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Abstract— The continuous intersection join query is compu-
tationally expensve yet important for various applications on
moving objects. No previous study has speci cally addressedhis
query type. We can adopt a naive algorithm or extendan existing
technique (TP-Join) to processhe query. However, they compute
the answer for either too long or too short a time interval, which
resultsin either a very large computation cost per object update
or too frequent answer updates, respectvely. This motivates
us to optimize the query processingin the time dimension.
In this study, we achieve this optimization by intr oducing the
new concept of time-constrained (TC) processing Further, TC
processingenables a set of effective improvement techniques
on traditional intersection join algorithms. With a thorough
experimental study, we show that our algorithm outperforms the
best adapted existing solution by several orders of magnitude.

I. INTRODUCTION

Managemenbf moving objectshasbecomean imperatie
task recently due to the increasingneedfor real-timeinfor-
mation in highly dynamic ervironments.In mary previous
studiesmaving objectssuchasmobile phoneusersor vehicles
have beenmodelledas points. The reasonis that the objects'
extentsarenggligible comparedo the sizeof thewhole region
of interest.For example,ignoring the extentsof vehiclesdoes
not hurtmuchif we wantto have anideaof how mary carsare
in the centralbusinesdistrict by performinga window query
However, thereare also mary scenariogddescribedas follows
wherethe extentsof objectscannotbe neglected.As shavn in
Figure 1(a), a numberof police cars( lled black rectangles)
are driving aroundin a city. Every police car can cover a
circle-shapedegion in caseof emegeng calls. We needto
continuouslykeeptrack of the communities(gray rectangles)
covered (that is, intersectedby eachpolice car For another
exampleshowvn in Figure 1(b), a eet of warshipson the sea
is ghting an enemybombersquadron.The attack range of
a bomberis a sectorshapedregion in front of the bomber
We needto continuouslyreportthosewarshipswhosebodies
intersectary bombers attackrangesothatthewarshipscanbe
alertedto possibleattack.In a military simulation,therecan
be up to 100,0000bjectsthat are moving [1] and a primitive
datamanagementequirements interestmangement which
is actuallyanintersectiorjoin of the interestrangesof objects
[2], [1]. Furthermore ervision the example of Figure 1(b) in
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Fig. 1. Motivating examples

a large-scaleonline game where the numberof ghters or
playersmay reachhundredsof thousandsthe systemhasto
shav eachplayer possibleenemyattacksall the time. These
areapplicationgepresentinghe executionof intersectiorjoins
over moving objects(of nonzeroextents)continuously
To the best of our knowledge, no previous study has
speci cally addressedhe continuousintersectionjoin query
over moving objects with updates The only available way
to supportthis query type is through extending a previous
technique which was designedfor other types of queries
[3] (details are in Sectionlll). Our experimentsshowv that
even with a small number (1,000) of objects,this extended
algorithmis still too slow to producethe resultin real time.
In this paper we addresghe problemof ef ciently processing
continuousintersectionjoins over maving objectsand make
the following contrikbutions:
Basedon the key insight that the join result between
ary two objectsonly needsto be valid until the next
updateon ary of the two objects,we proposethe time-
constrained TC) processingechniquefor the continuous
intersectionjoin query and shav how to optimize the
technique.Unlike previous works, which optimize from
the spatial aspectsthis is the rst attemptto optimize
continuousspatio-temporafjueriesn thetime dimension.
We investicate a setof effective improvementtechniques



ontraditionalintersectiorjoin algorithms,enablecby TC
processing.

We integratethe above techniquesvith carefullydesigned
structuresinto a robust and scalablesolution.

We performedan extensie experimental study which
shaws that our algorithm outperformsthe best adapted
existing solution by several ordersof magnitude.

Therestof thepaperis organizedasfollows. Sectionll gives
the problemde nition and a naie algorithm. In Sectionlll,
we extend a previous techniqueto supportthe continuous
intersectionjoin query Then, we presentout techniquein
SectionlV have a discussionon it in SectionV. SectionVI
reportsthe experimentalstudyandSectionVIl reviews related
work. Finally, SectionVIIl concludegthe paper

Il. PRELIMINARIES

In this section,we de ne the problem and then describe
TPR/TPR*-treeq4], [5] sincewe usethemasthe underlying
accesanethods.Subsequentlywe provide a naive algorithm
for solving the problem.

A. ProblemFormulation

We follow the commonapproachof representingpositions
of moving objects,that is, by linear functionsof time. Such
representationsequirelessupdateswith positionchangesWe
considerobjectswith nonzeroextents,insteadof restrictingto
only moving points.An objectof irregularshapes represented
by its MBR (minimumboundingrectangle) whosesidesare
parallelto the axes of the 2-dimensionakpacé. Speci cally,
a moving objectO in a 2-dimensionalkpaceis describedoy
its MBR hOrx , Orx+, Ory , Ory+i (* " and“+” stand
for lower boundand upperbound, respectiely) at reference
time t; s andits VBR (velocity boundingrectangle) Oy x
OVx+ ’ OVy ’ OVy+ i

The join is performedon two moving object sets,A and
B. Each object has a unique ID amongall the objectsin
A[ B. A managemergystemmaintainsheinformationof the
objectsand processquerieson them. With the consideration
that the size of the datamay be large and alsoin line with
previous studies[6], [7], [4], [5], we have implementedour
techniquesassuminghe dataare disk resident,although our
techniques are applicable even if the data are held in
main memory. Eachsetof objectsis indexed by a TPR-tree
(actually the variant TPR*-tree) due to TPR-trees'ef cient
managementof moving objects with nonzero extents. An
updateis sentto the managemensystemwhenthe difference
betweenthe objects actual parametergposition or velocity)
andparametersnaintainedn the managemergystemexceeds
some threshold. Following mary previous studies[8], [9],
[10Q], if an objects actual parametersdo not changefor a
long time, the systemstill requiresthe object to updateat
leastonceevery Ty timestampsWe call Ty, the maximum
updateinterval, which is the longesttime interval between

1For easeof presentationye focus on 2-dimensionalspacesthoughthe
proposedechniquesare applicableto higherdimensionalspaces.

two consecutie updatesof an object. The reasonfor the

maximum updateinterval is as follows. Updatesnot only

keepthe objects’ mavementinformation up to date,but also

sene as heartbeasignalsin practice.Without the maximum
updatenterval requirementif anobjectdoesnotcommunicate
with the managemensystemfor a long time, it is hard to

know whetherthe object keepsmoving in the sameway or

hasdisappeareccidentallywithout being able to notify the

managemensystem.Ty, is a systemparameterwhich is the

samefor all objects.

Orenstein [11] suggestedthat an intersection join on
irregular shapesshould be processedn two steps:(1)Filter
Step Find all the object pairs whose MBRs intersecteach
other; (2)Re nementStep For all the object pairs found in
the Iter step,checkwhetherthe actualshapesf the objects
intersect.We focuson the Iter step.

De nition 1: Let A, B be moving object sets, and let
M br be a function that returns the MBR of an object. The
continuous intersection join query is to nd every pair
ha;bi for every timestamp,a 2 A;b 2 B, that satises
Mbr(a)\ Mbr(b) 6 ;.

Sincethe join resulthasto be presentedll the time, we
assumehatit canalwaysbe heldin main memory Producing
the continuousjoin result consistsof two phasescomputing
theinitial join pairs(initial join) andthenmaintainingthejoin
resultcontinuouslyasobjectsare updated/maintenanck The
initial join is performedonly once,thereforethe maintenance
hassigni cantly higherweightin the total cost.

B. The TPR/TPR*-tee

We assumethat the readeris already familiar with the
R*-tree [12]. The TPR-tree[4] extendsthe R*-tree [12] by
attachingtime parametergo node regions so that the nodes
can bound moving objects.A leaf node of a TPR-treeis a
moving objectwhoseMBR (VBR) boundsthe MBRs (VBRS)
of the dataobjectsinside. A non-leafnode of a TPR-treeis
a moving object that boundsinside its children, either leaf
nodesor other non-leafnodes.The TPR*-tree[5] usesa set
of improved algorithmsto build the TPR-treeandachiezesan
almostoptimal tree.

C. ProcessingContinuousintersectionJoins Naively

Recall that processinga continuousjoin (we omit “inter-
section”whenthe context is clear) consistsof two phasesthe
initial join and the maintenanceFor the initial join, we can
use the naive algorithm describedbelonv to computeall the
possiblejoin pairs from now to the in nite timestamp.For
the maintenancewheneer thereis an objectupdate we need
to performan answerupdateasfollows. First, we remove all
the pairsinvolving the updatedobjectfrom the currentresult;
thenwe join the objectwith the other dataset(still usingthe
naive algorithm) from the currenttimestampto the in nite
timestampandthe newly found pairsare addedto the current



Algorithm NaiveJoin (Na, Ng)
1 for everyea in Na
2 for every eg in Ng with

([t%;t%]  inter sect(ea;es;tc; 1)) 6 NULL
3 if Na is aleaf node
4 outputhen ;e ; t2;t%i;
5 else
6 ReadRge€a :ptr); ReadRgeés :ptr);
7 NaiveJoinga :ptr ,es :ptr);
End NaiveJoin

Fig. 2. Algorithm NaiveJoin

join result. Next, we give the naie algorithm for computing
join pairs.

Eachdatasets indexed by a TPR-tree(tr o andtrg for A
and B, respectiely). The basicideais to usethe bounding
relationshipbetweena node of the TPR-treeand the entries
insideit. LetNa (Ng) beanodefromtra (trg). If Na does
notintersectNg , thennoneof the entriesin the subtreerooted
atNa couldintersect ary of the entriesin the subtreerooted
at Ng, thereforewe neednot visit the subtrees Otherwise,
there could be intersectionsbetweenentriesin the subtrees
and we should check the entriesin them. This intersection-
or-not checkingis performedrecursvely on both treesin a
top-davn manneruntil all possibleintersectionsare explored.
It is a synchronoudraversalon both trees.This algorithmis
namedNaiveJoin and summarizedn Figure 2.

The function inter sect(ea; €5 ;ts;te) in line 2 determines
whethertwo entriese, and eg intersecteachother during
the time intenal [ts;te]. If yes, the time interval for the
intersection[t?; t9], is returned;otherwise NULL is returned.
The detailsof the function inter sect() areshavn in [13]. In
NaiveJoin,the time intenval [t¢;1 ) (1 denotingthe in nite
timestampis input to the functioninter sect() sothatwe nd
all possiblejoin pairsin the future in one (synchronousjree
traversal.

I11. EXTENDING TIME-PARAMETERIZED JOINS FOR

CONTINUOUS JOINS

In this section,we extend a previous technique,the time-
parameterizedoin algorithm[3] to supportthe continuougoin
query The purposeis for usto learnfrom the inefciency of
the extendedalgorithm and to useit for comparisonin the
experimentalstudy

In [3], Tao and Papadiaspresented setof spatio-temporal
gueriescalled time-parameterize(TP) queries,including the
TP (intersection)oin query While the TP join querydoesnot
answetrthe continuoug(intersectionjoin querydirectly, it can
be extendedto supportthe continuousjoin query Next, we
rst shov how a TP join queryis processedand then shav
how it canbe extendedfor the continuousjoin query

A TP query returns: (i) the objectsthat satisfy a certain
spatialquery;(ii) the expiry time of theresultgivenin (i); (iii)
theeventthatchangegheresult. Thatis, theanswersarein the

2Actually the MBRs of the entriesintersecteachother We omit 2MBR®
whenthe contet is clear
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Fig. 3. A running example

format of triples, (objects,expiry time, event) Figure 3 shavs
a TP intersectionjoin query example. A consistsof objects
fay;a; a3;a49 andB consistsof objectsf by ; by; bs; byg. The
currentresultis fhay; byig. Supposehe currenttimestampis
0. The rst result changehappensat timestampl when b,
startsto intersecta,, sothe expiry time of the currentresultis
1 andthe event causingthis changeis fhay; byig. Therefore,
theanswerfor the TP join queryatthe currenttimestamgs the
triple (fhay; byig; 1; fhay; bpig). At ary timestampthereis a
“next event” thatwill changethe resultandthe corresponding
timestampis called the in uence time of the event. In this
example,whena, intersectdy, attimestampl, the next event
is by leaving a; attimestamp3, denotedby (hay; byi; 3) where
3isthein uence time. The subsequentventsare(hay; byi; 4),
(hag; byi; 6) and (hag; byi; 8).

The TP join algorithm (TP-Jin) is describedas follows.
Eachsetof objectsis indexed by a TPR-tree A depth- rst (or
best- rst) traversalis performedon eachtree synchronously
startingfrom the root. Supposes, andeg to be two entries
in non-leafnodes,onefrom eachTPR-tree.The traversalsgo
down thesubtreepointedby en andeg if oneof thefollowing
conditionshold: (i) the MBRs of ey andeg intersect;or (ii)
Tine(ea;es) is lessthanor equalto the minimumin uence
time of all objectpairsseensofar, whereT, y  (ea; €g ) means
thein uence time of the pair hea ; eg i. Condition(i) nds the
currentjoin pairs and condition (ii) identi es the next event.
Thetraversalsstopwhenleaflevels arereachedor bothtrees.

In the samepaper[3], Tao et al. suggested way to extend
TP-Jointo produceanswerdor the continuougoin query The
extendedalgorithm ETP-Din is describedas follows. First,
TP-Joinis run to obtainthe currentanswerandthe next event.
As time goesto the next event and the result changes.an
answerupdateis performedby running TP-Jointo get the
new next event (no needto searchfor the new currentanswer
sincethey canbe computedirom the previous answerandthe
event).Whenthereis an updateon objectO, ananswerupdate
is also performedby traversingthe treeto nd the objects
in uence time T,ng (O). If Tyne (O) is before the current
expiry time, then T,y (O) becomeshe currentexpiry time
andO becomeghe next event; otherwise the updateis simply



ignored(the tree alreadybeentraversed).By this meansjoin
pairs canbe obtainedfor all the time.

V. OUR APPROACH

We rst analyzethe NaiveJoin and ETP-Join algorithms,
and then presentour approachto the problem,namelytime-
constrainedjuery processing.

A. Analysis

To procesghejoin continuously ETP-Joinneedsananswer
update (effectively, a tree traversal) every time thereis an
object updateor a chang in the result In highly dynamic
ervironments,result changeshappenfrequentlyeven if there
is no object update. For the example in Figure 3, four
(synchronous}ree traversalsare performedduring the time
interval [0,5] (at timestamp<), 1, 3, 4). Therefore,ETP-join
hasto perform very frequentanswerupdates,which causes
high cost.

For NaiveJoin, answerupdateonly hasto be performed
uponanobjectupdate Thereforethe answempdatesaremuch
less frequent. However, the perupdate computationcost of
NaiveJoinis much higher than that of ETP-Join,the reason
beingthefollowing. NaiveJoincomputesll possibleoin pairs
from now to the in nite timestamp,while a run of TP-Join
will stoponcethe urvisited part of the tree canbe prunedby
the candidateevent's in uence time. Unlessthe velocities of
the objectsare highly skewed (e.g., all moving in the same
direction), an MBR will expandin all four directions (-x,
+X, -y, +y), so two MBRs must intersectsometimein the
future. This causesa whole tree being accesseger answer
updatewhichis really expensve. For the examplein Figure3,
NaiveJoinobtainsthe samecontinuougoin resultasthe ETP-
Join in just one traversal, but with more node accessesnd
entry comparisonsin the traversal. In particular NaiveJoin
compareg oot A with root B, N; with N3 andN, with Ny,
while ETP-join only compares oot A with root B and N,
with N3 in its rst TP-join run. NaiveJoinaccessesvo more
pages(N2, N4) and hasmore join computationgcomparing
the entriesin N, with thosein N3).

On one hand, ETP-Join has a low computationcost per
answerupdatebut too frequentanswerupdatesOn the other
hand, NaiveJoin has low-frequeng answerupdatesbut too
high computatiorcostperanswermupdate.This contrasts even
clearerif we look at the time domain. ETP-Joinhasto run
TP-Joinfrequentlybecauseipdatesand changef resultsare
frequent. The problem of ETP-Joinis computingthe result
for too short a time interval in eachrun. NaiveJoin has a
high computationcost per run becauset returnsthe answer
up to the in nite timestamp.The problem of NaiveJoinis
computingthe resultfor too long a time interval in eachrun.
This motivatesusto optimizethe queryprocessingn thetime
dimensionThe crux of the problemis to choosea “good” time
internval for eachjoin run. In what follows, we introducethe
new conceptof time-constrainedTC) processingo solwe this
problem.

B. Time-Constained Processing

Our key insight is that the join result betweenary two
objectsonly needsto be valid until the next updateon ary
of the two objects. Actually, if an object issuesan update,
all the predictionsaboutthis objects intersectionwith other
objectsin the future may becomeinvalid immediately We
have to perform a join betweenthe updated object with
the other datasetaryway. In other words, an updateof an
object invalidatesthe objects join result starting from the
update timestampto the future. Therefore an ideal time
interval for computingjoin pairs for an object is from the
current timestamp to the objects next-update timestamp.
This ideal caseis impossiblein reality becausewe could
not know in adwance an objects next-update timestamp.
However, fortunatelywe have an upperboundof an objects
next-update timestamp, that is, Ty, from now. Ty is the
maximum updateinterval describedin Sectionll-A. For an
object, we only needto nd its join pairs with the other
datasetduring the period [t¢; tc + Ty ]. Beforet. + Ty, this
objectwill have to issuean updateand we will then nd its
join pairswith the otherdatasetagain for anotherT,, period.
By this meanswe can obtain correctanswersfor this object
continuously One questionremains:while doing this on one
object seemscorrect,can we do this on all objectsand still
getcorrectjoin pairs betweenary two objectsandfor all the
time?Theoreml belav givesa positive answerto thequestion.

Theoem1: LetO bean objectin onesetand otherset(O)
be the set O doesnot belongto. Let t, be the update (or
insertion) timestampof O. For any O, if we always process
the join betweenO and all the objectsin otherset(O) for
the time interval [ty;t, + Ty ] wheneer ther is an update
(or insertion) of O, the union of all the producedjoin pairs
is the correctanswerfor the continuougoin queryfor all the
time

The proof is given in [13]. This theoremindicatesthat,
wheneer we procesghe join, eitherfor the initial answeror
for theupdatesyve only needto computgoin pairsfor thetime
interval [ty;t, + Ty ] insteadof [ty; 1 ]. It effectively imposes
a constrainton the query processingin time. Thereforewe
call it time-constrained(TC) query processing.To apply it
on the NaiveJoinalgorithm, we simply changeinter sect(ea ,
€s, te,1 ) in line 2 of the algorithmto inter sect(ea, €g, tc,
ty + Tm ). We call the resultantalgorithm TC-Join.

TC-Joinhastheadwantage®f bothETP-JoinandNaiveJoin,
that is, it has a small computationcost per object update
([tu;tu + Ty ] is muchsmallerthan|ty;1 ]) andonly needs
to updatethe answerwhen there is an object update. For
the examplein Figure 3, supposeTy, = 5. During the time
interval [0,5], TC-Join only performsone tree traversal; for
this traversal,it only compares oot A with root B and Ny
with N3 (TC-JoindoesnotaccesN, andN4 becausét knows
they will notintersectin the time interval [0,5] by comparing
e, andey). TC-Joinis betterthan both ETP-Join,which has



four tree traversals,and NaiveJoin, which performsone tree
traversalbut with all nodesaccessedThis clearly shavs the
bene t of TC processing.

C. Making the Most of TC Processing

Since Ty is the maximum time intenal betweentwo
updatesof an object, the actual time intenal betweentwo
updatesmay be much shorterthan Ty . If we considera
uniform distribution, the averageupdatetime interval between
two updateds Ty =2. Therefore,one may ask: canwe obtain
bettertime constraintthan [t, + Ty ]? The answeris again
positive basedon theorem2 below. We reusethe notationfor
Theoreml. In addition,if thereis an updateon ary objectin
setZ, we saythatthereis anupdateon Z. Let lu(Z) denote
the latestupdateon Z beforethe currenttimestamp.

Theoem?2: For any O, if we always processthe join
betweenO and all the objectsin otherset(O) for the time
interval [ty; t(lu(otherset(O))) + Ty ] wheneer there is an
update(or insertion) of O, the union of all the producedjoin
pairs is the correct answerfor the continuousjoin query for
all thetime

Theproofis givenin [13]. An examplefor Theorem?2 is as
follows. Supposely = 5, the currenttimestampis 7, andwe
know thatall the objectsin B were updatedbeforetimestamp
4. Then for an updateon A at the current timestamp,we
only needto computeits join pairs with B until timestamp
9 (9=4+5),which meansthe processingime intenal is [7,9].
Thisis evenshorterthan[7, 12] (12=7+5).t(Iu(otherset(0)))
is the latestupdatetimestamp(lut) of otherset(O) beforeO
is updated.The smallerthe lut, the stricterthe time constraint
for processinghe query The problemis how to reducethe lut
for a setof objects.Given a setof objects,we cannotchange
thelut of it. However, partof the setcouldhave smallerlut and
if we can separateahem from thosethat have large lut, then
we canstill achieve strictertime constraintfor processinghat
partof the set.We proposeto group objectsinto time buckets
basedon their latest updates;thereforethe set of objectsin
eachtime bucket (exceptthe last one) hasa smallerlut than
that of the whole dataset.To group objectsinto time buckets
for TPR-treesa similar ideaasusedin the B*-tree[8] canbe
exploited. Particularly, we divide the time axisinto equi-length
time buckets;for eachtime bucket, a TPR-trees usedto index
all the objectswhoselatestupdatetime fall in the bucket. This
resultsin agroupof TPR-treedbasedn multiple time buckets,
which we call the MTB-tree

To handleupdatesn the MTB-tree,we rst identify which
time bucket the objectis currently storedfrom its last update
timestamp. We deletethe object from the TPR-treein that
time bucket andinsertit into the currentTPR-tree.Typically
the length of a time bucket candivide Ty, exactly. Figure 4
shavs anexamplewherethelengthof atime bucketis TTM and

3We assumehat the last updatetimestampis senttogethemwith the update
information.

MTB tree
TPR trees
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Fig. 4. The MTB-tree

the currenttimestampis in the third time bucket [Ty ; 23+-].

Updatesresultin deletionsfrom Tr; or Tr, and insertions
to Trs. Here,lut for the whole datasets 3, while the lut
for the objectsin Try; andTr areTTM andT)y, , respectiely.
Therebywe reducelut for mary objectsin the set.

The continuousjoin is processedas follows. The initial
join is still performedon two single TPR-trees.After the
maintenancephasebegins, we start to divide the time axis
into time bucketsandchangethe single TPR-treeinto a MTB-
tree.Whenthereis an objectupdateon A, it is rst updated
on the MTB-tree on A; thenit is joined with the MTB-tree
on B. Speci cally, the objectis joined with eachTPR-tree
of B using the TC-Join algorithm, but for an even shorter
period [tc;tep + Tm ], wherete, denotesthe end of the time
bucket of the TPR-tree.Supposehe MTB-tree in Figure 4 is
for B, then we join the updatedobject with Tr;, Tr, and
Trs for the time intenal [tc; E4%-], [te; 2Tw ] and [te; 20,
respectrely. We call the abore methodMTB-Join. TC-Joinis
a specialcaseof MTB-Join whenthe whole time dimension
is onetime bucket.

If Ty is m times the length of a time bucket, there are
at most m+1 TPR-treesin the MTB-tree. Larger m results
in more TPR-treesand smaller lut for eachtree, but also
incurs more tree maintenancecost and increaseshe number
of combinationsbetweentwo joining MTB-trees. Following
the rationaleof the B*-tree[8], we used% asthe length of
atime bucket in our implementation.

D. ImprovementTechniques

Besidescutting the workload in time dimension,TC pro-
cessingenablesa set of effective improvement techniques
on traditional intersectionjoin algorithms.We explore these
improvementtechniqueselow.

1) Plane Sweep: Various studies[14], [15] have shovn
that the planesweep(PS)techniqueprovidesa good order of
accessingwo setsof rectanglesand hencesaves computation
for processingspatial joins on static rectangles.However,
no study has shavn how to apply this techniqueto maoving
rectangles.The traditional PS is not applicable since the
rectanglesnot intersectingeach other at a timestampmay
intersectlater due to their movements.In what follows, we



will rst describePS for static rectanglesand then discuss
how to adaptPSto maoving rectangledor a constrainedime
interval.

First, thetwo setsof rectanglesresortedrespectiely based
ontheir lower left cornersin a dimensionsayx, to obtaintwo
sortedsequenceS,=ha;;ay;:::i andSpy=hby; by;:::i. Then,all
the rectanglesin both sequencesire processedn increasing
order of their x-coordinatesof the lower left corner Let c
be the current rectangleto be processedLet e:xl (e:xu)
denotethe lower (upper) bound of rectanglee in dimension
X. Supposeb;:xl < a;:xl, then initially ¢ is setto by.
The rectanglesin S, are scanneduntil a rectanglee with
e:xxl > by:xu. The scannedrectanglesn S; mustoverlap by
in dimensionx, so they are further checled for overlap with
c in dimensiony. If ary of themalsooverlapsx in dimension
y, it is addedto the join answerset. Now by is done and
markedasprocessed: moveson to the next rectanglewith the
smallestxl-valuein S; [ Sy, say a;. ThenS, is scannedand
comparedwith c similarly as above. This processcontinues
until a sequences processeatompletely

We nd thatessentiallyPSneedswo parameterso work. A
lower boundlb andan upperboundub. b is usedto keeptwo
setsof objectssortedin two sequencesandthenthey areac-
cessedn increasingprderof Ib. While anobjectis accessedts

ubis checledagninstlb of the objectsfrom the othersequence.

Two objectsO; and O, mustnot intersectif O;:ub< Os:lh.

This is the fundamentalrequirementfor choosingthe two

parameters As seenfrom the previous sections,our join

algorithmhasatime constrainfto; t1] aspartof theinput. This

meanswe needto considerthe mavementsof the rectangles
in [to; t1]. Supposewne decideto sortin the dimensionx. Let

Orx (1) (or Ogx+ (t)) denoteO's lower (or upper) bound
at timestampt. We canusemin (Orx (to); Orx (1)) aslb

and max(Ogrx+ (to); Orx+ (t1)) asub sincethey satisfy the

requirementdescribedabove. Then we obtain the algorithm

to computeintersectionof two setsof moving objectsusing

PS, called PSintersection (detailsare given in [13]).

Note that the constrainedprocessingtime [to;t1] is nec-
essaryto enable the lower/upper bound property for PS.
Otherwise, if [tp;1 ] is the time interval for process-
ing the intersection, then we will not be able to use
max(Ogrx+ (to); Orx+ (t1)) to sene as ub becauseof the
in nite time stamp.Further the time constrainflty; t1] greatly
reduceshe chanceof intersectionand makes PS more effec-
tive than the static case.

2) DimensionSelection: We needto sort the entries(mov-
ing rectangles)pefore running PSintersectionThe choice of
sortingdimensionalsohasanimpacton the computationcost.
Considerthetwo examplesin Figure5. Lines 1, 2, 3 and4 are
the projectionsof someentrieson dimensionx. The dashed
lines shav their movementsastime goesfrom tqy to t;. Line
1 correspondgo entry a; from nodeNa ; Lines 2, 3 and 4
correspondo entrieshy, b; and by, respectiely, from node
Ng. For Figure 5 (), a;:ub > by:lb, a;:ub < bs:lb;by:lb,
therefore we only check whether a; intersectsh, during
PS. For Figure 5(b), a;:ub > by:lb;bs:Ib;bs:Ib, thereforewe

@)

Fig. 5. Selectingsorting dimension

needto checkwhethera; intersectsh,; b; andb, during PS.
Supposes; intersectdy; b; andb, in dimensiony. Hencea;
actuallyonly intersectdy, in both casesHowever, the entries
in Figure5(b) have anintersectiortestcostthreetimesthat of
Figure5(a). This costdifferenceis causeddy the differenceof
their speedThelargerthe speedthelargertheregiontheentry
moves, and hencethe greaterthe chancethat by :Ib is smaller
than a;:ub, and hencethe more the intersectiontest costs.
Basedon this obsenation, we rst computethe sum of the
absolutevaluesof the speedof all entriesin eachdimension.
Then the dimensionwith the smallestsumis selectedas the
sorting dimension.

3) Intersection Chedk: Only the entriesof No and Ng
thatintersectN 5 .MBR\ Ng .MBR could intersecteachothet
Therefore,beforecomputingintersectionf the entriesfrom
two nodesusing PSintersectionwe rst test whether the
entriesintersectNa \ Ng. We only run PSintersectioron
entriesthat passthis test. This intersectioncheck technique
hasbeenusedbeforeon staticdataset$14]. Here,intersection
is more effective becauseof the constrainedprocessingime.
NotethatNa\ Npg is arectangleghatmovesin the constrained
time intenal [to;t1]. Supposethey intersectduring [ts;te].
[ts;te] is actually an even stricter time constraintimposed
on the intersectioncheck.As we traversethe tree to a lower
level, [ts; te] heresenesas]tp; t1] to the lower level. Because
[ts; te] [to;t1], the time constraintbecomesstricter and
stricter Therefore,the intersectioncheck on moving objects
have a strongerpruning power thanthat on static objects.

4) An Improved Join Algorithm: All the techniquespre-
sentedin previous subsectionsare integrated into one join
algorithm Impr ovedJoin, shavn in Figure 6. Comparedwith

Algorithm Impr ovedJoin (Na, Ng, to, t1)

1 for all entriesin Na andNg
2 Intersectioncheckwith inter sect(Na; Ng ;to;t1),
let Sa (Sp) be the entriesfrom Na (Ng);

3 Determinesorting dimension;

4 sort(Sa); sortSo);

5 S P Sl nter section(Sa; Sp; ts; te);

6 for everyentryhai;b;tsi;teii 2 Sc

7 if Na is aleaf node

4 outputhei; b ; tsi ; teii;

5 else

6 ReadRgeg; :ptr); ReadRgef :ptr);
7 ImprovedJoing; :ptr; b :ptr; tsi ; tei );
End Impr ovedJoin

Fig. 6. Algorithm ImprovedJoin



NaiveJoin, ImprovedJointakes two additional parameterd,
andt;, which re ect the constrainedprocessingtime. First,
we perform the intersectioncheck.[ts; te] is returnedas the
timeinterval duringwhich N 5 intersectd\Ng . We cancalculate
the sum of the absolutevaluesof the speedat the sametime
as the intersectioncheck. Thereforewe can avoid accessing
the entriesagain for selectingthe sorting dimension. After
sorting dimensionselectedwe sort both sequencesf entries
and performPSto obtainjoin pairs.

V. DISCUSSIONS

TC processinganbe appliedto awide rangeof continuous
query types on moving objects such as continuouswindow
gueriesand kNN queries.Take continuouswindow queries
as an example. It is essentiallycomputing the intersection
betweerobjectsandquerywindows. Again, a naive algorithm
would computethe intersectionfor the time intenal [t¢; 1 ].
We canapply the TC processingechniqueand only compute
the intersectionfor [tq;tc + Ty ]. Further we canindex the
objectsby a MTB-tree and use even tighter time constraints
for eachTPR-treeas we do in MTB-Join. Similarly, we can
imagine applying TC processingto other queriesand may
enableotheralgorithmicimprovements.

TC processingcan also be easily grafted onto mary ex-
isting continuousquery algorithmson moving objects. This
is becauseprevious studieshave focusedon how to improve
algorithmsin the spatialaspectsOur work is the rst attempt
to optimize the processingn an orthogonal aspectthe time
dimensionFor example thecontinuouskNN algorithmin [16]
needsto computekNN candidatedor a time intenal [ts; te]
as traversing a TPR-tree.If t¢ > ts + Ty, we can apply
TC processingand reducethe time intenval to [ts;ts + Ty 1.
The continuouskNN andrangejoin algorithmsin [17] put all
eventsin a queueandprocesshemoneby one.We canapply
TC processinghere and only processevents that happenin
[te;tc + Tm ]. More generally TC processingcan be applied
to ary continuousqueryalgorithmaslong asthe dataobjects
get updatedand we can nd an upperboundfor the update
time.

V1. EXPERIMENTAL STUDY

In this section,we report the results of our experimental
study First, we evaluate the impact of TC processingand
the impactof the improvementtechniqueson join algorithms
independentlyin SectionsVI-B andVI-C, respectiely. Then,
we comparethe overall performanceof our techniquesfor
the continuousintersectionjoin with the naive algorithm,
NaiveJoin, and the best possible competitoy ETP-Join, in
SectionVI-D.

A. ExperimentalSetup

All the experimentswere conductedon a desktop with
2.6GHzPentiumlV CPUand1GB RAM. The disk pagesize
is 4K bytes,and an LRU buffer with 50 pagesis used(this
buffer sizeis suggestedy [3]). We measureéboth the number
of disk I/0s and CPU time.

Due to limited availability of real datasetsof moving
objects,we usedthe datageneratodevelopedby the authors
of [4] to generatesynthetic datasetswith spacedomain of
1000 100Q We performjoins on two datasetsvith the same
cardinality ranging from 1K to 100K. Objectsare of square
shapeWe usethefollowing threetypesof datasetsfi) Uniform
dataset where object positions and moving directions are
generatedandomly accordingto a uniform distribution; the
speedof the objectsis randomlydistributedbetweer) andthe
maximumobjectspeedFive maximumspeedd, 2, 3, 4,5 are
used.(ii) Gaussiandataset where object positionsfollow the
Gaussiardistribution. The speedof the objectsare generated
asin (i). (iii) Battle eld datasetwhereobjectsof two datasets
are rst clusteredon oppositesides of the spaceand then
move toward the opposingparty, simulatingthe scenarioof a
battle eld. By default, we usethe uniform dataset.

We usethe TPR*-tree[q§ asthe underlyingaccesamethod.
For eachdatasetwe build a TPR*-tree at timestamp0, and
thenkeepupdatingit asfollows. At every timestampwe ran-
domly changedirectionsor speedof someobjectsto generate
updates Every objectis requiredto be updatedat leastonce
during the maximumupdateinterval Ty . The continuougoin
processingstartsfrom timestamp0. The parameteraisedin
the experimentsare summarizedn Table I, wherevaluesin
bold denotedefault valuesused.

[ Parameter | Setting |
Node capacity 113
Maximum updateintenal | 60, 120, 240
Maximum objectspeed 1,2,3,4,5

Objectsize (% of space)
Datasetsize
Dataset

0.5%, 0.1%,0.2%,0.4%, 0.8%

1K, 10K, 50K, 100K

Uniform, GaussianBattle®eld
TABLE |

PARAMETERS AND THEIR SETTINGS

B. Effect of TC Processing

To evaluate the impact of imposing time constraintson
qguery processing,we do not use ary join improvement
techniguespresentedin Section IV-D. Figure 7 shows the
performancdor theinitial join computationwith andwithout
imposing time constraints.The one denotedas “Non Time-
constrained’tomputesall possiblgoin pairsfromt. to thein-
nite timestampwhich is NaiveJoin.The “Time-constrained”
versioncomputegoin pairsfor only the time interval [0; 60]
MTB-Join usesa single tree before getting the initial result,
soit correspondso the “Time-constrainedjoin in this gure.
We obsenre that both the I/O cost and total responsetime
of NaiveJoinare much higher (up to 15 times) than thoseof
MTB-Join, which clearly shovs the hugebene t we gain from
TC processingNaiveJoin performsworst mainly becauset
returnsjoin pairs from the currenttimestampto the in nite
timestamp Every nodein oneindex overlapswith almostall
nodesin theotherindex in somefuturetime. For maintenance,
the join processings almostthe sameasthe initial join, but
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Fig. 7. Effect of TC processing

on a smallernumberof objects(the updatedobjects),so the
impact of TC processingis very similar. The experiments
on other settings(such as different data distributions, object
speedjlsogive similar results,andhencewe omit themhere.

C. Effect of ImprovementTechniqueson Joins

In this section,we examinethe impactof the improvement
techniqueson join algorithmsindependentlyof the effect of
TC processing.We use the sametime interval [0; 60] for
all techniquesso that the time constraintdoesnot have an
effect on the relative performanceFigure 8 shaovs the join
performancevhenwe usedifferentcombinationsof the three
techniques:PS, DS(dimensionselection)and IC(Intersection
Check).“None” meansusingnoneof thetechniquesand“All”
meansall techniquesare used.
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Fig. 8. Effect of improvementtechniques

From Figure 8(b), we obsene that the total responsdime
decreasesas more and more techniquesare applied. From
Figure 8(a), we nd that only PS reducesl/O cost (about
60% comparedo the algorithmusingnoneof the techniques)
while the other techniquesonly affect total responsetime
time. When all techniquesare applied, the total response
time is improved by the factor of about 6. Such behaior
can be explained as follows. PS provides a better order for
comparingnodesin two trees,which sarzesboth /O and CPU
costs.DS and IC mainly reducethe CPU time since both of
them aim at reducingnumberof entriesto be comparedin
two nodes.Speci cally, DS chooseghe dimensionthat needs
less intersectioncomparisonsfor entriesin two nodes.IC
providesboth spaceandtime constraintgo pruneentriesto be
comparedThis is alsothe reasorwhy “IC+PS” improvesthe
performancemore than “DS+PS” does.Again, the impact of
thesetechniqgueson maintenanceostfollow similar behaior
and hencewe omit them here.

D. Ovemll PerformanceComparison

We now compareour technique MTB-join (usingthe Im-
provedJoinalgorithmin SectionVI-C) with NaiveJoin (Sec-
tion 1I-C) andETP-Join(Sectionlll) by evaluatingtwo phases
of the continuougoin processinginitial join andmaintenance.

1) Initial Join: We comparethe initial join computation
costof the threeapproachedy varying the datasetize, data
distribution, object speedand objectsize, respectrely. When
we vary one parameterthe otherparametersre setto default
values.
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—&— MTB-join
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Fig. 9. Initial join costwhenvarying datasetize

Figure 9 shaws the effect of varying the datasetsize. We
obsere that NaiveJoin has extremely high cost compared
to MTB-Join and ETP-Join,and the gap betweentheir total
response¢ime increasesapidly asdatasesizeincreaseswWhen
the datasetsize is 100K, the initial join time of NaiveJoinis
about half an hour, which is intolerable.Also, NaiveJoinis
muchworsethanMTB-Joinin maintenancéecaus&aiveJoin
doesnot useary improvementtechniqueandneedgo compute
thejoin to thein nite timestampfor eachupdatedobject.Due
to suchanuncompetitie factof NaiveJoin,we do not consider
it in the remainingexperiments.Comparedto Figure 7, here
MTB-Join performsfar betterthan NaiveJoinbecauseof the
useof all the improvementtechniquesn MTB-Join.

It is interestingto seethatthe total responsdime of MTB-
Joinis still muchless(pleasenotethe logarithmic scale)than
thatof ETP-JoineventhoughMTB-Join may needto compute
join resultsfor a longertime interval in eachtreetraversal.ln
particular MTB-Join outperformsETP-Joinby up to 4 times
in both I/O costandtotal responsdime, which is mainly due
to the improvementtechniqueson join algorithms.

Figure 10 shaws the effect of the datadistribution, where
we can seethat MTB-Join is superiorto ETP-Joinfor all
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Fig. 10. Varying the datadistribution
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Fig. 11. Varying the maximumobjectspeed

threetypes of datadistributions. MTB-Join saves about half
of the I/O costcomparedto ETP-Joinfor eachcase,and the
total responsdime saving is even higher (up to 86% for the
battle eld dataset).Theseimprovementsare again attributed
to the improvementtechniqueson join algorithms.

Theresultsof the experimentavherewe vary the maximum
objectspeedandthe objectsize are shavn in Figures11 and
12, respectiely. MTB-Join outperformsETP-Joinin all cases
for the samereasonsas statedabove.

5000 25

—m— ETP-join

—&— MTB-join

H‘/

0.5%

—m— ETP-join

4000

N

—a— MTB-join

3000

1/0 cost

2000

Total response time (s)

1000

1% 2% 4%
Moving object size

(a) I0s

8% 1% 2% 4%

Moving object size

(b) Total responsdime

0.5%
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2) Maintenance:The maintenanceostis amortizedby the
numberof updatesat eachtimestamp.ln all the subsequent
experimentswe startmeasuringhe averagemaintenanceost
from timestampT)y, , assumingthe timestampfor the initial
join is 0.

Figure 13 shavs the averagemaintenancecost per update
during [60, 240](by default, Ty =60) when varying dataset
size.Obsene thatMTB-Join achiezessigni cant improvement
over ETP-Joinin termsof both I/Os and total responsdime
(10* times!) and the gap betweenthem increaseswith the
datasetsize. Further we obsere that even for very small
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Fig. 13. Maintenancecostwith the effect of datasetizes

datasetq1K objects),the perupdateresponseime of ETP-

Joinis quite large (0.26 second) Sinceeachobjectis updated
at leastonceduring the maximumupdateinterval (60 times-
tamps) the numberof updatesat eachtimestamps atleast33

for thetwo 1K datasetsThus,thetotaltime requiredto process
theseupdateshy ETP-Joinis 8.6 seconddor eachtimestamp.
Consideringthe capability of humanperception,0.1 second
may be a preferablechoice for a timestamp[1]. Then ETP-

Joinis far inferior andis unableto producethe resultin time.

Evenif the two datasetsre held in main memory ETP-Join
still needsat least6.3 secondsto producethe resultfor one
timestampAs for our algorithmMTB-Join, it only takesabout
1 millisecondto produceresultat eachtimestampfor the 1K

datasets.

The reasonsfor MTB-Join's huge performancegain are
highly constrainedprocessingime (throughgroupingobjects
into differenttime buckets) and the improvementtechniques.
Further ETP-Joinhasto performa synchronougraversalon
the trees wheneer there is a result changeor an update,
while MTB-Join only needso performconstrainegoins upon
updates.

We also varied other parametergn the experimentssuch
as maximum updateinterval, datadistributions, object speed
and object sizes.The resultshave very similar behaior and
their details are given in [13]. Recall that maintenancehas
signi cantly higher weight in the total cost of a continuous
join, therefore, hov MTB-Join comparesto ETP-Join in
maintenancecost meansmore than their comparisonin the
initial join. Basedon this rationaleand the resultsabove, we
saythat MTB-Join outperformsETP-Joinby sereral ordersof
magnitude.

VIl. RELATED WORK

Despitemary efforts devotedinto moving objectdatabases,
suchasindex structureq8], [9], [10], [18] and other contin-
uousqueries[16], [19], [20Q], thereis little work speci cally
addressingcontinuousintersectionjoins over moving objects
with updates.Mokbel et al. [7] use sharedcomputationto
procesamultiple continuousguerieson moving objects.They
do notaddresgoin queries put useajoin of queriesto achiere
sharedcomputationlf we view the queriesasa setof objects
joining with the real dataobjects,thentheir algorithmis very
similar to NaiveJoinin our paper The TP-join algorithm [3]
is relatedand discussedn Sectionlll.

There are works on other types of joins over moving
objects.lwerks et al. [6] addresscontinuoussemi-joinsover
moving points; Arumugam et al. [21] addressclosest-point-
of-approachoins over moving objecthistories.Both of them
are quite different from our problem of intersectionjoins
betweenobjectswith nonzeroextents.The mostrelatedwork
is by Iwerks et al. [17]. They addresscontinuousrange
joins, which can be viewed as intersectionjoins on circles.
However, there are mary caseswhere rangesof objectsare
more tightly boundedby rectanglesrather than circles such
as the communities,ships and attack rangesof bombersin
Figure 1. Therefore,we still needto study intersectionjoins



on rectangularranges.The algorithmin [17] is not directly
applicableto our problem,but our TC techniquecanbeapplied
to their algorithmas discussedn SectionV.

Thereis a rich literature on traditional intersectionjoins
[22], [15]. Most of the techniquesare not applicable to
continuousjoins on moving objects. Brinkhoff et al. [14]
investicated several techniquego reducejoin costfor objects
indexed in R*-trees[12]. Thesetechniquesvere designedor
static objectindexes. Someof them suchas planesweepcan
be adaptedto moving objects,which we have discussedn
SectionlV-D.

VIII. CONCLUSIONS

In this paper we addressedhe problemof processing:on-
tinuousintersectionjoins over moving objectsby introducing
thetime-constrainedTC) queryprocessingechniquelnstead
of processinghe queryfor anoverlongtime, we only process
it to a time point necessaryto guaranteethe correctness
of the result. TC processingcan be further optimized by
groupingobjectsinto time buckets. We also shaved a set of
effective improvementtechniqueson traditional intersection
join algorithms,enabledoy TC processingAll thetechniques
are integrated in a single algorithm and our experimental
resultsdemonstratahe effectivenessof TC processing Our
algorithm outperformsthe best adaptedexisting solution by
several orders of magnitude,making it realistic to process
continuousintersectionjoin queriesin real time.

The TC processingechniqueis applicableto a wide class
of continuousqueriesand can be grafted onto mary other
algorithmseasily
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