splitsbecausét providesgoodqueryperformancevith asmallincreasén

spaceoverhead.

Figures2.16-2.18depictthe resultsfor snapshotjueriesandMV datasets.The greedy
algorithm combinedwith the PPR-Tee providesthe bestquery performance.Next is the simple
PPR-Teewith themaxMBR approach.t is interestingto notethatthe 3D R-Treeperformssimi-
larly with splitsor no splits(i.e., asexpectedthegreedysplitsdo not provide a large advantage) A
split may decreas¢éhe emptyspacebut it increaseshe numberof objects,affectingthe 3D R-Tree
gueryperformance.The spacefor a methodthat usesthe greedyapproachs aboutl1.5timesthe
spaceof the samenon-greedymethod(Figure 2.19). Time period queriesappearin Figure2.20
usinga datasetvith 1000 0bjectsper time instant. The Greedy-PPR-ee methodremainsbetter
thanthe othermethodseven for the larger periodswe tried. It is alsoclearthatasthe query pe-
riod increasesthe performancef thegreedy3D R-Treedeterioratesgainsthe 3D R-tree.Thisis
becausehe splitsintroducedby the greedyapproachintroducecopiesthatthe R-treeconsidersas

separat@bjects.
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The effect of using differentnumberof splits is examinedin Figure 2.21. The query
performancas shavn for threeMV shapshotjueryworkloadswith 10000bjectspertime instant
anddifferentnumberof splits. For brevity only the Greedy-PPR-eeis presentedT hedatasetvas
aMV datasetvith 10000bjectspertime instant. Clearlyincreasinghe numberof splitsimproves
the queryperformanceThe spacds alsoincreasingproportionallyto the split percentagéncrease

(andis thusnot depicted).

The performancecomparisondor the generaldatasetqthat include mixturesof mov-
ing/static/atendingobjects)appeain Figures2.22to 2.27. All methodsbehae very similarto the
resultsfor themoving objectsdatasetsDespiteusingthe greedyalgorithmasanapproximatiorfor

theextendingobjectsthe Greedy-PPR-feestill providesthe bestperformance.

The performancdor nearesneighborqueriesis similar to the rangequeries.We report
resultsfor thegeneradataset$GN), but the sametrendwasobseredfor theotherdatasetaswell.
In Figure 2.28the averagequery performanceas shavn for a setof 50-NearestNeighborqueries

(thatis, find the 50 nearesbbjectsto thequeryobject). Thetime periodwas20. Figure2.29reports
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resultsfor nearesheighborquerieswith differenttime periods.The Greedy-PPR-trekasagainthe

bestqueryperformance.

Finally, in Figures2.30and2.31we presenthe total numberof 1/O’s neededo create
eachof the index structures. Here, we assumea cacheof only 10 pages. Using a larger cache
we candecreas¢he constructiortime considerably The 3D R-Treeshave lower constructiortime
thatthe PPR-Tees.Thisis not surprising.Clearly, for the partially persistentnethodsheindex is
accessedtlwvice for eachspatiotemporabbject: onceat the insertiontime andagainat the deletion
time. On the otherhandfor the 3D R-Trees,the index is accesseanly whenthe MBR of the
spatiotemporabbjectis inserted However, for the Off-line problem theindex is createdbnly once

andthenis usedfor thequerying,i.e., theupdatecostis notthatcritical.

2.5 RelatedWork in Spatiotemporal Indexing

Researcln theareaof spatiotemporadatabasendexing is limited. In particulay Theodor

idis etal. [TSP+98]summarizéheissueghata spatiotemporaihdex needdo addressin anearly
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Figure 2.21: Query performance

Figure 2.22: Query performance
of the Greedy-PPR-tree for snapshot

for small/ snapshot queries and GN
queries and different number of splits

datasets.
and MV datasets.

papefXHL90], the RT-treeis presentedan R-Treethatincorporategime into its nodes.Eachob-
ject hasa spatialanda temporalextent. For anobjectthatis enteredat time ¢; thetemporalextent
is initialized to [t;, t;). This temporalextentis updated(increasedpt every time instantthat this
spatialextentremainsunchangedlf the spatialextentchangesattime ¢;, a new recordis created
for this objectwith anew temporalextent|t;, ¢;). Clearly this methodis inefficient dueto its large
updateoverheadln [NS98 TVM98, XHL90, NST99]theideaof overlappingtreesis usedto make
anindex partially persistent.Differentindicesare createdor eachtime instant,but to save space,
commonpathsare maintainedonly oncesincethey are sharedamongthe structure. However the
overlappingmethodchasalogarithmicspaceoverheadsinceeverytimeanupdatds made thewhole
pathfrom therootto the updatedeaf nodehasto be copied.Indeed,in anexperimentalkvaluation
presentedn [NST99] the overlappingR-Tree (HR-Tree)hasan orderof magnitudehigherspace
overheadhatthe 3D R-Tree.It shouldbenotedthatthe GREEDY algorithmpresentedh this paper
is generabndcanbeusedto enhancehe performancef ary partially persistentmethod(including

the overlappingapproach).In anotherrecentwork, Saltenisand Jenser{SJ99, an R-Treeis ex-
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tendedto supporttransactiorandvalid time. However, this work concentratesn the combination

of degeneratevolutionsandbitemporaldatasets.

2.6 Summary

We have examinedthe problemof indexing objectsin spatiotemporadvolutions,by using
theideaof partially persistentiatastructures However, the partial persistenc@pproactconsiders
only objectsthat remainunchangedluring their evolution. This is not realisticin mary real life
applicationswhereobjectscan changetheir extent/positionover time. We presentedan efficient
wayto represensuchcomple objects.In particular we formulatedthis problemasanoptimization
problemand provided an optimal greedyalgorithmfor the caseof linearly moving objects. Our
solutionis alsooptimal for objectsthat changdinearly only one of their extent dimensions.The
presentedpproactprovidesveryfastquerytime attheexpenseof someextraspacewhich however
is linearto the numberof changesn the evolution. We have shavn the merit of our methodby

comparingt with anapproactthatseedime asanothedimensioranduseqi) aregular3D R-Tree,
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and GN datasets.

or, (i) aSkeletonSggmentR-Tree.

While in this chaptemwe consideredangeandnearesneighborqueriesthatreferto the
past,in the next chapterwe investigatethe problemof answeringqueriesthat refer to the future

assuminghatobjectsmave linearly over time.
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Chapter 3

Indexing the Futur e Positions of

Continuously Moving Objects

3.1 Intr oduction

Traditionaldatabasenanagemergystemsassumehatdatastoredin thedatabaseemain
constanuntil explicitly changedhroughanupdate While thismodelseneswell mary applications
wheredatachangesn discretestepsijt is notappropriatdor applicationswith continuouslychang-
ing data.Onesuchapplicationis a“motion” databaséhatstoreshelocationof mobileobjects(e.g.
cars). Sinceobjectschangdocationcontinuously onewould have to updatethe databaseat every
unit of time. Thisis clearlyaninefficientandinfeasiblesolutionconsideringhe prohibitively large

updateoverhead.

A betterapproachis to abstracteachobjects locationas a function of time f(t), and
updatethe databas@nly whenthe parametersf f changgfor examplewhenthe speedor the di-
rectionof a carchanges).Using f(t) the databaseancomputethe locationof the mobile object
at ary time in the future. While this approachminimizesthe updateoverhead,t introducesa va-
riety of novel problems(suchasthe needfor appropriatedatamodels,querylanguagegndquery

processingand optimizationtechniques}kincethe databasés not directly storing datavaluesbut
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functionsto computethesevalues. Motion databasgroblemshave recentlyattractedthe interest
of theresearclttommunity: ([SWC+97,WCD+98,WXC+98]) presenthe Moving ObjectsSpatio-
Temporal(MOST) modeland a language(FTL) for queryingthe currentand future locationsof
mobile objects;([EGS+98]) proposesa modelthat tracksand queriesthe history (pastroutes)of
mobileobjects basedn new spatio-temporadlatatypes.Anotherspatiotemporainodelappearsn
[CR99]. Spatio-temporafjueriesaboutmobile objectshave importantapplicationgn traffic moni-
toring, intelligentnavigation andmobile communicationglomains.For examplein databasethat
track carsin a highway systemwe candetectfuture congestiorareas.In mobile communications,
we canallocatemorebandwidthfor areasvherehigh concentratiorof mobile phonesds approach-

ing. Thereis alreadya GIS system{ARC98] thatsupportdrackingandqueryingof mobile objects.

In this chapterwe focus on the problemof indexing mobile objects. In particularwe
examinehow to efficiently addressangequeriesover the objectlocationsinto the future. An
exampleof sucha spatio-temporatjueryis: “Report all the objectsthat will be inside a query
region P 10 minutesfrom now”. Notethattheanswetto this queryis tentatve in the sensehatit is
computedbasedn the currentknowledgestoredin thedatabas@boutthe mobile objects’location
functions.In the nearfuturethis knowledgemay changewhich impliesthatthe samequerycould
have a differentanswer As the numberof mobile objectsin the applicationswe consider(traffic
monitoring,mobilecommunicationsgtc.) canberatherarge, we areinterestedn externalmemory

solutions.

While in generalan objectcould move anywherein the 3-dimensionakpaceusingsome
rathercomplex motion, we limit our treatmento objectsmoving in 1- and 2-dimensionakpaces
andwhoselocationis describedy 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
approximatedy connectedstraightline segmentson a plane;this is alsotrue for routestaken by
airplanesor ships. In addition,solving thesesimpler1- and2-dimensionaproblemsmay provide

intuition for addressinghe moredifficult problemof indexing generaimultidimensionafunctions.
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3.2 Background

We considera databas¢hatkeepstrack of mobile objectsmoving in oneandtwo dimen-
sions. We modelthe objectsaspointsthat move with a constantvelocity startingfrom a specific
locationat a specifictime instant. Using this informationwe cancomputethelocationof anobject
atary timein thefuturefor aslong asits movementcharacteristiceemainthe same.In onedimen-
sion,an objectstartedfrom locationy, attime ¢, with avelocity v (v canbe positve or negative)
will bein locationyy + v(t — to) attimet > ty. Similarly for objectsmoving in two dimensions.
Objectsareresponsiblefor updatingtheir motion information, eachtime their speedor direction
changes Also, we assumehatthe objectscanmove insidea finite terrain(a line segmentin one
dimensionor a rectanglein two). Thuswhenan objecthasreachedhe limits, it hasto issuean
update(eitherbecausét is deletedor it is reflected).Finally, we allow insertionof a nev objector

deletionof anold one,eg. the systemis dynamic.

We would like to answerefficiently proximity queriesamongthe mobile objects.In par
ticular, we areinterestedn answeringgueriesof the form: “Reportthe objectsthat resideinside
theintenal [y14, y2,] (Or therectanglgz4, z24] X [Y14, Y24] iN two dimensionsptthetime instants
betweertime t1, andty,, (Wheret,., < t14 < taq), giventhe currentmotioninformationof all
objects”. We call this type of querya one dimensionaMOR (Moving ObjectsRang) queryfor
objectsmaving in one dimensionand a two dimensionalMOR query for objectsmaving in two

dimensions.

3.3 Indexing in onedimension

We begin with the simplerproblemof objectsmoving on a 1-dimensionaline. We parti-
tion the mobile objectsinto two catejories,the objectswith low speedy ~ 0 andthe objectswith
speedetweeraminimumu,,;, andmaximumspeed,,.... We consideherethe“moving” objects,

€g. the objectswith speedyreatethanw,,;,. We discusghe caseof slowly moving objectslater

We assumehatthe objectsmove on the y—axis between) andy,,,, andthatan object

canupdateits motioninformationwheneer it changesWe treatan updateasa deletionof the old
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Figure 3.1: Trajectories and query in (¢,y) plane.

informationandan insertionof the nev one. Next we give differentgeometricrepresentationef

the problemandfor eachonewe discussaccesstructurego efficiently addressViOR queries.

3.3.1 Space-timerepresentation

In this representatiomve plot the trajectoriesof the mobile objectsaslinesin thetime-
location(t, y) plane.Theequatiorof eachline is y(t) = vt + a wherew is theslope(thevelocityin
ourcase)nda is theinterceptthatcanbe computedy themotioninformation.In factatrajectory
is not a line but a semi-linestartingfrom the point (y;, ¢;). However sincewe askqueriesfor the
presenor for thefuture,assuminghatthetrajectoryis aline doesnot affect the correctnessf the

answer Figure3.1 shavs anumberof trajectoriesn theplane.

The queryis expressedsa 2-dimensionalntenal [(yiq, y2q), (t14, t24)]. Theansweris

thesetof objectsthatcorrespondo linesthatintersecthe queryrectangle.

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

situationthatcausesignificantshortcominggo traditionalindexing techniques.

Onewayisto index thelinesusinga SpatialAccessMethod(SAM). Theneachline is ap-
proximatedoy aminimumboundingectangl§MBR) whichis thenindexedusinganR-tree[Gut84
or anR*-tree[BKS+9(. However, thisapproachs problematidbecause(i) anMBR assigndo the
maving objectamuchlargerareathanaline has(ii) sinceobjectsretaintheirtrajectoryuntil being
updatedall linesin figure 3.1 extendto "infinity”, i.e. acommonendingon thetime dimension.

Mappinga line sggmentasa pointin four dimensionspy takingthe coordinate®f the endpoints,
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will alsonotwork. Evenif we partitionthetime dimensionin time intenals ("sessions”)of length
AT (asin [TUW98]) andindex the partof eachtrajectorythatfalls in the currentsessionyve still
have sggmentswith acommonendpoint(the endtime of thecurrentsession) Anothershortcoming

is thatthe SAM canonly addresgjueriesuntil the endof thecurrentsession.

A differentapproachs to decomposéhedataspaceanto disjointcellsandstorewith each
cell the setof linesthatintersecit. Indexesthatfollow this approacrarethe R+—tree[SRF8]/ the
cell-tree[Gun8P andthe PMR—quadtree[Sam®0 The main dravback for thesemethodsis that
every line will have mary copies;this becomeswvorsein our ervironmentsincelines are large.
Storingmary copiesaffectsboththeupdateperformancgwhenanobjectchangedts trajectory its

previousroutehasto bedeletedrom all cellsit wascontained)aswell asspace.!

In [Jag9(Q amethodis proposedo index line segmentshasedn thedualtransformation.
The useof dualtransformatiorio index mobile objectsis alsoproposedn [WXC+98]. In the next
sectionwe considerthis approachin our setting, namelyusing the dual transformatiornto index

mobileobjects.

3.3.2 The dual space-timerepresentation.

Duality is apowerful andusefultransformfrequentlyusedin thecomputationageometry
literature;in generait mapsa hyperplaneh from R¢ to apointin R andvice-versa.The duality

transformis usefulbecausét allows formulationof a problemin a moreintuitive manner

In our casewe canmapa line from the primal plane(¢, y) to a pointin the dual plane.
Thereis no uniqueduality transform but a classof transformsawith similar properties.Sometimes

onetransformis moreconvenientthananother

Considera dual planewhereone axis representshe slopeof an objects trajectoryand
the otheraxisits intercept. Thusthe line with equationy(t) = vt + a is representedyy the point
(v,a) in the dual space(this is calledthe Hough-X transformin [Jag9Q). While the valuesof v

arebetween—uv,,,, andv,,.., thevaluesof theinterceptaredependentn the currenttime. If the

TUWI8] usesamethodbasedn the PMR-quadtreetheir experimentshav thatevenfor asmallnumberof mobile
objects(50K) thenumberof copiescanbecomequite large (about250 copies/object).
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Figure 3.2: Query in the dual Hough-X plane.

currenttime s ¢4, thentherangefor a is [—vyaz X thows Ymaz + Vmaz X tnow)-

The queryis transformedn a polygonin the dual space.We canexpressthis polygon
usingalinearconstrainguery[GRS+97].

Proposition1 TheonedimensionaMORqueryis expressedn thedual Hough-Xplaneasfollows:

e Forv > 0thequeryis: Q@ = Cy A Cy A C3 A Cy, Wwhee: C1 = v > vmin, Co = v < Umaz,
Cy3=a+ togV 2 Y1q andCy =a + t140 < Yoq-

e Forv < O0thequeryis: Q@ = D1 A Dy A D3 A Dy, whee: D1 = v < —vpip, Do = v >

—Umaz, D3 = a + t1qV 2 Y14 andDy = a + togv < Y2q-

Proof: Letv > 0. TheCy andCy constraintsarestraightforvard by the problemsetting. We
will shav thatthe othertwo arealsonecessarylLet a be a particulara < yo,. Thenaline with

intercepta canintersecthequeryrectangleff theslopehasvalues:

tan(¢1) < v < tan(¢e2) = Yig— @ Y20
t2q th

Fromtheabove inequalitiesve getthetwo otherconstraints Similarly for v < 0. |

Sincethe queryis differentfor positive andnegative slopeswe canusetwo structurego

storethedualpoints. It is easyto seethattherangeof thea’s valuesis NOV [—vpaz X thow, Ymaz —

Umin X tnow] .
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Howeversincetimeis monotonicallyincreasingthevaluesof theintercepiarenotbounded.
If thevalueof the maximumspeeds significant,the valuesof theinterceptcanbecomevery large

andthis potentiallycanbea problem(i.e., representinginboundedangesf realnumbers).

To solwe this problemwe useour assumptionhatwhenanobjectcrosses borderit issues
anupdate(i.e. it is deletedor reflected). Combiningthis assumptiorwith the minimal speedwe
canassurehatall objectshave updatedheir motioninformationatleastonceduringthelastZ).;oq
time instantswhereT e ioq = ?}Z—az We canthenusetwo distinctindex structuresThefirst index
storesall objectsthathave issuedheirlastupdatein theperiod[0, Tperioq). Thesecondndex stores
objectsthat have issuedtheir last updatein the intenal [Tperiod, 2T period). Eachobjectis stored
only once eitherin thefirst or in thesecondndex. Beforetime T),,;,q4, all objectsarestoredin the
firstindex. However, every objectthatissuesanupdateafterT),,;.q is deletedirom thefirst index
andit is insertedn thesecondndex. Theinterceptof thefirstindex is computedby usingtheline
t = 0 andfor the secondndex usingtheline ¢t = T)..i0q. Thuswe aresurethatthe interceptwill
alwayshave valuesbetweerd andv,,q; X Tperiog- T0 querythedatabaseve usebothindices.After
time 27,1, We know thatthefirst index is emptyandall objectsarestoredin the secondndex,
sinceevery objecthave issuedat leastoneupdatefrom T ioq t0 2T eri0q- At thattime we remaove
theemptyindex andwe initiate a new onewith time period[27 ¢ iod, 3Tperiod)- We continuein the
sameway andevery T).,oq time instantswe initiate a new index andwe remave an emptyone.
Using this methodthe interceptis boundedwhile the performanceof theindex structuresemain

asymptoticallythe sameasif we hadonly onestructure.

Anotherwayto represenaline y = vt + a, is to write theequatiorast = %y — 5. Then
we canmapthisline to apointin thedualplanewith coordinates: = % andtheb = —2 (Hough-Y
in [Jag9Q). Notethatb is the pointwherethe givenline intersectgheline y = 0. Note alsothat
thistransformcannotrepresenhorizontallines(similarly, the Hough-Xtransformcannotrepresent
vertical lines). However, this is not a problemsinceour lines have a minimum and a maximum

slope.
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3.3.3 Lower Bounds

Thedualspace-timaepresentatiotransformgheproblemof indexing mobile objectson

aline to theproblemof simplex rangesearchingn two dimensions.

In simplex rangesearchingve aregiven a setS of 2-dimensionapoints,andwe want
to answerefficiently queriesof the following form: given a setof linear constraintsuz < b, find
all the pointsin S that satisfy all the constraints. Geometrically the constraintform a polygon
on the plane,andwe wantto find the pointsin theinterior of the polygon. This problemhasbeen
extensvely studiedbeforein the static,main-memornysetting(seefor examplethe excellentsuney

in [AE98] andtherelatedwork section).

The only knowvn lower boundfor simplex rangesearchingjf we wantto reportall the
pointsthat fall in the queryregion ratherthan their numbey is dueto Chazelleand Rosenbey
(ICR97). They shaw that simplex reportingin d-dimensionswith a querytime of O(N? + K),
whereN is the numberof points, K is the numberof thereportedpointsand0 < § < 1, requires
spaceQ(NU1-9)-€) for ary fixede. This resultis shavn for the pointermachinemodelof com-
putation[CR92]. The boundholdsfor the staticcase,evenif the queryregion is the intersection
of justtwo hyperplanes. Sincee canbe arbitrary small, ary algorithmthat useslinear spacefor

d-dimensionasimplex rangesearchinghasworstcasequerytime Q(N(@-1/d ¢ k),

Here we shav that a similar boundholds for the input-outputcompleity of simplex
searching Following the approachin [SR95]we usethe externalmemorypointermachineasour
modelof computation.Thisis a generalizatiorof the pointermachinesuitablefor analyzingexter
nal memoryalgorithms.In this model,a datastructureis modeledasa directedgraphG = (V, E),
with a sourcew. Eachnodeof the graphrepresents disk block andis thereforeallowed to have
B dataandpointerfields. The pointsare storedin the nodesof G. Givena query the algorithm
traversesG startingfrom w, examiningthe pointsat the nodesit visits. The algorithmcanonly
visit nodegthatareneighborsof alreadyvisited nodegwith the exceptionof theroot) and,whenit
terminateghe answetrto the querymustbe containedn the setof visitednodes.Therunningtime

of thealgorithmis the numberof nodest visits.
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Theorem 2 Simple reportingin d-dimensionsvith a querytime of O(n’ + k) 1/0’s, whee N is
thenumberof points,n = N/B, K is thenumberof thereportedpoints,k = K/B,and0 < ¢ < 1,

requiresQ(nd(1-9—¢) discblocks, for anyfixede.

Proof: To prove the lower boundwe shav that, given §, thereexists a setof N points,and
a setof Q(nd1-9)-9-¢) queriessuchthat eachqueryhas©(Bn’) points,andthe intersectionof
ary pair of queryresultsis small. To answera querywith ©(Bn’) points,the answeringalgorithm
mustvisit 2(n?) nodes. To answerthis queryin O(n?) 1/O’s, at leasta constantfraction of that
mary blockshave a constanffraction of their pointsin the answerof the query But if the setof
the querieshassmallintersectionjt follows thatto answereachqueryin the setin time O(n?) at
leastO(n?) x Q(nH1-0-—¢) = Q(n41=9)~¢) nodeshave to be visited. It remainsto shav that
sucha setof queriesexist. To do sowe simply modify the existing constructiorby Chazelleand

Rosenbeay [CR92] by replacingeachpointin their pointsetby B copies. |

A corollaryof thetheoremis thatin theworstcaseadatastructurghatusedinearspacdo
answerthe 2-dimensionasimplex rangequeryandthusthe onedimensionaMOR query requires
Q(yv/n + k) 1/0’s. Next we presenta dynamic,external-memoryalgorithmthat achiees almost
optimalquerytime with linearspace As we shallseehowever this algorithmis not practicalsowe
alsoconsideifasteralgorithmsto approximatehequeries Finally, we give aworstcasdogarithmic

guerytime algorithmfor arestrictedbut practicalversionof our problem.

3.3.4 An (Almost) Optimal Solution

Matousek[Mat92]) gave analmostoptimalalgorithmfor simplex rangesearchinggiven

a staticsetof points. This mainmemoryalgorithmis basedn theideaof simplicial partitions.

We briefly describethis approacthere.For asetS of N points,a simplicial partition of
Sisaset{(S1,A1),...,(Sr, Ar)} where{Si,...,S,} is apartitioningof S, andA, is atriangle
thatcontainsall the pointsin S;. If max; |S;| < 2min; |S;|, we saythatthe partitionis balanced.
Matousek[Mat92]) shavsthat,givenasetS of N points,andaparametes (whered < s < N/2),

we canconstructin lineartime, abalancedimplicial partitionfor S of sizeO(s) suchthatary line
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crossesitmostO(4/s) trianglesin the partition.

This constructioncanbe usedrecursvely to constructa partitiontreefor S. Theroot of
the tree containsthe whole set S, anda trianglethat containsall the points. We find a balanced
simplicial partitionof S of size/]S|. Eachof the childrenof theroot areassociateavith a setS;
from the simplicial partition,andthetriangleA; thatcontainsthe pointsin S;. For eachof the S;’s
we find simplicial partitionsof size/[S;], andcontinueuntil eachleaf containsa constanhumber

of points. Theconstructiortimeis O(N log, N).

To answera simplex rangequery we startat theroot. We take eachof thetrianglesin the
simplicial partition at the root and checkif it is insidethe queryregion, outsidethe queryregion,
or intersectoneof thelinesthatdefinethe query In thefirst caseall pointsinsidethetriangleare
reportedjn thesecondcasehetriangleis discardedandin thethird casewverecurseonthetriangle.
Thenumberof trianglesthatthequerycancrossis boundedhowever, sinceeachiine crossestmost
O(\Sﬁ) trianglesattheroot. Thequerytimeis O(N%+6 + K), with the constanfactordepending

onthechoiceof e.

Agarwal et. al. [AAE+98] give anexternalmemoryversionof staticpartitiontreesthat
answergjueriesn O(n%+€ + k) 1/Os. To adaptthis structureto our ervironment,we have to make
it dynamic.Usinga standardechniqueby Overmarg[Ove83) for decomposablproblemswe can
shav thatwe caninsertor deletepointsin a partitiontreein O(log N) 1/0s, andanswersimplex

queriesin O(nz ¢ + k) I/Os.

3.3.5 Improving the averagequery time.

Partitiontreesarenot very usefulin practicebecausehe querytimeis O(n%Jre + k) and
the hiddenconstantfactor becomedarge if we chosea smalle. In this sectionwe presentwo

differentapproachethataredesignedo improve the averageguerytime.
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Using Point AccessMethods

There are a large numberof accesanethodsthat have beenproposedto index point
data[GG98 All thesestructuresveredesignedo addresrthagonal rangequeries,eg. a query
expressedisa multidimensionahyperrectangle However, mostof themcanbe easilymodifiedto

addresson-orthogonatjueriedik e simplex queries.

Recently Goldsteinat al. [GRS+97]presentedan algorithmto answersimplex range
gueriesusingR-trees.Theideais to changehesearctproceduref thetree.In particularthey gave
efficientmethoddgo testwhethera linearconstraingueryregion anda hyperrectangleoverlap. As
mentionedn [GRS+97 this methodis not only applicableto the R-treefamily, but to otheraccess

methodsaswell.

We usethis approacho answerthe one dimensionaMOR queryin the dual Hough-X
space(Figure3.2). However it is not clearwhat structurewould be moresuitablehere,given that
the distribution of pointsin the dual spaceis highly skewed. We argue that an index structure
basedon kd-trees (like the LSD-tree[HSW89] andthe h B! -tree[ELS95]) is moresuitablethan
amethodbasedon R-trees. Thereasons thatsinceR-treestry to clusterdatapointsinto squarish
regions[KF93], they will splitusingonly onedimensiontheintercept).Ontheotherhandakd-tree
basedmethodwill usebothdimensiongo split (seeFigure3.3). Thusit is expectedto have better

performancdor the MOR query

A Query Approximation Algorithm.

A differentapproachs basedon a query approximationidea using the Hough-Y dual
plane. In generalthe b coordinatecanbe computedat differenthorizontal(y = ¥, lines. The
gueryregion is describedby the intersectiorof two half-planequeries(Figure3.4). Theoneline

intersectgheline n = ;- atthepoint (¢, — 2%, ) andtheline n = ;1 atthepoint

Umaz ' Umaz

(tg — Y —1_). Similarly the otherline thatdefineshe queryintersectshe horizontallinesat

Umin Umin

(th o qu_y'r’ 1 ) and(tgq _ Yig—Yr L)

Umaz Umazx Umin  Umin

Sinceaccessnethodsaremoreefficient for rectanglequeries,supposehatwe approxi-
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Figure 3.4: Query in the dual Hough-
Y plane.

matethe simplex querywith a rectangulaone. In Figure 3.4 the queryrectanglewill be [(t14 —

Y29 —Yr to, — qu_yr)’( 1

Umin 7 24 Umaz Umaz

, vﬁfm)]. Notethatthequeryareais enlagedby theareaFl = E; + E»

whichis computedas:

1 v — Umi
Py M)Zq'g?q - yr' + |y1q - yr') (31)

2 Umin X VUmaz

We areinterestedn minimizing E sinceit represent& measureof the extra I/0O’s that
an accesanethodwill have to performfor solving an one dimensionaMOR query FE is based
on both y, (i.e. wherethe b coordinateis computed)and the queryintenal (y14, y24) Which is
unknavn. Hence,we proposeto keepc indices(wherec is a small constant)at equidistanty,’s.
All ¢ indicescontainthe sameinformationaboutthe objects but usedifferenty,’s. Thei-th index

storesthe b coordinateof the datapointsusingy = ¥mez x 4, 4 = 0,..,c — 1. Conceptually
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y; Senesasan “obsenation” element,and its correspondingndex storesthe dataas obsered
from positiony;. We call the areabetweensubsequentobsenation” elementsa subterain. A

given one dimensionalMOR querywill be forwardedto the index(es) that minimize E. Since

all 2-dimensionabpproximatequerieshave the samerectangleside(Umlam ,Unim) (Figure 3.4) the

rectanglerangesearchs equivalentto a simplerangesearcton the b coordinateaxis. Thuseachof

thec “obsenation” indicescansimply bea B+-tree[Com79.

To processgenerabjueryintenal [y14, y24] We considetwo casesiependingpnwhether

thequeryintenal coversa subterrain:

(1) y2q — y14 < ¥maz: thenit canbe easilyshavn thatareaF is boundedy:

c

1 Vmaz — Vmin Ymazx
E < o V(=) (3.2)

Umin X Umagz (&

Thequeryis processedttheindex thatminimizes|yzq — yr| + [y14 — yr|-

(i) y2q — y14 > “me=: thequeryintenal containsoneor moresubterrainswhichimplies

c

thatif aqueryis executedatasingleobsenrationindex, areall becomesarge. To boundE weindex
eachsubterraintoo. Eachof thec subterrairindicesrecordghetimeintenal whenamoving object
wasin the subterrain.Thenthe queryis decomposeihto a collectionof smallersubqueriesone
subquerypersubterrairfully containedy the original queryintenal, andonesubquenyfor eachof
theoriginalquerys endpointsThesubqueriesttheendpointdall to case(i) abore, thusthey canbe
answeredvith boundedFE usinganappropriatéobsenation” index. To index theintenalsin each
subterrainwe could usean externalmemoryIntenal tree[A/96] which will answera subterrain
queryoptimally (i.e., E = 0). As aresult,the original query canbe answeredvith boundedE.

Thuswe have thefollowing lemma:

Lemma?2 TheonedimensionaMOR querycanbeansweedin time O(logg n + (K + K')/B),
whee K’ istheappoximationerror, thatis thenumberof objectsthatweretrieveanddo notbelong
in the answerof the original query Thespaceusedis O(cn) whee ¢ is a smallconstantandthe

updateis O(clogg n).

Notethatassuminghatthe pointsaredistributeduniformly over the b-axis,thentheapproximation
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erroris boundeddy 1/¢c, eg. K' = O(1/c).

3.3.6 Achieving Logarithmic Query Time

For mary applicationstherelative positionsof the moving objectsdo not changeoften.
Considerfor examplethe casewhereobjectsare moving very slowly, or with approximatelythe
samevelocity In this casethelinesin the time-spaceplanedo not crossuntil well forwardin the
future. If werestrictour queriego occurbeforethefirsttime thata pointovertales(passesanother

theoriginal problemis equialentto 1-dimensionatangesearching.

This is one of our motivationsto considera restrictedversionof the original problem,
namely to index mobile objectsin aboundedime intenal T in the future. As we have seenthere
exist lower bounddor the original problemthatshav thatwe cannotachiere querytime betterthan
Q(4/n) givenlinear space.However, usingthe above restriction,we achieve a logarithmicquery

time, with spacethatcanbe quadratidn theworstcasebut is expectedto belinearin practice.

Formally, the problemwe areconsideringn this sectionis the following: givena setof
objectsthat are moving on a line, anda time limit T", find all the objectsthatlie in the segment
[y, yr) attimet, (wherety < t, < to + T'). Equivalently thisis a standardnedimensionaMOR

querywheret;, = t5,. Wewill callit anonedimensionaMOR1 query

Ourmethodis to find all thetimeswhenanobjectovertalesanother Theseeventscorre-
spondto line sggmentcrossesn thetime-spacelane.Notethatbetweertwo consecutie crossing

eventstherelative orderingof the objectson the planeremainghesame.

Firstwe shav thefollowing lemma:

Lemma 3 If wehavetherelativeorderingof all theobjectsat timet,, thepositionof the objectsat
timet, thatcorrespondso theclosestcrossingeventbefoe ¢,, andthe speedf theobjectswecan

findtheobjectsthatarein [y;, y,] in O(logy N + K) time

Proof: Assumethattheobjectsare{p;,po,...,pn}, Wherep; hasapositiony; attimet, and

avelocity v;. Without lossof generality assumehat, attime ¢,, the relatve orderof the objects
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from left to rightis p1, po, ..., pN.

Storethe objectsin a binarytree,sortedby their original positions. Theroot of thetree,
point p;, is goingto beat positiony; + v; x t, attimet,. Sincethe objectsin the binarytreeare
storedby orderatthetimet,, if y; +v; x t; < y; thenthisis alsotruefor all the objectsto theleft
child of theroot, in which casewe eliminatetheleft child andrecurseontheright child. Otherwise
we recurseon theleft child of thetree. Thusin O(log, N) time we canfind the positionsof y; and

yr relatve to theobjectsattime t,, andwe reportthe objectsthatlie between. |

Thefollowing lemmafindsall the crossingsf pointsefficiently.

Lemma4 We canfind all the crossingsf objectsin time O(N log, N + M log, M), whee M is

the numberof crossesn thetime period [0, 7.

Proof: Let{p1,...,pn} betheorderingof the N objectsattime 0. At timeT", thepositionof
objecti isy; + v; x T. Tofind theorderingof theobjectsattime T' we have to sorttheir positions.
Let {py(1);---,py)} betheorderingof thesameN objectsattime T'. Thenobjects: andj cross

if andonly if ¢(5) < ¢(3).

Keepthe objectsin a linked list, in the sameorderthey wereattime ¢ = 0. Scanthe
sortedlist of objectsattime 7. Find objectp, ;) in thelist. This objectcrossesll the objectsahead
of it in thelist. After reportingthesecrosseswe remaove it from thelist, andrepeathis processvith
the next point. This procedureeportsall the crossingsn O(N + M) time. After all the crossings

arereportedwve canfind wheneachoccursandsortthemon their time attributes. |

TheseM crossedefine M orderedlists of the N objects. Eachtwo consecutie lists
differ in exactly two positions the positionsthatcorrespondo the objectsthatcross.Thetotal sum
of thedifferencedetweerconsecutie listsis thereforeO(M). In thenext lemmawe shav how we

canefficiently storeandsearchthesdistsin externalmemory

Lemma5 We canstore the O(M) ordered lists of N objectsin O(n + m) blocks and performa
M
5.

seachonanylistin O(logg(n +m)) I/0’s,wheen = & andm =
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Proof: Let L(t) bethelist of objectsattime¢. ConsiderC'S =t1,...,t5s theorderedsequence
of the time instantswherecrossingsoccurduring the intenal (0,7'). The problemof storingthe
M orderedists L(t¢1) throughL(t,,) canbevisualized” asstoringthe history of a list L(t) that
evolves over time, i.e., a partial persistencgroblem[DSS+86]. Thatis, list L(¢) startsfrom an
initial stateL(0) andthenevolvesthroughconsecutie states.(t;), L(tz),..., L(tar), whereL(t;41)
is producedrom L(t;) by applyingthecrossinghatoccurredatt; ;1 (i=0,...M-1, andt=0).

A commoncharacteristién thelist evolution is thateachL(t) hasexactly N positions,
namelypositionsl through N, whereposition; storesthe j — th elementof L(¢). To performa
binarysearclonagiven L(t) we couldimplementit usingabinarytreewith N nodeswhereeach
nodeis numberedy a position(the root nodecorrespondso the middle positionin thelist andso
on)andholdstheelemenbf L(t) atthatposition.Oneoblvioussolutionto the problemwould beto
storethebinarytreeof theoriginallist L(0) andthebinarytreeof eachL(¢;) for all ¢; in C'S. Then,
aqueryaboutlist L(¢) is addressedy usingthebinarytreeof L(t;), wheret; is thelargestinstant
in CS thatis lessor equalto t. While thisachieresO(log, (N + M)) querytime, it usesO(MN)

space.

Toreducehespaceo O(N + M) we musttake adantageof thefactthatsubsequeriists
do not differ much. A main-memorysolutionto this problemappearsn [Col86]. Herewe present
an efficient externalmemorysolution. In particular we first embedthe binary treestructureinside
aB-tree. Thisis easilydonesincethe structureof thelist (andits correspondindpinarytree)does
notchangeover time. Considerfor exampletree B(0) thatcorrespondso theinitial list L(0). Tree
B(0) usesO(n) nodeswhereeachnodecanhold B entries. An entryis now a record: (position,
occupant,pointer t), whereposition corresponds$o a positionin the list, occupantcontainsthe
elementat that position,pointer pointsto a child nodeandt correspondso the time this element

wasat thatposition,in this caset=0.

ConceptuallyeachB-tree nodeis permanentlhassignedB positionsandis responsible
for storingthe occupant®of thesepositions.Considerthe evolution of sucha nodes throughtrees
B(0),B(t1),B(t2),....B(tm). An obvious way to storethis evolution is to storea copy of s(0)

anda”log” of changeghathapperon the occupant®f nodes atlatertimes. A changeis simply
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anotherrecordthat storesthe positionwherea changeoccurred,the nev occupantandthe time
of the change. To achieve fastaccesgo s(¢) we do not allow the "log” to gettoo large. Every
O(B) changegqin practicewhenthe log fills oneor two pages)we storea new, currentcopy of
s. If we considerthe history of nodes independentlywe canhave an auxiliary arraywith records
(time, pointer) thatpointto thevariouscopiesof nodes. Locatingtheappropriatenodes(t) takes
O(logz m) time (first find the recordin the auxiliary arraywith the largesttimestampthatis less
or equalto ¢ andthenwe accesghe appropriatecopy of s and probablya (constantinumberof
"log” pages).Thespacaemains)(n + m) sinceevery new nodecopy is amortizedoverthe O(B)

changesn the”log”.

While this solutionworks nicely for the history of a given B-treenode,it would leadto
O(logg n x logz m) search(sincefinding the appropriaterersionof a child node whensearching
the B-tree,requiresO(logz m) searchin the child nodes history). Insteadof usingthe auxiliary
arrayto index the copiesof nodes we postsuchentriesaschangesn thehistory of the parentode
p. Assumehatnodes is pointedto by therecordat position/ in nodep. Whenanew copy of node
s is createda new recordis addedon the”log” of p thathasthe sameposition!, but a pointerto
the new copy of s andthe currenttime. Sincenen nodecopiesareaddedafter O(B) changesthe
overall spacaemainsO(n + m). Thequerytimeis reducedo O(logg(n + m)) sinceperforming
abinarysearchonlist L(t) is equivalentto searchinga pathof B(t); locatingtherootof B(t) takes
O(logg m) (searchinghe history of the B-treeroot node)while all othernodesof B(t) arefound

in O(log g n) usingtheappropriateparentto child pointers. |

Thefollowing theoremfollows from the previouslemmas:

Theorem 3 GivenN objectsandatimelimit 7', a onedimensionaMOR1qguerycanbeansweed
in timelogg(n + m) usingspaceO(n + m), wheem = % and M is the numberof crossef

objectsin thetimelimit T'.

To solwe the problemof answeringquerieswithin a time interval 7' into the future, we
staggetheconstructiorof our datastructure.Thus,attime ¢, we constructadatastructurethatwill
answerqueriesin thetime intenal [to, to + 27'], andattime ¢, + 77" we constructa datastructure

thatwill answemrueriesn thetimeintenal [ty + (i + 1)7', to + (i + 2)7
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Ourapproacthworksfor ary valueof T'. If thetimelimit is settoo large however, all pairs
of objectsmay cross,in which casethe size of the datastructurewill be quadratic.lIt is therefore
importantto setthetime limit appropriatelysothatonly approximatelyalinearnumberof crossings
occur Fortunately in practiceit is often true that mary objectsmove with approximatelyequal

speedgoneexampleis carson a highway) andthereforedo not crossvery often.

3.4 Indexing in two dimensions

In this sectionwe considerthe problemof mobileobjectsin the plane.Againwe consider
only “moving” objects,namelyobjectswith a speedbetweenv,,;, andv,,.,.. We assumehat
objectsmovein the(z, y) planeinsidethefinite terrain[(0, 4z ) (0, Ymaz)]- Theinitial locationof

theobjecto; is (z;,, vi,) andits velocity is avectord = (vg, vy).

We distinguishtwo importantcases.Thefirst considersobjectsmoving in the planebut
their movementis restrictedon usinga given collectionof routes(roads)on thefinite terrain. Due
to its restriction,we call this casethe 1.5-dimensionaproblem. Thereis a strongmotivation for
suchan ervironment;for the applicationsve have in mind, objects(cars,airplanesetc.) move on
anetwork of specificroutes(highways,airways). In the secondcasethe objectsmaove arywherein

theplane.

3.4.1 The 1.5-dimensionalproblem

The 1.5-dimensionaproblemcanbe reducedo a numberof 1-dimensionabjueries.In
particular we proposeepresentingachpredefinedouteasa sequencef connectedstraight)line
segments. The positionsof theseline sggmentson the terrain are indexed by a standardSAM.
(Maintainingthis SAM doesnot introducea large overheadsincefor mostpracticalapplications:
(a) the numberof routesis much smallerthanthe numberof objectsmoving on them, (b) each
routecanbeapproximatedy a smallnumberof straightlines,and,(c) new routesareaddedrather
infrequently) Indexing the objectsmaoving on a givenrouteis an 1-dimensionamodelandwill use

techniqued$rom the previoussection.
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Givena two dimensionaMOR query the abore SAM identifiesthe intersectionof the
routeswith the querys spatialpredicate(the rectangle[z 4, z24] X [y14,y24])- Sinceeachroute
is modeledas a sequencef line sggments,the intersectionof the route and the querys spatial
predicates alsoa setof line segments possiblydisconnectedEachsuchintersectiorcorresponds
to the spatialpredicateof an1-dimensionatjueryfor thisroute.In this settingwe assumehatwhen

routesintersectpbjectsremainin theroutepreviously traveled(otherwiseanupdateis issued).

3.4.2 The 2-dimensionalproblem

The full 2-dimensionajproblem(i.e., allowing objectsto maove arywhereon the finite
terrain)is moredifficult. As with the 1-dimensionatase we discussdifferentrepresentationef

the problemandwe proposanethodgo addresshe two dimensionaMOR query

In the space-timearepresentatiorthe trajectoriesof the mobile objectsare linesin the
space.Thelines canbe computedby the motioninformationof eachobject. Thetwo dimensional
MOR queryis expressedisa cubein the 3-dimensionalz, y, t) spaceandthe answers the setof

objectswith linesthatcrossthe querycube.

% [ %

Time

Ymg

Y1q

X1q *2q Xmax X
Figure 3.5: Trajectories and query in (z,y,t) plane.

Algorithmsthatareapplieddirectly to the time-spaceepresentatiodo not work well in
one-dimensionsothe performancés likely to beevenworsein two dimensionslUnfortunatelywe
cannotusedirectly the dualtransformation®f the previous section,sincethesetransformsmapa
hyperplanein the spaceinto a point andvice-versa,whereherewe have lines. We point out that

the problemswith linesin the spacearemuchharderthanlinesin the plane. The reasoris thata
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line in spacehas4 degreesof freedomandthereforetaking the dualwe jump to a 4-dimensional
space.To getthe dual we projectthelineson the (z, ¢) and(y, t) planesandthentake the duals
for thetwo lines on theseplanes. Thusnow aline canbe representedtyy the 4-dimensionapoint
(vs, az, vy, ay), Wherethe v, andwv, arethe slopesof thelineson the (z,t) and(y,t) planesand

thea, anda, aretheinterceptgespectiely.

Thetwo dimensionaMOR queryis mappedo a simplex queryin the dual space.This
queryis the intersectionof four 3-d hyperplanesandthe projectionof the queryto (¢, z) andto
(t,y) planesarewedgesasin the 1-dimensionatase.Thuswe canusea 4-dimensionapartition
tree(section3.4) andansweithe MOR queryin O(n%-7+¢ + k) 1/O’s. A simpleapproacto sole
the4-dimensionaproblemis to useanindex basednthe kd — tree. An alternatve approachs to
decomposé¢he motion of the objectinto two independenmotions,onein the x-axisandthe other
in the y-axis. For eachaxis we canusethe methodsfor the 1-dimensionataseand answertwo
1-dimensionaMOR queries. We mustthentake the intersectionof the two answergo find the

answetrto theinitial query Thismethodallows usto usethe algorithmsfor the 1-dimensionatase.
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Figure 3.6: Query Performance for Figure 3.7: Query Performance for

10% Queries. 1% Queries.
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3.5 A Performance Study

We presentesultsfor the onedimensionaMOR query comparingour queryapproxima-
tion approachthe kd-tree methodanda traditional R-treebasedapproach.First we describethe
way experimentaldatais generatedAt time¢ = 0 we generatedheinitial locationsof N mobile
objectsuniformly distributedon theterrain[0, 1000]. We varied N from 100k to 500k. Thespeeds
weregeneratediniformly from v,,;, = 0.16 t0 v,,4, = 1.66 andthe directionrandomlypositive
or negative? Thenobjectsstartmoving. Whenan objectreachesa bordersimply it changests
direction. At eachtime instantwe choose200 objectsrandomlyandwe randomlychangetheir
speedand/ordirection.We generatd 0 differenttime instantshatrepresenthetimeswhenqueries
areexecuted. At eachsuchtime instantwe execute200 randomqueries,wherethe lengthof the
y-rangeis choseruniformly betweer) andY QM AX andthelengthof thetime rangebetweer)
andTW . Weactuallygeneratedwo setsof queries.Onesetof largequerieswith YQM AX = 150
andTW = 60 andonesetof smallquerieswith YQMAX = 10 andTW = 20. Thefirst setof
guerieshasaveragecardinalityalmost10% andthe secondonecloseto 1%. We run this scenario

usinga particularaccessnethodfor 2000 time instants.

To verify that indexing mobile objectsasline segmentsis not efficient, we storedthe
trajectoriesn anR*-tree. We fixedthe pagesizeto 4096 bytes. To represena line sggmentin an
R*-treewe usedfour 4-bytenumbergqthetwo endpoints)andonemorenumberasa pointerto the
real object,resultingin a pagecapacityof B = 204. For the B+-treewe usedone4-bytenumber
to representhe b-coordinatepnenumberfor the speedandanothemnefor the pointer sothepage
capacitywas B = 341. We index eachrecordusingonly the b-coordinatebut usingthe speedof
eachobjectwe canidentify the objectsthat correspondo the real answerandreportonly these
objects.Thesamepagecapacityusedandfor the h B -tree. However, eachh B! -treepagereseres
somespacefor internalstructuraldata. We considera simplebuffering schemeor the resultswe
presenhere. For eachtreewe buffer the pathfrom theroot to a leaf node,thusthe buffer sizeis
only 3 or 4 pagesFor thequerieswe alwaysclearthe buffer pool beforewe runaquery An update

is performedwhenthe motioninformationof anobjectchanges.

2Notethat0.16 miles/minis equalto 10 miles/hourand1.66 miles/minis equalto 100 miles/hour
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Figure 3.8: Space Consumption. Figure 3.9: Update Performance.

In Figure 3.6 we presenthe resultsfor the averagenumberof 1/0O’s per queryfor 10%
queriesandin figure 3.7 for 1% queries. The approximationmethodusedc = 4,6 and8 B+-
trees.As anticipatedtheline sgmentamethodwith R*-treeshasthe worstperformanceAlso, the
approximatiormethodoutperformshe h B -treefor smallqueriesandit is slightly betterfor large

gueries.

In Figures3.8,3.9we plot the spaceconsumptiorandthe averagenumberof 1/0’s per
updaterespectiely. We did not reportthe updateperformancedor the R*-tree methodbecauset
wasvery high (morethan901/O’s perupdate) The updateandspaceperformancef the h B -tree
is betterthanthe othermethodssinceits objectsarestoredonly onceandbetterclusteredhanthe
R*-tree. Theupdateperformancef the h B'!-treeandthe approximatiorapproactremainconstant
for differentnumberof mobileobjects.The spaceof all methodss linearto the numberof objects.
The approximationapproachusesmore spacedueto the useof ¢ obserationindices. Thereis a

tradeof between: andthe query/updatgerformance.

3.6 RelatedWork in Indexing Continuously Moving Objects

The problemof indexing mobile objectsis novel; we arenot awareof ary otherrelated
work except[TUW98] wherea methodto index mobile objectsbasedon the PMR-quadtreds

presentedHowever this approachaslarge spaceandupdateoverhead.
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Mobility in a geographicsystemis addressedh [SY91] wherethe aim is to mapclose

pointsin spaceo adjacentliskssothatcollision detectionqueriesareoptimized.

The issueof mobility and maintenancedf a numberof configurationfunctionsamong
continuouslymoving objectshasbeenaddressedby Baschet al. in [BGH97]. Suchfunctions
arethe corvex hull, the closestpair andthe minimum spanningtree. They proposea framevork
to transforma staticdatastructureinto a kinetic datastructure(KDS) that maintainsan attribute
of interestfor a setof mobile objectsandthey give a numberof criteriafor the quality of such
structures.The key structureis an event queuethat containseventscorrespondindo timeswhere
thevalueof the configuratiorfunction (may) change This eventqueueis theinterfacebetweerthe
datastructureandthe mobile objects. All thesestructuresare main memorydatastructures.The
major resultsof this chapterare presentedn [KGT99]. More recently therearetwo otherworks
thatfollow the ideaspresentedhereto index moving objects.In [SIL+0( a structurebasedon the
R-Treeis presentedor indexing objectsmoving in two andthreedimensions.The basicideais
to parameteriz¢he index structureusingthe velocity vectorsof the moving objects. Thus,instead
of MBRs, eachnodein the treestores‘moving” MBRs andgiven a query the stateof the treeis
computedon line by projectingthe MBRs at the specifiedtime instantin the future. In another
work [AAEOQQ], methoddo index two dimensionamoving objectsarepresentedThey useexternal
memorypartition treesandkinetic rangetreesto answerrangeand nearesneighborquerieswith

goodworst-caseueryperformance.

3.7 Summary

Indexing mobileobjectss aproblemmotivatedby reallife applicationsWe studytheone
andtwo dimensionalersionsof the problem. For the one dimensionakase we give a dynamic,
external memoryalgorithm with guaranteedvorst caseperformanceand linear space. We also
give a practicalapproximatioralgorithmalsoin the dynamic,externalmemorysetting,which has
linear spaceand expectedliogarithmicquerytime. Finally we give an algorithmwith guaranteed
logarithmicquerytime for a restrictedversionof the problem.We alsoextendsomeof our results

into two dimensions.First we considerthe casewhereobjectsmove in 2—dimensionahetworks
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of 1-dimensionafoutes. In this casewe caneffectively apply our 1-dimensionahlgorithms.We
also considerobjectsthat move on a plane,andwe discussextensionsof our techniquedo two

dimensions.
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Chapter 4

Temporal Hashingin Temporal and

Spatiotemporal Databases

4.1 Intr oduction

In this chapterwe discussthe problemof answeringmembershigjueriesin a temporal
or spatiotempora¢nvironment. Corventionalmembershigueriesover a setof objectshave been
addressethroughhashing.Hashingcanbeappliedeitherasa mainmemoryschemeall datafits in
main-memoryDKM+88, FNS+92])or in databassystemgwheredatais storedon disk [Lit80]).
Its latterform is calledexternalhashingEN94,R97]. For every objectin theset,ahashingunction
computeghebucket wherethe objectis stored.Eachbucket hasinitially thesizeof apage.ldeally,
eachdistinctoid shouldbe mappedo a separatéucket, however this is unrealisticasthe universe
of oidsis usuallymuchlarger thanthe numberof buckets allocatedby the hashingscheme.If a
bucket cannotaccommodatéhe oids mappedo it in the spaceassignedo the bucket, an overflow
occurs. Overflows aredealtin variousways, including rehashingwhereanotherbucket is found

usinganothehashingschemegnd/orchaining(createa chainof pagesindertheoverflovn bucket).

If no overflows are presentfinding whethera given oid is in the setis trivial: simply

computethe hashingunctionfor thequeriedoid andvisit theappropriatéoucket. If theobjectisin
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thesetit shouldbein thatbucket. Hence|jf the hashingschemads perfect,membershiueriesare
answeredn O(1) stepgjustonel/O to accesshe pageof the bucket). Overflows however compli-
catethesituation. If datais notknown in advance theworstcasequeryperformancef hashings
large. It is linearin the size of the setsinceall oids could be mappedo the samebucket if a bad
hashingschemds used.Neverthelesspracticehasshavn thatin the absencef pathologicadata,
goodhashingschemeswith few overflovs and constantaveragecasequery performancgusually

eachbucket hassizeof oneor two pageskxist.

Statichashingrefersto schemeghat usea predefineccollectionof buckets. This s in-
efficientif the setof objectsis allowedto changgby addingor deletingobjectsfrom it). Instead,
adynamichashingschemehasthe propertyof allocatingspaceproportionalto the size of the set.
VariousexternaldynamichashingschemegLar78, FNP+79,ED88 have beenproposedamong

whichlinearhashindLit80] appeard¢o bethe mostcommonlyused.

Evenif the setevolves,traditionaldynamichashingis ephemerali.e., it answeranem-
bershipquerieson the mostcurrentstateof the set. The problemwe discusshereis moregeneral.
We assumeahat change®f setS aretimestampedby thetime instantwhenthey occurred.We are
interestedn answeringnembershipueriesfor ary statethatsetS exhibited. Let S(t) denotethe
state(collectionof objects)setS hadattime t. Thenthe membershigueryhasatemporalpredi-
cateasin: "givenoid k andtimet find whetherk wasin S(t)". We termthis problemasTemporal

Hashingandthe new queryastemporalmembershiguery

Assumethat for every time t when S(t) changegby adding/deletingpbjects)we could
have agoodephemeratlynamichashingschemeéh(t) thatmapsefficiently (with few overflows) the
oidsin S(t) into a collectionof bucketsb(t). Onestraightforvard solutionto the temporalhashing
problemwould beto separatelstoreeachcollectionof bucketsb(t) for eacht. Answeringatem-
poralmembershigueryfor oid k andtimet requiredirst applyingh(t) onk andthenaccessinghe
appropriatdoucket of b(t). This would provide anexcellentqueryperformancgasit useshashing
schemen(t) for eacht), but the spacerequirementareprohibitively large. If n denoteghe number

of changesn S’s evolution, flashingeachb(t) on the disk could easilycreateO (n?) space.

Insteadwe proposea solutionthathassimilar queryperformancesabore (with a small
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overhead)ut usesspacdinearin n. We call our solutionpartially persistenhashingasit reduces
theoriginal probleminto acollectionof partially persistensub-problemsWe applytwo approaches
for solvingthesesub-problemsThefirst approact'sees”eachsub-problenasan evolving subset
of setS andis basednthe Snapshotndex [TK95]. Thesecondapproachisees”eachsub-problem
asanevolving sublist. In both casesthe partially persistenhashingscheméeobsenes” andstores

theevolution of theephemerahashingh(t).

We comparepartially persistenhashingwith threeotherapproachesThefirst oneuses
a traditional dynamichashingschemeto map all oids ever createdduring the evolution of S(t).
This solutiondoesnot distinguishamongthe mary copiesof the sameoid k that may have been
createdastime proceedsA givenoid k canbe addedanddeletedto/from S mary times,creating
copiesof k eachassociatedvith a different, disjoint time intenal. Becauseall suchcopieswill
be hashedon the samebucket, bucket reoiganizationswill not solve the problem(this was also
obsered in [AS]). Large bucket sizeswill eventually deteriorateperformancesspeciallyasthe
numberof copiesincreases.The secondapproachassumeshata B+ treeis usedto index each
S(t) andmakesthis B+treepartially persistenfBGO+96,VV97, LS89]. Thethird approaclsees
eachoid-intenal combinationasa multidimensionabbjectandusesan R*-tree for storingit. Our
experimentsshav thatthe partially persistenthashingoutperformsthe otherthreecompetitorsn

membershigueryperformancevhile having a minimal spaceoverhead.

Therestof the chapteris organizedasfollows: section4.2 describeshe basicsof Linear
Hashing.Thedescriptionof partially persistentinearhashingappearsn section4.3. Performance

comparisonsirepresentedn sectiord.4, while conclusionsppeain sectiord.4.3.

4.2 Background

In chapterl we discussedhe Snapshoindex andwe describechow this methodcanbe

usedto answetthe pure-snaphsajueryefficiently. Next we presenthebasicdor LinearHashing.
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4.2.1 Linear Hashing

LinearHashing(LH) is a dynamichashingschemehatadjustsgracefullyto objectinser
tionsanddeletions.The schemausesa collectionof bucketsthatgrows or shrinksonebucket at a
time. Overflows arehandledby creatinga chainof pageainderthe overflovedbucket. Thehashing

functionchangeslynamicallyandat ary giveninstantat mosttwo hashingunctionsareused.

More specificallylet U betheuniverseof oidsandhg : U— > {0, ..., M —1} betheinitial
hashingfunctionthatis usedto loadsetS into M buckets(for example:hg(oid) = oid mod M).
Assumethatanemptypageis initially assignedo eachbucket. Insertionsanddeletionsof oidsare
performedusinghg until abucket overflov happensWhenthefirst overflon occurs(it canoccurin
ary bucket), thefirst bucketin theLH file, bucket 0, is split (rehashednto two buckets: theoriginal
bucket 0 anda new bucket M, which is attachedat the endof the LH file. A new emptypageis
alsoaddedin the overflovn bucket to accommodatéhe overflon. Theoidsoriginally mappednto
bucket O (usingfunction hy) arenow distributed betweenbuckets 0 andM usinga new hashing
function hy (0id). Thenext bucket overflow triggersa new split thatwill attacha new bucket M+1
andthe contentsof bucket 1 will be distributed usingh; betweenbuckets1 andM+1. A crucial
propertyof h; is thatary oidsthatwereoriginally mappedby kg to bucketj shouldbe remapped
eitherto bucketj or bucketj+M. Thisis anecessarpropertyfor linearhashingo work. An example

of suchhashingunctionis: hy(0id) = oid mod 2M.

Furtherbucket overflovs will causeadditionalbucket splitsin a linear bucket-number
order A variablep indicateswhich is the bucket to be split next. Conceptuallythe value of p
denoteswvhich of thetwo hashingfunctionsthatmaybe enabledat ary giventime, appliesto what
buckets. Initially p=0, which meanshatonly onehashingfunction (k) is usedandappliesto all
bucketsin the LH file. After the first overflow in the abore example,p=1 andh; is introduced.
Supposedhatan objectwith oid k is insertedafter the secondoverflow (i.e., whenp=2). First the
older hashingfunction (h¢) is appliedon k. If thenthe bucket h (k) hasnot beensplit yet thenk
is storedin thatbucket. Otherwisethe bucket provided by hg hasalreadybeensplit andthe newer
hashingfunction (k1) is used;oid k is storedin bucket (k). Searchindor anoid is similar, that

is, bothhashingfunctionsmaybeinvolved.



80

After enoughoverflows, all original M buckets will be split. This marksthe end of
splitting- round 0. During round 0, p went subsequenthfrom bucket O to bucket M-1. At the
endof roundO theLH file hasatotal of 2M buckets. Hashingfunctionh is nolongerneededasall
2M bucketscanbeaddressetly hashingunctionh; (note:h; : U— > {0, ...,2M — 1}). Variable
pisreseto 0 andanew round,namelysplitting-roundl, is started.Thenext overflow (in ary of the
2M buckets)will introducehashingfunctionhy(oid) = oid mod 22M. Thisroundwill lastuntil
bucket 2M-1 is split. In generalroundi startswith p = 0, buckets {0, ..., 2 M — 1} andhashing
functionsh;(oid) andh;, 1 (oid). Theroundendswhenall 2¢ M bucketsaresplit. For our purposes
we useh;(oid) = oid mod 2'M. Functionsh;, j = 1,..., arecalledsplit functionsof hy. A
split function ; hasthe properties:(i) k; : U— > {0,...,27 M — 1} and(ii) for ary oid, either
hj(oid) = hj_1(0id) or hj(oid) = hj_1(oid) + 2771 M.

At ary giventime, thelinearhashingschemeés completelyidentifiedby theroundnumber
andvariablep. Givenroundi andvariablep, searchindor oid k is performedusingh; if h;(k) > p;
otherwiseh; ;1 is used.During roundi the valueof p is increasedy oneat eachoverflov; when

p = 2'M thenext roundi + 1 startsandp is resetto 0.

A split performedvheneer abucket overflov occurss anuncontrolledsplit. Let! denote
theLH file’'sloadfactor i.e.,l = |S|/(B|b|) where|S| is thecurrentsizeof setS and|b| thecurrent
numberof bucketsin theLH file. Theloadfactorachievedby uncontrolledsplitsis usuallybetween
50-70% dependingnthe pagesizeandtheoid distrikbution. In practice a higherstoragautilization
is achievedif asplitis triggerednot by anoverflow, but whentheloadfactorl becomegreatethan
someupperthresholdg. Thisis calleda controlledsplit andcantypically achiere 95% utilization.
(Notethatthe split is now independentf bucket overflons. Othercontrolledschemexist where
asplitis delayeduntil boththethresholdconditionholdsandanoverflow occurs).Deletionsin set
Swill causehelLH file to shrink. Bucketsthathave beensplit canberecombinedf theloadfactor
falls belov somelower thresholdf. Thentwo buckets are meigedtogether;this operationis the
reverseof splitting andoccursin reverselinearorder Practicalvaluesfor f andg are0.7 and0.9,

respectiely. In our experimentsandanalysisve usethe controlledversionof linearhashing.
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4.3 Partially PersistentLinear Hashing

Wewill applythepartiallypersistentnethodologyo anephemerdinearhashingscheme.
We first describethe evolving-setapproactwhichis basedn the Snapshotndex; the evolving-list

approachwill follow.

4.3.1 The Evolving-SetApproach

Usingpatrtialpersistencehetemporalhashingproblemwill bereducednto a numberof
sub-problemsfor which efficient solutionsare knovn. Assumethatan ephemeralinear hashing
schemg(asthe onedescribedn the previous section)is usedto mapthe objectsof S(t). As S(t)
evolveswith timethehashingschemas afunctionof time, too. Let LH(t) denotethelinearhashing
file asit is attime t. Therearetwo basictime-dependenparametershatidentify LH(t) for each
t, namelyi(t) andp(t). Parametei(t) is the roundnumberattimet. The valueof parametep(t)

identifiesthe next bucket to besplit.

An interestingproperty of linear hashingis that buckets are reused;whenround i+1
startsit hasdoublethe numberof buckets of roundi but the first half of the bucket sequencés
the samesincenewn buckets are appendedn the endof thefile. Let by, denotethe longestse-
guenceof bucketsever usedduringthe evolution of S(t) andassumehatb,,;,; consistof buckets:
0,1,2,...,29M — 1. Theabove obserationimpliesthatfor all t, b(t) (thecollectionof bucketsused

attimet) is a prefix of by,q;. IN additioni(t) < g, Vgq.

Considetucket b; from thesequencé,,;, andobsere thecollectionof objectsthatare
storedin this bucket astime proceeds.The stateof bucket b; attime t, namelyb;(t), is the setof
oidsstoredin this bucket att. Let |b;(¢)| denotethe numberof oidsin b;(t). If all statesh;(t) can
somehw bereconstructedor eachbucket b;, answeringatemporalmembershigueryfor oid k at

timet canbeansweredn two steps:
(1) find which bucket b;, oid k would have beenmappedy the hashingschemeatt, and,

(2) searcithroughthe contentsof b;(¢) until k is found.
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The first steprequiresidentifying the hashingschemeusedat t. The evolution of the
hashingscheme_H(t) is easilymaintainedf arecordof theform < ¢,i(t), p(t) > is appendedo
anarrayH, for thoseinstantst wherethevaluesof i(t) and/orp(t) change Givenary t, thehashing

functionusedatt is identifiedby simplylocatingt insidethetime-ordered in alogarithmicsearch.

The secondstepimplies accessing;(t). The olbvious way would storeeachb;(t), for
thosetimesthatb;(¢) changed.As explainedearlierthis would easily createquadraticspacere-
quirementsTheupdatingperchangevould alsosufer sincethel/O requiredfor storingthecurrent

stateof b; would be proportionalo the bucket’s currentsize,namelyO(|b;(t)|/B).

By observingheevolutionof bucketb; we notethatits statechangessanevolving setby
adding/deletingids. Eachsuchchangecanbetimestampeavith thetime it occurred At timesthe
ephemerdlinearhashingschemanayapplyarehashingrocedurghatremapghecurrentcontents
of bucket b; to bucket b; andsomenew bucket b,. Assumethatsuchrehashingccurredattime t’
andits resultis amove of v oidsfrom b; to b,. For theevolution of b; (b;.), thisrehashings viewed
asa deletion(respectiely addition)of thev oidsattimet’ , i.e., all suchdeletions(additions)are

timestampeadvith thesametimet’ for the correspondingbjects evolution.

Figure4.1 shavs an exampleof the ephemerahashingschemeat two differenttime in-
stants.For simplicity M = 5 andB = 2. Figure4.2 shavs the correspondingvolution of setS and
the evolutionsof variousbuckets. Herewe assumedontrolledsplitting with an upperthresholdg
=0.9. At time t = 21 the additionof oid 8 triggersa split since|S| = 10 oidsandM = 5,1 > g
(atthesametime oid 8 causesnoverflov onbucket 3). Thusthe contentof bucket O arerehashed
betweerbucket 0 andbucket 5. As aresultoid 15 is movedto bucket 5. For bucket’s O evolution
this changeis consideredasa deletionatt = 21 but for bucket 5 it is anadditionof oid 15 at the

samet = 21.

If b;(t) is available,searchinghroughits contentdor oid k is performedby alinearsearch.
This processs lowerboundediy O(|b;(t)|/B) 1/0’s sincethesemary pagesareatleastneededor
storingd;(t). (This is similar with traditionalhashingwherea queryaboutsomeoid is translated
into searchinghe pagesof a bucket; this searchis alsolinearandcontinuesuntil the oid is found

or all thebucket’s pagesaresearched.Whatis thereforeneededs a methodwhich for ary givent
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i=0, p=0; h (oid) = oid mod 5, =20

bucket #: (0] 1 2 3 4
10 21 7 3 29
15 36 12 13

@

i=0, p=1; h (oid) = oid mod 5, h (oid) = oid mod 10, t=21

bucket #: (0] 1 2 3 4 5
15
10 21 7 3 29
36 12 13
8

(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) Att= 21, oid 8 is mapped to bucket 3 and causes

a controlled split. Bucket 0 is rehashed using h; and p = 1.

canreconstrucb;(t) with effort proportionatto |b;(¢)|/B 1/O’s. Sinceevery bucket b; behaeslike
asetevolving over time, the Snapshotndex [TK95] canbe usedto storethe evolution of eachb;

andreconstrucary b;(t) with therequiredefficiency.

We can thus concludethat given an evolving set S, partially persistentinear hashing
answersa temporalmembershipguery aboutoid k at time t, with almostthe samequerytime
efficieng (plusasmalloverheadasif a separatephemerahashingschemesxistedon eachS(t).
A goodephemerahashingschemefor S(t) would requirean expectedO(1) I/O’s for answeringa
membershiguery This meanghaton averageeachbucket b;(¢) usedfor S(t) would be of limited
size,or equvalently |b;(t)|/B correspondso just a few pages(in practiceoneor two pages).In
perspectie, partially persistentinear hashingwill reconstrucb;(t) in O(|b;(t)|/B) I/O’s, which

from theabove is expectedO(1).

Thesmalloverheadncurredby partially persistentinearhashings becausét storesthe

whole history of S’s evolution andnot just a singlestateS(t). Array H storesan entry every time



84

asplit occurs.Evenif all changesrenew oid additions the numberof splitsis upperboundedoy
O(n/B). HencearrayH indexesat mostO(n/B?) pagesandsearchingH takes O (logg(n/B?))
I/O’s.

Having identifiedthe hashingunctionthe appropriatducket b; is pinpointed.Thentime
t mustbe searchedh thetime-treeassociatedvith this bucket. Theoverheadmplied by thissearch
is boundeddy O(logg(n;/B)) wheren; correspondso thenumberof changesecordedn bucket
b;’s history In practice we expectthatthe n changesn S’s evolution will be concentratedn the
first few in the by,4; bucket sequencesimply because prefix of this sequencés alwaysused. If
we assumehatmostof S’s historyis recordedn thefirst 2! M buckets(for somei), n; behaesas

O(n/(2*M)) andthereforesearching;’s time-treeis ratherfast.

A logarithmicoverheadthat is proportionalto the numberof changes, is a common
characteristiéin querytime of all temporalindicesthatusepartialpersistencelhe MultiVVersionB-
Tree(MVBT) proposedy Becleretal. (or theMultiVersionAccessStructureproposedy Verman
andVarma)will answera temporalmembershimueryaboutoid k on time t, in O(logg(n/B))
I/0’s. We notethatMVBT’ slogarithmicboundcontaingwo searcheskirst, theappropriateB-tree
thatindexes S(t) is found. This is a fastsearchandis similar to identifying the hashingfunction
andwhich bucket to searchin partially persistentinearhashing.The secondogarithmicsearchn
MVBT is for finding k in the treethatindexes S(t) andis logarithmicon the sizeof S(t). Instead
partially persistentinearhashingindsoid k in expectedO(1) I/O’s.

Update and SpaceAnalysis

Herewe shav thatthe partially persistentinearhashingschemaisesO(n/B) space An
0O(1) amortizedexpectedupdateprocessingerchangecanthenbederived. For the spaceanalysis
we assumethat the correspondingephemeralinear hashingschemelLH(t) startswith M initial
buckets,usescontrolledsplitsandhasupperthresholdg. Assumefor simplicity thatsetS evolves
by only addingoids (oid additionscreatenewn recordsand hencemore copying; deletionsdo not

createsplits).

ClearlyarrayH satisfieghe spacebound. Next we shaw thatthe spaceusedby bucket



85

historiesis alsoboundedy O(n/B). Sincefor partially persistentinearhashingeachsplit creates
artificial changegthe oids movedto a new bucket are deletedfrom the previous bucket and sub-
sequentlyaddedto a new bucket asnew records),it mustbe shavn thatthe numberof oid moves
(copies)dueto splitsis still boundedy thenumberof realchanges. Wewill firstusetwo lemmas

thatupperandlower boundsuchoid movesduringthefirst roundof splits.

Lemma6 ForanyNin1 < N < M, N splitsoccurafter at least(M + N — 1)Bg real object

additionshappen.

Proof: Justbeforethe N-th split we have exactly M+N-1 bucketsandhencetheloadis ! =
|S|/(B(M + N — 1)). By definition, for the next controlledsplit to occurwe musthave ! > g,
whichimpliesthat|S| > (M + N — 1)Bg. [ |

Lemma?7 ForanyNin1 < N < M, N splitscancreateatmost(M + N — 1) B + 1 oid copies.

Proof: Assumethatall buckets areinitially empty Obsere thatthe numberof oid copies
madeduringa singleroundis at mostequalto the numberof realobjectadditions.This is because
during oneround an oid is rehashedat mostonce. The numberof real additionsbeforea split
increasewvith g (lower g triggersa split earlier i.e., with lessoids). Hencethe mostreal additions
occurwheng = 1. TheN-th controlledsplit is thentriggeredwhentheload exceedsl. Sincethere

arealreadyM+N-1 buckets,this happensitthe (M + N — 1) B + 1)-th objectaddition. [ |

Thebasictheoremaboutspaceandupdatingfollows.

Theorem4 Partially PersistentLinear Hashingusesspaceproportionalto thetotal numberof real

changesandupdatingthatis amortizedexpected)(1) per change.

Proof: As splitsoccur linearhashingproceedsn rounds.In thefirst roundvariablep starts
from bucket 0 andin the endof theroundit reacheducket M-1. At thatpoint2M bucketsareused
andall copies(remappingsfrom oids of the first round have beencreated. SinceM splits have
occurredJemma? impliesthattheremusthave beenat most(2M-1)B+1 oid moves(copies). By

constructionthesecopiesareplacedin thelastM buckets.
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For the next round, variablep will againstartfrom bucket 0 andwill extendto bucket
2M-1. Whenp reachesucket 2M-1, therehave been2M new splits. Thesenew splitsimply that
theremusthave beenatmost(4M-1)B+1 copiescreatedrom theseadditions.Thecopiedoidsfrom
thefirst roundareseenin the secondoundasregularoid additions.At mosteachsuchoid canbe
copiedoncemoreduringthe secondound(the original oidsfrom which thesecopieswerecreated
in the first round, cannotbe copiedagainin the secondround asthey representeletedrecords
in their correspondindpuckets). Hencethe maximumnumberof copiesafterthe secondroundis

((2M —1)B+1+ (4M —1)B +1). Thetotal numberof copiesCy,,, createdn i roundssatisfies:
Ciota <{2M —-1)B+1}+{(2M -1)B+1+(4M —1)B+ 1} + ...

whereeach{} representsopiesperround.UsingthatM > 1 andB > 1 weget:

L]
Ciotat <2MB + {4MB +2MB} + .. < MB(}_ > %) =
k=037=0

MB(2(2 —1) — (i +1)) < 2'"2MB

Lemma6 impliesthatafterthefirstroundwe have atleast(2M — 1) Bg realoid additions.
At theendof the secondoundthetotal numberof oid additionsis atleast(4M — 1) Bg. However
(2M —1) Bg of thesewereinsertedandcountedor thefirstround. Thusthesecondoundintroduces
atleast2 M Bg new additions.Similarly, thethird roundintroducesatleast4 M Bg new oid additions

andsoon. Thetotal numberof realoid additionsA;,;,; afterall rounds,s lower boundedy:

Agotar > ({(2M — 1)Bg} + {2M Bg} + {4AMBg} + ...) > (MBg + 2MBg + 4M Bg + ...)

Hencefor 7 rounds:
Atotat > MBg Y 2% = (2! —1)MBg > 2'M Bg
k=0

Fromtheabore equationst canbederivedthatthereexistsa positive constantonst such

thatCiotar /Atotar < comst. SinceA;qq IS boundedoy thetotal numberof changes, we have that
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Ciotar = O(n). For proving that partially persistentinear hashinghasO(1) expectedamortized
updatingperchangewe notethatwhenarealchangeoccursit is directedto theappropriateucket
wherethe structureof the Snapshotndex areupdatedn O(1) expectedtime. Rehashingsustbe
carefullyexamined.This is because rehashingf a bucket is causedy a singlereal oid addition
(theonethatcreatedhesplit) butit resultsin a”bunch” of copiesmadeto anew bucket (atworsethe
wholecurrentcontentof therehashedbucket aresentto thenew bucket). However, usingthespace
boundary sequencef n realchangesanat mostcreateO(n) copies(extrawork) or equialently

O(1) amortizedeffort perrealchange. |

Optimization Issues

Optimizingthe performancef partially persistentinearhashingnvolvestheloadfactor
[ of theephemeralinearHashingandtheusefulnesparametet. of the Snapshoindex. Theload!
lies betweerthresholdd andg. Notethat! is anaverageover time of [(¢) = |S(¢)|/B|b(t)|, where
|S(t)| and|b(t)| denotethe sizeof the evolving setS andthe numberof bucketsusedatt. A good
ephemeralinear hashingschemewill try to equallydistribute the oids amongbucketsfor eacht.

Henceon averagethessize(in oids)of eachbucket b;(t) will satisfy:|b;(t)| ~ |S(t)|/|b(t)].

Oneof theadwantage®f the Snapsholndex is theability to tuneits performancehrough
usefulnesparametew. Theindex will distribute the oids of eachb;(t) amonga numberof useful
pages Sinceeachusefulpage(excepttheacceptopage)containsatleastu B alive oids,theoidsin
b;(t) will beoccupying atmost|b;(t)|/uB pageswhichis actuallyl(¢) /. Ideally, we would like
theanswerto asnapshotiueryto be containedn asinglepage.Thenagoodoptimizationchoiceis
to maintain:l/u < 1. Conceptuallytheload! givesameasuref the sizeof abucket ("alive” oids)
ateachtime. Thesealive oids arestoredinto the datapagesof the Snapshotndex. Recallthatan
artificial copy happensf the numberof alive oidsin a datapagefalls belov uB. At thatpointthe
remaininguB — 1 alive oidsof this pagearecopiedto anewv page.By keeping belov u we expect
thatthealive oids of the split pagewill be copiedin a singlepagewhich minimizesthe numberof

I/0’s neededor finding them.

On the other hand, the usefulnesgparameter, affectsthe spaceusedby the Snapshot
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Index andin returnthe overall spaceof the persistenhashingscheme.As mentionedn previous
section highervaluesof « imply frequenttime splits, i.e., more pagecopiesandthusmorespace.
Henceit would be advantageouso keepwu low but this impliesan evenlower (. In return,lower
would meanthatthe buckets of the ephemerahashingarenot fully utilized. Thisis becausdow [

causesetS(t) to bedistributedinto morebucketsnot all of which maybefully occupied.

At first this requiremenseemsontradictory However, for the purpose®f partially per
sistentlinearhashinghaving low [ is still acceptableRecallthatthelow [ appliesto theephemeral
hashingschemewhosehistory the partially persistenthashingobseres and accumulates.Even
thoughat singletime instantsthe b;(¢)’s may not be fully utilized, over the whole time evolution
mary objectoidsaremappedo thesamebucket. Whatcountsfor the partially persistenschemas
thetotal numberof changesaiccumulategberbucket. Becausef bucket reuse a bucket will gather
mary changesreatinga large historyfor the bucket andthusjustifying its usein the partially per
sistentscheme.Our findingsregardingoptimizationwill be verified throughthe experimentation

resultsthatappeain thenext section.

4.3.2 The Evolving-List Approach

The elementwf bucket b;(¢) canalsobe viewed asanevolving list [b;(t) of alive oids.
Suchan obsenration is consistentwith the way buckets are searchedn ephemerahashingi,i.e.,
linearly, asif abucket’s contentdelongto alist. Accessinghebucket stateb; () is thenreducedo

reconstructingb; (). Equivalently the evolving list of oids shouldbe madepartially persistent.

We notethat [VV97] presents notion of persistentists 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-persistenlist solve differentproblems. (1) A
C-list addressethe query:"givenanoid andatime intenal, find all versionsof this oid duringthis
intenal”. Instead,a partially persistentist finds all the oids thatits ephemeralist hadat a given
time instant.(2) In a C-list thevarioustemporalversionsof anoid mustbe clusteredogether This
implies that oids are also orderedby key. In contrast,a persistentist doesnot requireordering

its keys, simply becauséts ephemeralist is not ordered. (3) In a C-list updatesand queriesare
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performedby first usingthe MVAS structure Updating/queryinghe partially persistentist always

startsfrom thetop of thelist andproceedshroughalinearsearch.

For the evolving-list approacha list pagehasnow two areas.Thefirst areais usedfor
storingoid recordsandits sizeis B, (B, is O(B)). Thesecondarea,of size B — B, (B — B, is
alsoO(B)), accommodatean extra structure(arrayNT) which will beexplainedshortly Whenthe
firstoid k is addedon bucketb; attimet, arecord< k, [t, now) > is appendedh thefirst list page.
Additional oid insertionswill createrecordinsertionsin this page. Whenthe B, partof the first

pagegetsfull of recordsanew pageis addedafterthis pagein thelist andsoon.

Goodclusteringis achieved if eachpagein ib;(t) is ausefulpage.A pageis usefulif :
(i) it is full of recordsandcontainsatleastuB, alive records(0 < u < 1), or, (ii) it is thelastlist
page.A non-usefupageis takenoff list [b,(¢) andits alive recordsarecopiedto thecurrentlastlist

page.If thelastpagein (b;(t) doesnothave enoughireespaceanew lastpageis appended.

Reconstructing;(¢) is equivalentto finding the pagesin 1b;(t). We will usetwo array
structures Array F'T);(t) providesaccesgo thefirst pagein thelist for ary timet. Entriesin FT;
have the form < time, pid > wherepid is the addresf the first page. If the first pageof the
list changesatt, a new entryis appendedn FT;. This arraycanbe implementecasa multilevel
index sinceentriesareaddedn increasingime order Eachremainingpageof 1b;(t) is foundby the
secondstructurewhichis anarrayof size B — B,., implementednsideeverylist page.Let NT'(A)
be the arrayinside pageA. This arrayis maintainedfor aslong asthe pageis useful. Entriesin
NT(A) arealsoof theform < time, pid >, wherepid correspondso the addresf the next list

pageafterpageA.

To answera temporalmembershimuery for oid k at time t the appropriatebucket b,
whereoid k would have beenmappedy the hashingschemeatt, is found. This partis thesamein
evolving-setapproachTo reconstrucbucket b;(t), thefirst pagein Ib;(t) is foundby searching in
array F'T;. Thissearchs O(logg(n;/B)). Theremainingpagesof 1b;(t) arefound by locatingt
in the NT" arrayof eachsubsequeriist page.Sinceall pagesn thelist [b;(t) areuseful,the oids
in b;(t) arefoundin O(|b;(t)|/B) 1/0’s. Hence,the spaceusedby the evolving-list approachis
O(n;/B) while updatingis O(|b;(t)/B) perupdate.
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Thereare two differencesbetweenthe evolving-list and the evolving-setapproaches.
First, updatingusing the Snapshoindex remainsconstant,while in the evolving list the whole
currentlist may have to be searchedor deletinganoid. Secondreconstructionn theevolving-list
startsfrom thetop of thelist pageswhile in the evolving-setreconstructiorstartsfrom the lastpage
of thebucket. This mayaffectthe searctfor a givenoid dependingvhetherit hasbeenplacednear

thetop or nearthe endof the bucket.

4.4 PerformanceEvaluation

For the Partially Persistentinear Hashingwe implementedhe set-&olution (PPLH-s)
and the list-evolution (PPLH-I) approachesusing controlled splits. Both are comparedagainst
LinearHashing(in particularAtemporallinearhashingwhichis discussedbelown), theMVBT and
two R*-tree implementation§R; which storesintenals in a 2-dimensionabpace and R, which
storespointsin a 3-dimensionakpace).The partial persistencenethodologyis applicableto other
hashingschemeaswell. We implementedPartially PersistenExtendibleHashingusingthe set-

evolution (PPEH-s)anduncontrolledsplitsandcomparedt with PPLH-s.

4.4.1 Experimental Setup

We setthe sizeof a pageto hold 25 oid records(B=25). An oid recordhasthe following
form, < oid, start — time, end — time, ptr >, wherethefirst field is the oid, the secondis the
startingtime andthe third the endingtime of this oid’s lifespan. The lastfield is a pointerto the

actualobject(which mayhave additionalattributes).

WefirstdiscusgheAtemporalinearhashingALH). It shouldbeclarifiedthatALH is not
the ephemeralinear hashingwhoseevolution the partially persistentinear hashingobseres and
stores.Rather it is a corventionallinear hashingschemehattreatstime asjust anotherattribute.
This schemesimply mapsobjectsto buckets using the objectoids. Consequentlyit "sees”the
differentlifespansof the sameoid as copiesof the sameoid. We implementedALH usingthe

schemeriginally proposedy Litwin in [Lit80]. For splitfunctionswe usedhehashingoy division
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functionsh;(0id) = oid mod 2'M with M = 100. For good spaceutilization controlled
splits were employed. The lower and upperthresholdgnamelyf and g) hadvalues0.7 and 0.9

respectiely.

AnotherapproacHor Atemporalhashingwould be a schemewhich usesa combination
of oid andthe start-timeor end-timeattributes. However this approachwould still have the same
problemsasALH for temporalmembershigueries. For example,hashingon start-timedoesnot

helpfor queriesabouttime instantsotherthanthe start-times.

The two Partially Persistentinear Hashingapproache¢PPLH-sand PPLH-I) obsere
anephemeralinearhashingLH(t) with controlledsplitsandloadbetweerf=0.1 andg=0.2. Array
H which identifiesthe hashingschemeusedat eachtime is kept in main-memory(i.e., no 1/0
costis countedfor accessindd). In our experimentghe sizeof H variedfrom 5 to 10 KB (which
caneasilyfit in todays main memories).Unlessotherwisenoted,PPLH-swasimplementedvith
u = 0.3 (othervaluesfor usefulnesparameter, were alsoexamined). Sincethe entriesin the
time-treeassociatedavith a bucket have half the oid recordsize,eachtime-treepagecanhold up to

50 entries.

In the PPLH-limplementationthe spaceor the oid recordsB,. canhold 20 suchrecords.
A pagein thelist is consideredisefulaslong asthe numberof alive oidsin the pageis greatetthan
or equalto 5 (i.e.,u = 0.25). Theremainingspacein alist page(of size5 oid records)is usedfor
thepages NT array Similarly with thetime-arraysNT arrayshave entriesof half size,i.e., each
pagecanhold 10 NT entries.For the samereasonthe pagesof eachF'T; arraycanhold up to 50

entries.

The Multiversion B-tree (MVBT) implementationusesbuffering during updates;this
buffer storesthe pagedn the pathto the lastupdate(LRU buffer replacemenpolicy is used).Such
buffering can be very adwantageousince updatesare directedtowardsthe most currentB-tree,
whichis asmallpartof thewholeMVBT structure.In our experimentsve setthe buffer sizeto 10
pages.Theoriginal MVBT usesbuffering for queriestoo. For afair comparisorwith the partially
persistenimethods during querieswe allow the MVBT to usea buffer thatis aslarge in sizeas

arrayH for thatexperiment.Notethatduringqueryingthe MVBT usesaroot* structure.For every
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timet, root* identifiestheroot of the B-treeatthattime (i.e., wherethe searchor the queryshould
startfrom). Eventhoughroot* canincreasewith time, it is smallenoughto fit in the abose main-

memorybuffer. Thuswe do notcountl/O accessefor searchingoot*.

As with the Snapshotndex, a pagein the MVBT is "alive” aslong asit hasat leastq
alive records.If the numberof alive recordsfalls belown g this pageis meigedwith a sibling (this
is called a weakversionunderflav 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-splithappengwhich is like the copying procedureof the Snapshotndex).
All alive recordsin the split pageare copiedto a hewv page. Thenthe resultingnewv pageshould
be incorporatedn the structure. The MVBT requiresthatthe numberof alive recordsin the new
pageshouldbe betweeng+e andB-e wheree is a predeterminedonstant.Constant worksasa
thresholdhatguaranteethatthe new pagecanbesplit or meigedonly afteratleaste new changes.
Not all valuesfor g, e andB arepossibleasthey mustsatisfysomeconstraintsfor detailswe refer
to [BGO+94. In ourimplementatiorwe setq = 5 ande = 4. Thedirectorypagesof the MVBT

have thesameformatasthe datapages.

The R; implementatiorassigngo eachoid its lifespaninterval. Onedimensionis used
for the oid and onefor the internval. Whena new oid k is addedin setS at time t, a record<
k, [t,now), ptr > is addedn anR*-tree datapage.Notethatnow is storedin the R*-treeassome
large number(largerthanthemaximumevolutiontime). Directorypagesn the R*-treeincludeone
moreattribute perrecordfor representingnoid range.The R, implementatiorhassimilar format
for datapageshut it assignseparatelimensiondor the start-timeandthe end-timeof the objects
lifespaninterval. Henceadirectorypagerecordhassersenattributes(two for eachof the oid, start-
time, end-timeand onefor the pointer). During updating,both R*-tree implementationsiseda
buffer (10 pages)o keepthe pagesn the pathleadingto the lastupdate.A buffer aslarge asthe
sizeof arrayH wasagainusedduringthe queryphase.® further optimizethe R*-tree approaches
towardstemporalmembershiguerieswe forcedthetreesto clusterdatafirst basedn theoidsand

thenonthetime attributes.

Another popular external dynamic hashingschemeis Extendible Hashing[FNP+79],
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which differs from linear hashingin two ways. First, a directory structureis usedto accesghe
buckets. Secondan overflow is addressetby splitting the bucket that overfloved. Note thattradi-
tional extendiblehashingusesuncontrolledsplitting. To implementPartially PersistenExtendible
Hashingoneneedgo keepthedirectoryhistoryaswell asthe history of eachbucket. Thehistoryof
eachbucket waskeptusingthe evolving-setapproacPPEH-s).In our experimentshe directory
history occupiedbetween? and 18KB sowe keptit in mainmemory Sinceuncontrolledsplitting
is used,mostbucketswill befull of recordsbeforebeingsplit. Thisimpliesthatthealive recordsin
abucket arecloseto onepage.Consequentfyto getbetterqueryperformancéwith the expenseof
higherspaceoverhead)the history of suchbucketswasimplementedusingSnapshoindiceswith

higherutilization parametefu=0.5).

Variousworkloadswere usedfor the comparisonsEachworkloadcontainsan evolution
of adatase andtemporalmembershiuerieson this evolution. More specifically aworkloadis
definedby triplet W = (U, E, Q), whereU is the universeof the oids (the setof uniqueoids that
appearedh theevolution of setS), E is theevolution of setSand@ = {Q, ...., Q. } is acollection

of querieswherer = |U| andQ), is the setof queriescorrespond$o oid k.

Eachevolution startsat time 1 andfinishesattime M AXTIM E. Changesn a given
evolution werefirst generategberobjectoid andthenmeiged. First, for eachobjectwith oid k, the
numberny, of the differentlifespansfor this objectin this evolution waschosen.The choiceof ny,
wasmadeusingaspecificrandomdistribution function(namelyUni f orm, Exponential, Step or
Normal) whosedetailsaredescribedn the next section. The start-timesof the lifespansof oid k
weregeneratedy randomlypicking ny, differentstartingpointsin theset{1, ..., MAXTIME}.
The end-timeof eachlifespanwaschoseruniformly betweerthe start-timeof this lifespanandthe
start-timeof the next lifespanof oid k (sincethe lifespansof eachoid k aredisjoint). Finally the

wholeevolution E for setS wascreatedby meiging the evolutionsfor every object.

Foranothermix” of lifespanswe alsocreatedanevolutionthatpicksthestart-timesand

thelengthof thelifespansusingPoissordistributions; we calledit the Poisson evolution.

A temporalmembershigueryin querysetQ is specifiedby tuple (oid, t). Thenumber

of queriex);, for every objectwith oid k waschosenmandomlybetweerl0and20;thuson average,
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Qr ~ 15. To form the (k,t) querytuplesthe correspondindgime instantst were selectedusinga
uniformdistribution from theset{1, ..., MAXTIME}. The MAXTIME is setto 50000for all

workloads.Thevalueusedin the R-treesfor now was100000.

Eachworkloadis describedy the distribution usedto generatehe objectlifespansthe
numberof differentoids, the total numberof changesn the evolution n (objectadditionsanddele-

tions), thetotal numberof objectadditionsNB, andthetotal numberof queries.

4.4.2 Experiments

First, the behaior of all implementationsvastestedusinga basicUn: f orm workload.
The numberof lifespansper objectfollows a uniform distribution between20 and40. The total
numberof distinctoidswas|U| = 8000, thenumberof realchanges = 466854andNB = 237606
objectadditions. Hencethe averagenumberof lifespansper oid was NB ~ 30 (we referto this

workloadasUniform-30). Thenumberof querieswvas115878.

Figure 4.3.apresentdhe averagenumberof pagesaccessegber queryby all methods.
The PPLHmethods$have thebestperformanceabouttwo pageperquery The ALH approactuses
morequeryl/O (aboutl.5timesin thisexample)becausef thelargerbucketsit createsTheMVBT
alsousesmorel/O (aboutl.75times)thanthe PPLHapproachesincea treepathis traversedper
query The R; usesmorel/O’s perquerythanthe MVBT, mainly dueto treenodeoverlappingand
larger tree height (the R; heightrelatesto the total numberof oid lifespanswhile in the MVBT
the heightcorrespondso the numberof alive oids atthetime specifiedoy the query). The R, tree
hastheworsequeryperformanceit usedanaverageof 28.31/0’s perqueryin this experiment(its
performancéasbeentruncatedn Figure4.3.ato fit the graph).While usinga separatelimension
for thetwo endpointsf alifespaninterval allows for betterclustering(seealsothe spaceusagéen

Figure4.3.c) it malkesit moredifficult to checkwhetheraninterval containsa querytime instant.

Figure4.3.bshawvs theaveragenumberof I/O’s perupdate.The bestupdateperformance
wasgivenby the PPLH-smethod.In PPLH-Ithe NT arrayimplementationinsideeachpagelimits
the actual pageareaassignedor storing oids and thus increaseghe numberof pagesusedper

bucket. The MVBT updates longerthanPPLH-ssincethe MVBT traversesatreefor eachupdate
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(insteadof quickly finding thelocationof the updatedelementhroughhashing). The updateof R;
follows; it is largerthatthe MVBT sincethesizeof thetreetraversedis relatedto all oid lifespans
(while thesizeof theMVBT structuretraverseds relatedto the numberof alive oidsat thetime of
theupdate).The R, treeusedargerupdateprocessinghanthe R; becaus®f the overheado store
anintenal astwo points. The ALH hadthe worseupdateprocessing.This is becausén ALH all
lifespanswith the sameoid arethrowvn on the samebucket thuscreatinglarge bucketsthatmustbe

searchederiallyduringanupdate.

Thespaceconsumedby eachmethodappearsn Figure4.3.c. TheALH approachuseghe
smallestspacesinceit storesa singlerecordperoid lifespananduses’controlled” splitswith high
utilization. The PPLH-smethodhasalsovery goodspacautilization, very closeto ALH. TheR-tree
methoddollow; R, usesslightly lessspacethanthe R; becausgaginatingntenals (puttingthem
into boundingrectangles)s moredemandinghanwith points. Note that similarly to ALH, both
R* methodausea singlerecordperoid lifespan;theadditionalspacds mainly becaus¢he average
R-treepageutilization is about65NT arrayimplementatiorreducespageutilization. The MVBT

hasthelargestspacaequirementsabouttwice morespacehanthe ALH andPPLH-smethods.

In summarythe PPLH-shasthebestoverall performanceSimilarly with the comparison
betweerephemerahashingandB-trees the MVBT behaesworsethantemporalhashing(PPLH-
s) for temporalmembershigueries.The ALH is slightly betterthanPPLH-sonly in spaceaequire-
ments,even thoughnot significantly The R-treebasedmethodsare muchworsethanPPLH-sin

gueryandupdateperformance.

To considettheeffectof lifespandistribution all approachewerecomparedisingfive ad-
ditional workloads(calledthe exponential step,normal,poissonanduniform-consecwie). These
workloadshad the samenumberof distinctoids (JU| = 8000), numberof queries(115878)and
similarn (~ 0.5M) andN B (~ 30) parametersThe Exponentiaworkloadgeneratedhen,, lifes-
pansperoid usingan exponentialdistribution with probability densityfunction f (z) = e #* and
meanl /g = 30. Thetotal numberof changesvasn = 487774 thetotal numberof objectadditions
wasNB = 245562and N B = 30.7. In the Stepworkloadthe numberof lifespansperoid follows a

stepfunction. Thefirst 500 oids have 4 lifespansthe next 500 have 8 lifespansandsoon, i.e., for



96

every 500 oidsthe numberof lifespansadwvancesby 4. In this workloadwe hadn = 540425NB =
272064andN B = 34. TheNormalworkloaduseda normaldistribution with 1 = 30 ando? = 25.
Herethe parametersvere:n = 470485NB = 237043and N B = 29.6.

For the Poissorworkloadthefirst lifespanfor every oid wasgeneratedandomlybetween
time instantsl and500. Thelengthof a lifespanwasgeneratedisinga Poissordistribution with
meanl1100. Eachnext starttime for a given oid wasalsogeneratedby a Poissordistribution with
meanvalue500. For this workloadwe hadn = 498914 NB = 251404and NB = 31. Themain
characteristiof the Poissonworkloadis thatthe numberof alive oids over time canvary from a
very small numberto a large proportionof |U], i.e., therearetime instantswherethe numberof

alive oidsis somehundredsindothertime instantswherealmostall distinctoidsarealive.

Thespecialcharacteristiof the Uniform_ consecutivevorkloadis thatit containsobjects
with multiple but consecutie lifespans.This scenariooccurswhenobjectsareupdatedrequently
duringtheirlifetime. Eachupdatds seerasthedeletionof theobjectfollowedby theinsertionof the
updatedbjectatthesametiime. Sincetheobjectretainsts oid throughupdatesthis processreates
consecutie lifespansfor the sameobject(the endof onelifespanis the startof the next lifespan).
This workload was basedon the Uniform-30 workload and had n = 468715,NB = 236155and
N B = 30. An objecthasa singlelifetime whichis cutinto consecutie lifespans. Thetart-timesof

anobjects lifespansarechoseruniformly.

Figure4.4 presentghe query updateand spaceperformanceunderthe nev workloads.
For simplicity only the R; methodis presente@mongthe R-treeapproachegaswith the uniform
load, the R, usedconsistentlymore query and updatethan R; and similar space). The results
resemblethe Uniform-30workload. As before,the PPLH-sapproacthasthe bestoverall perfor
manceusing slightly more spacethanthe "minimal” spaceof ALH. PPLH-I hasthe samequery
performancevith PPLH-sbut usesmoreupdatingandspace.Note thatin Figure4.4.a,the query
performancef R; hasbeentruncatedo fit thegraph(on average R; usedabout9.2,10.2,9.9,10.2
and27.51/O’s per queryin the exponential,step,normal, poissonand consecutie workloadsre-
spectvely). Likewise,in Figure4.4.cthe spaceof theMVBT is truncatedMVBT usedabout26K,
28K, 25K, 35K and28K pagedor therespectie workloads).We have tried the consecutie work-
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loadsfor the exponential step,normalandpoissondistributions,too. The comparatie behaior of

all methodsn the consecutie workloadswassimilar andis thusnot presented.

The effect of the numberof lifespansper oid wastestedusingeight uniform workloads
with varyingaveragenumberof lifespans All usedU| = 8000 differentoidsandthe samenumber

of querieg~ 115K). Theotherparameterareshavn in Table4.1below.

Table 4.1: Uniform Datasets.

workload | n | NB | 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

Theresultsappeain Figure4.5. Thequeryperformancef atemporahashingleteriorates
as NB increasesince buckets becomelarger (Figure 4.5.a). The PPLH-s,PPLH-l and MVBT
methodshave a queryperformancehatis independenof NB (thisis becausen all threemethods
the NB lifespansof a given oid appearat different time instantsand thus do not interferewith
eachother). The query performanceof R; was much higherandit is truncatedfrom the figure.
Interestingly the R; queryperformancelecreasegraduallyas N B increasegfrom 11.71/0’s to
8.91/0’s). Thisis becauseR; clusteringmprovesasN B increase$therearemorerecordswith the

samekey).

PPLH-soutperformsall methoddn updateperformancéFigure4.5). As with querying,
the updatingof PPLH-s,PPLH-l andMVBT is basicallyindependentf N B. Becauseof better
clusteringwith increasedN B, the updatingof R; graduallydecreasesin contrast,becausén-
creasedV B implieslarger bucket sizes,the updatingof ALH increasesThe spaceof all methods
increasesvith N B astherearemorechangesh perevolution (Table4.1). The ALH hasthelower
spacefollowed by the PPLH-s;the MVBT hasthe steepespacencreasgfor N B values80 and
100,MVBT used68K and84.5K pages).
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Theeffect of the numberof distinctoids perevolution wasexaminedby consideringour
uniform workloads. The numberof distinctoids |U| was: 5000,8000,12000and 16000, respec-
tively. All workloadshadsimilar averagenumberof lifespansper distinctoid (NB ~ 30). The
otherparameterappeain Table4.2. Theresultsaredepictedn figure4.6. Thequeryperformance

of the hashingmethodgPPLH-s,PPLH-landALH) is basicallyindependenof |U|, with PPLH-s

andPPLH-I having the lowestqueryl/O. In contrast,it increasedor bothMVBT and R; (the R;
usedd.1,10.7,11.1and12.41/O’s perquery).Theincreaseas becausenoreoidsarestoredn these
treestructuresthusincreasinghestructures height. Thisis moreevidentin R; asall oidsappeain
the sametree. Similar obserationshold for the updateperformancdi.e., the hashingbasedmeth-
odshave updatingthatis basicallyindependenof |U|, while the updatingof tree basedmethods
tendsto increasewith |U|). Finally, the spaceof all methodsncreasedecause increasegTable

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

Fromthe above experimentsthe PPLH-smethodhasthe mostcompetitve performance
amongall solutions. As mentionedpreviously, the PPLH-sperformanceanbe furtheroptimized
throughthe settingof usefulnesparameteu. Figure4.7 shavs theresultsfor the basicUniform-30
workload(|U| = 8000, n = 466854 NB = 237606andN B ~ 30) but with differentvaluesof u. As
expectedthebestqueryperformanceccursif u is greatethanthe maximumloadof the obsered
ephemerahashing.For theseexperimentshe maximumloadwas0.2. As assertedn Figure4.7.a,
thequerytimeis minimizedafteru = 0.3. Theupdateis similarly minimized(Figure4.7.b)for u’s
above 0.2,sinceafterthatpoint, thealive oidsarecompactlykeptinto few pagegshatcanbeupdated
easier(for smalleru’s the alive oids canbe distributedinto morepageswhich increaseshe update
process) Figure4.7.cshawvs the spaceof PPLH-s. For u’s belav the maximumloadthe alive oids

aredistributed amongmore datapageshencewhen sucha pagebecomeson-usefulit contains
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\ Data Sets \

/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
2

Consecutie-30 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 andthuslesscopiesare made,resultingin smallerspaceconsumption.Using this
optimization,the spaceof PPLH-scanbe madesimilar to thatof the ALH at the expenseof some

increasean query/updat@erformance.

Finally, we comparedhe PPLH-swith partially persistenextendiblehashing.a method
thatalsousesthe evolving-setapproachbut uncontrolledsplits (PPEH-s) Table4.3). With uncon-
trolled splits a bucket b; is split only whenit overflows. Thusthe "obsened” ephemerahashing
tendsto uselessnumberof bucketsbut longerin size.As it turnsout, this policy hasseriousconse-
quencesFirst, for the Snapsholndex thatkeepsthehistoryof bucketb; thestateb;(t) is afull page.
Thismeanghatthe Snapsholndex will distribute b;(t) into morephysicalpagesn thebucket's his-
tory. Consequentlyto reconstruct;(t) morepageswill be accessedSecondthe Snapshotndex
will becopying largeralive statesandthusoccuy morespace We runthe samesetof experiments

for thePPEH-sIn summaryPPEH-susedconsistentlffargerquery updateandspacehanPPLH-s.

4.4.3 Summary

This chapteraddressedhe problemof TemporalHashing,or equivalently how to sup-
porttemporalmembershigueriesover atime-e/olving setS. An efficient solutiontermedpartially
persistenhashingwas presented.For queriesand updatesthis schemebehaesasif a separate,
ephemeratlynamichashingschemas availableon every stateassumedy setS over time. How-
everthemethodusedinearspace By hashingoidsto variousbucketsovertime, partially persistent

hashingreduceghetemporalhashingprobleminto reconstructingrevious bucket states.Two fla-
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vorsof partially persistentinear hashingwerepresentedpnebasedon anevolving-setabstraction
(PPLH-s)andoneon an evolving-list (PPLH-I). They have similar queryand comparablespace
performancédout PPLH-susesmuchlessupdating.Both methodswvere comparedagainststraight-
forward approachesnpamely: traditional (atemporal)linear hashingscheme the Multiversion B-
Treeandtwo R*-tree implementationsThe experimentsshaved that PPLH-shasthe mostrobust
performancePartially persistenhashingshouldbe seenasan extensionof traditionalexternaldy-
namichashingn atemporalenvironment. The methodologyis generalandcanbe appliedto other

ephemeratlynamichashingschemedjk e extendiblehashingetc.



evolution of Set S up
totime t=25:

—
Ead

o B~ DN -

16
17
20
21
25

oid, oper)

10
7
3
21
15
36
29
13
12
8
10

Figure 4.2:

+

+ + + + + + + + +

evolution of bucket 1. records in bucket 1's history
(tl’ O'ldd Opfr) att=20  att=21 att=25

9 15 <oid, lifespan> <oid, lifespan> <oid, lifespan>
2 15 - <10, [1, now)> <10, [1, now)> <10, [1, 25)>
5 10 - <15,[9, now)> <15,[9,21)> <15,[9, 21)>
evolution of bucket 3; records in bucket 3's history

(2 O'ds; M) a0 a2 ait=2%

17 13 + <oid, lifespan> <oid, lifespan> <oid, lifespan>
N 8§ + <3,[4,now)> <3, [4,now)> <3, [4, now)>

<13, [17, now)><13, [17, now)> <13, [17, now)>
<8, [21, now)> <8, [21, now)>

evolution of bucket 5: records in bucket 5's history
(t, oid, oper) _ _ _
21 15 4 att=20 att=21 att=25
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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 att = 21, causes the

first split. Moving oid 15 from bucket O 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 O’s history from < 10, [1, now) > to < 10, [1,25) >.
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Figure 4.3: (a) Query, (b) Update, and, (c) Space performance for all implementations on

a uniform workload with 8K oids, n ~ 0.5M and NB ~ 30.
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Figure 4.6: (a) Query, (b) Update, and, (c) Space performance for ALH, PPLH-s, PPLH-I,

MVBT and Ri methods using various uniform workloads with varying |U]|.
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Chapter 5

Summary and Future Reseach

The primary focus of this thesishasbeento designefficient external memory access
methodgfor spatiotemporatiatabasesln particular this work presentssolutionsto the following

problems:

1. Indexing Historical SpatiotemporaDatabasesiWe studythe problemof indexing spatiotem-
poralobjectsin orderto answerefficiently proximity andtopologicalqueriesaboutthe past
and currentpositionsand extentsof the indexed objects. For example,a usercandefinea
region in spacgusuallyarectanglelnda specifictime intenal in the past,andthe database
mustreturnthe objectsthatintersectedhe queryregion during the specifiedtime interal.
The mostimportantissuein indexing suchdata,is how to representain objectthat moved
from aninitial positionto a final position. In traditional spatialindexing, objectsare ap-
proximatedby their Minimum BoundingRectangl§MBR) andanindex is constructedver
theseMBRs. However, usingtheMBR of amaving objectwill introducealot of emptyspace,
whichgreatlydecreasethe performancef ary index thatusegheseMBRs. To reduceempty
spacewe proposedo introducea limited numberof artificial updates.An artificial update
breaksthe lifetime of an objectinto two contiguousbut not overlappingintenals, reducing
empty spaceand providing betterclustering. In orderto maintainthe index storagespace

linearto the numberof realupdatesV, the numberof artificial updatesvaslimited to bea
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fractionof N. Theproblemnow is to decidewhich objectsandwhereshouldbe artificially
updated.We formulatedthis problemasan optimizationproblemand provided an optimal
andefficient solutionfor the casethatobjectsmove or changesxtentin alinearfashionover
time. To index the objectsgenerateafterthe artificial updateswe useda partially persistent
versionof avery successfugpatialindex (R-tree).An extensie experimentalstudydemon-

stratedthe advantage®f the proposednethodsover otherstraightforvard solutions.

2. Indexing the FuturePositionsof ContinuouslyMoving Objects:Here,we consideradatabase
thattracksobjectsmoving continuouslyin oneandtwo dimensiongcarsmoving in a high-
way systemor mobile phoneusersmaoving in a 2-dimensionabkpace). Storingthe position
of eachobjectexplicitly impliesthatthedatabaséasto befrequentlyupdatedsincemoving
objectschangepositionscontinuously Instead,a betterapproachs to storein the database
thefunctionthatdescribeshe movementof eachobject. Now changesreconsidereanly at
theinstantswherethefunctionparametershatdescribehe movementf a particularobject
change(speeddirection,etc). While this approachminimizesthe updateoverheadijt intro-
ducesthe novel problemof indexing the objectmoving functions. We designednethodgo
index thesefunctionsandanswerproximity queriesaboutthe future locationsof theindexed
objectsassuminghatthey aremoving in alinearfashionovertime. For theonedimensional
casewe proposedi) adynamic,externalmemorydatastructurewith guaranteedvorstcase
performancendlinearspaceand(ii) apracticalapproximatioralgorithmwith expectedog-

arithmicquerytime. Also, we presente@xtensionof ourtechniquesn two dimensions.

3. TemporaHashingn SpatiotemporaDatabasesiVe examinedthe problemof temporahash-
ing, thatis, answeringa membershipguery on a setthat evolves over time. In traditional
(non-temporaldatabasethis querycanbe answeredfficiently by usingtraditionalhashing
schemesWe proposedo make a hashingmethodpartially persistentandwe provided two
approachet achieve that. Experimentshavedthatpartially persistenhashingoutperforms

otherpossiblemethoddor indexing anevolving setfor the membershiguery

Therearea numberof interestingopenproblemsthat arerelatedto the work presented

in this thesis. In Historical SpatiotemporaDatabasesa possiblefuture researcldirectionis to
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considerhow to index the dataOn-Line. In that case,objectsneedto be indexed at the time they
arrive in the systemandno knowledgeabouttheir future stateexists. Anotherinterestingextension
of thework presentedhereis to usethe proposedndex methodsin orderto efficiently implement
join betweertwo spatiotemporalelations.Consideitwo spatiotemporaielationsk1 and R2. Then
ajoin queryis thefollowing: “ find the pairsof objectswhoseextentsintersectedluringthetime
intenval T”. To answetthisjoin querywe canusethetreeindex structureovertherelationsR1 and

R2 andperforma synchronizedreetraversalto computetheresult.

For indexing continuouslymoving objects,it is interestingto considerparallelandmain
memorytechniquedo speedip the executionof rangeandnearesheighborqueries.Also, another
interestingextensionto work presentedereis to considerobjectsthat move with more comple
functions(for examplequadratic) A generalizatiorof the 1.5dimensionaproblemis whentheter
rainis subdvidedinto areaswith variousspeedimits or terrainabnormalitieghatlimit movement

accordingo direction.
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