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Abstract

TPR-teeis a practical index structue for moving ob-
jectdatabasesDueto theuniformdistribution assumption,
TPR-tee's bulk loading algorithm (TPR) is relatively in-
efcient in dealingwith non-uniformdatasetsin this pa-
per we presenta histagram-basedbottom up algorithm
(HBU) along with a modi ed top-downgreedysplit algo-
rithm (TGS)for TPR-tiee HBU useshistagramsto re ne
treestructuesfor differentdistributions.Empirical studies
showthatHBU outperformdoth TPRand TG Sfor all kinds
of non-uniformdatasets,s relatively stable over varying
degreeof skewnessand betterfor large datasetsand large
querywindows.

1. Intr oduction

With the rapid developmentof wirelesstechnologies,
moving object applications(e.g. mobile computing,traf-
¢ monitoring,digital battle elds, etc.)have becomemore
realistic and attractve. Managingthe information of con-
tinuous movementsby objectsbecomesa new challenge
in databaseresearch[28]. Key researchissuesin mov-
ing object databasesnclude: modelling moving objects
[8], ef cient datamanagemenPl, 22|, andimproving ap-
plication performanceby using ef cient index structures
[2, 11, 20, 25, 10, 15, 3Q]. In this paperwe focuson in-
dexing of moving objects.

Performancef index structureis critical for moving ob-
ject databasesBulk loading of an index structureplays
an importantrole in improving index performanceBulk
loadingalgorithmscanbe roughly classi edinto threecat-
egories [27]: sort-basedpuffer-based,and sample-based
methodsSort-basednethodsncludemary bulk loadingal-
gorithmsfor R-treesuchas[17, 9, 12, 6]. The rst bulk
loadingalgorithmfor R-treewasintroducedn [17]. [9] pro-
poseda bulk loadingalgorithmbasedon Hilbert Sort.[12]
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introducedthe STR (Sort-Tile-Recursie) algorithm,which
is basedn sortingandpartitioningon eachdimensionThe
latter two algorithmsusethe bottom-uptechniqueto build
the trees:startingfrom the leaf level, andthen proceeding
upward until the root is produced.On the other hand,[6]
developeda greedytop-davn algorithmthatbuilds thetree
from top to bottom. Thesealgorithmsmentionedabove fo-
cuson improving the query performanceof the tree. The
buffer basedbulk loading algorithm of [1] and sample-
basedbulk loadingalgorithmsof [5, 27] focuson improv-
ing the bulk loadingtime.

Among existing index structuresfor moving objects,
TPR-tree(Time ParameterizedR-tree) [20] is a practical
solutionfor predictive queries.However, the bulk loading
algorithmdescribedn [20] is basedon a relatively strong
uniform distribution assumptionThis assumptiorprevents
the algorithm from accommodatinghon-uniformdatasets.
In moving objectapplications not only the distribution of
moving objects'locationscanbe very skewed, so do their
velocities.Considera digital battle eld applicationwhich
involveslocationsof soldiers,vehicles, ghter planes.etc,
and perhapsinformation obtainedfrom satellites.Clearly
thevelocitiesof thesemoving objectsarevery differentand
notuniform. TheTPR-treesbulk loadingalgorithm though
capableof loadinga treewith non-uniformdata,canbefur-
therimprovedin dealingwith situationsuchasthe digital
battle eld applicationIn thispaperwe presengahistogram
basedottomup (HBU) bulk loadingalgorithmto dealwith
non-uniformdataseteandcomparet with theoriginal TPR-
treebulk loadingalgorithmandamodi ed top-davn greedy
split (TGS) bulk loadingalgorithm.Empirical studiesshav
thatHBU outperformgheothertwo algorithmsfor all kinds
of non-uniformdatasetsMoreover, HBU is lesssensitve to
differentdistribution thanthe othertwo algorithms.Inter
estingly whenthe datasize andthe skewnessincreaseso
doestheimprovementoy HBU.

Theremaindeof the paperis organizedasfollows. Sec-
tion 2 reviews TPR-treeanddiscusses somedetailits bulk
loadingproblem.Section3 presentsa modi ed TGS algo-
rithm for TPR-tree.Section4 describesa new histogram



basedbottomup algorithmfor TPR-tree Section5 reports
the performanceavaluations.Section6 concludeshis pa-
per.

2. Moving Objects, TPR-tree,and Bulk
Loading

Moving objectdatabasebave receved muchinterestin
thedatabaseesearclttommunityrecentlydueto their wide
rangeof applications.An immediateissueis to represent
theinformationaboutobjectlocationchangesvhich canbe
queriedabout[13, 29]. A prevailing approachs to uselin-
earfunctionsof time to representnoving objects'trajecto-
ries[29]. In this case queryevaluationcanbedonethrough
solvinglinearconstraints.

Index structuresplay a signi cant role in queryevalua-
tion. Dueto continuouscoordinatechangesindexing mov-
ing objectsbecomesa challengingproblem[2, 11, 20, 25,
10, 15, 30].

Existingindex structuredor trajectoriescanbe roughly
dividedinto two cateyories:onefocusingon currentandan-
ticipated future locationsof moving objects[20, 25, 15,
and the other on historical trajectoriesof moving objects
[2, 11, 30]. We call the formerlocation-basedndex struc-
turesandthelattertrajectory-basednes.

In generaljndex performancdor moving objectsis af-
fectedby threefactorstheinitial treestructureupdatesand
movementsWhile theimpactof the rst two factorss obvi-
ous,theimpactof movementds uniqueto moving objects
and new. For example,a boundingrectanglemay expand
when points inside it move, and this happenseven with-
outary explicit updateoperationsClearly, performancef
guery evaluationmay deteriorateover time. To overcome
this problem, bulk loading and reshapingare two major
techniquesln TPR-treereshapings donethroughupdates
[20] which occur when objects changetheir movements
(moving direction and/orspeed) Fortunately high update
frequeng in moving object databasegrovides mary op-
portunitiesto restructureghe treeto make it moreef cient.
However initial tree structureremainsan importantfactor
In this paperwe studybulk loadingof index structuredor
moving objects.In particular we focus on location-based
index structuresWe notethat mosttrajectory-basedhdex
structuresare basedon R-treefamily, whosebulk-loading
hasbeenrelatively betterunderstood17, 9, 12, 6].

For location-basedndex structures[25] indexes mov-
ing pointsaslinesin -dimensionalspacewhere
is the numberof physicaldimensionsBut thetreeneedgo
berehuilt periodically[20]. [15] mapstrajectoriedo points
using a dual spacetransformationQueriesare also trans-
formedto thenew spaceandevaluatedThemajordravback
is thatthe dual spacetransformatiorcannotbe extendedto
moving pointsin two or morephysical(excludingtime) di-

mensions|[16] proposeshe STAR-treefor moving objects.
STAR-treegroupsmoving pointsaccordingto their current
locations.So someboundingrectangleamay expandvery
fast.To overcomethis problem,somespecialeventsshould
be scheduledo regroupthe points.STAR-treeis mostsuit-
ablefor workloadswith infrequentupdatesOur study on
bulk loadingis basedon TPR-treedevelopedby Saltenis
and Jensern20]. ParametricR-tree[4] is basedon simi-
lar ideasof TPR-tree The maindifferenceis that Paramet-
ric R-treeindexes pasttrajectoriesof moving objectsand
TPR-treefocuseson currentand future locationsof mov-
ing objects.SaltenisandJenseralsointroduceda TPR-tree
similarindex — R -tree[18] — to handlemoving ob-
jectswith expirationtime. A recentpaperproposes query-
parameterizedostmodelandnew insertion/deletiorstrate-
gieswhichareusedto improve TPR-treeperformancg24].
Theresultsreportedn this papercanbe appliedto the new
versionto achieve furtherimprovements.

TPR-treds anextensionof R -tree[3] for moving points
by allowing the boundingrectanglego expandwith time.
In this model,a moving point's locationis givenasa lin-
earfunctionof time,andsoarethe boundarie®f bounding
rectanglesSpeci cally, the velocitiesof the boundarief
a boundingrectanglearedeterminedy the maximumand
minimumvelocitiesof the enclosednoving pointsor other
expandingrectangles.

The bulk loading algorithm of TPR-treedevelopedin
[19], denotedas TPR in the remainderof the paper at-
temptsto minimize the areaaggreyationsfor someinitial
periodof time of lengthhorizon(a parameteof TPR-tree).
The TPR algorithm assumesniform datadistributionsin
both points' initial locationsand velocities.Thus,a di-
mensionaimoving pointis represente@sa point in the
dimensionakpace: locationdimensionsand velocity di-
mensionsSo packingmoving pointsinto treenodesmeans
to partition  dimensionakpace.

Figure1 illustratesthelocationandvelocity dimensions
for 1 dimensionalmoving points. Part (a) partitionsloca-
tion andvelocity dimensionsevenly, while Part (b) divides
slabsonly on locationdimensionsin both approacheshe
entirespaceis partitionedinto 9 rectanglesandeachrect-
angleis correspondingo onenodein the tree,but theim-
pactsof differentpartitionsare different. Sincethis is one
dimensionamoving points,at eachtime instant,eachnode
in atreehasa boundinginterval alongthe locationdimen-
sion.Theinitial extentof nodesn (b) is smallerthanthatin
(a), but it increasedasterthan(a). It is easyto seethat af-
tersometime theextentsof nodesn (b) will becomegreater
thanthatof (a).

Onekey assumptiorin the TPR algorithmis that loca-
tion and velocity distributions are all uniform. While this
assumptiorsimpli es theanalysisandthebulk loadingpro-
cessyealdatasetsrenotalwaysuniform. For skeweddata,
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Figure 1. Examples of partitioning the
location and velocity space

the query performanceof TPR-treebuilt using the TPR
bulk-loadingalgorithmdeterioratesapidly. Figure2 com-
paresthe query performanceof TPR-tree(in termsof 1/0
accessesfor uniform and skewed datasetsBoth datasets
containl million two dimensionamoving points.Pagesize
is 1K bytes Buffer sizeis 1,000pagesaandLRU buffer man-
agemenipolicy is applied.For the uniform datasetall di-
mensionsare uniform; for the skewed datasettwo location
dimensionsareuniform, andonly two velocity dimensions
areskewed.Figure? illustratesthe evolutionsof bothtree's
performance®ver time. It is clearthat thereis a signi -
cantgapbetweeruniform andskeweddata.Theaim of this
paperis to improve the bulk loading processfor casesof
skeweddatasetin orderto obtainmoreef cient TPR-trees.

3. A Top-down GreedySplit Algorithm

In this sectionwe will presenta top-dowvn greedyal-
gorithm for TPR-tree.Our algorithmis modi ed from the
TGS algorithm[6] for R-tree,which triesto build the tree
top down greedily throughsplit operations.The approach
considersthe entire datasetduring bulk loading; thus the
algorithm can adaptto variation of distributions of input
datasets.

We rst briey review the original TGS algorithm [6]
andthendiscussour modi cations for TPR-tree.The core
of the TGS algorithmis to constructtreenodesin the top-
down mannerLet bethefan-outfactorand be
the expectednumberof objectsin a subtreeof height . As-
sumethatwe have asetof objectswhich belongto asub-
treeof height , where . TGSrepeat-
edly executesasplit operatioruntil we have all subsetsvith
size  exceptfor onewhich hassize . For eachsplit
operatioron a subsebf objects, TGS examinesfor
eachvalueof where — , apartition with a
cut orthogonatlto anaxisinto two subsetf size and

that minizesthe sumof costsof the two result-
ing sets. TGS chooseghethe partitionwith the leastcost.

TPR Uniform —&—
TPR Skewed —+—

A —

Search 1/0 (x1000)

Time
0 100 200 300 400 500 600

Figure 2. TPR-tree's query performance on
uniform and skewed datasets

TPR-treeis differentfrom R-treein the following two
ways. First, In R-tree, all the objectsare static, while in
TPR-treeall theobjectsaremoving, andtheboundingrect-
anglesareexpanding.Sothe costfunctionto be minimized
for thesplit operationss differentin thecasefor TPR-tree.
SecondTPR-treehasvelocity dimensionsn additionto lo-
cationdimensions.

To modify TGSfor TPR-tree we madetwo majormod-
i cations. Oneis to addvelocity dimensionsSofor di-
mensionabatasetsastheanalysisn TPR-treewe actually
consider dimensions— locationdimensionsand ve-
locity dimensionsThe otheris anew costmodelthatis dis-
cussedelow.

Similar to the bulk loadingalgorithm TPR in [20], we
wantto minimize the integral of the costfunction (e.g.ar
easof the boundingrectanglespver , where
is theloadingtime and is thehorizonparameteof TPR-
tree.More preciselyif thetwo resultingsetsare , and

denotesareaof asetof moving objects attime

. Without loss of generality we let . The costfunc-

tion for TPR-treeusedin our algorithmis thefollowing for-
mula:

Figure 3 shows the basic split step of TGS for TPR-
tree.This steptakesa setof moving objectsasinput, goes
througheachcandidateorthogonalsplit, andthenchooses
the bestoneaccordingto the costfunction. The two result-
ing new setsarereturnedastheoutput.Lines2 and7 of the
algorithmre ect the two changedor TPR-treediscussed
above,respectiely.

Fig. 4 shavs a one-dimensionakxample for the al-
gorithm above. In this example, . So
lines A, B, C, D represents} possibleorthogonalsplits.
In caseA,



Algorithm BasicSplitStep(n, M, F, N)
Input: n—number of objectsin the input node;
M — maximum number of objects per subtree;
F —the cost function in the form of F(ry, r,);
S—input set.
Output: S;, S, —two resulting sets.
1 If n£ M stop (don't need to split)
2*  For each dimension d (including velocity dimensions)

3. Sort the input objects along this dimension
4. Forifromlto n'M -1

5. LetB, MBRoffirsti” M objects
6. LetB, MBR of the other objects
7.* Remember i and the dimension d

for minimal F(B,, B,)
8. Order theinput set and split theminto S;, S,
according to the final i and d

Figure 3. The algorithm of the basic split step

, herefunction actu-
ally computesheextentsof sincethereis only onedimen-
sion. Sothe costof split A . In thesame
way, we canget , and

. Sosplit A will bechosen.

4. HBU: A Histogram-basedBottom-Up
Algorithm

The TGS algorithm presentedn the previous section
minimizesthe costfunction(e.g.,thetotal areaor areainte-
gral)ateverysplit step.Suchastrat@y resultsn bettertrees
in mary casessincesomepropertiesof the datasetrere-
ected in thetop down processHowever, in othercasess-
pecially whenthe dataare severely skewed, the top-down
split processis incapableof adaptingto the skewed dis-
tributions.In orderto generatebettertreesin skewed data
caseswe introducea histogram-basetbottom-up (HBU)
bulk loadingalgorithmin thissection.Duringthebulk load-
ing processthis algorithmdoesglobal optimizationby de-
ciding the numberof slabson eachdimensionaccording
to the distribution information.In the next section,we will
shav thatHBU outperformsothTPRandTGSalgorithms.

The algorithmHBU usesthe samecostmodelas TPR,
thatis, aimingat minimizing the areaintegralsof all result-
ing time-parameterizedoundingrectanglescrosgime in-
tenal , Where is thehorizonparameteof TPR-tree.
With the help of histogramsHBU doesnot needto make
ary distribution assumptionssuchasthe uniform assump-
tion for the TPRalgorithm.To compensatéor skeweddata,
HBU calculateghe expectedextentsof theresultingbound-
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Figure 4. An example for split algorithm
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ing rectanglegor eachcandidateartition,andthendecides
thenumberof slabson eachdimensioraccordingo thecost
calculatedrom theextents.

HBU builds the tree in the bottom-upfashion.It con-
structsthe leaf level rst, thentakesthe leaflevel nodesas
input to producethe last secondevel. This processs re-
peateduntil the root is produced.For all levels, the con-
structionproceduresre similar and consistof the follow-
ing two steps:(1) the numberof slabson each(locationor
velocity) dimensionis determinedasedon the histograms
and numberof expectedresultingrectanglef this level,
and (2) input objectsare pacled into rectanglesaccording
to thesenumbers.

4.1. Histograms

Histogramsare widely usedto describedistributions of
datasetg7, 23]. The useof histogramsavoids the needof
making explicit assumptionsn datadistributions for the
bulk loading process.In our algorithm, a histogramcan
describethe distribution of a location dimensionor a ve-
locity dimension.In generalfor a physicaldimensional
datasefi.e., pointsmoving in  dimensions)thereare
histogramsn total: histogramsfor location dimensions
and histogramdor velocity dimensions.

A histagramfor alocationor velocity dimensionis com-
posedof anarrayof buckets.Eachbucketrepresentanin-
terval on the location or velocity dimension,respectiely,
andrecordghe numberof pointscoveredby theinterval. In
our algorithm,theintervalsof all bucketsin a x eddimen-
sionareof the samesize.Figure5(a) shovs a dataseton-
tainingtheinitial locationandvelocity of moving pointsin
onedimensionakpace Figure5(b) is the histogramof the
datasebn the locationdimensionand(c) is the histogram
on thevelocity dimension.For this datasetthe distribution
of the locationdimensionis uniform, while that of the ve-
locity dimensions Gaussian.



An example of one dimensional data distribution
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Figure 5. An example of histograms for one dimensional moving points

In the following discussionwe focuson the algorithm
for determiningthe numberof slabson eachdimension.
Firstthealgorithmfor onedimensionamoving pointsis in-
troducedthenit is extendedo two dimensions.

4.2. Onedimensionalmoving points

A datasetor onedimensionamoving pointsactuallyhas
two dimensions— onefor the initial locations,the other
for velocity. For this two dimensionakpacepackingthese
pointsinto treenodescorrespond$o partitioningthis space
into boundingrectangleslf the numberof rectanglesafter
partitioningis , andwe cancut slabsonthelocationdi-
mensionand slabson the velocity dimension suchthat

holds.Thekey in partitioningis to determinethe
valuesof and

In our algorithm, the ratio between and is deter
minedaccordingto the histogramsThe treeis constructed
in the bottom up fashion.Let level 0 be the bottom level
(leaves).Our costmodelis de ned asfollows.

@)

where is the horizon parameterof TPR-tree, and
arethe expectedslab sizes(called extentg for the lo-

cationandvelocity dimensionsrespectiely. and

are computedfrom the respectie histograms.Intuitively,

the formula calculateshe sum of areaintegrals of all re-

sulting time parameterizedboundingrectanglesover time

interval ,

Sincethe numberof slabson eachdimensionmustbe a
whole number the algorithmHBU tries all possiblecom-
binationsof and where . More precisely
for eachcombination HBU computeghe expectedextents
of slabson eachdimensionwith the distribution informa-
tion from histogramsBasedon theseextentsinformation,

HBU usesEquation(1) to calculatethe costfor the given

and combination.Thenthe combinationwith small-
estcostis choserasthe solution.

Figure6 illustratesthe computationof HBU. In this ex-
ample , sotherearethreecombinationgor

and :(a) , (b) , and(c)

. Thethreecasesare shown in Figure 6(a-c),re-

spectvely. In case(a), ,
and . Therefore,

Similarly, we get and . Clearly,
combination(a) hasthe leastcostandwill be chosenThis
exampleillustratesthe aspecif thealgorithmin determin-
ing the optimalcombinationfor and andassumeshat
thevaluesof and arealreadycomputed.The algo-
rithm on the otherhandcomputeghe and  basedon
theprovidedhistograms.

Figure 7 is the algorithm DetermineS\to determine
and for onelevel of the tree. During the bulk loading
processthealgorithmDetermineS\s calledoncefor each
level to determinethe and values.Line 1 doesan ex-
haustve searchover the all possibleinteger combinations
of and which satisfy . For eachcandidate
combination lines 2 and 3 usethe function CalculateEx-
tent() to determinethe expectedextentsfor resultingloca-
tionslabs( ) andvelocityslabs( ), respectiely. Line 4
calculateghe correspondingostaccordingo the expected
extents.

Figure 8 shaws the algorithmof CalculateExtentLine
1 calculateghe expectednumberof pointsperslah Lines
3 and4 areresponsiblgo estimatethe extents— rst the
pointsare countedinto slabs.Whenever a slabis full, the
expectedextent of it is calculatedaccordingthe extentin-
formationof theinput histogram.
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Algorithm DetermineSV(H,, H, , K)
Input: H, * the histogram for space dimension;
H, * isthe histogram for velocity dimension;
K + expected number of resulting bounding rectangles.
Output: S+ number of dabs on space dimension;
V + number of slabs on velocity dimension.

1 for any integer combination (S, V) satisfying v = K
2 L, CalculateExtent(S Hy) S
3. L, CadculateExtent(V, H,)

Il Calculate the sum of all areaintegrals of time

I paramcgter\i/z%d rectangles
4 cost - (LLm] + L [n]t)dt

m=1n=1 g

5. if cost is better valued, record current S, V values

6. return Sand V

Figure 7. The algorithm for deciding and

4.3. Two dimensionalmoving points

Now we turn to datasetdor two dimensionalmoving
points. The algorithm for one-dimensionaimoving points
canbe naturallyextendedo higherdimensionby trying all
possiblecombinationof slabnumberson differentdimen-
sionsexhaustvely. But the time compleity will increase
exponentially Oneideafor improvementis to rst deter
minetheproductof thelocationslabnumberandtheveloc-
ity slabnumberon eachphysicaldimensionof movements,
thenapplytheone-dimensiomlgorithmon eachsuchphys-
ical dimension.More preciselylet and  denotethe
numberof slabson rst and secondlocation dimensions,
respectiely, and and denotethe numberof slabson
rst andsecondvelocity dimensionsrespectiely. We rst
determinethe products and , andthencalculates
the exact valuesof by applying the one di-
mensionaklgorithmon eachphysicaldimension.The fol-

Algorithm CalculateExtent(NumOfSlabs, H)
Input: NumofSabs + number of dlabs on this dimension;
H + the histogram of this dimension.
Output: L +the array of extents of resulting slabs.
1. NumPerdabs- N/NumOffabs ;j O
2. for i from O to NumOfSabs do
3. starting from the jth bucket,
count the H[j] .numinto the slab until
their sum = NumPerSabs
4. L[i].etent  sum of the H[j].extent
Adjust j to corresponding value for next
6. return L

o

Figure 8. Calculating expected extents of the
resulting slabs

lowing analysids basednthisidea.

Sincethedistribution is not uniform, ourideais to focus
on the “bulk” part of data.For eachdimension,f is the
meanvalueof the datasetand is the standarddeviation,
thenwe focusonthedatawithin theinterval ,
which accountsfor roughly of datain the Gaussian
distribution. In thefollowing analysiswe begin with theas-
sumptionthatthedatadistributioninsidethisinterval is uni-
form. (Note that the assumptioris droppedwhencalculat-
ing the numberof slabsfor individual dimensionausingthe
algorithmDetermineSMFigure7).

First we focus on the two location dimensionsto nd
the relationshipbetween and . The goalis to mini-
mizethetotal areaof all the rectangleslLet the total num-
ber of rectanglegormedon the two locationdimensionbe

. Then . Sothe sumof theareaof rectangles

is , Wwhere and arethestandardie-
viationsof the rst andthe secondocationdimensionsye-
spectvely. Obviously is unafectedby theratio be-



tween and .We canthentry to minimizethe sumof
perimetersf all rectangles

— (@

Settingthe partialderivative of Equation(2) be0, we get

— — ®3)

Now we bring the two velocity dimensionsnto consid-
eration.Heretherectanglesaretime parameterizedn par
ticular, they areexpandingover time. So we wantto mini-
mizethe areaof thesetime parameterizedectanglesSup-
pose and arethe overall extentsof rst andsec-
ond locationdimensions,  and the overall extents
of rst andsecondrelocity dimensionsrespectiely. Let

be the numberof resultingtime parameterizedectangles.

Thenthe sumof theareais

(4)
Due to the uniform distribution, and
are unchangedso we only needto minimize
. In addition,we have

(5)
(6)
(7)
(8)

where
FromEquationg5) and(6), we obtain

where . To minimize

let thederivative of be0, we have

is the numberof slabson velocity dimensions.

By dividing with , andthenreplacing ,
,and  with Equationg5), (6), (7), and(8), we get

Now we let — . Then

and

This gives us the productof location and velocity slab
numberon eachphysicaldimensionBasedon this, we ap-
ply theone-dimensionalgorithmon eachdimensiorto get

, ,and , ,whichareusedto build thetree.

5. PerformanceEvaluation

In this sectionwe evaluatethe HBU algorithmby com-
paringit with the TPR algorithm of [20] andthe modi ed
TGS (top-davn greedysplit-basedplgorithmpresentedn
Section3. Firstwe describehe experimentakettingin par
ticularthedatasetandparameterfor theexperimentgSec-
tion 5.1).We thengive overallcomparisomesultsthatHBU
outperformsothTPRandTGSin all kindsof non-uniform
distribution (Section5.2). Experimentsalsoshav thatHBU
is lesssensitve to skeweddatathanTPRand TGS (Section
5.3). Finally, we study scalability (Section5.4), impact of
guerywindow size(Section5.5), andhorizonvalues(Sec-
tion 5.6) for the threealgorithms.

5.1. Datasetsand parametersof experiments

We use a datageneratorsimilar to GSTD [26]. Since
datasetgeneratethy GSTD containonly discretepositions
of moving objectsthey cannotbeusedto createa TPR-tree
directly [14]. Sowe extractthe distribution functionsfrom
the GSTD packageand combinethem with current TPR-
tree's generatoto getdatasetsvith differentdistributions.

We evaluatethe effect of the threebulk loading algo-
rithms using threecategoriesof syntheticdatasetgor two
dimensionalmoving points with uniform, Gaussianand
skewed distributions of theinitial locationsandvelocities,
respectiely. In GSTD, standarddeviation is usedto con-
trol the skewnessfor Gaussiardistribution. Smaller stan-
dard deviation meansmore skewness.Skewed distribution
is producedby a Zip an distribution generatorborroved
from GSTD.lIt is alsocontrolledby a parameter . Greater

meanamoreskewness.

Moving points are generatedn a workspaceof 1,000
squarekilometers.The numberof moving pointsis

for most experiments.After bulk loading, a
workloadcomposeaf bothqueriesandupdatess executed
over the tree.For mostexperimentswe evaluatethe tree's
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performancdor the rst 600time units (minutes)afterthe
bulk loading. A parametercalled Updatelnterval () is
usedto controlthe frequeng of updateq19]. It represents
the approximatdime interval betweerntwo consecutre up-
datedfor the sameobject.For mostexperiments ,
andthe horizon parameter of TPR-treeis setto

We will give the reasonfor this valuein later experi-
ments.The maximumspeedf moving pointsis 10km/min
(600km/h).

For all experimentsthe disk pagesizeis setto 1k bytes
so that trees constructedcan have reasonablylarge size
without increasingthe sizesof datasetsThis shortenghe
time neededo completethe experimentswithout sacri c-
ing the quality of experimentalresults,since (1) the run-
ning time of experimentsdependwon the datasesize,and
(2) the experimentalkesults(i.e., disk accessesjependa-
sically on the size of the tree.So the maximumnumberof
entriesis 51 for leave nodesand28 for intermediatenodes.
Buffer sizeis pagesfor mostexperimentsand LRU
buffer managemenpolicy is applied.

TPR-treesupportsthree types of queries:time instant
range queries,time intenal range queries,and moving
rangequeries.The rst two categoriesare straightforvard.
A moving rangequeryis alsoatime interval query but the
guerywindow may change(e.g.,move, expand,or shrink)
overtime. A parametelQWSis usedto describedhe size
(area)of querywindows in termsof a fraction of the total
workspaceFor mostexperimentsve setQWS . The
compositionsof the threetypesof queriesare 60%, 20%,
and 20%, the sameas the compositionusedin [20]. For
time interval queries(the latter two types),the querytime
interval (QT]I) is randomlypickedfrom . Fortimein-
stant/interal rangequeries,query windows are randomly
scattereavertheworkspacefor moving rangequeriesthe
centersof querywindows are always somemoving points

in thetree.

5.2. Overall comparisons

In our rst experiment,we comparethethreebulk load-
ing algorithmsover all threecateyoriesof datasetsln par
ticular, for non-uniform(i.e.,Gaussiamndskewed)datasets
we exploredall possiblecombination®f non-uniformityon
theinitial locationandvelocity dimensionsWe usethe no-
tation“s v " ( ) to denote locationdimensions
and velocity dimensionsarenon-uniform,while otherdi-
mensiongsareuniform. When ( ), wedrop“s ”
(respectiely “v ") in thenotation;when , weuse
asufx “s” to meanthenon-uniformdimensionaretheini-
tial locationsandvelocity of the samephysicaldimension,
and“d” to meanthatthey belongto different physicaldi-
mensionsFor both Gaussiarand skewed distributions,we
considereall possiblecombinationgFigure10).

Figure9(a)and(b) comparehethreebulk loadingalgo-
rithmsfor non-uniformdatasetsf type“v2” with Gaussian
(a) and skewed (b) distributions. The overall performance
of HBU is always betterthanthat of TPR and TGS. We
notethatfor the Gaussiardistributions,the differencesare
initially large and becomesmallerasthe time progresses,
while for theskewedcasedifferencestayrelatively steady
Thisis becaus@ PRand TGS partitiontoo muchonthelo-
cationdimensionsn the Gaussiaristribution case Sothey
performat the beginningmuchworsethanHBU. However,
the expandingspeedsof the boundingrectanglesare rel-
atively small, so after a while their performancesecome
similar to HBU. Figure9(c) compareghe threealgorithms
for the uniform datasetin this experimentTGS performs
a little worsethan TPR. This is easyto understandsince
TPR'sanalysids basednuniformdistributionassumption.
But surprisinglyHBU performseven betterthan TPR for
the uniform case.This may indicatethatHBU's histogram



GaussiarDistribution

SlewedDistribution

[ type [ TPR[ TGS | TGS/TPR| HBU | HBUTPR| [ type | TPR | TGS | TGS/TPR| HBU | HBU/TPR |
s1 | 210 215 102.4% | 1.87 | 89.0% s1 [ 186177 952% |1.61 | 86.6%
vI | 1.80 | 1.98 | 110.0% | 1.78 | 98.9% vI [ 227|201 885% | 166 | 73.1%
s2_| 215 2.23 | 103.7% | 1.87 | 87.0% s2_ | 211 2.16 | 102.4% | 1.92 | 91.0%
V2 | 243210 864% | 168 | 69.1% V2 | 218 1.76 | 80.7% | 164 | 752%

slvis| 1.97 | 1.94 | 985% | 1.61 | B8L.7% slvis| 1.86 | 3.23 | 173.7% | 1.72 | 92.5%
slvid| 224 | 200 | 89.3% | 172 | 76.8% slvid| 1.96 | 1.78 | 90.8% | 1.66 | 84.7%
slv2 [ 231 216 | 935% | 1.82 | 78.8% slv2 [ 1.71 | 150 | 87.7% | 1.48 | 865%
s2vl | 2.09 | 212 | 101.4% | 1.90 | 90.9% svl [ 212 | 2.19 | 103.3% | 241 | 99.5%
s2v2 [ 213 [ 1.85 | 86.9% | 1.68 | 78.9% s2v2 | 353 [ 3.38 | 95.8% | 3.19 | 90.4%

Figure 10. Average search 1/O (

) for Gaussian and skewed datasets

basedestimatiorof therealqueryperformancéi.e., cost)is
slightly moreaccuratehanTPR's costmodel.

We alsoexamineddifferentscenario®f non-uniformity
with Gaussiarand skewed datasetsThe “TGS/TPR” and
“HBU/TPR” columnsin Figure10 show theratiosof TGS
and HBU over TPR, respectiely. A ratio lessthan 100%
meansTGSor HBU performsbetterthanTPR.

Fromthetablesin Figure10, we canseethat HBU out-
performsconsistentlyboth TPR and TGS on all datasets
with all differentcombinationsof non-uniformitieshaving
Gaussiardistribution andskeweddistribution, respectiely.
Theimprovementis ashigh asup to 30%. The averageim-
provementgainedfor Gaussiardatasetss higherthanthat
for skewed datasetsThis may be explainedby two factors:
(1) someof our analysisis basedon Gaussiardistribution,
and(?2) initial performanceyainfor GaussiardatasetgFig-
ure9) is quitesigni cant. Overall, TGSis alsoslightly bet-
terthanTPR,with thedifferenceof performanceés lessthan
thatbetweerHBU andTPR.It is easyto seethatHBU per
forms bestamongthe three,thanksmainly to the distribu-
tion informationfrom histograms.

Oneconclusionfrom resultsin Figures9 and10 is that
HBU's performancds relatively more stablefor different
distributionsthanthe othertwo algorithms.Thisis not sur
prisingsincethe histogramsallow HBU to re ne treestruc-
turesto betteraccommodateariationsin datadistributions,
andasaresultto yield betterperformance.

For theremainderof this section,we will focuson non-
uniformdistribution datasetdDueto thelimitation of space,
we only displaythe experimentresultsfor “v2” type (two
velocity dimensionsare non-uniformandtwo location di-
mensionsareuniform).

5.3. Sensitvity to skewness

Figure 11 shavs how the degree of non-uniformity af-
fects the three algorithms. We use ——— as
the non-uniformity factor for Gaussiardistribution and
(skewnesdactor, introducedn Section5.1)for skeweddis-

tribution, where , ,and arethe maximumvalue,
minimum value and standarddeviation, respectiely. The
higher and valuesare,themoreskewnessa datasets.

Also, in the skewed distribution we make most points
movewith smallvelocitiesto preventthemfrom moving too
far. Sowhenthe skawnessincreasesthe expandingspeeds
of boundingrectangledecomesmaller which makescost
(disk1/Os) of queriesdecreases.

FromFigurell, we canseethatHBU outperformsbhoth
TPRand TGS for both Gaussiarand skewed datasetsand
TGSperformsworsethanHBU, but still betterthanTPRes-
pecially whenthe non-uniformityfactorsare higher In all
casesthe I/0O accessesf HBU arerelatively stablewhen
varying skewnessdegrees.TPR on the otherhanddeterio-
ratesfor higherskewnesscased hesecon rms theability of
HBU andtheinability of TPRin adaptingto input datasets.
Not surprisingly TGS alwaysbehaesin-betweenTPRand
HBU. For the Gaussiartasesthel/O costof TPRandTGS
increasegor higherskewnesswhich is expected However,
similar phenomenalo not occur for skewed datasetsWe
suspectthat it may due to the high skewnessfor skewed
datasetnakesthe datasetsppearcloserto uniform for the
bulk part. All algorithmsperformbetterfor when datasets

Varying non-uniformity for gaussian distribution Varying non-uniformity for skewed distribution
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with varying skewness




Varying data size for gaussion distribution Varying data size for skewed distribution
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aremoreuniform (Figures9 and10).

5.4. Scalability

We alsoexaminethe situationsvhenthedatasesizesin-
creaseFigure 12 displaysthe averagel/O operationsper
query for the threealgorithmswhen the numberof mov-
ing pointsvariesfrom 200,000to 1 million. In this exper
iment, we setbuffer sizeto 0 to prevent smallerdatasize
from gainingmorebene tsfrom buffer. We canseethatfor
all differentsizesof datasetsHBU outperformsTGS and
TPR.But for smallersize,theimprovementoy HBU is rel-
atively small. Thisis expectedbecausevhennumberof the
moving pointsis small,thenumberof slicesto divideis also
small,which reduceghe advantage®f usinghistograms.

5.5. Impact of query window size

Figure 13 explorestheimpactof the querywindow size
ondifferentbulk loadingalgorithms.Thecharton left hand
sideis for Gaussiamlatasetsindthechartonright handside
is for skewed datasetswhenthe size of the querywindow
is small,sois thedifferenceof thesehreealgorithmsWhen
the sizeincreasesso doestheimprovementby HBU. This

Varying query window size for gaussian distribution
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Varying query window size for skewed distribution
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Figure 13. Average search 1/O ( )
with varying query windo w size

can be explainedagain by the intuition that larger query
windows have more opportunitiesto intersectwith bound-
ing rectangles.

5.6. Determining horizon values

In our lastsetof experiment,we tried to determinethe
best (horizon parameter)value for the TPR-tree.[19]
pointsoutthatthebestvaluesof arebetweerll QTI
andUl  QTI for their experimentswhere Ul is the up-
dateinterval andQTl is the querytime interval. In our ex-
perimentwe investigatedhebest valuefor non-uniform
datasetsFigure 14 shavs that our experimentresultscom-
ply with the obsenation madein [19]. Indeed,all algo-
rithms prefer valuebetweenUl Ul . More precisely
when Ul , they getthe bestperformanceSoin the
experimentsabove, we use . Anotherinterest-
ing phenomenomve obsereis thatHBU is lesssensitve to
differenthorizonvalues.

6. Conclusions

Motivatedby emepging challengedor indexing moving
objectdatabasesandthe importanceof bulk loadingstrat-
egy for index structuresthis paperproposeda histogram-
basedbottom up (HBU) bulk loading algorithmfor TPR-
tree, a practical index structurefor predictve queriesof
moving objects. HBU can easily accommodatedatasets
with differentdistributions.By usinghistogramsthis algo-
rithm re nes the tree structureto adaptto differentdistri-
butions.We also presenta modi ed TGS bulk loadingal-
gorithm for TPR-tree.Empirical studiesdemonstratehat
HBU outperformsboth TGS and TPR bulk loading algo-
rithmsin termsof queryl/Os for all kinds of non-uniform
datasetsandis scalable.Futurework includesgeneraliza-
tion of this histogrambasedalgorithmto otherR-treevari-
ants and maintaining histogramsfor tree reshapingafter
bulk loading.
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