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Abstract— The continuous intersection join query is compu-
tationally expensive yet important for various applications on
moving objects.No previous study has speci�cally addressedthis
query type. We can adopt a naive algorithm or extendan existing
technique(TP-Join) to processthe query. However, they compute
the answer for either too long or too short a time interval, which
results in either a very large computation cost per object update
or too fr equent answer updates, respectively. This motivates
us to optimize the query processing in 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 impr ovement 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

Managementof moving objectshasbecomean imperative
task recently due to the increasingneedfor real-time infor-
mation in highly dynamic environments.In many previous
studies,moving objectssuchasmobilephoneusersor vehicles
have beenmodelledaspoints.The reasonis that the objects'
extentsarenegligible comparedto thesizeof thewholeregion
of interest.For example,ignoring the extentsof vehiclesdoes
not hurt muchif we wantto have anideaof how many carsare
in thecentralbusinessdistrict by performinga window query.
However, thereare also many scenariosdescribedas follows
wheretheextentsof objectscannotbeneglected.As shown in
Figure 1(a), a numberof police cars(�lled black rectangles)
are driving around in a city. Every police car can cover a
circle-shapedregion in caseof emergency calls. We needto
continuouslykeeptrack of the communities(gray rectangles)
covered(that is, intersected)by eachpolice car. For another
exampleshown in Figure1(b), a �eet of warshipson the sea
is �ghting an enemybombersquadron.The attack rangeof
a bomber is a sector-shapedregion in front of the bomber.
We needto continuouslyreport thosewarshipswhosebodies
intersectany bomber's attackrangesothatthewarshipscanbe
alertedto possibleattack.In a military simulation,therecan
be up to 100,000objectsthat aremoving [1] anda primitive
datamanagementrequirementis interest management, which
is actuallyan intersectionjoin of the interestrangesof objects
[2], [1]. Furthermore,envision the exampleof Figure 1(b) in
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Fig. 1. Motivating examples

a large-scaleonline game where the number of �ghters or
playersmay reachhundredsof thousands,the systemhasto
show eachplayer possibleenemyattacksall the time. These
areapplicationsrepresentingtheexecutionof intersectionjoins
over moving objects(of nonzeroextents)continuously.

To the best of our knowledge, no previous study has
speci�cally addressedthe continuousintersectionjoin query
over moving objects with updates. The only available way
to support this query type is through extending a previous
techniquewhich was designedfor other types of queries
[3] (details are in Section III). Our experimentsshow that
even with a small number(1,000) of objects,this extended
algorithm is still too slow to producethe result in real time.
In this paper, we addresstheproblemof ef�ciently processing
continuousintersectionjoins over moving objectsand make
the following contributions:

� Basedon the key insight that the join result between
any two objects only needsto be valid until the next
updateon any of the two objects,we proposethe time-
constrained(TC) processingtechniquefor thecontinuous
intersectionjoin query and show how to optimize the
technique.Unlike previous works, which optimize from
the spatial aspects,this is the �rst attempt to optimize
continuousspatio-temporalqueriesin thetimedimension.

� We investigatea setof effective improvementtechniques



on traditionalintersectionjoin algorithms,enabledby TC
processing.

� Weintegratetheabove techniqueswith carefullydesigned
structuresinto a robust andscalablesolution.

� We performedan extensive experimentalstudy, which
shows that our algorithm outperformsthe best adapted
existing solutionby several ordersof magnitude.

Therestof thepaperis organizedasfollows.SectionII gives
the problemde�nition and a naive algorithm. In SectionIII,
we extend a previous techniqueto support the continuous
intersectionjoin query. Then, we presentout techniquein
SectionIV have a discussionon it in SectionV. SectionVI
reportstheexperimentalstudyandSectionVII reviews related
work. Finally, SectionVIII concludesthe paper.

I I . PRELIMINARIES

In this section,we de�ne the problem and then describe
TPR/TPR*-trees[4], [5] sincewe usethemasthe underlying
accessmethods.Subsequently, we 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
representationsrequirelessupdateswith positionchanges.We
considerobjectswith nonzeroextents,insteadof restrictingto
only moving points.An objectof irregularshapeis represented
by its MBR (minimumboundingrectangle), whosesidesare
parallel to the axesof the 2-dimensionalspace1. Speci�cally,
a moving object O in a 2-dimensionalspaceis describedby
its MBR hOR x � , OR x + , OR y� , OR y+ i (“ � ” and “+ ” stand
for lower boundand upperbound,respectively) at reference
time t r ef and its VBR(velocityboundingrectangle), hOV x � ,
OV x + , OV y� , OV y+ i .

The join is performedon two moving object sets,A and
B . Each object has a unique ID among all the objects in
A [ B . A managementsystemmaintainstheinformationof the
objectsand processquerieson them. With the consideration
that the size of the datamay be large and also in line with
previous studies[6], [7], [4], [5], we have implementedour
techniquesassumingthe dataaredisk 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 managementsystemwhenthe difference
betweenthe object's actualparameters(position or velocity)
andparametersmaintainedin themanagementsystemexceeds
some threshold.Following many previous studies [8], [9],
[10], if an object's actual parametersdo not changefor a
long time, the systemstill requiresthe object to updateat
leastonceevery TM timestamps.We call TM the maximum
update interval, which is the longest time interval between

1For easeof presentation,we focus on 2-dimensionalspaces,though the
proposedtechniquesareapplicableto higher-dimensionalspaces.

two consecutive updatesof an object. The reasonfor the
maximum update interval is as follows. Updatesnot only
keepthe objects' movementinformation up to date,but also
serve as heartbeatsignalsin practice.Without the maximum
updateinterval requirement,if anobjectdoesnotcommunicate
with the managementsystemfor a long time, it is hard to
know whetherthe object keepsmoving in the sameway or
hasdisappearedaccidentallywithout being able to notify the
managementsystem.TM is a systemparameter, which is the
samefor all objects.

Orenstein [11] suggestedthat an intersection join on
irregular shapesshould be processedin 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 �lter step,checkwhetherthe actualshapesof the objects
intersect.We focuson the �lter 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 satis�es
M br(a) \ M br(b) 6= ; .

Since the join result has to be presentedall the time, we
assumethat it canalwaysbeheld in mainmemory. Producing
the continuousjoin result consistsof two phases:computing
the initial join pairs(initial join) andthenmaintainingthe join
resultcontinuouslyasobjectsareupdated(maintenance). The
initial join is performedonly once,thereforethe maintenance
hassigni�cantly higherweight in the total cost.

B. TheTPR/TPR*-tree

We assumethat the reader is already familiar with the
R*-tree [12]. The TPR-tree[4] extendsthe R*-tree [12] by
attachingtime parametersto node regions so that the nodes
can bound moving objects.A leaf node of a TPR-treeis a
moving objectwhoseMBR (VBR) boundstheMBRs (VBRs)
of the dataobjectsinside. A non-leafnodeof 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-treeandachievesan
almostoptimal tree.

C. ProcessingContinuousIntersectionJoins Naively

Recall that processinga continuousjoin (we omit “inter-
section”whenthecontext is clear)consistsof two phases:the
initial join and the maintenance.For the initial join, we can
use the naive algorithm describedbelow to computeall the
possiblejoin pairs from now to the in�nite timestamp.For
the maintenance,whenever thereis an objectupdate,we need
to performan answerupdateasfollows. First, we remove all
the pairs involving the updatedobject from the currentresult;
then we join the object with the other dataset(still using the
naive algorithm) from the current timestampto the in�nite
timestampandthe newly found pairsareaddedto the current



Algorithm NaiveJoin (NA , NB )
1 for every eA in NA

2 for every eB in NB with
([t0

s ; t0
e]  inter sect(eA ; eB ; tc ; 1 )) 6= NULL

3 if NA is a leaf node
4 outputheA ; eB ; t0

s ; t0
e i ;

5 else
6 ReadPage(eA :ptr ); ReadPage(eB :ptr );
7 NaiveJoin(eA :ptr ,eB :ptr );
End NaiveJoin

Fig. 2. Algorithm NaiveJoin

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

Eachdatasetis indexed by a TPR-tree(tr A and tr B for A
and B , respectively). The basic idea is to use the bounding
relationshipbetweena nodeof the TPR-treeand the entries
insideit. Let NA (NB ) bea nodefrom tr A (tr B ). If NA does
not intersectNB , thennoneof theentriesin thesubtreerooted
at NA could intersect2 any of the entriesin the subtreerooted
at NB , thereforewe neednot visit the subtrees.Otherwise,
there could be intersectionsbetweenentries in the subtrees
and we should check the entriesin them. This intersection-
or-not checking is performedrecursively on both trees in a
top-down manner, until all possibleintersectionsareexplored.
It is a synchronoustraversalon both trees.This algorithm is
namedNaiveJoin andsummarizedin Figure2.

The function inter sect(eA ; eB ; ts; te) in line 2 determines
whether two entrieseA and eB intersecteachother during
the time interval [ts; te]. If yes, the time interval for the
intersection,[t0

s; t0
e], is returned;otherwise,NULL is returned.

The detailsof the function inter sect() areshown in [13]. In
NaiveJoin,the time interval [tc; 1 ) (1 denotingthe in�nite
timestamp) is input to thefunction inter sect() so thatwe �nd
all possiblejoin pairs in the future in one (synchronous)tree
traversal.

I I I . EXTENDING TIME-PARAMETERIZED JOINS FOR

CONTINUOUS JOINS

In this section,we extend a previous technique,the time-
parameterizedjoin algorithm[3] to supportthecontinuousjoin
query. The purposeis for us to learn from the inef�ciency of
the extendedalgorithm and to use it for comparisonin the
experimentalstudy.

In [3], Tao andPapadiaspresenteda setof spatio-temporal
queriescalled time-parameterized(TP) queries,including the
TP (intersection)join query. While theTP join querydoesnot
answerthecontinuous(intersection)join querydirectly, it can
be extendedto support the continuousjoin query. Next, we
�rst show how a TP join query is processed,and then show
how it canbe extendedfor the continuousjoin query.

A TP query returns: (i) the objects that satisfy a certain
spatialquery;(ii) theexpiry timeof theresultgiven in (i); (iii)
theeventthatchangestheresult.Thatis, theanswersarein the

2Actually the MBRs of the entriesintersecteachother. We omit ªMBRº
whenthe context is clear.
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Fig. 3. A runningexample

format of triples, (objects,expiry time, event). Figure3 shows
a TP intersectionjoin query example.A consistsof objects
f a1; a2; a3; a4g andB consistsof objectsf b1; b2; b3; b4g. The
currentresult is fha1; b1ig . Supposethe currenttimestampis
0. The �rst result changehappensat timestamp1 when b2

startsto intersecta2, so theexpiry time of thecurrentresultis
1 and the event causingthis changeis fha2; b2ig . Therefore,
theanswerfor theTP join queryat thecurrenttimestampis the
triple (fha1; b1ig ; 1; fha2; b2ig ). At any timestamp,thereis a
“next event” thatwill changethe resultandthecorresponding
timestampis called the in�uence time of the event. In this
example,whena2 intersectsb2 at timestamp1, the next event
is b1 leaving a1 at timestamp3, denotedby (ha1; b1i ; 3) where
3 is thein�uence time.Thesubsequenteventsare(ha2; b2i ; 4),
(ha3; b4i ; 6) and(ha3; b4i ; 8).

The TP join algorithm (TP-Join) is describedas follows.
Eachsetof objectsis indexedby a TPR-tree.A depth-�rst (or
best-�rst) traversal is performedon eachtree synchronously
startingfrom the root. SupposeeA and eB to be two entries
in non-leafnodes,onefrom eachTPR-tree.The traversalsgo
down thesubtreespointedby eA andeB if oneof thefollowing
conditionshold: (i) the MBRs of eA andeB intersect;or (ii)
TI N F (eA ; eB ) is lessthanor equalto the minimum in�uence
timeof all objectpairsseensofar, whereTI N F (eA ; eB ) means
the in�uence time of thepair heA ; eB i . Condition(i) �nds the
current join pairs and condition (ii) identi�es the next event.
Thetraversalsstopwhenleaf levelsarereachedfor bothtrees.

In the samepaper[3], Tao et al. suggesteda way to extend
TP-Jointo produceanswersfor thecontinuousjoin query. The
extendedalgorithm ETP-Join is describedas follows. First,
TP-Joinis run to obtainthecurrentanswerandthenext event.
As time goes to the next event and the result changes,an
answerupdateis performedby running TP-Join to get the
new next event (no needto searchfor the new currentanswer
sincethey canbecomputedfrom thepreviousanswerandthe
event).Whenthereis anupdateon objectO, ananswerupdate
is also performedby traversing the tree to �nd the object's
in�uence time TI N F (O). If TI N F (O) is before the current
expiry time, then TI N F (O) becomesthe currentexpiry time
andO becomesthenext event;otherwise,theupdateis simply



ignored(the treealreadybeentraversed).By this means,join
pairscanbe obtainedfor all the time.

IV. OUR APPROACH

We �rst analyzethe NaiveJoin and ETP-Joinalgorithms,
and then presentour approachto the problem,namelytime-
constrainedqueryprocessing.

A. Analysis

To processthejoin continuously, ETP-Joinneedsananswer
update(effectively, a tree traversal) every time there is an
object updateor a change in the result. In highly dynamic
environments,result changeshappenfrequentlyeven if there
is no object update. For the example in Figure 3, four
(synchronous)tree traversalsare performedduring the time
interval [0,5] (at timestamps0, 1, 3, 4). Therefore,ETP-join
has to perform very frequentanswerupdates,which causes
high cost.

For NaiveJoin, answerupdateonly has to be performed
uponanobjectupdate.Therefore,theanswerupdatesaremuch
less frequent.However, the per-updatecomputationcost of
NaiveJoin is much higher than that of ETP-Join,the reason
beingthefollowing. NaiveJoincomputesall possiblejoin pairs
from now to the in�nite timestamp,while a run of TP-Join
will stoponcethe unvisited part of the treecanbe prunedby
the candidateevent's in�uence time. Unlessthe velocitiesof
the objectsare highly skewed (e.g., all moving in the same
direction), an MBR will expand in all four directions (-x,
+x, -y, +y), so two MBRs must intersectsometimein the
future. This causesa whole tree being accessedper answer
update,which is really expensive.For theexamplein Figure3,
NaiveJoinobtainsthesamecontinuousjoin resultastheETP-
Join in just one traversal,but with more node accessesand
entry comparisonsin the traversal. In particular, NaiveJoin
comparesr oot A with r oot B , N1 with N3 andN2 with N4,
while ETP-join only comparesr oot A with r oot B and N1

with N3 in its �rst TP-join run. NaiveJoinaccessestwo more
pages(N2, N4) and hasmore join computations(comparing
the entriesin N2 with thosein N3).

On one hand, ETP-Join has a low computationcost per
answerupdatebut too frequentanswerupdates.On the other
hand, NaiveJoin has low-frequency answerupdatesbut too
high computationcostperanswerupdate.This contrastis even
clearerif we look at the time domain.ETP-Joinhas to run
TP-Joinfrequentlybecauseupdatesandchangesof resultsare
frequent.The problem of ETP-Join is computing the result
for too short a time interval in each run. NaiveJoin has a
high computationcost per run becauseit returnsthe answer
up to the in�nite timestamp.The problem of NaiveJoin is
computingthe result for too long a time interval in eachrun.
This motivatesus to optimizethequeryprocessingin thetime
dimension.Thecruxof theproblemis to choosea “good” time
interval for eachjoin run. In what follows, we introducethe
new conceptof time-constrained(TC) processingto solve this
problem.

B. Time-ConstrainedProcessing

Our key insight is that the join result betweenany two
objectsonly needsto be valid until the next updateon any
of the two objects.Actually, if an object issuesan update,
all the predictionsabout this object's intersectionwith other
objects in the future may becomeinvalid immediately. We
have to perform a join between the updated object with
the other datasetanyway. In other words, an updateof an
object invalidates the object's join result starting from the
update timestamp to the future. Therefore an ideal time
interval for computing join pairs for an object is from the
current timestamp to the object's next-update timestamp.
This ideal case is impossible in reality becausewe could
not know in advance an object's next-update timestamp.
However, fortunatelywe have an upperboundof an object's
next-update timestamp,that is, TM from now. TM is the
maximum updateinterval describedin SectionII-A. For an
object, we only need to �nd its join pairs with the other
datasetduring the period [tc; tc + TM ]. Before tc + TM , this
object will have to issuean updateand we will then �nd its
join pairswith the otherdatasetagain for anotherTM period.
By this means,we can obtain correctanswersfor this object
continuously. One questionremains:while doing this on one
object seemscorrect,can we do this on all objectsand still
get correctjoin pairsbetweenany two objectsandfor all the
time?Theorem1 below givesapositiveanswerto thequestion.

Theorem1: Let O bean objectin onesetandotherset(O)
be the set O doesnot belong to. Let tu be the update(or
insertion) timestampof O. For any O, if we alwaysprocess
the join betweenO and all the objects in otherset(O) for
the time interval [tu ; tu + TM ] whenever there is an update
(or insertion) of O, the union of all the producedjoin pairs
is the correct answerfor the continuousjoin queryfor all the
time.

The proof is given in [13]. This theoremindicatesthat,
whenever we processthe join, either for the initial answeror
for theupdates,weonly needto computejoin pairsfor thetime
interval [tu ; tu + TM ] insteadof [tu ; 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 ,
eB , tc,1 ) in line 2 of the algorithmto inter sect(eA , eB , tc,
tu + TM ). We call the resultantalgorithmTC-Join.

TC-Joinhastheadvantagesof bothETP-JoinandNaiveJoin,
that is, it has a small computationcost per object update
([tu ; tu + TM ] is much smaller than [tu ; 1 ]) and only needs
to update the answerwhen there is an object update.For
the example in Figure 3, supposeTM = 5. During the time
interval [0,5], TC-Join only performsone tree traversal; for
this traversal,it only comparesr oot A with r oot B and N1

with N3 (TC-JoindoesnotaccessN2 andN4 becauseit knows
they will not intersectin the time interval [0,5] by comparing
e2 and e4). TC-Join is betterthan both ETP-Join,which has



four tree traversals,and NaiveJoin,which performsone tree
traversalbut with all nodesaccessed.This clearly shows the
bene�t of TC processing.

C. Making the Most of TC Processing

Since TM is the maximum time interval between two
updatesof an object, the actual time interval betweentwo
updatesmay be much shorter than TM . If we consider a
uniform distribution, theaverageupdatetime interval between
two updatesis TM =2. Therefore,onemay ask:canwe obtain
better time constraintthan [tu + TM ]? The answeris again
positive basedon theorem2 below. We reusethe notationfor
Theorem1. In addition,if thereis an updateon any object in
setZ , we saythat thereis an updateon Z . Let lu(Z ) denote
the latestupdateon Z beforethe currenttimestamp.

Theorem2: For any O, if we always process the join
betweenO and all the objects in otherset(O) for the time
interval [tu ; t(lu(otherset(O))) + TM ] whenever there is an
update(or insertion)of O, the union of all the producedjoin
pairs is the correct answerfor the continuousjoin query for
all the time.

Theproof is given in [13]. An examplefor Theorem2 is as
follows. SupposeTM = 5, the currenttimestampis 7, andwe
know thatall theobjectsin B wereupdatedbeforetimestamp
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 processingtime interval is [7,9].
This is evenshorterthan[7, 12] (12=7+5).t(lu(otherset(O)))
is the latestupdatetimestamp(lut) of otherset(O) beforeO
is updated.The smallerthe lut, the stricterthe time constraint
for processingthequery. Theproblemis how to reducethe lut
for a setof objects.Given a setof objects,we cannotchange
thelut of it. However, partof thesetcouldhavesmallerlut and
if we can separatethem from thosethat have large lut, then
we canstill achieve strictertime constraintfor processingthat
part of the set.We proposeto groupobjectsinto time buckets
basedon their latest updates;thereforethe set of objectsin
eachtime bucket (except the last one) hasa smaller lut than
that of the whole dataset.To groupobjectsinto time buckets
for TPR-trees,a similar ideaasusedin theBx -tree[8] canbe
exploited.Particularly, we divide thetime axisinto equi-length
time buckets;for eachtime bucket,a TPR-treeis usedto index
all theobjectswhoselatestupdatetime fall in thebucket.This
resultsin agroupof TPR-treesbasedonmultiple timebuckets,
which we call the MTB-tree.

To handleupdatesin the MTB-tree,we �rst identify which
time bucket the object is currentlystoredfrom its last update
timestamp3. We deletethe object from the TPR-treein that
time bucket and insert it into the currentTPR-tree.Typically
the length of a time bucket can divide TM exactly. Figure 4
showsanexamplewherethelengthof a timebucket is TM

2 and

3We assumethat the lastupdatetimestampis senttogetherwith theupdate
information.

MT1
2 MT3

2MT 2TM

Tr1 Tr2 Tr3

time
updateupdate

0
insert

insert

MTB�tree
TPR�trees

Fig. 4. The MTB-tree

the currenttimestampis in the third time bucket [TM ; 3TM
2 ].

Updatesresult in deletionsfrom Tr 1 or Tr 2 and insertions
to Tr 3. Here, lut for the whole datasetis 3TM

2 , while the lut
for the objectsin Tr 1 andTr 2 are TM

2 andTM , respectively.
Therebywe reducelut for many 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 bucketsandchangethesingleTPR-treeinto a MTB-
tree.When thereis an object updateon A, it is �rst updated
on the MTB-tree on A; then it is joined with the MTB-tree
on B . Speci�cally, the object is joined with eachTPR-tree
of B using the TC-Join algorithm, but for an even shorter
period [tc; teb + TM ], whereteb denotesthe end of the time
bucket of the TPR-tree.Supposethe MTB-tree in Figure4 is
for B , then we join the updatedobject with Tr 1, Tr 2 and
Tr 3 for the time interval [tc; 3TM

2 ], [tc; 2TM ] and [tc; 5TM
2 ],

respectively. We call theabove methodMTB-Join. TC-Joinis
a specialcaseof MTB-Join when the whole time dimension
is one time bucket.

If TM 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 each tree, but also
incurs more tree maintenancecost and increasesthe number
of combinationsbetweentwo joining MTB-trees.Following
the rationaleof the Bx -tree [8], we used TM

2 as the lengthof
a time 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
improvementtechniquesbelow.

1) Plane Sweep: Various studies [14], [15] have shown
that the planesweep(PS)techniqueprovidesa goodorderof
accessingtwo setsof rectanglesandhencesavescomputation
for processingspatial joins on static rectangles.However,
no study has shown how to apply this techniqueto moving
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 adaptPS to moving rectanglesfor a constrainedtime
interval.

First, thetwo setsof rectanglesaresortedrespectively based
on their lower left cornersin a dimension,sayx, to obtaintwo
sortedsequencesSa=ha1; a2; :::i andSb=hb1; b2; :::i . Then,all
the rectanglesin both sequencesare processedin increasing
order of their x-coordinatesof the lower left corner. Let c
be the current rectangle to be processed.Let e:xl (e:xu)
denotethe lower (upper)boundof rectanglee in dimension
x. Supposeb1:xl < a1:xl , then initially c is set to b1.
The rectanglesin Sa are scanneduntil a rectanglee with
e:xl > b1:xu. The scannedrectanglesin Sa must overlap b1

in dimensionx, so they are further checked for overlap with
c in dimensiony. If any of themalsooverlapsx in dimension
y, it is addedto the join answerset. Now b1 is done and
markedasprocessed.c moveson to thenext rectanglewith the
smallestxl -valuein Sa [ Sb, say, a1. ThenSb is scannedand
comparedwith c similarly as above. This processcontinues
until a sequenceis processedcompletely.

We �nd thatessentiallyPSneedstwo parametersto work. A
lower boundlb andanupperboundub. lb is usedto keeptwo
setsof objectssortedin two sequences;andthenthey areac-
cessedin increasingorderof lb. While anobjectis accessed,its
ub is checkedagainstlbof theobjectsfrom theothersequence.
Two objectsO1 andO2 mustnot intersectif O1:ub < O2:lb.
This is the fundamentalrequirementfor choosing the two
parameters.As seen from the previous sections,our join
algorithmhasa timeconstraint[t0; t1] aspartof theinput.This
meanswe needto considerthe movementsof the rectangles
in [t0; t1]. Supposewe decideto sort in the dimensionx. Let
OR x � (t) (or OR x + (t)) denoteO's lower (or upper) bound
at timestampt. We canusemin (OR x � (t0); OR x � (t1)) as lb
and max(OR x + (t0); OR x + (t1)) as ub since they satisfy the
requirementdescribedabove. Then we obtain the algorithm
to computeintersectionsof two setsof moving objectsusing
PS,calledPSIntersection(detailsaregiven in [13]).

Note that the constrainedprocessingtime [t0; t1] is nec-
essary to enable the lower/upper bound property for PS.
Otherwise, if [t0; 1 ] is the time interval for process-
ing the intersection, then we will not be able to use
max(OR x + (t0); OR x + (t1)) to serve as ub becauseof the
in�nite time stamp.Further, the time constraint[t0; t1] greatly
reducesthe chanceof intersectionandmakesPSmoreeffec-
tive than the staticcase.

2) DimensionSelection:We needto sort the entries(mov-
ing rectangles)beforerunning PSIntersection.The choiceof
sortingdimensionalsohasan impacton thecomputationcost.
Considerthetwo examplesin Figure5. Lines1, 2, 3 and4 are
the projectionsof someentrieson dimensionx. The dashed
lines show their movementsas time goesfrom t0 to t1. Line
1 correspondsto entry a1 from nodeNA ; Lines 2, 3 and 4
correspondto entriesb2, b3 and b4, respectively, from node
NB . For Figure 5 (a), a1:ub > b2:lb, a1:ub < b3:lb;b4:lb,
therefore we only check whether a1 intersectsb2 during
PS. For Figure 5(b), a1:ub > b2:lb;b3:lb;b4:lb, thereforewe

x
1 2 3 4 1 2 3 4

0t

1t

0t

1t

(b)
x
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t t

Fig. 5. Selectingsortingdimension

needto checkwhethera1 intersectsb2; b3 and b4 during PS.
Supposea1 intersectsb2; b3 andb4 in dimensiony. Hencea1

actuallyonly intersectsb2 in both cases.However, the entries
in Figure5(b) have an intersectiontestcostthreetimesthatof
Figure5(a).This costdifferenceis causedby thedifferenceof
theirspeed.Thelargerthespeed,thelargertheregion theentry
moves,and hencethe greaterthe chancethat bi :lb is smaller
than a1:ub, and hencethe more the intersectiontest costs.
Basedon this observation, we �rst computethe sum of the
absolutevaluesof the speedof all entriesin eachdimension.
Then the dimensionwith the smallestsum is selectedas the
sortingdimension.

3) Intersection Check: Only the entries of NA and NB

that intersectNA .MBR\ NB .MBR could intersecteachother.
Therefore,beforecomputingintersectionsof the entriesfrom
two nodes using PSIntersection,we �rst test whether the
entries intersectNA \ NB . We only run PSIntersectionon
entriesthat passthis test. This intersectioncheck technique
hasbeenusedbeforeon staticdatasets[14]. Here,intersection
is moreeffective becauseof the constrainedprocessingtime.
NotethatNA \ NB is a rectanglethatmovesin theconstrained
time interval [t0; t1]. Supposethey intersectduring [ts; te].
[ts; te] is actually an even stricter time constraint imposed
on the intersectioncheck.As we traversethe tree to a lower
level, [ts; te] hereservesas[t0; t1] to the lower level. Because
[ts; te] � [t0; t1], the time constraintbecomesstricter and
stricter. Therefore,the intersectioncheckon moving objects
have a strongerpruningpower than that on staticobjects.

4) An Improved Join Algorithm: All the techniquespre-
sentedin previous subsectionsare integrated into one join
algorithmImpr ovedJoin, shown in Figure6. Comparedwith

Algorithm Impr ovedJoin (NA , NB , t0 , t1)

1 for all entriesin NA andNB

2 Intersectioncheckwith inter sect(N A ; NB ; t0 ; t1),
let Sa (Sb) be the entriesfrom NA (NB );

3 Determinesortingdimension;
4 sort(Sa ); sort(Sb);
5 Sc  PSI nter section(Sa ; Sb; ts ; te);
6 for every entry hai ; bi ; tsi ; tei i 2 Sc

7 if NA is a leaf node
4 outputhai ; bi ; tsi ; tei i ;
5 else
6 ReadPage(ai :ptr ); ReadPage(bi :ptr );
7 ImprovedJoin(ai :ptr ; bi :ptr ; tsi ; tei );
End Impr ovedJoin

Fig. 6. Algorithm ImprovedJoin



NaiveJoin, ImprovedJointakes two additional parameterst0

and t1, which re�ect the constrainedprocessingtime. First,
we perform the intersectioncheck. [ts; te] is returnedas the
time interval duringwhichNA intersectsNB . Wecancalculate
the sumof the absolutevaluesof the speedat the sametime
as the intersectioncheck.Thereforewe can avoid accessing
the entries again for selectingthe sorting dimension.After
sortingdimensionselected,we sort both sequencesof entries
andperformPSto obtain join pairs.

V. DISCUSSIONS

TC processingcanbeappliedto a wide rangeof continuous
query types on moving objectssuch as continuouswindow
queriesand kNN queries.Take continuouswindow queries
as an example. It is essentiallycomputing the intersection
betweenobjectsandquerywindows. Again, a naive algorithm
would computethe intersectionfor the time interval [tc; 1 ].
We canapply the TC processingtechniqueandonly compute
the intersectionfor [tc; tc + TM ]. Further, we can index the
objectsby a MTB-tree and useeven tighter time constraints
for eachTPR-treeas we do in MTB-Join. Similarly, we can
imagine applying TC processingto other queriesand may
enableotheralgorithmic improvements.

TC processingcan also be easily grafted onto many ex-
isting continuousquery algorithmson moving objects.This
is becauseprevious studieshave focusedon how to improve
algorithmsin the spatialaspects.Our work is the �rst attempt
to optimize the processingin an orthogonal aspect,the time
dimension.For example,thecontinuouskNN algorithmin [16]
needsto computekNN candidatesfor a time interval [ts; te]
as traversing a TPR-tree.If te > ts + TM , we can apply
TC processingand reducethe time interval to [ts; ts + TM ].
ThecontinuouskNN andrangejoin algorithmsin [17] put all
eventsin a queueandprocessthemoneby one.We canapply
TC processinghere and only processevents that happenin
[tc; tc + TM ]. More generally, TC processingcan be applied
to any continuousqueryalgorithmaslong asthe dataobjects
get updatedand we can �nd an upperbound for the update
time.

VI . EXPERIMENTAL STUDY

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

A. ExperimentalSetup

All the experimentswere conductedon a desktop with
2.6GHzPentiumIV CPU and1GB RAM. The disk pagesize
is 4K bytes,and an LRU buffer with 50 pagesis used(this
buffer sizeis suggestedby [3]). We measureboth the number
of disk I/Os andCPU time.

Due to limited availability of real datasetsof moving
objects,we usedthe datageneratordevelopedby the authors
of [4] to generatesynthetic datasetswith spacedomain of
1000� 1000. We performjoins on two datasetswith thesame
cardinality ranging from 1K to 100K. Objectsare of square
shape.Weusethefollowing threetypesof datasets:(i)Uniform
dataset, where object positions and moving directions are
generatedrandomly accordingto a uniform distribution; the
speedof theobjectsis randomlydistributedbetween0 andthe
maximumobjectspeed.Five maximumspeeds1, 2, 3, 4, 5 are
used.(ii)Gaussiandataset, whereobject positionsfollow the
Gaussiandistribution. The speedof the objectsaregenerated
asin (i). (iii) Battle�eld dataset, whereobjectsof 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[5] as the underlyingaccessmethod.
For eachdataset,we build a TPR*-treeat timestamp0, and
thenkeepupdatingit asfollows. At every timestamp,we ran-
domly changedirectionsor speedof someobjectsto generate
updates.Every object is requiredto be updatedat leastonce
during themaximumupdateinterval TM . Thecontinuousjoin
processingstartsfrom timestamp0. The parametersusedin
the experimentsare summarizedin Table I, wherevaluesin
bold denotedefault valuesused.

Parameter Setting
Nodecapacity 113
Maximum updateinterval 60, 120, 240
Maximum objectspeed 1, 2, 3, 4, 5
Objectsize (% of space) 0.5%, 0.1%,0.2%,0.4%,0.8%
Datasetsize 1K, 10K, 50K, 100K
Dataset Uniform, Gaussian,Battle®eld

TABLE I

PARAMETERS AND THEIR SETTINGS

B. Effect of TC Processing

To evaluate the impact of imposing time constraintson
query processing,we do not use any join improvement
techniquespresentedin Section IV-D. Figure 7 shows the
performancefor the initial join computationwith andwithout
imposing time constraints.The one denotedas “Non Time-
constrained”computesall possiblejoin pairsfrom tc to thein-
�nite timestamp,which is NaiveJoin.The “Time-constrained”
versioncomputesjoin pairs for only the time interval [0; 60].
MTB-Join usesa single tree beforegetting the initial result,
so it correspondsto the“Time-constrained”join in this �gure.
We observe that both the I/O cost and total responsetime
of NaiveJoinare much higher (up to 15 times) than thoseof
MTB-Join,which clearlyshows thehugebene�t we gain from
TC processing.NaiveJoin performsworst mainly becauseit
returnsjoin pairs from the current timestampto the in�nite
timestamp.Every nodein one index overlapswith almostall
nodesin theotherindex in somefuturetime.For maintenance,
the join processingis almostthe sameas the 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(suchas different datadistributions, object
speed)alsogive 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 same time interval [0; 60] for
all techniquesso that the time constraintdoesnot have an
effect on the relative performance.Figure 8 shows the join
performancewhenwe usedifferentcombinationsof the three
techniques:PS, DS(dimensionselection)and IC(Intersection
Check).“None” meansusingnoneof thetechniquesand“All”
meansall techniquesareused.
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Fig. 8. Effect of improvementtechniques

From Figure 8(b), we observe that the total responsetime
decreasesas more and more techniquesare applied. From
Figure 8(a), we �nd that only PS reducesI/O cost (about
60%comparedto thealgorithmusingnoneof 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 behavior
can be explained as follows. PS provides a better order for
comparingnodesin two trees,which savesboth I/O andCPU
costs.DS and IC mainly reducethe CPU time sinceboth of
them aim at reducingnumberof entriesto be comparedin
two nodes.Speci�cally, DS choosesthe dimensionthat needs
less intersectioncomparisonsfor entries in two nodes. IC
providesbothspaceandtime constraintsto pruneentriesto be
compared.This is alsothe reasonwhy “IC+PS” improvesthe
performancemore than “DS+PS” does.Again, the impact of
thesetechniqueson maintenancecost follow similar behavior
andhencewe omit themhere.

D. Overall PerformanceComparison

We now compareour technique,MTB-join (using the Im-
provedJoinalgorithm in SectionVI-C) with NaiveJoin (Sec-
tion II-C) andETP-Join(SectionIII) by evaluatingtwo phases
of thecontinuousjoin processing:initial join andmaintenance.

1) Initial Join: We comparethe initial join computation
costof the threeapproachesby varying the datasetsize,data
distribution, object speedand object size, respectively. When
we vary oneparameter, the otherparametersaresetto default
values.
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Fig. 9. Initial join costwhenvarying datasetsize

Figure 9 shows the effect of varying the datasetsize. We
observe that NaiveJoin has extremely high cost compared
to MTB-Join and ETP-Join,and the gap betweentheir total
responsetime increasesrapidlyasdatasetsizeincreases.When
the datasetsize is 100K, the initial join time of NaiveJoinis
about half an hour, which is intolerable.Also, NaiveJoin is
muchworsethanMTB-Join in maintenancebecauseNaiveJoin
doesnotuseany improvementtechniqueandneedsto compute
the join to the in�nite timestampfor eachupdatedobject.Due
to suchanuncompetitive factof NaiveJoin,we do not consider
it in the remainingexperiments.Comparedto Figure 7, here
MTB-Join performsfar better than NaiveJoinbecauseof the
useof all the improvementtechniquesin MTB-Join.

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

Figure 10 shows the effect of the datadistribution, where
we can see that MTB-Join is superior to ETP-Join for all
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Fig. 10. Varying the datadistribution
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Fig. 11. Varying the maximumobjectspeed

three typesof datadistributions. MTB-Join saves abouthalf
of the I/O cost comparedto ETP-Joinfor eachcase,and the
total responsetime saving is even higher (up to 86% for the
battle�eld dataset).Theseimprovementsare again attributed
to the improvementtechniqueson join algorithms.

Theresultsof theexperimentswherewe vary themaximum
objectspeedandthe objectsizeareshown in Figures11 and
12, respectively. MTB-Join outperformsETP-Joinin all cases
for the samereasonsasstatedabove.
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Fig. 12. Varying moving objectsizes

2) Maintenance:Themaintenancecostis amortizedby the
numberof updatesat eachtimestamp.In all the subsequent
experiments,we startmeasuringtheaveragemaintenancecost
from timestampTM , assumingthe timestampfor the initial
join is 0.

Figure 13 shows the averagemaintenancecost per update
during [60, 240](by default, TM =60) when varying dataset
size.Observe thatMTB-Join achievessigni�cant improvement
over ETP-Joinin termsof both I/Os and total responsetime
(104 times!) and the gap betweenthem increaseswith the
datasetsize. Further, we observe that even for very small
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Fig. 13. Maintenancecostwith the effect of datasetsizes

datasets(1K objects),the per-updateresponsetime of ETP-
Join is quite large (0.26second).Sinceeachobjectis updated
at leastonceduring the maximumupdateinterval (60 times-
tamps),thenumberof updatesat eachtimestampis at least33
for thetwo 1K datasets.Thus,thetotal timerequiredto process
theseupdatesby ETP-Joinis 8.6 secondsfor eachtimestamp.
Consideringthe capability of humanperception,0.1 second
may be a preferablechoice for a timestamp[1]. Then ETP-
Join is far inferior andis unableto producethe result in time.
Even if the two datasetsare held in main memory, ETP-Join
still needsat least6.3 secondsto producethe result for one
timestamp.As for ouralgorithmMTB-Join, it only takesabout
1 millisecondto produceresultat eachtimestampfor the 1K
datasets.

The reasonsfor MTB-Join's huge performancegain are
highly constrainedprocessingtime (throughgroupingobjects
into different time buckets) and the improvementtechniques.
Further, ETP-Joinhasto perform a synchronoustraversalon
the trees whenever there is a result changeor an update,
while MTB-Join only needsto performconstrainedjoins upon
updates.

We also varied other parametersin the experimentssuch
as maximumupdateinterval, datadistributions,object speed
and object sizes.The resultshave very similar behavior and
their details are given in [13]. Recall that maintenancehas
signi�cantly higher weight in the total cost of a continuous
join, therefore, how MTB-Join comparesto ETP-Join in
maintenancecost meansmore than their comparisonin the
initial join. Basedon this rationaleand the resultsabove, we
saythatMTB-Join outperformsETP-Joinby severalordersof
magnitude.

VI I . RELATED WORK

Despitemany efforts devotedinto moving objectdatabases,
suchas index structures[8], [9], [10], [18] and other contin-
uousqueries[16], [19], [20], there is little work speci�cally
addressingcontinuousintersectionjoins over moving objects
with updates.Mokbel et al. [7] use sharedcomputationto
processmultiple continuousquerieson moving objects.They
do not addressjoin queries,but usea join of queriesto achieve
sharedcomputation.If 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 relatedanddiscussedin SectionIII.

There are works on other types of joins over moving
objects.Iwerks et al. [6] addresscontinuoussemi-joinsover
moving points; Arumugam et al. [21] addressclosest-point-
of-approachjoins over moving objecthistories.Both of them
are quite different from our problem of intersection joins
betweenobjectswith nonzeroextents.The most relatedwork
is by Iwerks et al. [17]. They addresscontinuous range
joins, which can be viewed as intersectionjoins on circles.
However, there are many 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 algorithm in [17] is not directly
applicableto ourproblem,but ourTC techniquecanbeapplied
to their algorithmasdiscussedin SectionV.

There is a rich literature on traditional intersectionjoins
[22], [15]. Most of the techniquesare not applicable to
continuousjoins on moving objects. Brinkhoff et al. [14]
investigatedseveral techniquesto reducejoin cost for objects
indexed in R*-trees[12]. Thesetechniquesweredesignedfor
staticobject indexes.Someof themsuchasplanesweepcan
be adaptedto moving objects,which we have discussedin
SectionIV-D.

VI I I . CONCLUSIONS

In this paper, we addressedthe problemof processingcon-
tinuousintersectionjoins over moving objectsby introducing
the time-constrained(TC) queryprocessingtechnique.Instead
of processingthequeryfor 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 showed a set of
effective improvement techniqueson traditional intersection
join algorithms,enabledby TC processing.All the techniques
are integrated in a single algorithm and our experimental
resultsdemonstratethe 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 processingtechniqueis applicableto a wide class
of continuousqueriesand can be grafted onto many other
algorithmseasily.

ACKNOWLEDGMENTS

We would like to thank the anonymousreviewers for their
commentsthat improved our paper. This work is supported
by the ECR Grant provided by the University of Melbourne
underProposalRMS number600106.

REFERENCES

[1] K. L. Morse, ªInterestmanagementin large-scaledistributed simula-
tions, Tech.Rep.ICS-TR-96-27,1996.

[2] J. S. Dahmann,R. Fujimoto,andR. M. Weatherly, ªThedepartmentof
defensehigh level architecture,º in Winter SimulationConference.

[3] Y. TaoandD. Papadias,ªTime-parameterizedqueriesin spatio-temporal
databases,º in SIGMOD, 2002.

[4] S. Saltenis,C. S.Jensen,S. T. Leutenegger, andM. A. Lopez,ªIndexing
the positionsof continuouslymoving objects,º in SIGMOD, 2000.

[5] Y. Tao,D. Papadias,andJ. Sun,ªTheTPR*-tree:An optimizedspatio-
temporalaccessmethodfor predictive queries,º in VLDB, 2003.

[6] G. S. Iwerks, H. Samet,and K. P. Smith, ªMaintenanceof spatial
semijoinquerieson moving points.º in VLDB, 2004.

[7] M. F. Mokbel, X. Xiong, and W. G. Aref, ªSina:Scalableincremen-
tal processingof continuousqueriesin spatio-temporaldatabases.º in
SIGMOD, 2004,pp. 623–634.

[8] C. Jensen,D. Lin, and B.C.Ooi, ªQueryand updateef®cient B+ -tree
basedindexing of moving objects,º in VLDB, 2004.

[9] G. Kollios, D. Gunopulos,and V. J. Tsotras, ªOn indexing mobile
objects,º in PODS, 1999.

[10] J. M. Patel, Y. Chen,and V. P. Chakka,ªSTRIPES:An ef®cient index
for predictedtrajectories,º in SIGMOD, 2004.

[11] J. Orenstein,ªSpatialquery processingin an object-orienteddatabase
system,º in SIGMOD, 1986,pp. 326–336.

[12] N. Beckmann,H.-P. Kriegel, R. Schneider, and B. Seeger, ªThe R*-
tree: An ef®cient and robust accessmethodfor points and rectangles,º
in SIGMOD, 1990.

[13] R. Zhang, D. Lin, R. Kotagiri, and E. Bertino, ªContinuousinter-
section joins over moving objects. A full version of this paper,º
http://www.cs.mu.oz.au/∼rui/publication/TRmj.pdf.

[14] T. Brinkhoff, H.-P. Kriegel, and B. Seeger, ªEf®cient processingof
spatialjoins usingr-trees.º in SIGMOD, 1993.

[15] J. M. Patel and D. J. DeWitt, ªPartition basedspatial-merge join,º in
SIGMOD, 1996,pp. 259–270.

[16] R. Benetis,C. S. Jensen,G. Karciauskas,andS. Saltenis,ªNearestand
reversenearestneighborqueriesfor moving objects.º VLDB Journal,
vol. 15, no. 3, pp. 229–249,2006.

[17] G. S. Iwerks, H. Samet,and K. P. Smith, ªMaintenanceof k-nn and
spatial join querieson continuouslymoving points.º TODS, vol. 31,
no. 2, pp. 485–536,2006.

[18] D. Pfoser, C. S. Jensen,andY. Theodoridis,ªNovel approachesin query
processingfor moving object trajectories,º in VLDB, 2000.

[19] K. Mouratidis, M. Hadjieleftheriou, and D. Papadias,ªConceptual
partitioning:An ef®cient methodfor continuousnearestneighbormon-
itoring.º in SIGMOD, 2005.

[20] B. Gedik, K.-L. Wu, P. S. Yu, and L. Liu, ªMotion adaptive indexing
for moving continualqueriesover moving objects.º in CIKM, 2004.

[21] S. Arumugam and C. Jermaine,ªClosest-point-of-approachjoin for
moving objecthistories.º in ICDE, 2006.

[22] M.-L. Lo andC. V. Ravishankar, ªSpatialhash-joins,º in SIGMOD, 1996,
pp. 247–258.


