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Abstract

This paperassumes settingwhele a populationof ob-
jectsmove continuouslyin the Euclideanplane The posi-
tion of eadh object,modeledas a linear functionfromtime
to points,is assumedknown. In this setting the paperstud-
ies the queryingfor denseregions. In particular, the pa-
perde nesa particular typeof densityquerywith desiable
propertiesand then proceedsto proposean algorithm for
the efcient computationof densityqueries. While the al-
gorithm may exploit any existing index for the currentand
nearfuture positionsof moving objects the B * -treeis used.
The paperreportson an extensiveempirical study which
elicits the performancepropertiesof the algorithm.

1 Intr oduction

1.1 Motivation and Background

Continuing advancesin consumerelectronics, mobile
communicationsand positioningtechnologieccombineto
renderit increasinglyrealistic to assumethat entire pop-
ulations of usersof mobile services,termed moving ob-
jects, can be tracked accurately Thesedevelopmentsof-
fer a foundationfor the delivery of increasinglysophisti-
catedlocation-enablednobile services. Motivatedby this
scenario,oneline of researchaimsto provide appropriate
datamanagementoundationsthat enablethe provisioning
of ef cient servicesProposal®xist for theef cient compu-
tationof, e.g.,window queriesandnearesheighborqueries
on moving objects(e.qg.,[7, 8]).

In this paper we study the queryingfor denseregions,
regionswith a high concentratiorof moving objects. The
objectve is to nd regionsin spacealongwith associated
points in time where the regions have a density that ex-
ceedsa given threshold. Figure 1 illustratesan example
wherethreesquare-shapedindows composeheanswelto
a densityquery The densityquery may have applications
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Figure 1. An example of density query results

in arangeof areas.In traf c managemengystemsgdensity
queriesmay be usedfor identifying regionswith potential
for congestiorandtrafc jams.

Density querying for moving objectswas rst consid-
eredby Hadijieleftheriouet al. [3]. They de ne the Region
Densityas: density(R; t) = min ; N=areaR), where
min ¢ N is the minimum numberof objectsinside R at
ary time during t andareaR) is the areaof R. They
de ne the Period DensityQueryas: given N maoving ob-
jects, a horizonH, andthresholds 1; 2, and , nd re-
gionsR = fry;:::;rgg andassociatednaximaltime inter-
vals t =1 tg;:; tyj i [thow ; thow + H]g suchthat

1 aredr;) 2 anddensity(ri; ti) > (wheretpoy
is the currenttime, i 2 [1;k], andk is the query answer
cardinality).

For the applicationswe ervision, nding denseregions
for a period of time appeardo be lessusefulthan simply
nding denseegionsfor a pointin time. For example,once
atrafc jam occursin someregion, all the objectsaround
theregion will slow down, andtheir velocitieswill change
dramatically As aresult,predictingthe densityat following
timestampsaccordingto the original velocitiesreportedfor
the objectsdoesnot seemto be of muchvalue. Therefore,
we focuson theidenti cation of denseregionsasof atime
tg 2 [tnow;tnow + H] thatis givenasa parameteto the
densityquery

Hadjieleftheriouetal. [3] nd the generaldensity-based
queriedif cult to answeref ciently andhenceturnto sim-



plied queries. Speci cally, they partition the dataspace
into disjoint cells, and the simpli ed densityquery report
cells,insteadof arbitraryregions,thatsatisfythe querycon-
ditions. This schememay resultin what we term answer
loss Considerthe exampleshown in Figure2 whereeach
cell (of solid lines) is a unit squareandthe densitythresh-
old is 3. Thereactuallyexistsa denseregion (the dashed
square)in the centerof the space but the simpli ed query
reportsnoregions.In our densityqueryde nition, we guar

anteethatthereis noansweross.

Figure 2. An example of answer loss

We proceedto formulatethe problemsettingandde ne
the notionsof density denseregion, and effective density

query.
1.2 Problem Statement

We assumethat a populationof moving objectsexists,
whereeachobjectis capableof transmittingits currentlo-
cationto a centralsener. A moving objecttransmitsa new
locationto thesenerwhenthedeviation betweerits reallo-
cationandits sener-sidelocationexceedsa threshold dic-
tatedby the serviceso be supportedIn generalthe devia-
tion betweerthe real locationandthe locationassumedy
the sener tendsto increaseastime passesin keepingwith
this, we de ne a maximumupdatetime (U) asa problem
parameter This quantity denoteghe maximumtime dura-
tion in-betweentwo updatesof the positionof any moving
object.

We model the position of a moving objectas a linear
functionfrom time pointsto pointsin two-dimensionaEu-
clideanspace. The position of a moving objectat time t,
x(t), is thusgivenby atriple (X;Vv;typq) of parameteras
follows: x(t) = x + v(t  typg), wherex andv arethe
two-dimensionaposition and velocity, respectiely, of the
objectatthelatestupdatetime typg andt  typq.

The motivation for this choiceof modelingis threefold.
First, the extent of a moving objectis typically considered
to be of little relevancefor the querytype we are consider
ing. Secondstudiesof real positionalinformationobtained
from GPSreceversinstalledin carsshav thatrepresenting
positionsas linear functions of time reducesthe numbers
of updatesneededo maintaina reasonabl@ccurag by as
muchas a factor of threein comparisorto using constant
functions[2]. Linear functionsare thus much betterthan

constanfunctions. Third, seseralindexing techniquesxist
thatindex thisrepresentatioandwhich canbereused.
With this generaldatasettingin place,we proceedo de-
ne thedensityquery

De nition 1 (Density): Thedensityof aregionR atatime
t is thenumberof objectsin theregion at timet dividedby
theareaof theregion.

De nition 2 (DenseRegion): Aregionis denseattimet if
its densityat timet is higherthana densitythreshold .

Note thata part of spacethat containsone denseregion
is likely to containmary suchregions. Most of thesemay
overlapsubstantially asillustratedin Figure 3(a). Report-
ing all suchregionsis not helpful. We proceedo propose
an effectivedensityquerythatonly reportsnon-overlapping
regions. Theresultinganswersetclearly identi es regions
of high density asshown in Figure3(b).

(a) (b)

Figure 3. Overlapping versus non-o verlapping
regions in a density query

De nition 3 (Effective Density Query): Find all densee-
gionsat timet that satisfythe following conditions:

1. Anyreportedregion is constainedto a certain shape
andanarearance.

2. Notwo regionsin theresultoverlap.

3. Anydenserggionin the argumentdatais in theresult,
or is representedn theresultby a region that overlaps
with it.

The rst conditionprovidesmechanism$or ensuringhat
meaningfulanswersarereported.For example,anarbitrar
ily small region that containsone point objectis in nitely
denseput makeslittle senseasaresult. Therefore we may
want to specifya lower boundof the areaof the resultre-
gions. Similarly, we may wantto limit the region areaso
thatit is nottoo large. Also not all shape®f resultregions
may be desirable.Imaginea (spacelling) curve thatgoes
throughall thepointobjects.Thereforetheusermayrequire
thedensaegionsto besquaresgircles,etc. Thesecondton-
dition guaranteeshat a non-redundantesultis produced.
Thethird conditionguaranteethatthequeryresultcontains



evidenceof ary denseaegionin thedata,ensuringhatquery
resultsdo not suffer from answeiloss.

We purposefullyde ne theeffective densityquerysothat
different, but equallyvalid and useful, resultsmay be pro-
ducedfor thesamedataargumentandqueryparametersin
algorithmimplementingthe querymay exploit this e xibil-
ity. For corveniencewe abbreviate the term effectiveden-
sity queryto densityqueryin thesequel.

We assumehatthetime parametet of a densityquery
Q is notearlierthanthe currenttime andthatit only reaches
at mostW time units into the future. Thus, with iss(Q)
being the time that query Q is issued,iss(Q) tq
iss(Q) + W. The lower boundindicatesthat we are not
consideringpastdata. The assumptiorthatan upperbound
existsis consideredeasonableUpdatesareinherentlyfre-
guent,makingit meaningles$o look too farinto thefuture.

Finally, de ne timehorizonH = U+ W asthemaximum
durationof time that the representatiof a moving object
canbequeried.Figure4 illustratesthe relationshipsamong
parameterdJ, W andH. We canseethatH represents
how farinto the future a querymay reach. In otherwords,
atechniqudor computingthedensityquerysupportqueries
thatreachup to H time units from the updateof an object
into thefuture.

H=U+W
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Figure 4. Problem parameter s

1.3 Contributions

This paperprovidesa de nition of the densityqueryfor
moving objectsthatavoidsansweloss.Basecbnthisde ni-
tion, thepapemproposes specializatiorof thedensityquery
thatreturnsusefulanswersandis amenabldo ef cient com-
putation.

The paperthen proposesan algorithmthat aimsto pro-
cessthe resultingdensityquery ef ciently . The algorithm
utilizes temporalhistogramsof countersfor eachpartition
in a partitioning of the dataspace. Thesehistogramshelp
prunethe majority of regionsin aninitial Itering phaseof
the queryprocessing.As the histogramsconsumesubstan-
tial storagespace,which in turn increased/O, techniques
areproposedhat usethe DiscreteCosinetransform(DCT)
to compresghe histograms.This compressionncursvery
few errorsin the answerset, but offers spacesasings of up
to 90%,whichalsoreduced/O.

The paperalsoreportson extensive empirical studiesof
the behavior of the proposedhlgorithm. Theresultssuggest
that the algorithm offer animprovementof a factorof 4 in
termsof 1/0, comparedo anaive algorithm. Theresultsalso
indicatethat althoughwe reducethe storageusagegreatly
by using DCT, the answersare still highly accurate. It is
shavnthatit is easyto tradeasmallnumberof falsenegative
answerdor performance.

The restof the paperis organizedasfollows. Section2
reviews relatedwork. Section3 describeghe framawork.
Section4 presentur algorithmusedto realizethe frame-
work. Section5 reportsthe experimentalresults. Section6
concludeghepaper

2 RelatedWork

Any index for moving objectsthat supportspredictive
window queriesis ableto answerdensityqueriesby using
our framework aspresented

As will becomeclearin Section3 ary index for moving
objectsthatsupportgpredictvewindow queriesmaybeused
by our proposafor computingthe densityquery Represen-
tative indexesincludethe TPR-treg(Time-ParameterizedR-
tree) family of indexes(e.g.,[14, 15]) andtransformation-
basedindicessuchas STRIPES[12], which supportsef -
cientupdatesandqueriesat the expenseof higherspacere-
guirementsandthe B*-tree[4], which usesthe B* -treeto
managemoving objectsef ciently. We employ the B* -tree
asour underlyingindex structure.

Several proposaldq9, 10, 11] exist for the computation
of spatio-temporahggreyation queries,which are similar
to densityqueriesin somesensesincedensityqueriesalso
needto know the numbersof objectsinside certainranges.
However, akey differenceis thatthequeryrangesaregiven
for aggraeyation queries,while densityqueriesmustlocate
rangeghatsatisfythe densitythreshold.

Existing clustering algorithms can representthe most
denseaready, e.g.,the centersf the clusters.As goodex-
amples,Yiu andMamoulis[16] clusterobjectsat a certain
timestamp;andLi et al. [6] clustermoving objects,but at
theexpenseof highmaintenanceosts.Thesetechniquesio
not meetthe requirementgosedby densityqueries. They
are unableto identify thoseregions with a density higher
thanthe speci ed thresholdthatarenot givenby the cluster
centerspr they arenoteffectivein trackingthecontinuously
changingpositionsof moving objects.

The mostcloselyrelatedwork is by Hadjieleftheriouet
al. [3]. As mentionedn Sectionl.1,theirde nition permits
query resultsnot to include evidenceof all denseregions.
They proposethree algorithms: (a) coarsegrid, (b) lossy
counting,and(c) densecell Iter. However, noneof these
areapplicableto our de nition dueto theanswetossprob-
lem.



3 The MODQ Framework

As a precursorto consideringthe processingpf density
guerieswe constrainthe generalsettingfor densityqueries
aspresentedn Sectionl1.2 with the objective of rendering
the queryprocessingnanageableWe term this settingthe
Moving ObjectDensityQuery(MODQ) frameawork.

In this framework, we constrainthe denseregionsto be
square-shapeghdof certainsizes.We maintainall moving
objectsin anindex structure.During queryprocessingwe

rst partitionthe dataspacednto equal-sizedsquare-shaped
cells of the smallestsizethat satis esthe queryconstraint.
Thenwe issuewindow queriesthatexplorethesecells,and
we reportthedenseregionsfound.

Note that a denseregion is not necessarilya cell in the
partitioning—it might insteadintersectwith cell partitions,
asdoesthedashedsquareegionin Figure2. Thereforewe
may needto issuea window querythatis de ned by two or
more adjacentcells. By exploring all cells (and maybeall
combinationf two or moreadjacentells),we areableto
reportevidenceof all denseregions.

While the framework appliesto denseegionsof arange
of sizes,we focuson nding denseregionsof onesizein
this paper

4 Density Computation
4.1 Overview

If we procesghe densityquery straightforwardly using
window queriesontheindex, we arelik ely to endupissuing
too mary window queries.Insteadwe proposeatwo-phase
algorithmthatef ciently computeshedensityqueryasstate
in the previoussection.

Thealgorithmrelieson certaininformationthatneedgo
bemaintained We maintaina counterthatrecords¢he num-
ber of objectsfor eachcell at point in time. As eachob-
jectis updatedwe calculatethe trajectoryof the objectand
obtainthe cellsit intersectsduring the querytime window
[thow ; thow + H]. For each(cell;time) pair of a cell inter
sectedandthe time of intersectionwe increasethe corre-
spondingcounterby one (in caseof deletion,we decrease
thecounter).

At the sametime, the objectis maintainedand updated
in anindex structure. This index may well be maintained
alreadyfor othertypesof queriessuchaswindow andnear
estneighborqueries,sothe major spaceoverheads that of
the spacefor maintainingthe counters.Whenthe numbers
of cellsandtime windows arelarge,the numberof counters
neededs huge. We describea methodto ef ciently main-
tainthemin acompresseéashionin Section4.2.

Next, queryprocessingonsistf two phases:

1. The ltering phase: We usethe countersto quickly

prunethecellsthataresurelynotin theanswersetand
producea setof candidatecellsfor the next phase.

2. The re nement phase: To extractthe nal answers
from the candidatecellsobtainedn the Itering phase,
we issuewindow queriescorrespondingo the cellson
theindex andthis way determinegshe actualpositions
of the objectsin the cells. Thenwe candeterminethe
denseregions. Without loss of generality we exploit
the B*-tree[4] to maintainthe moving objects.

Thequeryprocessinglgorithmaregivenin Section4.3.

4.2 Density Histogram

We maintaina two-dimensionabensityhistagram (DH)
equalsized,squarecells,whereeachcell containsa counter
of the numberof objectsin the cell at all timesin [thow
ithow + H]. The DH is the main structureusedfor the
Itering phase.As we needto maintaina histogramfor a
long time periodfor eachcell, the total memoryusemayb
prohibitively large. Moreover, if the DH is storedon disk,
substantiall/O is neededto maintainit and useit during
queryprocessing.Therefore,t is critical to reducethe size
of the DH. We proposeto usethe DiscreteCosineTrans-
form (DCT) [13] for compression.The detailedalgorithm
andanalysisareasfollows.

4.2.1 Histogram Construction

For eachcell, the numberof objectsin thecell variesacross
time, but the numberis not likely to changegreatlyfor ad-
jacenttime points. We thusview the time-varying countin
eachcell for atime rangeasa signals(t), andwe thenper
form the DiscreteCosineTransform(DCT) on s(t). As the
DCT isagoodapproximatiorof theKarhunen-Le@veTrans-
form (KLT) [13], the rst few component®f the DCT of s
carrythemajorinformationin s. We storeonly the rst few
(typically 10—-20%)componentsand discardthe rest. We
canrestorethe s(t) by inverseDCT whenwe maintainthe
histogramsor usethemfor queryprocessing.

The DCT of a signal s(t) of lengthH is alsoa signal
G(k), of lengthH . Thetransformis de ned asfollows:

1

G(k) = c(k) s(t)cos% where (1)
t=0
c(0) = P 1=H; (k) = P 2=H; andk = 0;1;::;;(H 1)

TheinverseDCT is de ned asfollows:

1
s(t) = c(k)G(k) cos
k=0

@t+ 1k

o =01 (H

1@

Figure5 shovs anexampleof transformbetweerthe sig-
nalandtheDCT.



Number of objects Number of objects

lifespan  —= o—  lifespan —=

. P

th 4 b, tg t, to+H tme to t; t, tg t, to+H time

Figure 5. An example of the DCT

After trimming somecomponentof the DCT, the re-
storedsignals{t) differsfrom s(t) becausef theinforma-
tion loss. Thereforetheresultsof the queryis approximate.
However, the DCT hasthe good propertythat eventhough
wetrim off agreatportionof thecomponentgshedifference
betweers{(t) ands(t) is still quitesmall.

Note that the differencebetweenst) ands(t) may be
positive or negative, thatis, s{t) may overestimateor un-
derestimates(t). As a result,we may get both falsepos-
itives and false negatveswhen we choosecandidatecells
for furtherexaminationin the re nementphase Falseposi-
tive candidateellsincreasahequeryprocessingost,while
falsenegativeswould causeanswerloss (althoughthe loss
couldbevery small). To avoid falseneggatives,we mayadd
somethingo sYt) sothatsYt) is guaranteetb overestimate
s(t). We derivetheboundof s(t)  sYt) next. We assume
thatwe usethe rst g coefcients of the DCT to compress
andtrim theremainingones.

Ij( 1

2t + 1)k

Oy = (
s(t) si(t)= c(k)G(k) cos o

k=g
— @t + 1)k
G(k) COST
k=g
p_—_ X1
2= jmax;- ,'f G(k)g cos%j
k=g

_ Kt
P 2=Hmax;_ ;'fj G(k)jg jCOS(tiH)j 3)
k=g
wheret = 0;1;::;;(H 1) andmax,_ ;'fj G(k)jg denotes
the maxmumabsoluta/alueof G(k) for k=g;:;H L
Thereforef we estimates(t) by s)(t), theerror boundEy, is
givenasfollows.
IX 1
jcos
k=g

p— ' . 2t + 1)k,

Ev= 2=Hmax/_ ;fj G(k)jg %J (4)
Beforetrimming the coefcients from the DCT of s(t), we
getmax_ ;i G(k)j andstoreit with the g remainingcoef-
cients; and kH: glj coy (2t+ 1)k=2H)j canbecalculated
onthe y, giving usthe errorbound. To guaranteeno false
negatives,we justneecto addtheerrorboundto sqt). How-

ever, this increaseshe numberof falsepositvesandhence

increaseghe query processingcost. In someapplications,
we may be willing to tradea small numberof falsenega-
tivesfor betterperformance.

To capturethe degreeto which we arewilling to toler
atefalsenggatives,we introducethe parameteerror factor
e 2 [0;1] thatcanbe speci ed by the user We thenesti-
mates(t) by sqt) + & Ep. Whene = 1, we guarantee
no falsenegatives. As e; decreaseghe probability of false
negativesincreasesandwhenes = 0, we estimates(t) by
sqt). In the experimentgeportedin Section5, thereareno
falsenegativesin mostof thecasesevenwhenes = 0.

4.2.2 Histogram Maintenance

A locationupdatecontainsthe old and new information of
a moving object, including the position, velocity and the
time whentheseapply Whensuchan updateis receved,
we computeboththe old andnew trajectoriesof the object.
Thenwe adjustthe DCT functionsin the cellsthatthe mov-
ing objectpassedy.

The adjustmentompriseghreesteps.First, we unwrap
the DCT function, i.e., we computethe numberof mov-
ing objectsduring eachtime point within the lifespan of
the function. The secondsteptreatsdeletionandinsertion
differently. For a deletion,we simply decreasghe num-
ber of moving objectsby one during the period that the
old trajectoryintersectswith the cell andthen modify the
starttime of thelifespanof thefunctionto the currenttime.
For aninsertion,we setthe lifespanfrom the currenttime
thow tOthow + H, andinitialize the numberof moving ob-
jectsexceedingheold periodto zero. Thenwe increasehe
numberof moving objectsduringtheintersectiorperiodby
one.Third, we calculatenew DCT functionsfor theaffected
cells.

Algorithm DH_maintenance&Po(X; v;t); Pn (X; v; 1))
Input: P, andP,, aretheold andnew object,respectiely

1. computethetrajectoryof P, during[Po:t,Po:t + H]
2. Lo listof cellsintersectedy P,

3. computetrajectoryof P, during[Pn:t,Ph:t + H]
4. Lq Iiséof cellspassedy P,

5. L Lo Ln

6. for eachcellinL do

7 setthe starttime of lifespanto currenttime

8 V  valuelist of DCT functionin its lifespan

9 if thereis adeletionin this cell then

10. decreaseorrespondingaluein V by one
11.  if thereis aninsertionin this cell then

12. settheendtime of lifespanto P, :t + H

13. extendV to P,:t + H, addingvalue0

14. increasehecorrespondingaluein V by one

15.  computenen DCT functionfrom V
endDH_maintenance.

Figure 6. DH maintenance algorithm



Figure 6 summarizeghe maintenancealgorithm. First,
notethat deletionandinsertionmay affect the samecell if
the new trajectorydoesnot deviate muchfrom the old one.
In suchasituation,we only unwrapandrecomputehe DCT
functionsof the cell once,sincewe do the deletionandin-
sertiontogethelin the secondstep. Secondthe lifespanwe
maintainis nolongerthanH , eitherin thedeletionor in the
insertion. This makesit possibleto usethe samenumberof
parameterso representhe DCT function.

To exemplify, Figure7(a) depictsan original DCT func-
tion of a cell beforeupdatesandFigures7(b) and(c) illus-
trateanindependendeletionandaninsertionin thiscell. As
shawn in Figure7(b), an objectintersectingthe cell during
timet, to t; is deletedandhencecountersat correspond
ing time pointsaredecreasethy one. Figure7(c) shovs an
insertionof anobjectattimet;. Thelifespanof thefunction
isthenchangedo [t;;t; + H]. Thetrajectoryof this object
intersectsvith thecell fromtimet, tot; + H, andhencethe
correspondingountersareincreasedy one.

Number of objects Number of objects

deletion time

Number of objects
insertion time

lifespan —=i

~— lifespan —=i

o— lifespan —=

to t, b ty ty torHIme ty t, t, ty t, tgHtme ty t; t, t; tytgH t+H time

(a) Original DCT (b) Deletion (c) Insertion

Figure 7. Maintenance in DH

4.3 Query Processing
4.3.1 TheFiltering Phase

The ltering phaseaimsto identify areaghat may possibly
containanswergo the densityquery Theoutputof this step
is alist of grid cellsof sizesoneto four timeslargerthanthe
guerywindow size. Thisis because¢he densesquaresnay
intersectwith oneto four cells, as shavn in Figure 8 (the
shadedareagepresentlensesquares).
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Figure 8. Intersection between the nal
swer and DH cells

an-

We examinethe cells of the DH in the orderfrom left to
right andtop to bottom. Thealgorithmis shavn in Figure9.
Given a querywindow R and a querythreshold , we
have Npmin = R, which is the minimum numberof ob-
jectsthatshouldoccupy adensesquare Thisway, we trans-

Algorithm Density_query( ; R;tq)
Input: threshold , querywindow R, querytimetg

1. Nmin R

2. for eachcellin thespacedo

3. Np  numberof objectsin thecell attq

4, if Np > Nmin then

5 reportthiscell asa nal answer

6 else

7 Ns  numberof objectsin squareSa
Il S4 consistf four cells

8. if Ns Nmin then

9. ag true

10. for eachcombinationof two cellsS; do
11. N, thedensityin thetwo cells
12. if N2 Nmin then

13. invoke Re nement{S;; ; R;tq)
14. if ananswetis foundthen

15. modify histogram

16. ag false

17. if ag then

18. invoke Re nemen{Ss; ; R;tq)
19. if anansweiis foundthen

20. modify histogram
endDensity query

Figure 9. Density query algorithm

form thedensitythreshold tothenumberof objectsN min .
Then, for eachcell, we computethe numberof objectsit
containsatthequerytimetg. If it containsatleastN yin ob-
jects,it is addedto the nal answelist directly. Otherwise,
we checkthe squake consistingof four cellsandhaving the
currentcell atthetop left corner If this squarehaslessthan
Nmin Objectsit is obviousthatthis squaredoesnot contain
ary densesquare.We cansafelyprunethe currentcell and
setthe tagsof combinationsof ary cells in this squareto
false(i.e., we neednottake into accounthesecombinations
next time).

If thenumberof objectsn thesquarés largerthanN i,

we checkthe densityof eachcell in this squareandreport
thosecells satisfyingthe densitythresholdthemseles. In
the remainingcells, we checkthe cells of types2 and3 as
shavn in Figure 8. If the numberof objectsin the combi-
nationsis no smallerthan N n,j, , we passthemto the re-
nement phase. Only whenall threetypesof cells fail to
containary nal answer we passthe whole squareto the
re nementphase.Eachtime we getananswerfrom there-
nement phase,we decreaseghe numberof objectsin the
correspondingells.

To avoid overlapsamong nal reportedrangesthe area
coveredby the answetis taggedandwill not be considered
duringthefollowing search We alsoadoptheuristicgo help
speedup the processing. As shawvn in Figure 10, in one
squarecells of types2 and3 arenot allowedto coexist; the
fourth type of cell is not allowed to coexist with arny other
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Figure 10. Conicting types of cells

type of cell. Onceananswerof onetypeis con rmed, we
do not needto searchthecon icting type.

4.3.2 The Re nement Phase

We introducea new structure,which we term an object
pool, that temporarilystoresinformationfor the objectsin
retrievedcellsatthequerytime.

There nementphaseneeddo obtainthe objectsin each
candidatearea.The algorithm rst checkswhetherary part
of a given candidateareahasever beenretrieved. If this
is the case,we load the objectsfrom the object pool and
tag this part. Thena generalwindow query covering the
untaggedpartsof the candidateareais issuedon the index.
We storethe newly retrievedobjectsin the objectpool.

After obtaining objects, algorithms that differ only
slightly are appliedto the differenttypesof cellsin order
toidentify nal answersTherearecellsof types2, 3,and4.

For cells of type 2, we sort the positionsof the objects
accordingto their x coordinates.Thenwe countthe num-
ber of objectsevery | length units (I is the query window
size)alongthex axisuntil the countreacheor exceedshe
threshold\ min , whichmeansve haveidenti ed ananswer
We handlethe cells of type 3 similarly to thoseof type 2,
exceptthatwe sortthe objectpositionsalongthey axisthis
time. For type4 cells,we rst sortthe objectpositionsalong
the x axis. When we countthe numberof objectsevery
I length units alongthe x axis, we maintainan array that
storesthe numberof objectsalongthey axis. As the start-
ing point of the countingmovesforward, we decreasehe
correspondingaluesin thearray Oncewe obtaina count
thatreachesr exceeds\ i , wewill checkalongthey axis
asin thecaseof type 2.

Objectsin the top-left cell arediscardedrom the object
poolsincethis cell maynotbeaccessedny moreaccording
to our scanorder Therefore the objectpool only needsto
storeup to arow of cells. Moreover, eachtime we identify
ananswerwe removethe objectsin theanswersetfrom the
objectpool.

Thedetailedalgorithmis shavn in Figure11.

5 Experimental Study
5.1 Experimental Settings

All theexperimentsvererunona2.6GPentiumlV desk-
topwith 1 Gbyteof memory The pagesizeis 4K.

Algorithm Re nement(S; ; R;t)
Input: candidateareaS, densitythreshold
querywindow R, querytimet

1. Nmin R ’ Sr y Ll

2. for eachcellB in S do

3. if thecell B hasbeenretrievedthen
4, Ioadobjegtsfrom objectpoolto L1
5. S S B

6. L, W'@dONQuer)(S Srit)

7. L 1 L2

8. | d_ﬁ

9

. if Sisof type2or4then

10.  sortobjectsin L alongx-axis

11.  projectobjectsto x-axis

12. else

13.  sortobjectsin L alongy-axis

14.  projectobjectsto y-axis

15. N thenumberof objectswithin eachl length
16. if ary N largerthanNmin then

17. if Sisnotof type4then

18. reportananswer

19. else

20. projectobjectsto y-axis

21. M numberof objectswithin eachl length
22. if any M largerthanNmin then

23. reportananswer

endRe nement.

Figure 11. Re nement algorithm

We employ theB* -tree[4] astheindex for there nement
phaselt hasthreephasesndanodecapacityof 200entries.
An LRU pagebuffer of 50 pagess used5], with theinternal
nodesof atreebeingpinnedin the buffer.

Thespacedomainis 1000 1000units. Thedatasetsre
generatedising an existing datagenerataor where objects
move in a network of two-way routesthat connecta given
numberof uniformly distributeddestinationg14]. Objects
startat randompositionson routesandare assignedt ran-
domto oneof threegroupsof objectswith maximumspeeds
of 0.75,1.5,and3. Wheneer an objectreachesneof the
destinationst chooseshe next target destinationat ran-
dom. Objectsaccelerat@asthey leave adestinationandthey
decelerateasthey approacha destination.In mostexperi-
ments the averageinterval betweertwo successie updates
of anobjectequals60 time units. Unlessnotedotherwise,
thenumberof moving objectsis 100,000.

The queryworkloadis 100 densityqueries.Eachquery
hasthree parameters:(i) the densitythreshold ; (ii) the
squared-shapeduery window side length|; and (iii) the
predictionlengthsqg. The querycostis measuredn terms
of CPUtime andl/O.

The parametersisedare summarizedn Table 1, where
valuesin bold denotethe default valuesused.



| Parameter | Setting |
Pagesize 4K
Buffer number 50
Nodecapacity 200
Max updateintenal 60, 120,240
Densitythreshold 0.8,0.9,1.0,1.1,1.2
Max predictionlength 30
Querywindow size 20,25, 50
Numberof queries 100
Datasestize 100K, ..., 1M
Numberof destinationsn dataset| 50, 100,200,300

Table 1. Parameter s and their values

5.2 DCT CompressionAccuracy

First, we look at a representatie resultof the DCT com-
pressiorof the histogramsWe execute100 densityqueries
with querywindow sizeof 25in a 100K datasetFigure12
shavs the actualnumbersof objects(s(t)) andthe restored
numbersof objectsfrom theDCT compressiotist), which
wetermtheDCT compressiolin thesequel)n cellsof den-
sity 0.8and1.2, respectiely, asa function of elapsedime.
We seethat the curvesfor the predictednumberof objects
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Figure 12. DCT compression accuracy

matchthe curvesfor theactualnumberof objectsvery well.

Next, we evaluatethe accurayg of the DCT compression
usingtwo metrics,theratesof falsepositvesandfalseneg-
atives,while varyingthe numberof DCT coefcients used,
elapsedime, andtheerrorfactore; . Therate of falsepos-
itives indicatesthe percentag®f squaresn the answerset
thathavelowerdensitythanthegiventhresholdandtherate
of falsenegativesis the percentagef squareghataremiss-
ing in theanswersetto thetotal numberof correctanswers.
The correctanswersare obtainedby using the histograms
withoutcompressiotby DCT.

5.2.1 Effect of the Number of DCT Coef cients

First, we investigatehe effect of thenumberof DCT coef-
cients.We createadensityhistogranof 100K dataattime O,
andthenissuel00squaredensityqueriesof size25, predic-

tion lengthin the range[0; 30], anddensitythresholdequal
to 0:8, 1.0, and1:2, respectiely.

Figure13 shavstheratesof falsepositivesandnegatives
for varyingnumbersof DCT coefcients. As expectedthe
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Figure 13. False positives and negatives for
varying DCT coef cients

moreDCT coefcients we usedthebetterthe accuraciesf
theresults.Bothtypesof errorsvirtually disappeawhenthe
numberof DCT coefcients exceedsl0. Theresultssuggest
that our methodis highly accuratewhile saving about90%
of thespacegtheoriginal DCT has90 coefcients).

In addition,the DCT functionswork well whenthe den-
sity thresholdis large. Whenthe densitythresholdis close
to the averagedensity both typesof errorincreasesincea
smalldeviationin the DCT function maywrongly reportor
prunemary squares.

5.2.2 Effect of Time

We use20 DCT coefcients in the following experiments.
The density histogramand the index of 100K objectsare
createdat time 0 and are then maintaineduntil time 240,

To avoid frequentiransformation®etweerthe DCT andthe
realdata,we employ thebatchupdatetechniqguevhereeach
batchcontainsl,000updates.After eachmaximumupdate
interval (60 time units), densityquerieswith the samepa-
rametersasin the previousexperimentareissued Figure14
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Figure 14. False positives and negatives with
elapsed time



plotsthefalsepositivesandnegatives.

We obsenethatthefalsepositive decreaséo 0% astime
passeswhile the falsenegativesapproachl0%. This is be-
causdeheDCT compressiomnderestimatetherealnumber

resultingin fewer falsepositives,but alsomissinganswers.

Moreover, new coefcients arecomputedbasedon existing
onesJeadingto anincreasingunderestimation.

5.2.3 Effect of the Err or Factor

Figure15(a)and(b) shaw the falsepositivesandthe query
I/O cost,respectiely, for varyingerrorfactorsandnumbers
of DCT coefcients.
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Figure 15. Effect of the error factor and DCT
coef cients

Thefalsepositivesdecreasasthenumberof DCT coef-
cientsincreases—witlmorecoefcients, theDCT becomes
more accurate.We alsoobsene that whenthe error factor
in creasedthefalsepositivesalsoincrease Thisbehaior is
expectedsincetheerrorfactorindicateshow muchwe over
estimatehenumberof objects.Whenwe guaranteamofalse
negatives, thatis e = 1, the falsepositives are at about
50% whenusingonly oneDCT coefcient, but decreas¢o
about20% when additional coefcients are used(but still
signi cantly smallerthanthe totalnumber).

Theactuaffalsepositivesfor theseexperimentsareat 0%.
This meansthatwe may needto overestimatdo guarantee
nofalsenegatives,althoughtheactualnumbersof falseney-
ativesareverylow, evenwhenwe do notoverestimatetall.
Thequeryl/O costshavn in Figure15(b)exhibits a similar
trendto thatfor the falsepositive. This is becausehe more
the false positives, the more times we needto searchthe
index, which increaseghe I/O. Similarly, thereis a trade-
off betweerthe errorfactorandqueryl/O. Whenwe usea
smallererrorfactor, thatis, larger probability of falsenega-
tives,we obtainbetterqueryperformance.

5.3 Density Queries

We proceedo evaluatetheef ciency of thedensityquery
processingalgorithm while varying different parameters.
We startby shaving an exampleof the resultsof a density
query

5.3.1 An Example of the Density Query

Figure 16(a) shavs a snapshobdf the datasetwith 50 des-
tinationsin the simulatedroad network. Given a density

(a) Dataspace (b) Densesquares

Figure 16. Density query example

querywith querywindow size25 anddensitythresholdl:0,
Figure 16(b) shawvs the density query result (denotedby
squarespbtained.Thealgorithmidenti es all thedensere-
gions.

5.3.2 Histogram versusNon-Histogram

This experimentevaluatesthe pruning effectivenessof the
DH. We compareour method, which usesthe DH, with
a straightforvard methodas describedn Section3, which
usesthe MODQ frameavork andthe samere nementalgo-
rithm asin our histogram-basedlgorithm,but doesnot use
histogramsand the two-phasequery algorithm (we simply
call it the non-histogramalgorithm). To locatethe region
of the requireddensity the non-histogramalgorithm exe-
cutesa seriesof window queriescoveringthe whole space,
whereeachwindow querycoversasquareconsistingof four
cells. As they usethe samere nementalgorithm,the CPU
timesusedby thetwo algorithmsaresimilar. Thereforewe
mainly compareheir queryl/O costs.

Figurel7(a)shonstheaveragenumberof I/O operations
perdensityqueryfor varyingdensitythresholds.Our algo-
rithm improves over the non-histogramat a factorof 4 in
termsof I/O cost.
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Figure 17. Comparison with non-histogram
and the DCF



5.3.3 The MODQ versusthe DCF

We also compareour algorithm with the densecell lter
(DCF) algorithm[3], which exhibits the bestperformance
amongother algorithms. Due to the different de nitions
of the densityquery the DCF is not ableto identify dense
squarescrosscells. Figure17(b) shows the percentagesf
lostanswergor the DCFandour algorithm.We canseethat
thenumberof lostanswersf the DCF increasesgjuickly as
the densitythresholdincreases.This is becauseghe num-
berof correctanswerslecreaseasthe densitythresholdn-
creaseswith the effect that there are relatively more lost
answersAs expectedpuralgorithmhasno answeioss.

5.3.4 Effect of Density Thresholdand Query Size

Next, we investigatethe effect of the densitythresholdand
the query window size. Sincethe cost of the re nement
phasealwaysdominateghecostof aquery in orderto study
thebehavior of the Iter andre nementalgorithmsindepen-
dentlyontheindex structurewe partitiondensityquerythe
costinto thewindow querycost(I/Os) andin-memorypro-
cessingcost(CPUtime), andthenplot themseparately
Figure 18(a) and (b) measurehe densityquery perfor
mancein the samel00K datasefor varyingdensitythresh-
oldsandquerywindow sizes. Figure 18(a) shavs the win-
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Figure 18. Effect of density threshold and
query size

dow queryl/O costperdensityquery Thel/O costdecreases
asthedensitythresholdncreasesThereasorfor thisbehar-
ior is asfollows.

Whenthedensitythresholds closeto theaveragedensity
(about0.5for aquerywindow sizeof 25), the pruningabil-
ity of the Itering phasedecreasesThis is sobecausenost
regionsof the dataspacehave averagedensity Evenif the
densityof onecell is lower thanthethreshold,ts combina-
tion with othercellsstill have high probability of satisfying
the densitythreshold.Hence,mary window queriesareis-
suedin the re nementphasewhich resultsin higherquery
cost. Whenthe densitythresholds high, the ltering phase
canprunecells that have few objects. Thus,the total win-
dow query costis smaller Moreover, we obsene that the
guerycostdecreaseasthe querywindow becomedarger.
This is becausehe numberof answerds smallerfor larger

querywindows; hence fewer window queriesareissuedin
there nementphase.

Figure 18(b) shaws the correspondingn-memory pro-
cessingcost. The trendsare similar to thoseseenfor the
window queryl/O cost. The reasondor this behaior are
similar to thosegivenfor the I/O cost.

5.3.5 Effect of DatabaseSize

To testthe scalability of our technique we performedthe
densityquerywhile varyingthe numberof moving objects
from 100Kto 1M. We x thedensitythresholdat0:8 anduse
a querywindow sizeof 25. Figure 19(a)and(b) show the
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Figure 19. Effect of database size

window queryl/O costandthe in-memoryprocessingost
per densityquery respectiely. We obsene that both the
I/O costandthein-memoryprocessingostgrow linearly as
thenumberof moving objectsincreasesThisis becaus¢he
averagedensityin eachcell increaseasthenumberof mov-
ing objectsincreasesMore regionsthat satisfythe density
requirementsieedto bechecled.

5.3.6 Effect of Data Distrib ution

We evaluatethedensityqueryperformancdor differentdata
distributionsby usingnumbersof destinationgn the simu-
latedroutenetwork in therangefrom 50 to 300. Thefewer
thedestinationsthe moreskewedthe datasebecomesFig-
ure20(a)and(b) plot thequeryl/O costandin-memorypro-
cessingecost,respectiely. We obsene thatthe querycosts
of the50-and100-destinatiomlatasetarehigherthanthose
of the 200- and 300-destinatiordatasets. This is because
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skeweddatatendto resultin highdensityin moreregionsso
thatmorequeriesin theindex areneeded.

5.4 MaintenanceCost

Finally, we evaluate the maintenancecost of our
histogram-basedlgorithmwhile varying the length of the
maximumupdateintenal U (the querypredictionlengthis
x edat 30). We createtheindex attime 0 andthenperform
object updatesfor the durationof a maximumupdatein-
ternval. Figure 21 shaws the averagemaintenancesost per
insertionor deletion. We obsene that the averagemain-
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Figure 21. Maintenance cost

tenancecostincreasesasthe maximumupdateintenal in-
creases.The reasonis thateachupdateof an objectincurs
update®nthecellsthatits trajectoryintersectsAs themax-
imum updateinterval increasesthe lengthof the trajectory

increasesandthereforehe maintenanceostalsoincreases.

6 Conclusionand Reseach Dir ections

This paper assumesa setting where a population of
objects—uwith positionsrepresentedy liner functions of
time—move continuouslyin the Euclideanplane. In this
setting, the paperstudiesthe queryingfor denseregions.
In particular the paperde nes a particular type of den-
sity querythat eliminatesansweross. To renderthe query
moreamenabldo ef cient computationwhile still return-
ing meaningfulresults,the paperspecializeghe settingto
considersquarequeriesof x edsize.

The paperthen proceeddo proposea two-phase lter -
and-re nementalgorithm that computessuchqueriesef -
ciently. This algorithmusesa densityhistogramfor the |-
ter stepthat, for eachcell in a uniform grid covering the
dataspacerecordshetime varyingcountof objectsthatin-
tersectthe cell. This countis approximatedandthuscom-
pacted by the useof the discretecosinetransform.Results
of an extensive experimentalstudy is reportedthat yields
insightinto the performancebehaior of the algorithm. In
particular the resultsindicatethat the algorithmis ef cient
for therangesf parametesettingsconsidered.

Several promisingdirectionsfor future work exist, one
beingto considerdenseregionsof differentsizes.lIt is con-
venientto extend the currentalgorithmto supportcells of
size2". Anotherdirectionis to supportregionsof moregen-
eralshapese.g.,corvex regions.

Acknowledgments This work is supported by the
SpADE (A SRatio-temporalAutonomic DatabaseEngine
for location-avare services)[1] project, which studiesthe
provisioning of mobile userswith location-basedlata,e.qg.,
traf c data,mapsandpointsof interest.

ChristianS. Jenserns alsoan adjunctprofessorat Agder
University College, Norway.

References

[1] Spadehttp://spadeddns.comp.nus.edu.sg/spade

[2] A. Civilis, C. S. Jensen,). Nenortaie, and S. Pakalnis. Ef -
cienttrackingof moving objectswith precisionguaranteesin
Proc.MobiQuitous pp. 164—-1732004.

[3] M. HadjieleftheriouG. Kollios, D. GunopulosandV. J. Tso-
tras. On-line discorery of denseareasin spatio-temporal
databsesln Proc. SSTD pp. 306—-324 2003.

[4] C.S.JensenD.Lin, andB. C. Ooi. Queryandupdateef cient
B+-treebasedindexing of maving objects. In Proc. VLDB,
pp. 768-7792004.

[5] S.T. LeutenggerandM. A. Lopez. The effect of buffering
on the performancef R-trees.In Proc. ICDE, pp.164-171,
1998.

[6] Y.Li, J.Han,andJ.Yang.Clusteringmoving objects.In Proc.
KDD, pp.617-6222004.

[7] M. F. Mokbel, T. M. Ghanem,and W. G. Aref. Spatio-
temporalccessnethods|EEE DataEng Bull., 26(2):40-49,
2003.

[8] B. C. Ooi, K. L. Tan,andC. Yu. Fastupdateand efcient
retrieval: an oxymoronon maoving objectindexes. In Proc.
Int. Web GISWbrkshop,Keynote 2002.

[9] D. PapadiasP Kalnis, J. Zhang,andY. Tao. Ef cient OLAP
operationsn spatialdatawarehousedn Proc.SSTDpp.443—
459,2001.

[10] D. PapadiasandY. Tao. Rangeaggrgateprocessingn spa-
tial databasesTKDE, 16(12):1555-15702004.

[11] D. PapadiasyY. Tao,P. Kalnis,andJ.Zhang.Indexing spatio-
temporaldatawarehousedn Proc.ICDE, pp.166-1752002.

[12] J. M. Patel, Y. Chen,andV. P. Chakka. Stripes: An ef-
cientindex for predictedrajectoriesin Proc. ACM SIGMOD,
pp.637—6462004.

[13] K. R.RaoandP Yip. Discretecosinetransform:algorithms,
adwantagesapplications AcademidPressProfessiongl1990.

[14] S.SaltenisC. S.Jensers.T. Leutengger andM. A. Lopez.
Indexing the positionsof continuouslymoving objects. In
Proc. ACM SIGMOD, pp. 331-3422000.

[15] Y. Tao, D. PapadiasandJ. Sun. The TPR*-tree: An opti-
mized spatio-temporahccesanethodfor predictive queries.
In Proc. VLDB, pp. 790-8012003.

[16] M. L. Yiu andN. Mamoulis. Clusteringobjectson a spatial
network. In Proc. ACM SIGMOD, pp.443-4542004.



