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Abstract

Traditionally, indexes have beendesignedto facilitate
fast retrieval of static objects. Moreover, updatesare as-
sumedto be infrequentand henceslow updatespeedcan
be tolerated. However, this assumptiordoesnot hold for
new applicationsfueledby the advancementf GPS,wire-
lesstechnolagiesand smallbut powerfuldigital devices.In
theseapplications objectsare mobileandto track theseob-
jectstheir locationshaveto be updatedrequently Existing
indexesno longer can keepup with the high updaterates
while providing speedyretrieval at the sametime Theeis
a needfor novelindexesto be designedor moving objects.
In this paper weexaminevariousdesignissuedhat needto
beaddressedo supportefcient retrieval of moving objects
with frequentupdates.

1 Intr oduction

With improved accurag in positioning technologies
suchas GPS(global positioningsystem)andsophisticated
technologiedik e radarsand other communicationequip-
ment, it is possibleto continuouslytrack moving objects,
beit in thedigital battle eld orrealworld. Quick accesso
locationsof mobileunitsenablesnoreef cient deployment
of resourcesinddisseminatiorof informationbasedon lo-
cations. In the commercialfront, demandhas suiged for
applicationghattrack the locationsof moving objectslike
vehicles,usersof wirelessdevicesandevendeliveries. By
thetime themobilenetwork bandwidthexceed2/2.5G,we
expectto seehundredsof millions of mobile usersworld-
wide, with their connectionsalmostalwayson. The main
reasondehindtrackingmoving objectsareto improve the
quality of serviceandefciency in resourcemanagement.
For example,adwertisementgannow be pushedo mobile
phonesbasedon the proximity of users,andtaxis canbe
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dispatchedjuickly to passengerbasedon their locations
andtaxisin thevicinity. In orderto provide suchservices
andto facilitatedynamicqueries we needan ef cient and
accurateway of managingthe latestpositionsof maving

objects.

In location-avare mobile servicesmaving objectssuch
as consumerswith WAP-enabledmobile phoneterminals
and personaldigital assistant{PDA), and vehicleswith
navigation and communicationequipment,disclosetheir
positions. The accurayg is dependenbn suchdisclosure;
otherwise,currentlocationsare predictedbasedon some
functionof time andvelocity of themoving objectsor some
otherconditionssuchasno-movementof objects.Eachdis-
closurewill causeanupdatein themoving objectdatabases.
Dueto thesizeof thedatabasdandexesarerequiredto facil-
itate fastlocation of objectsbasedon spatiallocationsand
facilitate retrieval of objectswithin certaindistancefrom
the query or currentmoving objects. The index mustbe
adaptve anddynamicin orderto ef ciently accommodate
movementof objectsin theindex structureandyet provide
the expectedanswerasonewould obtainby searchinghe
databaseisinga sequentiascanmethod.

Moving objectsposenen challengesto databasesys-
tems. The cornventionalassumptionshat objectsarefairly
static and their valuesare not frequently updatedare be-
ing invalidatedby the needto capturecontinuousmove-
ment. Frequentupdateshot only posethe usualcontention
problemson hot spotssuchassystemcatalog,they require
the underlyingindexesto be frequent-updatewareandef-
cient. To reducethe numberof updateson the indexes,
stratgiessuchasexpressinghe objects'positionsasfunc-
tion of times,anddelayingof updateshave beenemployed.
However, to betterre ect dynamicchangesn objects'po-
sitions, existing indexes have to be re-designedo enable
fastupdatesandnew concurreng control mechanismsre
alsorequired. In this paper we shall review the require-
mentfor suchapplicationsanddiscussvarioustechniques



thatcouldbeusedto provide bothfastupdatesandretrieval.
Frequentupdateis an additionalrequiremenimposedby
moving objects, and fast updateis necessaryso that the
overall throughputof the index, queryingandupdating,is
kepthigh.

The paperis organizedasfollows. In the next section,
we introducethe representationf moving objectpositions
anddescribehe queriesposedon systemsupportingmov-
ing objects.In Section3, we have a quick overview onthe
problemof indexing moving objects.We thenpresentar-
ious feasiblemethodsin reducingthe numberof updates
and speedingup updateswhile providing fastretrieval in
Section4. We concludein Section5.

2 On Representationof Moving Object Posi-
tions and Queries

Letusconsideobjectsthataremoving in d-dimensional
space. The moststraightforvard way of handlingmaving
objectsis to treatthemasif they arestaticobjectsandstore
only their currently known positions. To ensurethat the
storedpositionsare up-to-date,moving objectsmust fre-
quently updatetheir positions. While updateoverheadis
high, suchan approachhastwo adwantages:(1) it allows
one to reuseexisting multi-dimensionalindexes [3] and
query processingstratayies for answeringrange/windov,
proximity andnearesneighborqueries[25]; (2) it reduces
the problemof managingpositionsof moving objectsto a
frequentupdateproblem.

An alternatve approachis to modelthe position of an
objectasafunctionof time,i.e.,anobjects positionattime
t givenby &t) = (x1(t), z2(t), ..., za(t)), is modeledas
z(t) = z(t.) + 9(t — t.), whered is thecurrentvelocity of
theobject,v = (v, ve, ..., v4), t, is thetime whentheposi-
tion waslastrecordedand¢ maybelargerthanthe current
time (now). In this way, anobjectonly needso updateits
position (i.e., new position and velocity vector) whenerer
thereis achangen its directionor/andspeed.This method
not only reduceshe numberof updates(comparedo the
simple method),it alsoallows the currentand anticipated
future positionsof a pointto be describedy 2d parameters
- d for the spatialdimensionsandd for thevelocity vectors.
As such,more comple queriesinvolving time and future
positionscanbe supported.

Beforewe look at the designissuesto supportmoving
objects,it is worth noting that both representationessen-
tially provide only approximateanswergo queries.For the
rst methodjt is possiblehatananswemaynolongersat-
isfy a query(if the queryarrivesbeforeits new positionis
updated);similarly, it is alsopossiblefor an answerto be
missed.Onthe otherhand,the secondnethodrelieson the
accurag of the functionsused. It is thereforepossibleto
have both falsepositives and negativesaswell (especially

for queriesthat involve future positions). As the second
modelhasreceved muchattentionin theliterature[11], we
shallrestricttherestof our discussiorto this model.

Thereareessentiallythreewaysin which we canrepre-
sentmoving objects.

e Aslinesin (d+1)-dimensionaspace- d spatialdimen-
sionsand1l time dimension.Figure1(a) shovs anex-
ampleof threemoving objectsin 1-d space.

e Aspointsin 2d-dimensionakpace-d spatialandd ve-
locity dimensiongfunctionparametersz(ty), o) Fig-
ure1(b) shavsthethreemoving objectsin Figurel(a)
whenrepresenteth 2d space.

e Astime-parameterizegointsin d-dimensionabkpace.

A moving object databaseshould be able to answer
guerieshasedon the current,pastor future positionsof the
objects.Liketraditionalstaticmulti-dimensionatiatabases,
therearethreetypesof queriesnamelyrange queries prox-
imity queriesandk-neaestneighbor(kNN) queries Now
we shallde ne eachof thesetypesof queries:

e range queries: “nd all objectswhosepositionsfall
within certaingivenrangesromtimet; to t,”. Range
gueriescanbe formally expressedvith respecto the
databasé) B asfollows:

{o € DB | o(t) € queryW}

wherequeryW is a rectangulawindow rangequery
andt; < t < ty;. Note thatif queryW is de-
notedas [l;,h;] (0 < i < d) and the position of
anobjecto attime t, o(t), is representeas {z;(t)}
(0 < i < d), (o(t) € queryW) canbe assimpleas
[l; < z;(t) < h;] where0 < i < d. Rangequeryhere
is a rectangulawindow rangequery which is how-
ever often called as window rangequery or window
qguery We notethatif the time is not speci ed, then
the queryrefersto the currenttime. Referringto the
examplein Figurel, we seethatfor the rst represen-
tation (Figure1(a)),objectso, andos will bereturned
asanswerdor the rangequerythatlooks for objects
within [3,5] attime 2. For the secondrepresentation,
the samequeryhasto be transformednto the shaded
regionin Figurel(b). Thethird representatiowill re-
quire identifying all new positionsof the points and
checkif they fall in the queryregion (aswe shall see
shortly, therearemoreef cient waysto performthis).

e proximity queries: “nd all objectsin the database
which arewithin a given distancee from a given ob-
jectfrom ¢; to t5". Thisqueryis commonlyknown as
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Figure 1. Data representation

similarity rangequeryin multimediacontext. It canbe
formally expressedsfollows:

{o € DB | dist(q(t),o(t)) < €}

wheregq is the givenqueryobject,dist is the distance
applied,andt; <t < to. We notethatdist is highly
application-dependengind may have different met-
rics.

e Neaestneighbor(NN) queries:“ nd anobjectin the
databasavhichareclosesin distancdo agivenobject
fromt; toty". Let NN; denotesetsof moving objects
andT; denoteatime interval. The NN queryreturns
theset{(VN;, T;)} suchthatU;T; = [t1,t2] andi #
Jj = T; N T; = (. In addition,eachpointin NN; is a
nearesheighborto ¢ duringall of interval T;;. Thatis,

Vj VYo € NN; Vr € DB\o(dist(o,q) < dist(r,q))

More recently thereareseveralmorecomple queriesthat
have beenproposed:reverseNN queries[2], and queries
involving moving queryranges.

3 Indexing Moving Objects

Recentadwancesin hardware technologyhave reduced
the accesgimes of both memoryand disk tremendously
However, theratio betweerthetwo still remainsat about4
to 5 ordersof magnitude Hence optimizingthe numberof
disk I/Os remainsimportant. Further theindexesareoften
usedasthe Itering stepin reducingthe numberof objects
thatneedto be evaluatedn mainmemory andhencereduc-
ing the computationaktost. This calls for the useof orga-
nizationalmethodor structureknown asindexesto locate

Spatial indexes for indexing mobile objects

Indexing current locations Indexing past locations

Indexing based on starting point
and velocity

indexing locations of moving objects

Figure 2. Moving object indexing

dataof interestquickly andef ciently. Many indexeshave
beenproposedor multi-dimensionablatabaseand,in par
ticular, for spatialdatabasesHowever, theseindexeshave
beendesignednainly to speedup theretrieval, in applica-
tionswherequeriesarerelatively muchmorefrequentthan
updates. This is being invalidatedby new location-based
applicationgn which the numberof spatialobjectsaretyp-
ically pointsthataremovable. Thesemoving objectspose
new challengego spatialdatamanagemerandthe design
of indexes. Theworkloadin sucha systemis characterized
by highindex updatdoadsandfrequentqueries.

Figure 2 shawvsthevariousdirectionsin indexing mobile
objectsand someof the proposalamade. Indexing mobile
objectscanbedividedinto 2 maincateyories:indexing cur
rentlocationsof spatialobjectsandindexing historicallo-
cationsof spatialobjects. The rst category canbe further
dividedinto two sub-catgories: (1) Using functionsto ap-
proximatemovementand(2) indexing locationsof moving
objects.
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Figure 3. Updates of nodes due to moving objects

3.1 The R-tree as the Base Index

In the lasttwo decadesmary multi-dimensionaliindex
structureshave beenproposed[25]. Amongthem,the R-
treesarethe mostpopularwhich is a hierarchical height-
balancedndex structure.The R-treeshave leaf nodesand
internalnodeswith entriesin leaf nodepointingto objects
and entriesin internal nodespointing to other internal or
leaf nodes(seeFigure3). Theinformationcontainedn an
R-treeis thushierarchicallyorganizedandeverylevelin the
treeprovidesmoredetailthanits ancestotevel. Thesearch
procesdn an R-treeis very differentfrom thatin a B-tree
dueto thelack of orderingandthe possibleoverlapamong
keys. To nd all rectanglesntersectinga given rangethe
searchprocesshasto descendall subtreeghatintersector
fully containthe rangespeci cation. Whena new key has
to beinsertedin an R-tree,one attemptsto descendo the
geometricallyoptimalleaf by picking ateachlevel the sub-
treewith the optimalboundingrectangle.In contrasto the
B-trees the R-treeshave to recursvely updatethe ancestor
MBRs if aleafs MBR changes.Splitting a nodealsode-
viatesnoticeablyfrom the B-tree pattern. The R-treewill
partition the key sequenceccordingto its layout stratey

andit is impossibleto completelyavoid ary overlap after
split.

If we simply applythe R-treetechniqueto index thelo-
cationsof moving objects,readjustingthe entire index is
inevitable. For example,the movementof p19 in Figure3
from oneleaf nodeto anothelleaf nodewill causehe split
of thedestinatioleafnode.Thatis, asplit maycauseasplit
of a leaf nodewhich may propagteall the way up to the
root. Likewise, it may causean under ow in a sourceleaf
node,andre-insertiongnay be necessaryEvenif thereare
no nodesplitting and memging, frequentmovementof ob-
jectscanretardthe performanceof the index, asthe nodes
have to lockedwhenthe nodesareaccessedandMBRs ad-
justed. Take objectpl4 for example,its shortmovement
will causethe nodesand MBRs alongtwo pathsto be ad-
justed.Suchadjustmentsreexpensve in view of thelarge
numbersof updateghatare continuouslyissued. As a re-
sult, theoriginal R-treetechniquas notdirectly suitablefor
suchpurposes However, dueto its robustnessn handling
spatialobjects,the R-treeand its variantsprovide a good
basisfor extensionfor supportingmoving objects.We shall
usetheR-treeasthebasisfor discussiontheideasarehow-
ever suitablefor mosthierarchicaindexes.



3.2 Indexing historical movement

The historical movementof objectscanbe represented
by their trajectories,i.e., line segmentsof their positions
over time. Figure4 shovs an example. Clearly, an R-tree
canbe usedto index the trajectories.While a singleMBR
sufces to boundtheentiretrajectoryof anobject,it is more
efcient to split the trajectoriesinto segments. However,
becausehe end points are not bounded,andlarge MBRs
containdeadspaceaswell asleadto signi cant overlaps,
R-treehasbeenshavn to bevery inef cient.

Several methodshave beenproposedto index histori-
cal locationsof spatialobjects[10, 19, 9]. Speci cations
and framework for efcient indexing in spatio-temporal
databasesanbe foundin [24] and [9] respectiely. In
particularthework in [19] proposes B-treebasedscheme,
TB-tree, that strictly preserestrajectories,.e., leaf nodes
in the index contain segmentsbelongingto one trajec-
tory. This canimprove the performancef trajectory-based
queriesthatrequiresggmentsof the sametrajectorieso be
retrieved.

(x4,y4,t4)

(x3,y3,13)

Figure 4. Approximating trajectories using
MBRs

3.3 Indexing current and future movement

More recentworks have focusedon indexing techniques
that can facilitate querieson future positions of points
[7, 21]. Chon[7] storesthe projectedrajectoriesof the po-
sitionsof pointsandstoresthemusinga regular grid struc-
ture. While this speedsip queryprocessingit requiresdu-
plicating an objectacrossall grids thatit intersects.As a
result,any updatebecomesostly.

The time-parametridree (TPR-tree)[21] is an R-tree
basedindex wherethe location of a moving point is rep-
resentecby a referenceposition and a correspondingre-
locity vector In TPR-tree the coordinate®f the bounding
rectanglearefunctionsof time. Thus,they arecapableof
following the objectsasthey move, and updatesare kept
to a minimum. Figure5 illustratesthe time-parametrized
rectanglesn TPRtree. We notethatthe velocitiesassoci-
atedwith eachedgecorrespondso the maximumvelocity
of pointsin thatdirection. The TPR-treeconsidergheloca-
tionsof moving pointsaswell astheirvelocity vectorwhen
splitting nodes.In particular sincethe boundingrectangles
maybecomeverylargeleadingto signi cant overlapsthere
is aneedto “tighten” themduringupdatesor search.
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Figure 5. Time-parametric rectangles in a
TPR-tree

Kollios et al. [13] anindexing schemebasedon parti-
tion trees,n which alinearfunctionis usedto representhe
movementof objects. A line is mappednto a pointin the
dual planewhich facilitatesindexing in spatialdatabases.
However, this duality transformatiorcausesa typical rect-
anglequeryto becomea polygon, makingqueriesdif cult
to execute. Agarwal et al. [1] alsoproposedvariousef -
cientindexing schemesasedon duality andwith ways of
answeringapproximateKNN queries.

All theseproposalsouldnotsubstantiallyreduceupdate
costin reality becausef the dif culty in nding asophis-
ticatedand robust way of representingnoving objectsin
therealdynamicworld. Besidesthey maynotyield better
gueryperformancehanthe corventionalR-treefor current
locations.

4 Handling of FastUpdates

Existing databasesystemshave not beendesignedto
handlecontinuouslychangingdatasuchaslocationof mov-
ing spatialobjects.In orderto representnaving objectsin



thedatabasehelocationof moving objectsmustbecontin-
uouslyupdated Frequentipdatesncur bothsystenperfor

manceandwirelesscommunicatioroverhead Hence Joca-
tions arerepresente@s function of time to reduceupdate
costandtheimpreciseproblemcausedy thefactthatloca-
tion updatesare usuallyinitiated by moving objectsthem-
selhes. Neverthelesscomparatiely, the frequeng of up-

datesis still muchhigherthanwhatwe experiencen con-
ventional databases. In this section, we outline various
stratgiesthat eitherhave beenproposedr could be used
to alleviate frequentupdateproblems.

4.1 Concurrency Controls

Several concurreng control algorithmshave beenpro-
posedo supportconcurrenbperatioron multi-dimensional
index structures.Similar to thoseof the B-trees,they can
be categyorizedinto lock coupling and linking algorithms.
The techniquef lock coupling, breadth- rstsearchjock
andscopeweresupportsoncurreng controlalgorithmson
the original R-treestructure [6, 18]. They only releasehe
lock onthe currentnodewhenthelock on the next nodeto
traverseis grantedfor queryoperations.For updateopera-
tions, multiple locks needto be hold simultaneouslywhen
nodesplit and MBR changeoccur which signi cantly de-
terioratesthe throughputof the concurreng control algo-
rithm. To solve lock-couplingproblem,the linking algo-
rithms were proposedn [14, 15, 12, 22]. Thesemethods
lock onenodemostof thetimefor searctoperatiorandonly
employslock-couplingwhensplitting thenodeor propagt-
ing the MBR change.

The radically differentlinking approachwas originally
for B-trees[17]. Insteadof avoiding possiblecon icts by
lock-coupling, the tree structureis modi ed so that the
searchprocesshas the opportunity to compensatdor a
missedsplit. The crucialadditionis therightlink, a pointer
goingfrom every nodeto its right sibling onthe samdevel.
Whena nodeis split anda new right sibling is createdit
is insertedinto the rightlink chain directly to the right of
the old one. The effectis thatall nodesat the samelevel
are chainedtogetherthroughthe rightlinks. Searchingn
a B-link tree canthereforebe donewithout lock-coupling.
Whendescendindo a nodethatwas split after examining
theparentthesearctprocesgliscoversthatthe highestkey
onthatnodeis lower thanthekey it is looking for andcor-
rectly concludesthat a split must have taken place. For
aninsertionprocessjf the leaf hasto be split, it canalso
avoid lock-couplingwheninstallinga new entryin the par
ent[20]. As soonasthe pagehasbeensplit andthe new
right sibling insertedinto the rightlink chain,the insertion
processcandrop thelock on the leaf thatwasover owing
andthenacquirealock ontheparentpossiblymoving right
to compensatéor concurrensplitsandsplittingup thetree

recursvely. This linking strateyy offers very high concur
reng becausesearchandinsertionprocessesnly needto
lock onenodeatatime.

The main obstacleto the use of linking mechanisnis
the lack of linear orderingamongthe keys in the multi-
dimensionalindex structures. To overcomethis problem,
the R-Link trees[14] was proposedto provide high con-
curreng operationonthe R-treeshrougharightlink-style
approach. They assignlogical sequencenumbers(LSNs)
to eachnodeandentry, which aresimilar to timestampsn
thatthey monotonicallyincreaseover time but arenot syn-
chronouswith ary real-timeclock. The nodeentriesand
the searchandinsertalgorithmsare designedso thatthese
LSNs canbe usedto male correctdecisionsabouthow to
move throughthe tree. An R-Link treeis basicallya stan-
dardR-treewith two key differencesFirst, all of thenodes
on ary given level are chainedtogetherin a singly-linked
list via rightlinks. Second the main structuraladditionis
an LSN in eachnodethatis uniquewith the tree. These
LSNsgive usamechanisnior determiningwvhenanopera-
tion'sunderstandingf agivennodeis obsolete Eachentry
in anodeconsistsof a key rectanglea pointerto the child
nodeandthe LSN thatit expectsthe child nodeto have. If
anodehasto be split, the new right sibling is assignedhe
old nodes LSN andthe old noderecevesa new LSN. A
procesgraversingthetreecandetectthe split evenif it has
not beeninstalledin the parentby comparingthe expected
LSN, astaken from the entryin the parentnode,with the
actualLSN.

In the above algorithm,eachentry of internalnodeshas
extra informationto keepthe LSNs of child nodesandre-
ducesthe storageutilization, which may degradethe query
performance.Consequentlyan extensionfor concurreng
control was proposedto deal with the extra information
problem calledConcurrentGiST (CGiST)[15]. CGiSTex-
tendsevery nodewith a nodesequenc@umber(NSN) and
arightlink andusestheseto detectsplits. TheNSNis taken
from a tree-global,monotonicallyincreasingcountervari-
able. During a nodesplit, this counteris incrementecand
its new valueassignedo the original node;the new sibling
noderecevesthe original nodes prior NSN andrightlink.
In general,a traversing operationcan now detecta split
by memorizingthe global countervaluewhenreadingthe
parententry andcomparingit with the NSN of the current
node. If thelatteris higher the nodemusthave beensplit
andtheoperatiorfollows rightlinks until it seesanodewith
an equalor smallerNSN. Whenwe split a node,we must
lock its parentnode,split the node,setNSN andincrease
thetree-globalcounter So multiple locks mustbe hold for
split operationsywhich maydelaythe concurrengueries.lt
improvesontheR-link treedesignby eliminatingthe space
overheadn internalindex entries but this overheads neg-
ligible. Fora4K bytespagesthefanoutof theR-treecanbe



morethan160(2D objects) thusthespaceoverheads only
aroundl%. Onthecontraryto make CGiSTwork properly
it mustlock the parentbeforethe nodesplit, which reduces
thedegreeof concurreng signi cantly.

Sofar, we canseethatthelinking techniquesalsoneed
to requestmultiple locks exclusively for split and MBR
change.Somemechanismsvere proposedo improve the
concurreng basedon them. In [12], the authorsproposed
anew linking schemewhich employeda new approactor
MBR modi cation, called top-davn index region modi -
cation (TDIM). This schemeperformsMBR modi cation
from top down by operatingon at mostonenodealongthe
insertionpath for mostinsertions. TDIM combinesMBR
modi cation with treetraversalandavoidslocking of nodes
from multiple levels of the tree at the sametime. Also the
MBR modi cation is donein a piecemeafashionwithout
excludingqueryaccessgueriesarenot blocked exceptdur-
ing node split. Additionally, they proposeda split algo-
rithm, namedcopy basectoncurrentipdatgCCU). Theba-
sicideaof CCU s to splitthenodein alocal copy. Queries
arefreeto accessheoriginalnodewhile thesplitis process-
ing. The contentof the original nodeis changedafter the
splitin local copy completesThusqueriesonly block dur-
ing thecopy back. Themaindisadwantageof TDIM is thatit
doesnot supportshe deleteoperation.To locatethe delete
object, we needto traversemultiple pathto getthe object
andwe do not surewhich nodewe accesss the ancestoof
tamgetobject. Additionally, evenwe know the ancestarwe
still cannot decidewhethemwe canshrinkthecertainMBR.
For CCU, extra spacesare neededor split and eachsplit
incursgarbagenode,which increaseshe compleity of the
algorithms.

In [22], the authorsproposeda concurreng control
methodto minimizethe querydelay To avoid thequeryde-
lay by MBR updatesthey introducedpartiallock coupling
(PLC) technique. The PLC techniqueincreasesconcur
reng/ by usinglock couplingonly in caseof MBR shrinking
operationghatarelessfrequenthanMBR expansiornoper
ation. To reducethe query delay by split operation,they
optimizeexclusive latchingtime onasplit node. Theweak-
nessof PLC is that the x-lock is hold during the propag-
tion, andthealgorithmdid not provide phantonprotection.
Additionally, this algorithmis basedon CGiST, andit must
lock the parentof split nodebeforethe split; hencemultiple
locksneedto behold.

Concurrentaccesdo datathrougha multi-dimensional
indexes introducesthe problemof protectingqueryrange
from phantonupdate The CGiSTmethod15] usesamod-
i ed predicatdocking mechanisnto provide phantormpro-
tectionover GeneralizedsearchTrees.In [4], thedynamic
granularlocking (DGL) approachwas proposedto phan-
tom protectionin R-trees.DGL methoddynamicallyparti-
tionsthe embeddedpaceinto lockablegranulesghatadapt

to the distribution of objects. They de ne the lowestlevel
BRs of the R-treeasthe lockablegranules. Sincethe R-
tree partitions may not cover the entire embeddedspace,
they presentan additionalstructurethat partitionsthe non-
coveredspaceinto a setof granuleseferredto asexternal
granulesFollowing the principlesof granuladocking,each
operationrequestdocks on enoughgranulesto guarantee
thatany two con icting operationgequeston icting locks
on at leastone granulein common. They also proposed
two locking strat@ies, the “cover-for-insert and overlap-
for-searh policy andthe*overlap-forinsertandcover-for-
search” policy. TheDGL approactaddresseghantonpro-
tectionproblemin multi-dimensionalaccessmethodsand
granularlocks can be implementedmore ef ciently com-
paredto predicateocks, but DGL may offer lower degree
of concurreng becauseof its complity. Additionally,
DGL mustintegratewith other methodsto form the com-
plete concurreng control algorithmfor multi-dimensional
access.

Elsevhere[8], we introducea new concurreng control
algorithmfor the R-treeswhich is designedo supportfast
andfrequentupdatesThe purposeof the concurreng con-
trol algorithmsof index is to provide high throughputfor
frequentupdate.And the key criteriafor concurreng con-
trol algorithmis the degreeof parallelism. The previous
work shaved that the main factorswhich block the other
concurrenpperatiorandhencedecreas¢heconcurreng of
index areMBR modi cation propagtionandnodesplit of
updateoperations Our algorithmreduceghe queryblock-
ing overheado addresghesetwo problems.Additionally,
we proposean optimistic searchalgorithmto speedup the
processingf query

4.2 Function of Time

Recallthat objectpositionsare beingmodeledasfunc-
tions of time to minimize updates.Modeling object posi-
tionsasfunctionsof time enableshetentative nearfuture”
positionsbe approximated. The databasewill only need
to be updatedwhen the parameter®f the linear function
changeor the objectsmove beyond a bound,e.g. the ve-
hicle changedirectionor stopsmaving. The objectsmay
reporttheirparametevalueswhentheiractualpositionsde-
viate from the last reportedpositionsby certainthreshold.
Onemain problemis thateachindividual objecthasa dif-
ferentfunction of movementand agility andthat function
always changesunpredictably For example,a vehiclecan
never maintainconstantvelocity in a traf c-congestedcity.
In fact, the speedcanvary from 0 to 55 mphin a matter
of secondsThe samegoesfor trackingenemyaircraftand
missilesthat can changedirection, speedor even destina-
tions while on the move. Either we have a more sophisti-
catedandrobustway of representinghe movementof mov-



ing objects,e.g. usingcomple polynomialfunctionswith

intelligent predictionsor we are facedwith an enormous
amountof updates.However, the approximationprovides
additionaldegreeof accurayg sinceobjectsmaymove since
thelastupdateandbeforethe next updateon thedatabase.

4.3 Lazy Updates

Movementof objectsin thedatabaseausesleletionand
insertionof objects,and consequentlynode meging and
splitting. For objectsthatdo not move out from the present
MBR, nodeletionis necessarglthoughadeletionandrein-
sertionmay provide amoreef cient structure.ObjectA in
Figure 6 is a casein point, wherea deletionand reinser
tion will de nitely make the coverageof the currentnode
smaller For applicationsvhoseobjectsdo not move far out
from the currentMBR, suchasobject B in Figure 6, an
enlagedMBR couldbeused.Thelevel atwhichMBRs are
to beenlagedis adecisionbetweergueryperformancend
updatecost. While enlaging MBRs reducesupdatesthe
enlagedMBRs may overlapmoreandcausethe subtreeto
betraversedunnecessarily

A

Figure 6. Extended MBR

4.4 Buffering Strategies

Work on buffer managemertasprogressefrom thede-
sign of replacemenpolicies that are basedon stochastic
measurego the designof more sophisticatecapproaches
that integrateadditionaldomainknowledgesuchpageref-
erencegatternsaandexternaldomainhintsto obtainmorein-
telligent buffering schemes.The main objectie of buffer-
ing is to reduceexpensve I/O cost. The reductionin 1/0
operationgesultsin higherthroughputas both updateand
retrieval operationscan be executedmore efciently. In
[5], a buffer replacemenstrateyy for hierarchicalindexes
basednindex traversalpatternhasbeenshavn to improve

buffer hit rateandreducel/O cost. For mary applications,
themovementof objectsareconstrainedby factorssuchas
areaof serviceandtransportatiometwork. Suchconstraints
causecertainpatternf movementdo form andhencemay
causeheobjectsto bemovedaroundwithin certainsubtree.
A replacemenstratgly canthenbedesignedo exploit such
patternsof movements.For a given subtreewhich hasfre-
guentupdatesthe subtreebecomesnorelikely to be kept
in the buffer dueto its accesgattern,or canbe cachedon
purposefor speedyupdates.

Most modernsenerscomewith fastcachego speedup
computationandtherecentfocushasbeenon the effective
utilization of the L2 cacheto minimize cachemisses.This
is becaus@ L2 cachemissincursmorethan200 processor
clockswhendatais requiredto be fetchedfrom the slower
but larger capacityRAM or cornventionalbuffer (as com-
paredto only 2 processoclocksfor a L1 cachehit). The
objectie of exploting L2 cacheis similar to that of buffer,
exceptnow thatwe have smallercachelines, andhenceto
fully exploit L2 cache jndexeshave to be tunedwith page
structureshat t into cachelines whosesizesare usually
32-128bytes. Suchpagestructuredoesnot map directly
into thedisk-basedtructurethereforemappingis required,
which maynotbestraightforward or evenfeasibledepend-
ing ontheindex structure.

4.5 Use of Auxiliary Structures

Sincemoving objectshave to beidenti ed by identi ers,
the updatecanbe donebasedon the identi er ratherthan
spatiallocation. To supportfastlocationof moving objects
in the spatialindex, a secondaryndexing structuresuchas
hash-tablecan be maintainedto provide a direct link be-
tweenthe objectandtheleaf pagein spatialindex thatcon-
tainstheobject[16]. Withouta secondaryndex, locationof
moving objecthasto be basedn thelastlocationrecorded
in thedatabaseandthe searcHor theobjectwithin thespa-
tial index is muchslower thana directlookup usinga sec-
ondaryindex. However, in orderto provide fastupdate,a
backward or parentpointerhasto be maintainedsuchthat
the tree can be adjustedshouldthe moving objectbe re-
moved from the currentnode. An exampleis illustratedin
Figure7. While adjustingon the way up, identi cation of
theright subtredor re-insertionrdueto thenew locationcan
be performedconcurrently If the objectsare not moving
too far away from the currentlocation,re-insertionis likely
to be within the samesubtreebeforereachingthe root. To-
getherwith the useof enlagedMBR, updatescould belo-
calizedto somesubtreedo reducetraversalandlocking of
nodes.

SongandRoussopoulo§23] proposeda hashingbased
methodto reduceupdatecosts. Thoughsimple and intu-
itive, it is dif cult to supportthe varioustypesof queries
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Figure 7. Use of a secondary structure

(KNN, RNN, spatialjoins) mentionedearlieron. Further
more,over ow pagesanseriouslydeteriorateerformance
asall pagesneedto be searchedmadeworseif we have a
skewedor Gaussiaistributeddata.

5 Conclusion

Thedemandor trackingthelocationsof moving objects
is fueledby theadvancemenof GPS wirelesstechnologies
andsmallbut powerful digital devices. Spatialindexesthat
have beentypically designedo index staticobjectsandfa-
cilitate fastretrieval maynotbeef cient for indexing mov-
ing objectswhereupdatesare frequent. Fastupdateis not
an objective contradictoryto fastretrieval — it is anadded
requiremenbn indexesfor moving objects.Assumingthat
thebaseindex is alreadyproviding fastretrieval, which has
beentheobjectie all this while, theindex now hasto mini-
mizethe numberof nodeshbeinglockedandupdatedsothat
theoverallthroughputremainsacceptableln this paperwe
examinedvariousdesignissuesand techniquesn design-
ing indexesfor supportingfastretrieval of moving objects
basedon spatiallocation and proximity, and frequentup-
dates. Most techniquediscussedire complementaryand
canbe usedin parallelto achieve the objective of fastre-
trieval andupdate.

References

[1] P K. Agarwal, L. Arge, and J. Erickson. Indexing mov-
ing points. In Proceedingf the 19th ACM Symposiunon
PODS pagesl 75-1862000.

[2] R.BenetisC.JensenG. KarciauskasandS. SaltenisNear
estneighborandreversenearesneighborqueriesfor mov-
ing objects. In Proceedingf the International Database
EngineeringandApplicationsSymposiunpagest4-53 Ed-
monton,Canada,uly 2002.

[3] E. Bertino, B. Ooi, R. Sacks-Dais, K. Tan, J. Zobel,
B. Shilovsky, andB. Catania. Indexing Techniquesfor Ad-
vancedDatabaseSystems Kluwer AcademicPublishers,
1997.

[4] K. ChakrabartandS. Mehrotra. Dynamicgranulariocking
approachto phantomprotectionin r-trees. In Proceedings
of the 14th International Confeenceon Data Engineering
pagesA46-454,1998.

[5] C.Y.Chan,B. C. Ooi, andH. Lu. Extensiblebuffer man-
agemenbfindexes. In Proc. 18thInternationalConfeence
on\ery Large Data Basespages144-4541992.

[6] J.K. ChenandY. F. Huang. A studyof concurrentopera-
tionsonr-trees.In InformationScienced8, page263-300,
1997.

[7] H. Chon,D. Agrawal, andA. El Abbadi. Query process-
ing for moving objectswith space-timeyrid storagemodel.
In Proceedingsf 3rd International Confeenceon Mobile
Data Management2002.

[8] B. Cui, Z. Huang,B. Ooi, andK. Tan. Concurreng control
mechanisméor supportingfastupdatesn ther-tree. Tech-
nical report,Schoolof Computing NUS, 2002.

[9] G.Faria,C.B. MedeirosandM. A. NascimentoAn exten-
sible framework for spatio-temporatlatabasepplications.
TechnicalReportTR-27, TIMECENTER TechnicalReport,
1998.

[10] M. Hadjieleftheriou, G. Kollios, V. J. Tsotras, and
D. GunopulosEf cient indexing of spatio-temporabbjects.
In Proceeding®f 8th Conf EDBT, 2002.

[11] C.Jenseneditor Speciallssueon Indexing of Moving Ob-
jects IEEE CS,2002.

[12] K. V. R. Kanth,F. D. SerenaandA. K. Singh. Improved
concurreng conroltechniquegor multi-dimensionaindex
structures. In 12th International Parallel ProcessingSym-
posium pagess80-586,1998.

[13] G. Kaollios, D. GunopulosandV. J. Tsotras. On indexing
mobile objects. In Proceedingof the 18th ACM Symp.on
PODS page261-272,1999.

[14] M. kornacler andD. Banks. High-concurreng locking in
r-trees. In Proc. 21th VLDB Confeence pagesl134—-145,
1995.



(15]

(16]

(17]

(18]

(19]

(20]

[21]

(22]

(23]

(24]

(25]

M. Kornacler, C. Mohan,and J. M. Hellerstein. Concur
reng/ andrecovery in generalizedsearchrees. In Proc. of
the ACM SIGMODConfeence page$2-72,1997.

D. Kwon,S.Lee,andS. Lee. Indexing the currentpositions
of moving objectsusingthelazy update.In Proceedingof
3rd InternationalConfeenceon Mobile Data Management
pagesl13-1202002.

P. Lehmanand S. Yao. Efcient locking for concurrenct
operationson b-trees. In ACM Transactionson Database
System¢TODS) volume6, page$s50-670,1981.

V. Ng andT. Kamada.Concurrenciccesse® t-treestrees.
In Proc. of Symposiunon large spatial databasespages
142-1611993.

D. Pfoser C. S. Jensenand Y. Theodoridis. Novel ap-
proachesn queryprocessindor moving objecttrajectories.
In Proceedingsof 26th Int'l. Conf on VLDB, pages395—
406,2000.

Y. Sagv. Concurrencbperationson b*-treeswith overtak-
ing. Journal of computerand systensciences33(2):275—
296,1986.

S. Saltenis,C. JensenS. Leutengger and M. A. Lopez.
Indexing the positionsof continuouslymoving objects. In
Proceedingof ACM SIGMODInt'l. Conf on Management
of Data, pages331-3422000.

S. Song, Y. Kim, andJ. Yoo. An enhancectoncurreng
control schemefor multi-dimensionalindex structures. In
Proc. of the 7th DASFAA Confeence pagesl 90-1992001.
Z. Songand N. Roussopoulos.Hashingmoving objects.
In Proceedingof 2nd International Confeenceon Mobile
Data Managementpagesl61-1722001.

Y. Theodoridis, T. Sellis, A. N. Papadopoulos, and
Y. Manolopoulos. Speci cationsfor efcient indexing in
spatiotemporatflatabasedn IEEE SSDBM 1998.

C. Yu. High-dimensionalndexing. LectureNotesin Com-
puterScience2341,SpringerVerlag,2002.



