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Abstract

Traditionally, indexeshavebeendesignedto facilitate
fast retrieval of static objects. Moreover, updatesare as-
sumedto be infrequentand henceslow updatespeedcan
be tolerated. However, this assumptiondoesnot hold for
new applicationsfueledby theadvancementof GPS,wire-
lesstechnologiesandsmallbut powerfuldigital devices.In
theseapplications,objectsaremobileandto track theseob-
jectstheir locationshaveto beupdatedfrequently. Existing
indexesno longer can keepup with the high updaterates
while providing speedyretrieval at thesametime. There is
a needfor novel indexesto bedesignedfor moving objects.
In thispaper, weexaminevariousdesignissuesthatneedto
beaddressedto supportef�cient retrieval of movingobjects
with frequentupdates.

1 Intr oduction

With improved accuracy in positioning technologies
suchasGPS(globalpositioningsystem)andsophisticated
technologieslike radarsand other communicationequip-
ment, it is possibleto continuouslytrack moving objects,
beit in thedigital battle�eld or realworld. Quickaccessto
locationsof mobileunitsenablesmoreef�cient deployment
of resourcesanddisseminationof informationbasedon lo-
cations. In the commercialfront, demandhassurged for
applicationsthat track the locationsof moving objectslike
vehicles,usersof wirelessdevicesandevendeliveries.By
thetime themobilenetwork bandwidthexceeds2/2.5G,we
expectto seehundredsof millions of mobile usersworld-
wide, with their connectionsalmostalwayson. The main
reasonsbehindtrackingmoving objectsareto improve the
quality of serviceandef�ciency in resourcemanagement.
For example,advertisementscannow bepushedto mobile
phonesbasedon the proximity of users,and taxis canbe

dispatchedquickly to passengersbasedon their locations
andtaxis in the vicinity. In orderto provide suchservices
andto facilitatedynamicqueries,we needanef�cient and
accurateway of managingthe latestpositionsof moving
objects.

In location-awaremobileservices,moving objectssuch
as consumerswith WAP-enabledmobile phoneterminals
and personaldigital assistants(PDA), and vehicleswith
navigation and communicationequipment,disclosetheir
positions. The accuracy is dependenton suchdisclosure;
otherwise,current locationsare predictedbasedon some
functionof timeandvelocityof themoving objectsor some
otherconditionssuchasno-movementof objects.Eachdis-
closurewill causeanupdatein themoving objectdatabases.
Dueto thesizeof thedatabase,indexesarerequiredto facil-
itate fastlocationof objectsbasedon spatiallocationsand
facilitate retrieval of objectswithin certaindistancefrom
the query or currentmoving objects. The index must be
adaptive anddynamicin orderto ef�ciently accommodate
movementof objectsin theindex structureandyet provide
theexpectedanswerasonewould obtainby searchingthe
databaseusingasequentialscanmethod.

Moving objectsposenew challengesto databasesys-
tems. Theconventionalassumptionsthatobjectsarefairly
static and their valuesare not frequentlyupdatedare be-
ing invalidatedby the needto capturecontinuousmove-
ment. Frequentupdatesnot only posetheusualcontention
problemson hot spotssuchassystemcatalog,they require
theunderlyingindexesto befrequent-updateawareandef-
�cient. To reducethe numberof updateson the indexes,
strategiessuchasexpressingtheobjects'positionsasfunc-
tion of times,anddelayingof updateshavebeenemployed.
However, to betterre�ect dynamicchangesin objects'po-
sitions, existing indexes have to be re-designedto enable
fastupdatesandnew concurrency control mechanismsare
also required. In this paper, we shall review the require-
mentfor suchapplications,anddiscussvarioustechniques



thatcouldbeusedto providebothfastupdatesandretrieval.
Frequentupdateis an additionalrequirementimposedby
moving objects,and fast updateis necessaryso that the
overall throughputof the index, queryingandupdating,is
kepthigh.

The paperis organizedasfollows. In the next section,
we introducetherepresentationof moving objectpositions
anddescribethequeriesposedonsystemssupportingmov-
ing objects.In Section3, we have a quick overview on the
problemof indexing moving objects.We thenpresentvar-
ious feasiblemethodsin reducingthe numberof updates
and speedingup updateswhile providing fast retrieval in
Section4. Weconcludein Section5.

2 On Representationof Moving Object Posi-
tions and Queries

Let usconsiderobjectsthataremoving in
�
-dimensional

space.The moststraightforward way of handlingmoving
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 advantages:(1) it allows
one to reuseexisting multi-dimensionalindexes [3] and
query processingstrategies for answeringrange/window,
proximity andnearestneighborqueries[25]; (2) it reduces
the problemof managingpositionsof moving objectsto a
frequentupdateproblem.

An alternative approachis to model the positionof an
objectasafunctionof time,i.e.,anobject'spositionat time�

given by Åx � ����� ���
	�� ���
� ����� ���
��������� ����� ����� , is modeledas���� ����� ���� ������� � � �"!#����� , where
� is thecurrentvelocityof

theobject,
� � �  	 �  � �$�������  � � , ��� is thetimewhentheposi-

tion waslastrecorded,and
�

maybelargerthanthecurrent
time (now). In this way, anobjectonly needsto updateits
position (i.e., new positionandvelocity vector)whenever
thereis a changein its directionor/andspeed.This method
not only reducesthe numberof updates(comparedto the
simplemethod),it alsoallows the currentandanticipated
futurepositionsof apoint to bedescribedby 2

�
parameters

-
�

for thespatialdimensionsand
�

for thevelocityvectors.
As such,morecomplex queriesinvolving time andfuture
positionscanbesupported.

Beforewe look at the designissuesto supportmoving
objects,it is worth noting that both representationsessen-
tially provideonly approximateanswersto queries.For the
�rst method,it is possiblethatananswermaynolongersat-
isfy a query(if thequeryarrivesbeforeits new positionis
updated);similarly, it is alsopossiblefor an answerto be
missed.On theotherhand,thesecondmethodrelieson the
accuracy of the functionsused. It is thereforepossibleto
have both falsepositivesandnegativesaswell (especially

for queriesthat involve future positions). As the second
modelhasreceivedmuchattentionin theliterature[11], we
shallrestricttherestof ourdiscussionto thismodel.

Thereareessentiallythreewaysin which we canrepre-
sentmoving objects.

% As linesin (
�
+1)-dimensionalspace–

�
spatialdimen-

sionsand1 time dimension.Figure1(a)shows anex-
ampleof threemoving objectsin 1-

�
space.

% As pointsin 2
�
-dimensionalspace–

�
spatialand

�
ve-

locity dimensions(functionparameters:
���� �'&��
� � ) Fig-

ure1(b)showsthethreemoving objectsin Figure1(a)
whenrepresentedin 2

�
space.

% As time-parameterizedpointsin
�
-dimensionalspace.

A moving object databaseshould be able to answer
queriesbasedon thecurrent,pastor futurepositionsof the
objects.Liketraditionalstaticmulti-dimensionaldatabases,
therearethreetypesof queries,namelyrangequeries, prox-
imity queriesandk-nearestneighbor(kNN) queries. Now
weshallde�ne eachof thesetypesof queries:

% range queries: “�nd all objectswhosepositionsfall
within certaingivenrangesfrom time

� 	 to
� � ”. Range

queriescanbe formally expressedwith respectto the
database(*) asfollows:

+-,/. (0)21 , � ��� .43�5�6$7-8:9<;

where
3�5�6$7-8=9

is a rectangularwindow rangequery
and

� 	?> � > � � . Note that if
3�5�6�7-8:9

is de-
noted as @ ACB �ED B�F ( GH>JILK �

) and the position of
an object

,
at time

�
,
, � ��� , is representedas

+ ��BM� ��� ;
( GN>OIPK �

), (
, � ��� .Q3�5�6�7-8:9

) canbe assimpleas
@ ACBR>S�TBM� ��� > D B�F where G*>SIUK �

. Rangequeryhere
is a rectangularwindow rangequery, which is how-
ever often called as window rangequery or window
query. We notethat if the time is not speci�ed, then
the queryrefersto the currenttime. Referringto the
examplein Figure1, we seethatfor the�rst represen-
tation(Figure1(a)),objects

, � and
,�V

will bereturned
asanswersfor the rangequery that looks for objects
within [3,5] at time 2. For the secondrepresentation,
thesamequeryhasto be transformedinto theshaded
region in Figure1(b). Thethird representationwill re-
quire identifying all new positionsof the points and
checkif they fall in the queryregion (aswe shall see
shortly, therearemoreef�cient waysto performthis).

% proximity queries: “�nd all objects in the database
which arewithin a given distanceW from a given ob-
ject from

� 	 to
� � ”. This queryis commonlyknown as
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Figure 1. Data representation

similarity rangequeryin multimediacontext. It canbe
formally expressedasfollows:

+-,/. (0) 1 � I � � � 3 � ���
� , � ����� > W ;

where
3

is thegivenqueryobject,
� I � � is thedistance

applied,and
� 	/> � > � � . We notethat

� I � � is highly
application-dependent,and may have different met-
rics.

% Nearestneighbor(NN) queries:“�nd anobjectin the
databasewhichareclosestin distanceto agivenobject
from

� 	 to
� � ”. Let

�����
denotesetsof moving objects

and � � denotea time interval. The NN queryreturns
theset

+
(
����� � � � ) ; suchthat � � � � � @ � 	 ��� � F and I���	�
 ��B
��� � ��� . In addition,eachpoint in

�����
is a

nearestneighborto
3

duringall of interval � � . Thatis,� 	 � ,/. ����� � 7 . (0)�� , � � I � � � , � 3 � > � I � � � 7 � 3 ���
More recently, thereareseveralmorecomplex queriesthat
have beenproposed:reverseNN queries[2], andqueries
involving moving queryranges.

3 Indexing Moving Objects

Recentadvancesin hardware technologyhave reduced
the accesstimes of both memoryand disk tremendously.
However, theratio betweenthetwo still remainsat about4
to 5 ordersof magnitude.Hence,optimizingthenumberof
disk I/Os remainsimportant.Further, the indexesareoften
usedasthe�ltering stepin reducingthenumberof objects
thatneedto beevaluatedin mainmemory, andhencereduc-
ing the computationalcost. This calls for the useof orga-
nizationalmethodsor structuresknown 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
beenproposedfor multi-dimensionaldatabasesand,in par-
ticular, for spatialdatabases.However, theseindexeshave
beendesignedmainly to speedup theretrieval, in applica-
tionswherequeriesarerelatively muchmorefrequentthan
updates.This is being invalidatedby new location-based
applicationsin which thenumberof spatialobjectsaretyp-
ically pointsthataremovable. Thesemoving objectspose
new challengesto spatialdatamanagementandthedesign
of indexes.Theworkloadin sucha systemis characterized
by high index updateloadsandfrequentqueries.

Figure 2 showsthevariousdirectionsin indexingmobile
objectsandsomeof the proposalsmade. Indexing mobile
objectscanbedividedinto 2 maincategories:indexing cur-
rent locationsof spatialobjectsandindexing historical lo-
cationsof spatialobjects.The�rst category canbefurther
dividedinto two sub-categories:(1) Usingfunctionsto 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 last two decades,many multi-dimensionalindex
structureshave beenproposed[25]. Among them,the R-
treesarethe mostpopularwhich is a hierarchical,height-
balancedindex structure.TheR-treeshave leaf nodesand
internalnodeswith entriesin leaf nodepointing to objects
and entriesin internal nodespointing to other internal or
leaf nodes(seeFigure3). Theinformationcontainedin an
R-treeis thushierarchicallyorganizedandeverylevel in the
treeprovidesmoredetailthanits ancestorlevel. Thesearch
processin an R-treeis very differentfrom that in a B-tree
dueto thelack of orderingandthepossibleoverlapamong
keys. To �nd all rectanglesintersectinga given rangethe
searchprocesshasto descendall subtreesthat intersector
fully containthe rangespeci�cation. Whena new key has
to be insertedin an R-tree,oneattemptsto descendto the
geometricallyoptimalleafby pickingat eachlevel thesub-
treewith theoptimalboundingrectangle.In contrastto the
B-trees,theR-treeshave to recursively updatetheancestor
MBRs if a leaf's MBR changes.Splitting a nodealsode-
viatesnoticeablyfrom the B-treepattern. The R-treewill
partition the key sequenceaccordingto its layout strategy

andit is impossibleto completelyavoid any overlapafter
split.

If we simply apply theR-treetechniqueto index the lo-
cationsof moving objects,readjustingthe entire index is
inevitable. For example,themovementof )+*-, in Figure3
from oneleaf nodeto anotherleaf nodewill causethesplit
of thedestinationleafnode.Thatis,asplit maycauseasplit
of a leaf nodewhich may propagateall the way up to the
root. Likewise, it maycauseanunder�ow in a sourceleaf
node,andre-insertionsmaybenecessary. Evenif thereare
no nodesplitting andmerging, frequentmovementof ob-
jectscanretardtheperformanceof the index, asthenodes
have to lockedwhenthenodesareaccessedandMBRs ad-
justed. Take object ).*0/ for example,its short movement
will causethe nodesandMBRs alongtwo pathsto be ad-
justed.Suchadjustmentsareexpensive in view of thelarge
numbersof updatesthat arecontinuouslyissued.As a re-
sult,theoriginalR-treetechniqueis notdirectlysuitablefor
suchpurposes.However, dueto its robustnessin handling
spatialobjects,the R-treeand its variantsprovide a good
basisfor extensionfor supportingmoving objects.Weshall
usetheR-treeasthebasisfor discussion;theideasarehow-
eversuitablefor mosthierarchicalindexes.



3.2 Indexing historical movement

The historicalmovementof objectscanbe represented
by their trajectories,i.e., line segmentsof their positions
over time. Figure4 shows an example. Clearly, an R-tree
canbeusedto index the trajectories.While a singleMBR
suf�ces to boundtheentiretrajectoryof anobject,it is more
ef�cient to split the trajectoriesinto segments. However,
becausethe endpointsarenot bounded,and large MBRs
containdeadspaceaswell as leadto signi�cant overlaps,
R-treehasbeenshown to bevery inef�cient.

Several methodshave beenproposedto index histori-
cal locationsof spatialobjects[10, 19, 9]. Speci�cations
and framework for ef�cient indexing in spatio- temporal
databasescanbe found in [24] and [9] respectively. In
particular, thework in [19] proposesaB-treebasedscheme,
TB-tree,that strictly preservestrajectories,i.e., leaf nodes
in the index contain segmentsbelonging to one trajec-
tory. This canimprove theperformanceof trajectory-based
queriesthatrequiresegmentsof thesametrajectoriesto be
retrieved.

t

x

(x1,y1,t1)

(x2,y2,t2)
(x3,y3,t3)

(x4,y4,t4)

y

Figure 4. Approximating trajectories using
MBRs

3.3 Indexing current and future movement

More recentworkshave focusedon indexing techniques
that can facilitate querieson future positions of points
[7, 21]. Chon[7] storestheprojectedtrajectoriesof thepo-
sitionsof pointsandstoresthemusinga regulargrid struc-
ture. While this speedsup queryprocessing,it requiresdu-
plicating an objectacrossall grids that it intersects.As a
result,any updatebecomescostly.

The time-parametrictree (TPR-tree)[21] is an R-tree
basedindex wherethe location of a moving point is rep-
resentedby a referenceposition and a correspondingve-
locity vector. In TPR-tree,thecoordinatesof thebounding
rectanglesarefunctionsof time. Thus,they arecapableof
following the objectsas they move, and updatesare kept
to a minimum. Figure5 illustratesthe time-parametrized
rectanglesin TPR tree. We notethat thevelocitiesassoci-
atedwith eachedgecorrespondsto themaximumvelocity
of pointsin thatdirection.TheTPR-treeconsiderstheloca-
tionsof moving pointsaswell astheirvelocityvectorwhen
splitting nodes.In particular, sincetheboundingrectangles
maybecomeverylargeleadingto signi�cant overlaps,there
is aneedto “tighten” themduringupdatesor search.

Figure 5. Time-parametric rectangles in a
TPR-tree

Kollios et al. [13] an indexing schemebasedon parti-
tion trees,in whicha linearfunctionis usedto representthe
movementof objects.A line is mappedinto a point in the
dual planewhich facilitatesindexing in spatialdatabases.
However, this duality transformationcausesa typical rect-
anglequeryto becomea polygon,makingqueriesdif�cult
to execute. Agarwal et al. [1] alsoproposedvariousef�-
cient indexing schemesbasedon duality andwith waysof
answeringapproximateKNN queries.

All theseproposalscouldnotsubstantiallyreduceupdate
costin reality becauseof thedif�culty in �nding a sophis-
ticatedand robust way of representingmoving objectsin
therealdynamicworld. Besides,they maynot yield better
queryperformancethantheconventionalR-treefor current
locations.

4 Handling of FastUpdates

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



thedatabase,thelocationof moving objectsmustbecontin-
uouslyupdated.Frequentupdatesincurbothsystemperfor-
manceandwirelesscommunicationoverhead.Hence,loca-
tions arerepresentedasfunction of time to reduceupdate
costandtheimpreciseproblemcausedby thefactthatloca-
tion updatesareusuallyinitiated by moving objectsthem-
selves. Nevertheless,comparatively, the frequency of up-
datesis still muchhigherthanwhatwe experiencein con-
ventional databases. In this section,we outline various
strategiesthat eitherhave beenproposedor could be used
to alleviatefrequentupdateproblems.

4.1 Concurrency Controls

Several concurrency control algorithmshave beenpro-
posedto supportconcurrentoperationonmulti-dimensional
index structures.Similar to thoseof the B-trees,they can
be categorizedinto lock coupling and linking algorithms.
The techniquesof lock coupling,breadth-�rstsearch,lock
andscopeweresupportsconcurrency controlalgorithmson
theoriginal R-treestructure [6, 18]. They only releasethe
lock on thecurrentnodewhenthelock on thenext nodeto
traverseis grantedfor queryoperations.For updateopera-
tions,multiple locks needto be hold simultaneouslywhen
nodesplit andMBR changeoccur, which signi�cantly de-
terioratesthe throughputof the concurrency control algo-
rithm. To solve lock-couplingproblem,the linking algo-
rithms wereproposedin [14, 15, 12, 22]. Thesemethods
lockonenodemostof thetimefor searchoperationandonly
employslock-couplingwhensplittingthenodeor propagat-
ing theMBR change.

The radically different linking approachwasoriginally
for B-trees[17]. Insteadof avoiding possiblecon�icts by
lock-coupling, the tree structureis modi�ed so that the
searchprocesshas the opportunity to compensatefor a
missedsplit. Thecrucialadditionis therightlink, a pointer
goingfrom everynodeto its right siblingonthesamelevel.
Whena nodeis split anda new right sibling is created,it
is insertedinto the rightlink chain directly to the right of
the old one. The effect is that all nodesat the samelevel
are chainedtogetherthroughthe rightlinks. Searchingin
a B-link treecanthereforebe donewithout lock-coupling.
Whendescendingto a nodethat wassplit after examining
theparent,thesearchprocessdiscoversthatthehighestkey
on thatnodeis lower thanthekey it is looking for andcor-
rectly concludesthat a split must have taken place. For
an insertionprocess,if the leaf hasto be split, it canalso
avoid lock-couplingwheninstallinga new entryin thepar-
ent [20]. As soonas the pagehasbeensplit andthe new
right sibling insertedinto the rightlink chain,the insertion
processcandrop the lock on the leaf thatwasover�owing
andthenacquirealock ontheparent,possiblymoving right
to compensatefor concurrentsplitsandsplittingup thetree

recursively. This linking strategy offers very high concur-
rency becausesearchandinsertionprocessesonly needto
lock onenodeata time.

The main obstacleto the useof linking mechanismis
the lack of linear orderingamongthe keys in the multi-
dimensionalindex structures.To overcomethis problem,
the R-Link trees[14] was proposedto provide high con-
currency operationson theR-treesthrougha rightlink-style
approach.They assignlogical sequencenumbers(LSNs)
to eachnodeandentry, which aresimilar to timestampsin
that they monotonicallyincreaseover time but arenot syn-
chronouswith any real-timeclock. The nodeentriesand
thesearchandinsertalgorithmsaredesignedso that these
LSNs canbe usedto make correctdecisionsabouthow to
move throughthe tree. An R-Link treeis basicallya stan-
dardR-treewith two key differences.First,all of thenodes
on any given level arechainedtogetherin a singly-linked
list via rightlinks. Second,the main structuraladdition is
an LSN in eachnodethat is uniquewith the tree. These
LSNsgiveusamechanismfor determiningwhenanopera-
tion'sunderstandingof agivennodeis obsolete.Eachentry
in a nodeconsistsof a key rectangle,a pointerto thechild
nodeandtheLSN that it expectsthechild nodeto have. If
a nodehasto besplit, thenew right sibling is assignedthe
old node's LSN andthe old nodereceivesa new LSN. A
processtraversingthetreecandetectthesplit evenif it has
not beeninstalledin theparentby comparingtheexpected
LSN, astaken from the entry in the parentnode,with the
actualLSN.

In theabove algorithm,eachentryof internalnodeshas
extra informationto keepthe LSNs of child nodesandre-
ducesthestorageutilization,which maydegradethequery
performance.Consequently, an extensionfor concurrency
control was proposedto deal with the extra information
problem,calledConcurrentGiST(CGiST)[15]. CGiSTex-
tendsevery nodewith a nodesequencenumber(NSN) and
arightlink andusestheseto detectsplits.TheNSNis taken
from a tree-global,monotonicallyincreasingcountervari-
able. During a nodesplit, this counteris incrementedand
its new valueassignedto theoriginal node;thenew sibling
nodereceivesthe original node's prior NSN andrightlink.
In general,a traversingoperationcan now detecta split
by memorizingthe global countervaluewhenreadingthe
parententryandcomparingit with theNSN of thecurrent
node. If the latter is higher, thenodemusthave beensplit
andtheoperationfollowsrightlinksuntil it seesanodewith
an equalor smallerNSN. Whenwe split a node,we must
lock its parentnode,split the node,setNSN andincrease
thetree-globalcounter. Somultiple locksmustbehold for
split operations,whichmaydelaytheconcurrentqueries.It
improveson theR-link treedesignby eliminatingthespace
overheadin internalindex entries,but this overheadis neg-
ligible. For a4K bytespages,thefanoutof theR-treecanbe



morethan160(2D objects),thusthespaceoverheadis only
around1%. Onthecontrary, to makeCGiSTwork properly,
it mustlock theparentbeforethenodesplit, which reduces
thedegreeof concurrency signi�cantly.

So far, we canseethat the linking techniquesalsoneed
to requestmultiple locks exclusively for split and MBR
change.Somemechanismswereproposedto improve the
concurrency basedon them. In [12], the authorsproposed
anew linking scheme,whichemployedanew approachfor
MBR modi�cation, called top-down index region modi�-
cation (TDIM). This schemeperformsMBR modi�cation
from top down by operatingon at mostonenodealongthe
insertionpath for most insertions. TDIM combinesMBR
modi�cation with treetraversalandavoidslockingof nodes
from multiple levelsof the treeat thesametime. Also the
MBR modi�cation is donein a piecemealfashionwithout
excludingqueryaccess,queriesarenotblockedexceptdur-
ing nodesplit. Additionally, they proposeda split algo-
rithm,namedcopy basedconcurrentupdate(CCU).Theba-
sic ideaof CCU is to split thenodein a local copy. Queries
arefreeto accesstheoriginalnodewhile thesplit isprocess-
ing. The contentof the original nodeis changedafter the
split in local copy completes.Thusqueriesonly block dur-
ing thecopy back.Themaindisadvantageof TDIM is thatit
doesnot supportsthedeleteoperation.To locatethedelete
object,we needto traversemultiple pathto get the object
andwe donot surewhichnodeweaccessis theancestorof
targetobject. Additionally, evenwe know theancestor, we
still cannotdecidewhetherwecanshrinkthecertainMBR.
For CCU, extra spacesareneededfor split andeachsplit
incursgarbagenode,which increasesthecomplexity of the
algorithms.

In [22], the authorsproposeda concurrency control
methodto minimizethequerydelay. To avoid thequeryde-
lay by MBR updates,they introducedpartial lock coupling
(PLC) technique. The PLC techniqueincreasesconcur-
rency by usinglock couplingonly in caseof MBR shrinking
operationsthatarelessfrequentthanMBR expansionoper-
ation. To reducethe query delay by split operation,they
optimizeexclusivelatchingtimeonasplit node.Theweak-
nessof PLC is that the x-lock is hold during the propaga-
tion, andthealgorithmdid notprovidephantomprotection.
Additionally, thisalgorithmis basedonCGiST, andit must
lock theparentof split nodebeforethesplit; hencemultiple
locksneedto behold.

Concurrentaccessto datathrougha multi-dimensional
indexes introducesthe problemof protectingquery range
from phantomupdate.TheCGiSTmethod[15] usesamod-
i�ed predicatelockingmechanismto providephantompro-
tectionover GeneralizedSearchTrees.In [4], thedynamic
granularlocking (DGL) approachwas proposedto phan-
tom protectionin R-trees.DGL methoddynamicallyparti-
tionstheembeddedspaceinto lockablegranulesthatadapt

to the distribution of objects.They de�ne the lowestlevel
BRs of the R-treeas the lockablegranules. Sincethe R-
tree partitionsmay not cover the entire embeddedspace,
they presentanadditionalstructurethatpartitionsthenon-
coveredspaceinto a setof granulesreferredto asexternal
granules.Following theprinciplesof granularlocking,each
operationrequestslocks on enoughgranulesto guarantee
thatany two con�icting operationsrequestcon�icting locks
on at leastone granulein common. They also proposed
two locking strategies, the “cover-for-insert and overlap-
for-search policy andthe“overlap-for-insertandcover-for-
search” policy. TheDGL approachaddressedphantompro-
tectionproblemin multi-dimensionalaccessmethodsand
granularlocks canbe implementedmore ef�ciently com-
paredto predicatelocks,but DGL may offer lower degree
of concurrency becauseof its complexity. Additionally,
DGL must integratewith othermethodsto form the com-
pleteconcurrency control algorithmfor multi-dimensional
access.

Elsewhere[8], we introducea new concurrency control
algorithmfor theR-trees,which is designedto supportfast
andfrequentupdates.Thepurposeof theconcurrency con-
trol algorithmsof index is to provide high throughputfor
frequentupdate.And thekey criteria for concurrency con-
trol algorithm is the degreeof parallelism. The previous
work showed that the main factorswhich block the other
concurrentoperationandhencedecreasetheconcurrency of
index areMBR modi�cation propagationandnodesplit of
updateoperations.Our algorithmreducesthequeryblock-
ing overheadto addressthesetwo problems.Additionally,
we proposeanoptimistic searchalgorithmto speedup the
processingof query.

4.2 Function of Time

Recall that objectpositionsarebeingmodeledasfunc-
tions of time to minimize updates.Modeling objectposi-
tionsasfunctionsof timeenablesthe”tentativenear-future”
positionsbe approximated. The databasewill only need
to be updatedwhen the parametersof the linear function
changeor the objectsmove beyond a bound,e.g. the ve-
hicle changesdirectionor stopsmoving. The objectsmay
reporttheirparametervalueswhentheiractualpositionsde-
viate from the last reportedpositionsby certainthreshold.
Onemainproblemis thateachindividual objecthasa dif-
ferent function of movementandagility andthat function
alwayschangesunpredictably. For example,a vehiclecan
never maintainconstantvelocity in a traf�c-congestedcity.
In fact, the speedcanvary from 0 to 55 mph in a matter
of seconds.Thesamegoesfor trackingenemyaircraftand
missilesthat canchangedirection,speedor even destina-
tions while on the move. Either we have a moresophisti-
catedandrobustwayof representingthemovementof mov-



ing objects,e.g. usingcomplex polynomialfunctionswith
intelligent predictionsor we are facedwith an enormous
amountof updates.However, the approximationprovides
additionaldegreeof accuracy sinceobjectsmaymovesince
thelastupdateandbeforethenext updateon thedatabase.

4.3 Lazy Updates

Movementof objectsin thedatabasecausesdeletionand
insertionof objects,and consequently, nodemerging and
splitting. For objectsthatdo not move out from thepresent
MBR, nodeletionis necessaryalthoughadeletionandrein-
sertionmayprovide a moreef�cient structure.Object

�
in

Figure 6 is a casein point, wherea deletionand reinser-
tion will de�nitely make the coverageof the currentnode
smaller. For applicationswhoseobjectsdonotmovefarout
from the currentMBR, suchasobject ) in Figure 6, an
enlargedMBR couldbeused.Thelevel atwhichMBRsare
to beenlargedis adecisionbetweenqueryperformanceand
updatecost. While enlarging MBRs reducesupdates,the
enlargedMBRs mayoverlapmoreandcausethesubtreeto
betraversedunnecessarily.

e

e

e

e

A

B

Figure 6. Extended MBR

4.4 Buffering Strategies

Work onbuffer managementhasprogressedfrom thede-
sign of replacementpolicies that are basedon stochastic
measuresto the designof more sophisticatedapproaches
that integrateadditionaldomainknowledgesuchpageref-
erencepatternsandexternaldomainhintsto obtainmorein-
telligent buffering schemes.The main objective of buffer-
ing is to reduceexpensive I/O cost. The reductionin I/O
operationsresultsin higherthroughputasboth updateand
retrieval operationscan be executedmore ef�ciently . In
[5], a buffer replacementstrategy for hierarchicalindexes
basedon index traversalpatternhasbeenshown to improve

buffer hit rateandreduceI/O cost. For many applications,
themovementsof objectsareconstrainedby factorssuchas
areaof serviceandtransportationnetwork. Suchconstraints
causecertainpatternsof movementsto form andhencemay
causetheobjectsto bemovedaroundwithin certainsubtree.
A replacementstrategy canthenbedesignedto exploit such
patternsof movements.For a givensubtreewhich hasfre-
quentupdates,the subtreebecomesmorelikely to be kept
in thebuffer dueto its accesspattern,or canbecachedon
purposefor speedyupdates.

Most modernserverscomewith fastcachesto speedup
computation,andtherecentfocushasbeenon theeffective
utilization of theL2 cacheto minimizecachemisses.This
is becausea L2 cachemissincursmorethan200processor
clockswhendatais requiredto befetchedfrom theslower
but larger capacityRAM or conventionalbuffer (as com-
paredto only 2 processorclocksfor a L1 cachehit). The
objective of exploting L2 cacheis similar to thatof buffer,
exceptnow thatwe have smallercachelines,andhenceto
fully exploit L2 cache,indexeshave to betunedwith page
structuresthat �t into cachelines whosesizesareusually
32-128bytes. Suchpagestructuredoesnot map directly
into thedisk-basedstructure,thereforemappingis required,
whichmaynotbestraightforwardor evenfeasibledepend-
ing on theindex structure.

4.5 Use of Auxiliary Structures

Sincemoving objectshaveto beidenti�ed by identi�ers,
the updatecanbe donebasedon the identi�er ratherthan
spatiallocation.To supportfastlocationof moving objects
in thespatialindex, a secondaryindexing structuresuchas
hash-tablecan be maintainedto provide a direct link be-
tweentheobjectandtheleafpagein spatialindex thatcon-
tainstheobject[16]. Withoutasecondaryindex, locationof
moving objecthasto bebasedon thelastlocationrecorded
in thedatabase,andthesearchfor theobjectwithin thespa-
tial index is muchslower thana direct lookupusinga sec-
ondaryindex. However, in orderto provide fastupdate,a
backward or parentpointerhasto be maintainedsuchthat
the tree can be adjustedshouldthe moving object be re-
movedfrom thecurrentnode.An exampleis illustratedin
Figure7. While adjustingon theway up, identi�cation of
theright subtreefor re-insertiondueto thenew locationcan
be performedconcurrently. If the objectsarenot moving
too far away from thecurrentlocation,re-insertionis likely
to bewithin thesamesubtreebeforereachingtheroot. To-
getherwith theuseof enlargedMBR, updatescouldbe lo-
calizedto somesubtreesto reducetraversalandlocking of
nodes.

SongandRoussopoulos[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 pagescanseriouslydeteriorateperformance
asall pagesneedto besearched,madeworseif we have a
skewedor Gaussiandistributeddata.

5 Conclusion

Thedemandfor trackingthelocationsof moving objects
is fueledby theadvancementof GPS,wirelesstechnologies
andsmallbut powerful digital devices.Spatialindexesthat
have beentypically designedto index staticobjectsandfa-
cilitate fastretrieval maynot beef�cient for indexing mov-
ing objectswhereupdatesarefrequent.Fastupdateis not
an objective contradictoryto fast retrieval – it is an added
requirementon indexesfor moving objects.Assumingthat
thebaseindex is alreadyproviding fastretrieval, whichhas
beentheobjectiveall thiswhile, theindex now hasto mini-
mizethenumberof nodesbeinglockedandupdatedsothat
theoverall throughputremainsacceptable.In thispaper, we
examinedvariousdesignissuesand techniquesin design-
ing indexesfor supportingfastretrieval of moving objects
basedon spatiallocationandproximity, and frequentup-
dates. Most techniquesdiscussedarecomplementaryand
canbe usedin parallel to achieve the objective of fast re-
trieval andupdate.
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