
EffectiveDensityQuerieson Continuously Moving Objects

ChristianS.Jensen1

1Departmentof ComputerScience
Aalborg University, Denmark

csj@cs.aau.dk

DanLin2 BengChin Ooi2 Rui Zhang2

2Schoolof Computing
NationalUniversityof Singapore,Singapore
f lindan,ooibc,zhangru1g@comp.nus.edu.sg

Abstract

This paperassumesa settingwhere a populationof ob-
jectsmove continuouslyin the Euclideanplane. Theposi-
tion of each object,modeledasa linear functionfrom time
to points,is assumedknown.In this setting, thepaperstud-
ies the queryingfor denseregions. In particular, the pa-
perde�nesa particular typeof densityquerywith desirable
propertiesand then proceedsto proposean algorithm for
the ef�cient computationof densityqueries. While the al-
gorithm mayexploit any existing index for the current and
near-futurepositionsof movingobjects,theB x -treeis used.
The paper reportson an extensiveempirical study, which
elicits theperformancepropertiesof thealgorithm.

1 Intr oduction

1.1 Moti vation and Background

Continuing advancesin consumerelectronics,mobile
communications,andpositioningtechnologiescombineto
renderit increasinglyrealistic to assumethat entire pop-
ulations of usersof mobile services,termedmoving ob-
jects, can be tracked accurately. Thesedevelopmentsof-
fer a foundationfor the delivery of increasinglysophisti-
catedlocation-enabledmobile services.Motivatedby this
scenario,one line of researchaims to provide appropriate
datamanagementfoundationsthat enablethe provisioning
of ef�cient services.Proposalsexist for theef�cient compu-
tationof, e.g.,window queriesandnearestneighborqueries
onmoving objects(e.g.,[7, 8]).

In this paper, we study the queryingfor denseregions,
regionswith a high concentrationof moving objects. The
objective is to �nd regions in spacealongwith associated
points in time where the regions have a density that ex-
ceedsa given threshold. Figure 1 illustratesan example
wherethreesquare-shapedwindowscomposetheanswerto
a densityquery. The densityquerymay have applications

Figure 1. An example of density quer y results

in a rangeof areas.In traf�c managementsystems,density
queriesmay be usedfor identifying regionswith potential
for congestionandtraf�c jams.

Density querying for moving objectswas �rst consid-
eredby Hadjieleftheriouet al. [3]. They de�ne the Region
Densityas: density(R; � t) = min � t N=area(R), where
min � t N is the minimum numberof objectsinside R at
any time during � t and area(R) is the areaof R. They
de�ne the Period DensityQuery as: given N moving ob-
jects, a horizonH , and thresholds� 1; � 2, and � , �nd re-
gionsR = f r 1; :::; r k g andassociatedmaximaltime inter-
vals � t = f � t1; :::; � tk j� t i � [tnow ; tnow + H ]g suchthat
� 1 � area(r i ) � � 2 anddensity(r i ; � t i ) > � (wheretnow

is the currenttime, i 2 [1; k], and k is the query answer
cardinality).

For the applicationswe envision, �nding denseregions
for a period of time appearsto be lessuseful thansimply
�nding denseregionsfor apoint in time. For example,once
a traf�c jam occursin someregion, all the objectsaround
the region will slow down, andtheir velocitieswill change
dramatically. As aresult,predictingthedensityat following
timestampsaccordingto theoriginal velocitiesreportedfor
the objectsdoesnot seemto be of muchvalue. Therefore,
we focuson the identi�cation of denseregionsasof a time
tq 2 [tnow ; tnow + H ] that is given asa parameterto the
densityquery.

Hadjieleftheriouet al. [3] �nd thegeneraldensity-based
queriesdif�cult to answeref�ciently andhenceturn to sim-
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pli�ed queries. Speci�cally, they partition the dataspace
into disjoint cells, and the simpli�ed densityquery report
cells,insteadof arbitraryregions,thatsatisfythequerycon-
ditions. This schememay result in what we term answer
loss. Considerthe exampleshown in Figure2 whereeach
cell (of solid lines) is a unit squareandthe densitythresh-
old � is 3. Thereactuallyexistsa denseregion (thedashed
square)in the centerof the space,but the simpli�ed query
reportsnoregions.In our densityqueryde�nition, weguar-
anteethatthereis noanswerloss.

Figure 2. An example of answer loss

We proceedto formulatetheproblemsettingandde�ne
the notionsof density, denseregion, and effectivedensity
query.

1.2 ProblemStatement

We assumethat a populationof moving objectsexists,
whereeachobject is capableof transmittingits currentlo-
cationto a centralserver. A moving objecttransmitsa new
locationto theserverwhenthedeviationbetweenits reallo-
cationandits server-sidelocationexceedsa threshold,dic-
tatedby theservicesto besupported.In general,thedevia-
tion betweenthe real locationandthe locationassumedby
theserver tendsto increaseastime passes.In keepingwith
this, we de�ne a maximumupdatetime (U) as a problem
parameter. This quantitydenotesthe maximumtime dura-
tion in-betweentwo updatesof thepositionof any moving
object.

We model the position of a moving object as a linear
functionfrom time pointsto pointsin two-dimensionalEu-
clideanspace. The position of a moving objectat time t,
�x (t), is thusgiven by a triple ( �x ; �v; tupd ) of parametersas
follows: �x (t) = �x + �v(t � tupd ), where �x and �v are the
two-dimensionalpositionandvelocity, respectively, of the
objectat thelatestupdatetime tupd andt � tupd .

The motivation for this choiceof modelingis threefold.
First, the extent of a moving object is typically considered
to beof little relevancefor thequerytypewe areconsider-
ing. Second,studiesof realpositionalinformationobtained
from GPSreceiversinstalledin carsshow that representing
positionsas linear functionsof time reducesthe numbers
of updatesneededto maintaina reasonableaccuracy by as
muchasa factorof threein comparisonto usingconstant
functions[2]. Linear functionsare thus much betterthan

constantfunctions.Third, several indexing techniquesexist
thatindex this representationandwhichcanbereused.

With this generaldatasettingin place,we proceedto de-
�ne thedensityquery.

De�nition 1 (Density): Thedensityof a regionR at a time
t is thenumberof objectsin theregion at timet dividedby
theareaof theregion.

De�nition 2 (DenseRegion): A region is denseat timet if
its densityat timet is higherthana densitythreshold� .

Note that a part of spacethat containsonedenseregion
is likely to containmany suchregions. Most of thesemay
overlapsubstantially, asillustratedin Figure3(a). Report-
ing all suchregionsis not helpful. We proceedto propose
aneffectivedensityquerythatonly reportsnon-overlapping
regions. The resultinganswersetclearly identi�es regions
of high density, asshown in Figure3(b).

(b)(a)

Figure 3. Overlapping versus non­o verlapping
regions in a density quer y

De�nition 3 (EffectiveDensityQuery): Find all densere-
gionsat timet that satisfythefollowingconditions:

1. Any reportedregion is constrainedto a certain shape
andanarearange.

2. No two regionsin theresultoverlap.

3. Anydenseregion in theargumentdata is in theresult,
or is representedin theresultbya region thatoverlaps
with it.

The�rst conditionprovidesmechanismsfor ensuringthat
meaningfulanswersarereported.For example,anarbitrar-
ily small region that containsonepoint object is in�nitely
dense,but makeslittle senseasa result.Therefore,we may
want to specifya lower boundof the areaof the result re-
gions. Similarly, we may want to limit the region areaso
that it is not too large. Also not all shapesof resultregions
maybedesirable.Imaginea (space�lling) curve thatgoes
throughall thepointobjects.Thereforetheusermayrequire
thedenseregionsto besquares,circles,etc.Thesecondcon-
dition guaranteesthat a non-redundantresult is produced.
Thethird conditionguaranteesthatthequeryresultcontains
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evidenceof any denseregionin thedata,ensuringthatquery
resultsdonot suffer from answerloss.

Wepurposefullyde�ne theeffectivedensityquerysothat
different,but equallyvalid anduseful, resultsmay be pro-
ducedfor thesamedataargumentandqueryparameters.An
algorithmimplementingthequerymayexploit this �e xibil-
ity. For convenience,we abbreviate the term effectiveden-
sityqueryto densityqueryin thesequel.

We assumethatthetime parametertq of a densityquery
Q is notearlierthanthecurrenttimeandthatit only reaches
at most W 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.Theassumptionthatanupperbound
exists is consideredreasonable.Updatesareinherentlyfre-
quent,makingit meaninglessto look too far into thefuture.

Finally, de�ne timehorizonH = U+ W asthemaximum
durationof time that the representationof a moving object
canbequeried.Figure4 illustratestherelationshipsamong
parametersU, W and H . We can seethat H represents
how far into the futurea querymayreach. In otherwords,
a techniquefor computingthedensityquerysupportqueries
that reachup to H time units from the updateof an object
into thefuture.

H=U+W

t upd timeiss(Q)

W

U

Figure 4. Problem parameter s

1.3 Contrib utions

This paperprovidesa de�nition of thedensityqueryfor
movingobjectsthatavoidsanswerloss.Basedonthisde�ni-
tion, thepaperproposesaspecializationof thedensityquery
thatreturnsusefulanswersandis amenableto ef�cient com-
putation.

The paperthenproposesan algorithmthat aimsto pro-
cessthe resultingdensityqueryef�ciently . The algorithm
utilizes temporalhistogramsof countersfor eachpartition
in a partitioningof the dataspace.Thesehistogramshelp
prunethemajority of regionsin an initial �ltering phaseof
thequeryprocessing.As thehistogramsconsumesubstan-
tial storagespace,which in turn increasesI/O, techniques
areproposedthatusetheDiscreteCosinetransform(DCT)
to compressthe histograms.This compressionincursvery
few errorsin theanswerset,but offersspacesavingsof up
to 90%,whichalsoreducesI/O.

Thepaperalsoreportson extensive empiricalstudiesof
thebehavior of theproposedalgorithm.Theresultssuggest
that thealgorithmoffer an improvementof a factorof 4 in
termsof I/O, comparedto anaivealgorithm.Theresultsalso
indicatethat althoughwe reducethe storageusagegreatly
by usingDCT, the answersare still highly accurate. It is
shownthatit is easyto tradeasmallnumberof falsenegative
answersfor performance.

The restof thepaperis organizedasfollows. Section2
reviews relatedwork. Section3 describesthe framework.
Section4 presentsour algorithmusedto realizethe frame-
work. Section5 reportstheexperimentalresults.Section6
concludesthepaper.

2 RelatedWork

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

As will becomeclearin Section3 any index for moving
objectsthatsupportspredictivewindow queriesmaybeused
by our proposalfor computingthedensityquery. Represen-
tative indexesincludetheTPR-tree(Time-ParameterizedR-
tree) family of indexes(e.g., [14, 15]) andtransformation-
basedindicessuchasSTRIPES[12], which supportsef�-
cientupdatesandqueriesat theexpenseof higherspacere-
quirements,andtheBx -tree[4], which usestheB+ -treeto
managemoving objectsef�ciently . We employ theBx -tree
asour underlyingindex structure.

Several proposals[9, 10, 11] exist for the computation
of spatio-temporalaggregation queries,which are similar
to densityqueriesin somesense,sincedensityqueriesalso
needto know thenumbersof objectsinsidecertainranges.
However, a key differenceis thatthequeryrangesaregiven
for aggregationqueries,while densityqueriesmust locate
rangesthatsatisfythedensitythreshold.

Existing clustering algorithms can representthe most
denseareasby, e.g.,thecentersof theclusters.As goodex-
amples,Yiu andMamoulis[16] clusterobjectsat a certain
timestamp;andLi et al. [6] clustermoving objects,but at
theexpenseof highmaintenancecosts.Thesetechniquesdo
not meetthe requirementsposedby densityqueries.They
are unableto identify thoseregions with a densityhigher
thanthespeci�ed thresholdthatarenot givenby thecluster
centers,or they arenoteffectivein trackingthecontinuously
changingpositionsof moving objects.

The mostcloselyrelatedwork is by Hadjieleftheriouet
al. [3]. As mentionedin Section1.1,theirde�nition permits
query resultsnot to includeevidenceof all denseregions.
They proposethreealgorithms: (a) coarsegrid, (b) lossy
counting,and(c) densecell �lter . However, noneof these
areapplicableto our de�nition dueto theanswer-lossprob-
lem.
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3 The MODQ Framework

As a precursorto consideringthe processingof density
queries,we constrainthegeneralsettingfor densityqueries
aspresentedin Section1.2 with the objective of rendering
thequeryprocessingmanageable.We term this settingthe
Moving ObjectDensityQuery(MODQ) framework.

In this framework, we constrainthedenseregionsto be
square-shapedandof certainsizes.We maintainall moving
objectsin an index structure.During queryprocessing,we
�rst partitionthedataspaceinto equal-sized,square-shaped
cells of the smallestsizethat satis�es the queryconstraint.
Thenwe issuewindow queriesthatexplorethesecells,and
wereportthedenseregionsfound.

Note that a denseregion is not necessarilya cell in the
partitioning—itmight insteadintersectwith cell partitions,
asdoesthedashed,squareregion in Figure2. Thereforewe
mayneedto issuea window querythatis de�ned by two or
moreadjacentcells. By exploring all cells (andmaybeall
combinationsof two or moreadjacentcells),we areableto
reportevidenceof all denseregions.

While theframework appliesto denseregionsof a range
of sizes,we focuson �nding denseregionsof onesize in
thispaper.

4 DensityComputation

4.1 Overview

If we processthe densityquerystraightforwardly using
window queriesontheindex, wearelikely to endupissuing
toomany window queries.Instead,we proposea two-phase
algorithmthatef�ciently computesthedensityqueryasstate
in theprevioussection.

Thealgorithmreliesoncertaininformationthatneedsto
bemaintained.We maintainacounterthatrecordsthenum-
ber of objectsfor eachcell at point in time. As eachob-
ject is updated,we calculatethetrajectoryof theobjectand
obtainthe cells it intersectsduring the querytime window
[tnow ; tnow + H ]. For each(cell; time) pair of a cell inter-
sectedandthe time of intersection,we increasethe corre-
spondingcounterby one(in caseof deletion,we decrease
thecounter).

At the sametime, the object is maintainedandupdated
in an index structure. This index may well be maintained
alreadyfor othertypesof queries,suchaswindow andnear-
estneighborqueries,sothemajorspaceoverheadis thatof
thespacefor maintainingthecounters.Whenthenumbers
of cellsandtimewindowsarelarge,thenumberof counters
neededis huge. We describea methodto ef�ciently main-
tain themin a compressedfashionin Section4.2.

Next, queryprocessingconsistsof two phases:

1. The �ltering phase: We usethe countersto quickly

prunethecellsthataresurelynot in theanswersetand
producea setof candidatecellsfor thenext phase.

2. The re�nement phase: To extract the �nal answers
from thecandidatecellsobtainedin the�ltering phase,
we issuewindow queriescorrespondingto thecellson
the index andthis way determinestheactualpositions
of theobjectsin thecells. Thenwe candeterminethe
denseregions. Without lossof generality, we exploit
theBx -tree[4] to maintainthemoving objects.

Thequeryprocessingalgorithmaregivenin Section4.3.

4.2 DensityHistogram

We maintaina two-dimensionaldensityhistogram(DH)
equalsized,squarecells,whereeachcell containsa counter
of the numberof objectsin the cell at all times in [tnow

; tnow + H ]. The DH is the main structureusedfor the
�ltering phase.As we needto maintaina histogramfor a
long time periodfor eachcell, the total memoryusemayb
prohibitively large. Moreover, if the DH is storedon disk,
substantialI/O is neededto maintain it and use it during
queryprocessing.Therefore,it is critical to reducethesize
of the DH. We proposeto usethe DiscreteCosineTrans-
form (DCT) [13] for compression.The detailedalgorithm
andanalysisareasfollows.

4.2.1 Histogram Construction

For eachcell, thenumberof objectsin thecell variesacross
time, but thenumberis not likely to changegreatlyfor ad-
jacenttime points. We thusview the time-varyingcountin
eachcell for a time rangeasa signals(t), andwe thenper-
form theDiscreteCosineTransform(DCT) on s(t). As the
DCT isagoodapproximationof theKarhunen-Lo�eveTrans-
form (KLT) [13], the �rst few componentsof theDCT of s
carrythemajorinformationin s. We storeonly the�rst few
(typically 10–20%)componentsand discardthe rest. We
canrestorethes(t) by inverseDCT whenwe maintainthe
histogramsor usethemfor queryprocessing.

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

G(k) = c(k)
H � 1X

t =0

s(t) cos
� (2t + 1)k

2H
where (1)

c(0) =
p

1=H ; c(k) =
p

2=H ; andk = 0; 1; :::; (H � 1)

TheinverseDCT is de�ned asfollows:

s(t) =
H � 1X

k =0

c(k)G(k) cos
� (2t + 1)k

2H
; t = 0; 1; :::; (H � 1) (2)

Figure5 showsanexampleof transformbetweenthesig-
nalandtheDCT.
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Figure 5. An example of the DCT

After trimming somecomponentsof the DCT, the re-
storedsignals0(t) differsfrom s(t) becauseof theinforma-
tion loss.Therefore,theresultsof thequeryis approximate.
However, theDCT hasthegoodpropertythateven though
wetrim off agreatportionof thecomponents,thedifference
betweens0(t) ands(t) is still quitesmall.

Note that the differencebetweens0(t) ands(t) may be
positive or negative, that is, s0(t) may overestimateor un-
derestimates(t). As a result, we may get both falsepos-
itivesand falsenegativeswhen we choosecandidatecells
for furtherexaminationin there�nementphase.Falseposi-
tivecandidatecellsincreasethequeryprocessingcost,while
falsenegativeswould causeanswerloss(althoughthe loss
couldbevery small). To avoid falsenegatives,we mayadd
somethingto s0(t) sothats0(t) is guaranteedto overestimate
s(t). We derive theboundof s(t) � s0(t) next. We assume
thatwe usethe �rst g coef�cients of theDCT to compress
andtrim theremainingones.

s(t) � s0(t ) =
H � 1X

k = g

c(k)G(k) cos
� (2t + 1)k

2H

=
p

2=H
H � 1X

k = g

G(k) cos
� (2t + 1)k

2H

�
p

2=H
H � 1X

k = g

jmaxH � 1
k = g f G(k)gcos

� (2t + 1)k
2H

j

�
p

2=HmaxH � 1
k = g fj G(k)jg

H � 1X

k = g

j cos
� (2t + 1)k

2H
j (3)

wheret = 0; 1; :::; (H � 1) andmaxH � 1
k= g fj G(k)jg denotes

themaximumabsolutevalueof G(k) for k = g; :::; H � 1.
Thereforeif weestimates(t) by s0(t), theerror boundEb is
givenasfollows.

Eb =
p

2=HmaxH � 1
k = g fj G(k)jg

H � 1X

k = g

j cos
� (2t + 1)k

2H
j (4)

Beforetrimming thecoef�cients from theDCT of s(t), we
getmaxH � 1

k= g fj G(k)j andstoreit with theg remainingcoef-

�cients; and
P H � 1

k= g j cos(� (2t+ 1)k=2H )j canbecalculated
on the�y , giving us theerrorbound.To guaranteeno false
negatives,wejustneedto addtheerrorboundto s0(t). How-
ever, this increasesthenumberof falsepositivesandhence

increasesthe queryprocessingcost. In someapplications,
we may be willing to tradea small numberof falsenega-
tivesfor betterperformance.

To capturethe degreeto which we arewilling to toler-
atefalsenegatives,we introducetheparametererror factor
ef 2 [0; 1] that canbe speci�ed by theuser. We thenesti-
mates(t) by s0(t) + ef � Eb. Whenef = 1, we guarantee
no falsenegatives.As ef decreases,theprobabilityof false
negativesincreases,andwhenef = 0, we estimates(t) by
s0(t). In theexperimentsreportedin Section5, thereareno
falsenegativesin mostof thecases,evenwhenef = 0.

4.2.2 Histogram Maintenance

A locationupdatecontainsthe old andnew informationof
a moving object, including the position, velocity and the
time whentheseapply. Whensuchan updateis received,
we computeboththeold andnew trajectoriesof theobject.
Thenwe adjusttheDCT functionsin thecellsthatthemov-
ing objectpassesby.

Theadjustmentcomprisesthreesteps.First, we unwrap
the DCT function, i.e., we computethe numberof mov-
ing objectsduring eachtime point within the lifespanof
the function. The secondsteptreatsdeletionandinsertion
differently. For a deletion,we simply decreasethe num-
ber of moving objectsby one during the period that the
old trajectoryintersectswith the cell and then modify the
starttime of thelifespanof thefunctionto thecurrenttime.
For an insertion,we set the lifespanfrom the currenttime
tnow to tnow + H , andinitialize thenumberof moving ob-
jectsexceedingtheold periodto zero.Thenwe increasethe
numberof moving objectsduringtheintersectionperiodby
one.Third,wecalculatenew DCT functionsfor theaffected
cells.

Algorithm DH maintenance(Po(x; v; t); Pn (x; v; t))
Input: Po andPn aretheold andnew object,respectively

1. computethetrajectoryof Po during[Po :t ,Po :t + H ]
2. L o  list of cellsintersectedby Po

3. computetrajectoryof Pn during[Pn :t ,Pn :t + H ]
4. L n  list of cellspassedby Pn

5. L  L o
S

L n

6. for eachcell in L do
7. setthestarttime of lifespanto currenttime
8. V  valuelist of DCT functionin its lifespan
9. if thereis a deletionin this cell then
10. decreasecorrespondingvaluein V by one
11. if thereis aninsertionin this cell then
12. settheendtimeof lifespanto Pn :t + H
13. extendV to Pn :t + H , addingvalue0
14. increasethecorrespondingvaluein V by one
15. computenew DCT functionfrom V
endDH maintenance.

Figure 6. DH maintenance algorithm
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Figure6 summarizesthe maintenancealgorithm. First,
notethat deletionandinsertionmay affect the samecell if
thenew trajectorydoesnot deviatemuchfrom theold one.
In suchasituation,weonly unwrapandrecomputetheDCT
functionsof thecell once,sincewe do thedeletionandin-
sertiontogetherin thesecondstep.Second,thelifespanwe
maintainis no longerthanH , eitherin thedeletionor in the
insertion.This makesit possibleto usethesamenumberof
parametersto representtheDCT function.

To exemplify, Figure7(a)depictsanoriginal DCT func-
tion of a cell beforeupdates,andFigures7(b) and(c) illus-
trateanindependentdeletionandaninsertionin thiscell. As
shown in Figure7(b), anobjectintersectingthecell during
time t2 to t3 is deleted,andhence,countersat correspond-
ing time pointsaredecreasedby one. Figure7(c) shows an
insertionof anobjectat timet1. Thelifespanof thefunction
is thenchangedto [t1; t1 + H ]. Thetrajectoryof this object
intersectswith thecell from timet4 to t1 + H , andhencethe
correspondingcountersareincreasedby one.

time0 t1 t2 t3 t  +H0t4 0t t +H03t2t1t 4t

deletion time

2

8
8

5 5
4

(b) Deletion

time

Number of objects

lifespan

0t 3t2t1t 4t t +H0 t +H1

insertion time

8

5

9

1

5
3

6

(c) Insertion

time

Number of objects

lifespan

(a) Original DCT

5

2
4

6

9
8

lifespan

Number of objects

t

Figure 7. Maintenance in DH

4.3 Query Processing

4.3.1 The Filtering Phase

The�ltering phaseaimsto identify areasthatmaypossibly
containanswersto thedensityquery. Theoutputof thisstep
is a list of grid cellsof sizesoneto four timeslargerthanthe
querywindow size. This is becausethedensesquaresmay
intersectwith one to four cells, asshown in Figure8 (the
shadedareasrepresentdensesquares).

41 2 3

Figure 8. Inter section between the �nal an­
swer and DH cells

We examinethecellsof theDH in theorderfrom left to
right andtopto bottom.Thealgorithmis shown in Figure9.

Given a query window R and a query threshold� , we
have Nmin = R � � , which is theminimumnumberof ob-
jectsthatshouldoccupy adensesquare.Thisway, wetrans-

Algorithm Density query(�; R; tq)
Input: threshold� , querywindow R, querytime tq

1. Nmin  R � �
2. for eachcell in thespacedo
3. Nb  numberof objectsin thecell at tq

4. if Nb > Nmin then
5. reportthiscell asa �nal answer
6. else
7. Ns  numberof objectsin squareS4

// S4 consistsof four cells
8. if Ns � Nmin then
9. 
ag  true
10. for eachcombinationof two cellsS2 do
11. N2  thedensityin thetwo cells
12. if N2 � Nmin then
13. invoke Re�nement(S2 ; �; R; tq)
14. if anansweris foundthen
15. modify histogram
16. 
ag  false
17. if 
ag then
18. invoke Re�nement(S4 ; �; R; tq)
19. if anansweris foundthen
20. modify histogram
endDensityquery.

Figure 9. Density quer y algorithm

form thedensitythreshold� to thenumberof objectsNmin .
Then, for eachcell, we computethe numberof objectsit
containsat thequerytimetq. If it containsat leastNmin ob-
jects,it is addedto the�nal answerlist directly. Otherwise,
we checkthesquare consistingof four cellsandhaving the
currentcell at thetop left corner. If this squarehaslessthan
Nmin objects,it is obviousthatthis squaredoesnot contain
any densesquare.We cansafelyprunethecurrentcell and
set the tagsof combinationsof any cells in this squareto
false(i.e.,weneednot take into accountthesecombinations
next time).

If thenumberof objectsin thesquareis largerthanNmin ,
we checkthe densityof eachcell in this squareandreport
thosecells satisfyingthe densitythresholdthemselves. In
the remainingcells, we checkthe cells of types2 and3 as
shown in Figure8. If the numberof objectsin the combi-
nationsis no smallerthan Nmin , we passthem to the re-
�nement phase. Only whenall threetypesof cells fail to
containany �nal answer, we passthe whole squareto the
re�nementphase.Eachtime we getananswerfrom there-
�nement phase,we decreasethe numberof objectsin the
correspondingcells.

To avoid overlapsamong�nal reportedranges,the area
coveredby theansweris taggedandwill not beconsidered
duringthefollowingsearch.Wealsoadoptheuristicsto help
speedup the processing. As shown in Figure 10, in one
square,cellsof types2 and3 arenotallowedto coexist; the
fourth type of cell is not allowed to coexist with any other

6



4 and 32 and 3 4 and 1 4 and 2

Figure 10. Con�icting types of cells

type of cell. Oncean answerof onetype is con�rmed, we
donotneedto searchthecon�icting type.

4.3.2 The Re�nement Phase

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

There�nementphaseneedsto obtaintheobjectsin each
candidatearea.Thealgorithm�rst checkswhetherany part
of a given candidateareahasever beenretrieved. If this
is the case,we load the objectsfrom the object pool and
tag this part. Then a generalwindow query covering the
untaggedpartsof thecandidateareais issuedon the index.
We storethenewly retrievedobjectsin theobjectpool.

After obtaining objects, algorithms that differ only
slightly are appliedto the different typesof cells in order
to identify �nal answers.Therearecellsof types2, 3,and4.

For cells of type 2, we sort the positionsof the objects
accordingto their x coordinates.Thenwe countthe num-
ber of objectsevery l length units (l is the query window
size)alongthex axisuntil thecountreachesor exceedsthe
thresholdNmin , whichmeanswehaveidenti�ed ananswer.
We handlethe cells of type 3 similarly to thoseof type 2,
exceptthatwe sorttheobjectpositionsalongthey axisthis
time. For type4 cells,we�rst sorttheobjectpositionsalong
the x axis. When we count the numberof objectsevery
l length units along the x axis, we maintainan array that
storesthenumberof objectsalongthey axis. As thestart-
ing point of the countingmovesforward, we decreasethe
correspondingvaluesin thearray. Oncewe obtaina count
thatreachesor exceedsNmin , wewill checkalongthey axis
asin thecaseof type2.

Objectsin thetop-left cell arediscardedfrom theobject
poolsincethiscell maynotbeaccessedany moreaccording
to our scanorder. Therefore,theobjectpool only needsto
storeup to a row of cells. Moreover, eachtime we identify
ananswer, weremovetheobjectsin theanswersetfrom the
objectpool.

Thedetailedalgorithmis shown in Figure11.

5 Experimental Study

5.1 Experimental Settings

All theexperimentswererunona2.6GPentiumIV desk-
topwith 1 Gbyteof memory. Thepagesizeis 4K.

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

querywindow R, querytime t

1. Nmin  R � � , Sr  � , L 1  �
2. for eachcell B in S do
3. if thecell B hasbeenretrievedthen
4. loadobjectsfrom objectpool to L 1

5. Sr  Sr
S

B
6. L 2  WindowQuery(S � Sr ; t )
7. L  L 1

S
L 2

8. l  
p

R
9. if S is of type2 or 4 then
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 any N largerthanNmin then
17. if S is notof type4 then
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

Weemploy theBx -tree[4] astheindex for there�nement
phase.It hasthreephasesandanodecapacityof 200entries.
An LRU pagebufferof 50pagesis used[5], with theinternal
nodesof a treebeingpinnedin thebuffer.

Thespacedomainis 1000� 1000units.Thedatasetsare
generatedusing an existing datagenerator, whereobjects
move in a network of two-way routesthat connecta given
numberof uniformly distributeddestinations[14]. Objects
startat randompositionson routesandareassignedat ran-
domto oneof threegroupsof objectswith maximumspeeds
of 0.75,1.5,and3. Whenever anobjectreachesoneof the
destinations,it choosesthe next target destinationat ran-
dom.Objectsaccelerateasthey leaveadestination,andthey
decelerateas they approacha destination.In mostexperi-
ments,theaverageinterval betweentwo successive updates
of an objectequals60 time units. Unlessnotedotherwise,
thenumberof moving objectsis 100,000.

The queryworkloadis 100densityqueries.Eachquery
has threeparameters:(i) the density threshold� ; (ii) the
squared-shapedquery window side length l ; and (iii) the
predictionlengthsql . The querycostis measuredin terms
of CPUtime andI/O.

The parametersusedaresummarizedin Table1, where
valuesin bold denotethedefault valuesused.
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Parameter Setting

Pagesize 4K
Buffer number 50
Nodecapacity 200
Max updateinterval 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
Datasetsize 100K, . . . , 1M
Numberof destinationsin dataset 50, 100,200,300

Table 1. Parameter s and their values

5.2 DCT CompressionAccuracy

First,we look at a representativeresultof theDCT com-
pressionof thehistograms.We execute100densityqueries
with querywindow sizeof 25 in a 100K dataset.Figure12
shows theactualnumbersof objects(s(t)) andtherestored
numbersof objectsfrom theDCT compression(s0(t), which
wetermtheDCT compressionin thesequel)in cellsof den-
sity 0.8and1.2, respectively, asa functionof elapsedtime.
We seethat the curvesfor the predictednumberof objects
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Figure 12. DCT compression accurac y

matchthecurvesfor theactualnumberof objectsverywell.
Next, we evaluatetheaccuracy of theDCT compression

usingtwo metrics,theratesof falsepositivesandfalseneg-
atives,while varyingthenumberof DCT coef�cients used,
elapsedtime, andtheerror factoref . Therateof falsepos-
itives indicatesthe percentageof squaresin the answerset
thathavelowerdensitythanthegiventhreshold,andtherate
of falsenegativesis thepercentageof squaresthataremiss-
ing in theanswersetto thetotal numberof correctanswers.
The correctanswersare obtainedby using the histograms
withoutcompressionby DCT.

5.2.1 Effect of the Number of DCT Coef�cients

First,we investigatetheeffectof thenumberof DCT coef�-
cients.Wecreateadensityhistogramof 100Kdataattime0,
andthenissue100squaredensityqueriesof size25, predic-

tion lengthin therange[0; 30], anddensitythresholdequal
to 0:8, 1:0, and1:2, respectively.

Figure13showstheratesof falsepositivesandnegatives
for varyingnumbersof DCT coef�cients. As expected,the

0%


10%


20%


30%


40%


1
 5
 10
 15
 20
 25


Number of coefficients


E
rr

or
 r

at
e 

(%
)


rho = 0.8 (positive)


rho = 1.0 (positive)


rho = 1.2 (positive)


rho = 0.8 (negative


rho = 1.0 (negative)


rho = 1.2 (negative)


Figure 13. False positives and negatives for
varying DCT coef�cients

moreDCT coef�cients we used,thebettertheaccuraciesof
theresults.Bothtypesof errorsvirtually disappearwhenthe
numberof DCT coef�cients exceeds10. Theresultssuggest
thatour methodis highly accuratewhile saving about90%
of thespace(theoriginalDCT has90coef�cients).

In addition,theDCT functionswork well whentheden-
sity thresholdis large. Whenthedensitythresholdis close
to the averagedensity, both typesof error increasesincea
smalldeviation in theDCT functionmaywrongly reportor
prunemany squares.

5.2.2 Effect of Time

We use20 DCT coef�cients in the following experiments.
The densityhistogramand the index of 100K objectsare
createdat time 0 and are then maintaineduntil time 240.
To avoid frequenttransformationsbetweentheDCT andthe
realdata,weemploy thebatchupdatetechniquewhereeach
batchcontains1,000updates.After eachmaximumupdate
interval (60 time units), densityquerieswith the samepa-
rametersasin thepreviousexperimentareissued.Figure14
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Figure 14. False positives and negatives with
elapsed time
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plotsthefalsepositivesandnegatives.
We observethatthefalsepositivedecreaseto 0%astime

passes,while thefalsenegativesapproach10%. This is be-
causetheDCT compressionunderestimatestherealnumber,
resultingin fewer falsepositives,but alsomissinganswers.
Moreover, new coef�cients arecomputedbasedon existing
ones,leadingto anincreasingunderestimation.

5.2.3 Effect of the Err or Factor
Figure15(a)and(b) show the falsepositivesandthequery
I/O cost,respectively, for varyingerrorfactorsandnumbers
of DCT coef�cients.

0%


10%


20%


30%


40%


50%


60%


1
 5
 10
 15
 20
 25

Number of coefficients


F
al

se
 p

os
iti

ve
 (

%
)


ef = 0

ef = 0.25

ef =0.5

ef = 1


(a)Falsepositives

0


500


1000


1500


2000


2500


1
 5
 10
 15
 20
 25

Number of coefficients


IO
 c

os
t


ef = 0

ef = 0.25

ef =0.5

ef = 1


(b) QueryI/O cost

Figure 15. Effect of the error factor and DCT
coef�cients

Thefalsepositivesdecreaseasthenumberof DCTcoef�-
cientsincreases—withmorecoef�cients, theDCT becomes
moreaccurate.We alsoobserve that whenthe error factor
in creased,thefalsepositivesalsoincrease.Thisbehavior is
expectedsincetheerrorfactorindicateshow muchweover-
estimatethenumberof objects.Whenweguaranteenofalse
negatives, that is ef = 1, the falsepositives are at about
50%whenusingonly oneDCT coef�cient, but decreaseto
about20% whenadditionalcoef�cients are used(but still
signi�cantly smallerthanthetotalnumber).

Theactualfalsepositivesfor theseexperimentsareat0%.
This meansthatwe may needto overestimateto guarantee
nofalsenegatives,althoughtheactualnumbersof falseneg-
ativesareverylow, evenwhenwedonotoverestimateatall.
ThequeryI/O costshown in Figure15(b)exhibits a similar
trendto that for thefalsepositive. This is becausethemore
the falsepositives, the more times we needto searchthe
index, which increasesthe I/O. Similarly, thereis a trade-
off betweentheerror factorandqueryI/O. Whenwe usea
smallererror factor, that is, largerprobabilityof falsenega-
tives,weobtainbetterqueryperformance.

5.3 DensityQueries

Weproceedto evaluatetheef�ciency of thedensityquery
processingalgorithm while varying different parameters.
We startby showing an exampleof the resultsof a density
query.

5.3.1 An Example of the DensityQuery

Figure16(a)shows a snapshotof the datasetwith 50 des-
tinations in the simulatedroad network. Given a density

(a)Dataspace (b) Densesquares

Figure 16. Density quer y example

querywith querywindow size25anddensitythreshold1:0,
Figure 16(b) shows the density query result (denotedby
squares)obtained.Thealgorithmidenti�es all thedensere-
gions.

5.3.2 Histogram versusNon-Histogram

This experimentevaluatesthe pruningeffectivenessof the
DH. We compareour method,which usesthe DH, with
a straightforwardmethodasdescribedin Section3, which
usesthe MODQ framework andthesamere�nementalgo-
rithm asin our histogram-basedalgorithm,but doesnot use
histogramsandthe two-phasequeryalgorithm(we simply
call it the non-histogramalgorithm). To locatethe region
of the requireddensity, the non-histogramalgorithm exe-
cutesa seriesof window queriescoveringthewholespace,
whereeachwindow querycoversasquareconsistingof four
cells. As they usethesamere�nementalgorithm,theCPU
timesusedby thetwo algorithmsaresimilar. Therefore,we
mainly comparetheir queryI/O costs.

Figure17(a)showstheaveragenumberof I/O operations
perdensityqueryfor varyingdensitythresholds.Our algo-
rithm improvesover the non-histogramat a factorof 4 in
termsof I/O cost.
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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
squaresacrosscells. Figure17(b)shows thepercentagesof
lostanswersfor theDCFandouralgorithm.Wecanseethat
thenumberof lost answersof theDCF increasesquickly as
the densitythresholdincreases.This is becausethe num-
berof correctanswersdecreasesasthedensitythresholdin-
creases,with the effect that thereare relatively more lost
answers.As expected,ouralgorithmhasnoanswerloss.

5.3.4 Effect of Density Thr esholdand Query Size

Next, we investigatetheeffect of thedensitythresholdand
the query window size. Since the cost of the re�nement
phasealwaysdominatesthecostof aquery, in orderto study
thebehavior of the�lter andre�nementalgorithmsindepen-
dentlyon theindex structure,we partitiondensityquerythe
costinto thewindow querycost(I/Os) andin-memorypro-
cessingcost(CPUtime),andthenplot themseparately.

Figure18(a) and (b) measurethe densityqueryperfor-
mancein thesame100K datasetfor varyingdensitythresh-
oldsandquerywindow sizes.Figure18(a)shows thewin-
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Figure 18. Effect of density threshold and
quer y size

dow queryI/O costperdensityquery. TheI/O costdecreases
asthedensitythresholdincreases.Thereasonfor thisbehav-
ior is asfollows.

Whenthedensitythresholdis closeto theaveragedensity
(about0.5 for a querywindow sizeof 25), thepruningabil-
ity of the�ltering phasedecreases.This is sobecausemost
regionsof thedataspacehave averagedensity. Even if the
densityof onecell is lower thanthethreshold,its combina-
tion with othercellsstill have high probabilityof satisfying
thedensitythreshold.Hence,many window queriesareis-
suedin there�nementphase,which resultsin higherquery
cost.Whenthedensitythresholdis high, the�ltering phase
canprunecells that have few objects. Thus,the total win-
dow querycost is smaller. Moreover, we observe that the
querycostdecreasesasthe querywindow becomeslarger.
This is becausethenumberof answersis smallerfor larger

querywindows; hence,fewer window queriesareissuedin
there�nementphase.

Figure 18(b) shows the correspondingin-memorypro-
cessingcost. The trendsare similar to thoseseenfor the
window queryI/O cost. The reasonsfor this behavior are
similar to thosegivenfor theI/O cost.

5.3.5 Effect of DatabaseSize

To test the scalability of our technique,we performedthe
densityquerywhile varying the numberof moving objects
from 100Kto 1M. We�x thedensitythresholdat0:8 anduse
a querywindow sizeof 25. Figure19(a)and(b) show the

0


1000


2000


3000


4000


5000


6000


100K
 300K
 500K
 700K
 900K

Number of moving objects


IO
 c

os
t


MODQ


(a) QueryI/O cost

0


1


2


3


4


5


6


7


8


9


100K
 300K
 500K
 700K
 900K


Number of moving objects


In
-m

em
or

y 
pr

oc
es

si
ng

 ti
m

e 
(s

)


MODQ


(b) In-memoryprocessingtime

Figure 19. Effect of database size

window queryI/O costandthe in-memoryprocessingcost
per densityquery, respectively. We observe that both the
I/O costandthein-memoryprocessingcostgrow linearlyas
thenumberof moving objectsincreases.This is becausethe
averagedensityin eachcell increasesasthenumberof mov-
ing objectsincreases.More regionsthat satisfythedensity
requirementsneedto bechecked.

5.3.6 Effect of Data Distrib ution

Weevaluatethedensityqueryperformancefor differentdata
distributionsby usingnumbersof destinationsin thesimu-
latedroutenetwork in therangefrom 50 to 300. Thefewer
thedestinations,themoreskewedthedatasetbecomes.Fig-
ure20(a)and(b) plot thequeryI/O costandin-memorypro-
cessingcost,respectively. We observe that thequerycosts
of the50-and100-destinationdatasetsarehigherthanthose
of the 200- and 300-destinationdatasets.This is because
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Figure 20. Effect of data distrib ution
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skeweddatatendto resultin highdensityin moreregionsso
thatmorequeriesin theindex areneeded.

5.4 MaintenanceCost

Finally, we evaluate the maintenancecost of our
histogram-basedalgorithmwhile varying the lengthof the
maximumupdateinterval U (thequerypredictionlengthis
�x edat 30). We createtheindex at time 0 andthenperform
object updatesfor the durationof a maximumupdatein-
terval. Figure21 shows the averagemaintenancecostper
insertionor deletion. We observe that the averagemain-
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Figure 21. Maintenance cost

tenancecost increasesasthe maximumupdateinterval in-
creases.The reasonis thateachupdateof an objectincurs
updatesonthecellsthatits trajectoryintersects.As themax-
imum updateinterval increases,the lengthof the trajectory
increases,andthereforethemaintenancecostalsoincreases.

6 Conclusionand Research Dir ections

This paper assumesa setting where a population of
objects—withpositionsrepresentedby liner functions of
time—move continuouslyin the Euclideanplane. In this
setting, the paperstudiesthe querying for denseregions.
In particular, the paperde�nes a particular type of den-
sity querythateliminatesanswerloss. To renderthequery
moreamenableto ef�cient computation,while still return-
ing meaningfulresults,the paperspecializesthe settingto
considersquarequeriesof �x edsize.

The paperthen proceedsto proposea two-phase�lter -
and-re�nementalgorithm that computessuchqueriesef�-
ciently. This algorithmusesa densityhistogramfor the �l-
ter stepthat, for eachcell in a uniform grid covering the
dataspace,recordsthetimevaryingcountof objectsthatin-
tersectthecell. This countis approximated,andthuscom-
pacted,by theuseof thediscretecosinetransform.Results
of an extensive experimentalstudy is reportedthat yields
insight into the performancebehavior of the algorithm. In
particular, the resultsindicatethat thealgorithmis ef�cient
for therangesof parametersettingsconsidered.

Several promisingdirectionsfor future work exist, one
beingto considerdenseregionsof differentsizes.It is con-
venientto extend the currentalgorithmto supportcells of
size2n . Anotherdirectionis to supportregionsof moregen-
eralshapes,e.g.,convex regions.
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