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Abstract

TPR-tree is a practical index structure for moving ob-
jectdatabases.Dueto theuniformdistributionassumption,
TPR-tree's bulk loading algorithm (TPR) is relatively in-
ef�cient in dealing with non-uniformdatasets.In this pa-
per we presenta histogram-basedbottom up algorithm
(HBU) along with a modi�ed top-downgreedysplit algo-
rithm (TGS)for TPR-tree. HBU useshistogramsto re�ne
treestructuresfor differentdistributions.Empirical studies
showthatHBU outperformsbothTPRandTGSfor all kinds
of non-uniformdatasets,is relatively stableover varying
degreeof skewnessandbetterfor large datasetsand large
querywindows.

1. Intr oduction

With the rapid developmentof wireless technologies,
moving object applications(e.g. mobile computing,traf-
�c monitoring,digital battle�elds, etc.)havebecomemore
realisticandattractive. Managingthe informationof con-
tinuousmovementsby objectsbecomesa new challenge
in databaseresearch[28]. Key researchissuesin mov-
ing object databasesinclude: modelling moving objects
[8], ef�cient datamanagement[21, 22], andimproving ap-
plication performanceby using ef�cient index structures
[2, 11, 20, 25, 10, 15, 30]. In this paperwe focus on in-
dexing of moving objects.

Performanceof index structureis critical for moving ob-
ject databases.Bulk loading of an index structureplays
an important role in improving index performance.Bulk
loadingalgorithmscanberoughlyclassi�ed into threecat-
egories [27]: sort-based,buffer-based,and sample-based
methods.Sort-basedmethodsincludemany bulk loadingal-
gorithmsfor R-treesuchas [17, 9, 12, 6]. The �rst bulk
loadingalgorithmfor R-treewasintroducedin [17]. [9] pro-
poseda bulk loadingalgorithmbasedon Hilbert Sort. [12]
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introducedtheSTR(Sort-Tile-Recursive)algorithm,which
is basedonsortingandpartitioningoneachdimension.The
latter two algorithmsusethebottom-uptechniqueto build
the trees:startingfrom the leaf level, andthenproceeding
upward until the root is produced.On the otherhand,[6]
developeda greedytop-down algorithmthatbuilds thetree
from top to bottom.Thesealgorithmsmentionedabove fo-
cus on improving the query performanceof the tree.The
buffer basedbulk loading algorithm of [1] and sample-
basedbulk loadingalgorithmsof [5, 27] focuson improv-
ing thebulk loadingtime.

Among existing index structuresfor moving objects,
TPR-tree(Time ParameterizedR-tree) [20] is a practical
solutionfor predictive queries.However, the bulk loading
algorithmdescribedin [20] is basedon a relatively strong
uniform distribution assumption.This assumptionprevents
the algorithmfrom accommodatingnon-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 objectsareverydifferentand
notuniform.TheTPR-tree'sbulk loadingalgorithm,though
capableof loadinga treewith non-uniformdata,canbefur-
ther improved in dealingwith situationsuchasthe digital
battle�eld application.In thispaper, wepresentahistogram
basedbottomup(HBU) bulk loadingalgorithmto dealwith
non-uniformdatasetsandcompareit with theoriginalTPR-
treebulk loadingalgorithmandamodi�ed top-downgreedy
split (TGS)bulk loadingalgorithm.Empiricalstudiesshow
thatHBU outperformstheothertwo algorithmsfor all kinds
of non-uniformdatasets.Moreover, HBU is lesssensitiveto
differentdistribution than the other two algorithms.Inter-
estingly, whenthe datasizeandthe skewnessincrease,so
doestheimprovementby HBU.

Theremainderof thepaperis organizedasfollows.Sec-
tion2 reviewsTPR-treeanddiscussesin somedetailits bulk
loadingproblem.Section3 presentsa modi�ed TGSalgo-
rithm for TPR-tree.Section4 describesa new histogram



basedbottomup algorithmfor TPR-tree.Section5 reports
the performanceevaluations.Section6 concludesthis pa-
per.

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

Moving objectdatabaseshave receivedmuchinterestin
thedatabaseresearchcommunityrecentlydueto theirwide
rangeof applications.An immediateissueis to represent
theinformationaboutobjectlocationchangeswhichcanbe
queriedabout[13, 29]. A prevailing approachis to uselin-
earfunctionsof time to representmoving objects'trajecto-
ries[29]. In thiscase,queryevaluationcanbedonethrough
solvinglinearconstraints.

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

Existing index structuresfor trajectoriescanberoughly
dividedinto two categories:onefocusingoncurrentandan-
ticipatedfuture locationsof moving objects[20, 25, 15],
and the other on historical trajectoriesof moving objects
[2, 11, 30]. We call the former location-basedindex struc-
turesandthelattertrajectory-basedones.

In general,index performancefor moving objectsis af-
fectedby threefactors:theinitial treestructure,updates,and
movements.While theimpactof the�rst two factorsisobvi-
ous,the impactof movementsis uniqueto moving objects
andnew. For example,a boundingrectanglemay expand
when points inside it move, and this happenseven with-
out any explicit updateoperations.Clearly, performanceof
queryevaluationmay deteriorateover time. To overcome
this problem, bulk loading and reshapingare two major
techniques.In TPR-tree,reshapingis donethroughupdates
[20] which occur when objectschangetheir movements
(moving directionand/orspeed).Fortunately, high update
frequency in moving object databasesprovides many op-
portunitiesto restructurethetreeto make it moreef�cient.
However initial treestructureremainsan importantfactor.
In this paperwe studybulk loadingof index structuresfor
moving objects.In particular, we focuson location-based
index structures.We notethat most trajectory-basedindex
structuresarebasedon R-treefamily, whosebulk-loading
hasbeenrelatively betterunderstood[17, 9, 12, 6].

For location-basedindex structures,[25] indexesmov-
ing pointsas lines in �����
	�� -dimensionalspace,where �

is thenumberof physicaldimensions.But thetreeneedsto
berebuilt periodically[20]. [15] mapstrajectoriesto points
usinga dual spacetransformation.Queriesarealso trans-
formedto thenew spaceandevaluated.Themajordrawback
is that thedualspacetransformationcannotbeextendedto
moving pointsin two or morephysical(excludingtime)di-

mensions.[16] proposestheSTAR-treefor moving objects.
STAR-treegroupsmoving pointsaccordingto their current
locations.So someboundingrectanglesmay expandvery
fast.To overcomethisproblem,somespecialeventsshould
bescheduledto regroupthepoints.STAR-treeis mostsuit-
able for workloadswith infrequentupdates.Our studyon
bulk loading is basedon TPR-treedevelopedby Saltenis
and Jensen[20]. ParametricR-tree [4] is basedon simi-
lar ideasof TPR-tree.Themaindifferenceis thatParamet-
ric R-treeindexespasttrajectoriesof moving objectsand
TPR-treefocuseson currentand future locationsof mov-
ing objects.SaltenisandJensenalsointroduceda TPR-tree
similar index — R
���� -tree[18] — to handlemoving ob-
jectswith expirationtime.A recentpaperproposesaquery-
parameterizedcostmodelandnew insertion/deletionstrate-
gieswhichareusedto improveTPR-treeperformance[24].
Theresultsreportedin this papercanbeappliedto thenew
versionto achievefurtherimprovements.

TPR-treeis anextensionof R� -tree[3] for movingpoints
by allowing the boundingrectanglesto expandwith time.
In this model,a moving point's location is given asa lin-
earfunctionof time,andsoaretheboundariesof bounding
rectangles.Speci�cally, the velocitiesof theboundariesof
a boundingrectanglearedeterminedby themaximumand
minimumvelocitiesof theenclosedmoving pointsor other
expandingrectangles.

The bulk loading algorithm of TPR-treedevelopedin
[19], denotedas TPR in the remainderof the paper, at-
temptsto minimize the areaaggregationsfor someinitial
periodof time of lengthhorizon(a parameterof TPR-tree).
The TPR algorithmassumesuniform datadistributions in
both points' initial locationsand velocities.Thus,a � di-
mensionalmoving point is representedasa point in the ���

dimensionalspace:� locationdimensionsand � velocitydi-
mensions.Sopackingmoving pointsinto treenodesmeans
to partition ��� dimensionalspace.

Figure1 illustratesthelocationandvelocitydimensions
for 1 dimensionalmoving points.Part (a) partitionsloca-
tion andvelocity dimensionsevenly, while Part (b) divides
slabsonly on locationdimensions.In bothapproaches,the
entirespaceis partitionedinto 9 rectangles,andeachrect-
angleis correspondingto onenodein the tree,but the im-
pactsof differentpartitionsaredifferent.Sincethis is one
dimensionalmoving points,at eachtime instant,eachnode
in a treehasa boundinginterval alongthe locationdimen-
sion.Theinitial extentof nodesin (b) is smallerthanthatin
(a), but it increasesfasterthan(a). It is easyto seethataf-
tersometimetheextentsof nodesin (b)will becomegreater
thanthatof (a).

Onekey assumptionin the TPR algorithmis that loca-
tion and velocity distributionsare all uniform. While this
assumptionsimpli�es theanalysisandthebulk loadingpro-
cess,realdatasetsarenotalwaysuniform.For skeweddata,
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Figure 1. Examples of par titioning the
location and velocity space

the query performanceof TPR-treebuilt using the TPR
bulk-loadingalgorithmdeterioratesrapidly. Figure2 com-
paresthe queryperformanceof TPR-tree(in termsof I/O
accesses)for uniform and skewed datasets.Both datasets
contain1 million two dimensionalmoving points.Pagesize
is 1K bytes.Buffer sizeis 1,000pagesandLRU buffer man-
agementpolicy is applied.For the uniform dataset,all di-
mensionsareuniform; for theskeweddataset,two location
dimensionsareuniform, andonly two velocity dimensions
areskewed.Figure2 illustratestheevolutionsof bothtree's
performancesover time. It is clear that thereis a signi�-
cantgapbetweenuniformandskeweddata.Theaimof this
paperis to improve the bulk loadingprocessfor casesof
skeweddatasetsin orderto obtainmoreef�cient TPR-trees.

3. A Top-down GreedySplit Algorithm

In this sectionwe will presenta top-down greedyal-
gorithm for TPR-tree.Our algorithmis modi�ed from the
TGS algorithm[6] for R-tree,which tries to 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 brie�y review the original TGS algorithm [6]
andthendiscussour modi�cations for TPR-tree.The core
of theTGSalgorithmis to constructtreenodesin the top-
down manner. Let � be thefan-outfactorand �������

� be
theexpectednumberof objectsin a subtreeof height � . As-
sumethatwehaveasetof � objectswhichbelongto asub-
treeof height ����	 , where ���! ��#"$�%�'&)( . TGSrepeat-
edlyexecutesasplit operationuntil wehaveall subsetswith
size �

� exceptfor onewhichhassize "*�
� . For eachsplit

operationonasubsetof +,"-� objects,TGSexamines,for
eachvalueof . where 	/"0.*"21)3

46587 , a partition with a
cut orthogonalto anaxis into two subsetsof size .9�

� and
+;:<.=�>� that minizesthe sumof costsof the two result-
ing sets.TGSchoosesthethepartitionwith theleastcost.
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Figure 2. TPR-tree' s quer y perf ormance on
unif orm and skewed datasets

TPR-treeis different from R-treein the following two
ways. First, In R-tree,all the objectsare static, while in
TPR-tree,all theobjectsaremoving,andtheboundingrect-
anglesareexpanding.Sothecostfunctionto beminimized
for thesplit operationsis differentin thecasefor TPR-tree.
Second,TPR-treehasvelocitydimensionsin additionto lo-
cationdimensions.

To modify TGSfor TPR-tree,we madetwo majormod-
i�cations. Oneis to addvelocity dimensions.So for � di-
mensionaldatasets,astheanalysisin TPR-tree,weactually
consider��� dimensions— � locationdimensionsand � ve-
locity dimensions.Theotheris anew costmodelthatis dis-
cussedbelow.

Similar to the bulk loadingalgorithmTPR in [20], we
want to minimize the integral of thecostfunction (e.g.ar-
easof the boundingrectangles)over ? @BADCD@EAF�HG�I , where @EA

is the loadingtime and G is thehorizonparameterof TPR-
tree.More precisely, if thetwo resultingsetsare J

( , J�K and
L

JNMPO��QJNCD@D� denotesareaof asetof moving objectsJ at time
@ . Without lossof generality, we let @

A
�SR . Thecostfunc-

tion for TPR-treeusedin ouralgorithmis thefollowing for-
mula:
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Figure 3 shows the basic split step of TGS for TPR-
tree.This steptakesa setof moving objectsasinput, goes
througheachcandidateorthogonalsplit, andthenchooses
thebestoneaccordingto thecostfunction.Thetwo result-
ing new setsarereturnedastheoutput.Lines2 and7 of the
algorithm re�ect the two changesfor TPR-treediscussed
above,respectively.

Fig. 4 shows a one-dimensionalexample for the al-
gorithm above. In this example, G]�^	�R=C_� �`� . So
lines A, B, C, D represents4 possibleorthogonalsplits.
In caseA, JN(a�bOcCed�CDJ

K
�0fNC_�9C_M[Ce� .

L

JPMPO��QJN(gCD@D�h�i	�Rj�



Algor ithm BasicSplitStep(n, M , F, N)

Input: n – number of objects in the input node; 
M – maximum number of objects per subtree; 

F – the cost function in the form of F(r1, r2); 

S – input set.
Output: S1, S2 – 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.                For i from 1 to � n/M� - 1

5.                        Let B0 � MBR of first i´ M objects
6. Let B1 � MBR of the other objects

7.*  Remember i and the dimension d

for minimal F(B0, B1)
8. Order the input set and split them into S1, S2

according to the final i and d

Figure 3. The algorithm of the basic split step
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4. HBU: A Histogram-basedBottom-Up
Algorithm

The TGS algorithm presentedin the previous section
minimizesthecostfunction(e.g.,thetotalareaor areainte-
gral)ateverysplit step.Suchastrategy resultsin bettertrees
in many casessincesomepropertiesof the datasetarere-
�ected in thetopdown process.However, in othercaseses-
pecially whenthe dataareseverely skewed, the top-down
split processis incapableof adaptingto the skewed dis-
tributions.In orderto generatebettertreesin skewed data
cases,we introducea histogram-basedbottom-up(HBU)
bulk loadingalgorithmin thissection.Duringthebulk load-
ing process,this algorithmdoesglobaloptimizationby de-
ciding the numberof slabson eachdimensionaccording
to thedistribution information.In thenext section,we will
show thatHBU outperformsbothTPRandTGSalgorithms.

The algorithmHBU usesthe samecostmodelasTPR,
thatis, aimingatminimizing theareaintegralsof all result-
ing time-parameterizedboundingrectanglesacrosstime in-
terval ? R=CeG�I , where G is thehorizonparameterof TPR-tree.
With the help of histograms,HBU doesnot needto make
any distribution assumptions,suchastheuniform assump-
tion for theTPRalgorithm.To compensatefor skeweddata,
HBU calculatestheexpectedextentsof theresultingbound-
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Figure 4. An example for split algorithm
( G}�$	�R=C_�~�•� )

ing rectanglesfor eachcandidatepartition,andthendecides
thenumberof slabsoneachdimensionaccordingto thecost
calculatedfrom theextents.

HBU builds the tree in the bottom-upfashion.It con-
structsthe leaf level �rst, thentakesthe leaf level nodesas
input to producethe last secondlevel. This processis re-
peateduntil the root is produced.For all levels, the con-
structionproceduresaresimilar andconsistof the follow-
ing two steps:(1) thenumberof slabson each(locationor
velocity) dimensionis determinedbasedon thehistograms
andnumberof expectedresultingrectanglesof this level,
and(2) input objectsarepacked into rectanglesaccording
to thesenumbers.

4.1. Histograms

Histogramsarewidely usedto describedistributionsof
datasets[7, 23]. The useof histogramsavoids the needof
making explicit assumptionson datadistributions for the
bulk loading process.In our algorithm, a histogramcan
describethe distribution of a location dimensionor a ve-
locity dimension.In general,for a � physicaldimensional
dataset(i.e., pointsmoving in � dimensions),thereare ���

histogramsin total: � histogramsfor location dimensions
and � histogramsfor velocitydimensions.

A histogramfor alocationor velocitydimensionis com-
posedof anarrayof buckets.Eachbucket representsanin-
terval on the location or velocity dimension,respectively,
andrecordsthenumberof pointscoveredby theinterval. In
our algorithm,theintervalsof all bucketsin a �x eddimen-
sionareof thesamesize.Figure5(a)shows a datasetcon-
tainingtheinitial locationandvelocity of moving pointsin
onedimensionalspace.Figure5(b) is thehistogramof the
dataseton the locationdimension,and(c) is thehistogram
on thevelocity dimension.For this dataset,thedistribution
of the locationdimensionis uniform, while thatof theve-
locity dimensionis Gaussian.
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Figure 5. An example of histograms for one dimensional moving points

In the following discussion,we focuson the algorithm
for determiningthe numberof slabson eachdimension.
First thealgorithmfor onedimensionalmoving pointsis in-
troduced,thenit is extendedto two dimensions.

4.2. One dimensionalmoving points

A datasetfor onedimensionalmovingpointsactuallyhas
two dimensions— one for the initial locations,the other
for velocity. For this two dimensionalspace,packingthese
pointsinto treenodescorrespondsto partitioningthisspace
into boundingrectangles.If thenumberof rectanglesafter
partitioningis € , andwecancut • slabsonthelocationdi-
mension,and ‚ slabson thevelocity dimension,suchthat

€ƒ�„•W‚ holds.Thekey in partitioningis to determinethe
valuesof • and ‚ .

In our algorithm, the ratio between• and ‚ is deter-
minedaccordingto thehistograms.Thetreeis constructed
in the bottom up fashion.Let level 0 be the bottom level
(leaves).Ourcostmodelis de�ned asfollows.

f†…�‡†@W� ˆ

‰

3yŠ

(�‹

‰

Œ

Š

(

X
Y

Z

�U•yŽP? +}I•��•‘••? ��I’@D�D�g@ (1)

where G is the horizon parameterof TPR-tree, •!ŽP? I and
•‘•“? I arethe expectedslabsizes(calledextents) for the lo-
cationandvelocity dimensions,respectively. •!ŽP? I and •‘••? I

are computedfrom the respective histograms.Intuitively,
the formula calculatesthe sumof areaintegralsof all re-
sulting time parameterizedboundingrectanglesover time
interval ? R9C_G=I ,

Sincethenumberof slabson eachdimensionmustbea
whole number, the algorithmHBU tries all possiblecom-
binationsof • and ‚ where ‚b�”1U€a•g•

7 . More precisely,
for eachcombination,HBU computestheexpectedextents
of slabson eachdimensionwith the distribution informa-
tion from histograms.Basedon theseextentsinformation,

HBU usesEquation(1) to calculatethe cost for the given
• and ‚ combination.Then the combinationwith small-
estcostis chosenasthesolution.

Figure6 illustratesthecomputationof HBU. In this ex-
ample €–�
n9C_G—�˜	VR , sotherearethreecombinationsfor

• and ‚ : (a) •™�•n=Ce‚$�$	 , (b) •%����C_‚$��� , and(c) •%�

	gCe‚š�ln . The threecasesareshown in Figure6(a-c),re-
spectively. In case(a), •

Ž
?'	8I��$	VR=C_•

Ž
? �PI��•��R=C_•

Ž
? nNI��
	VR ,

and •
•

?'	8I��•n . Therefore,
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Similarly, we get f8…�‡V@D v�{	g	VR[R and f8…�‡V@D¡v�{	Vn“t�R . Clearly,
combination(a) hasthe leastcostandwill bechosen.This
exampleillustratestheaspectof thealgorithmin determin-
ing theoptimalcombinationfor • and ‚ andassumesthat
the valuesof •yŽ and •‘• arealreadycomputed.The algo-
rithm on theotherhandcomputesthe •vŽ and •‘• basedon
theprovidedhistograms.

Figure7 is the algorithmDetermineSVto determine•

and ‚ for one level of the tree. During the bulk loading
process,thealgorithmDetermineSVis calledoncefor each
level to determinethe • and ‚ values.Line 1 doesan ex-
haustive searchover the all possibleinteger combinations
of • and ‚ which satisfy ‚¢�;1U€a•�•

7 . For eachcandidate
combination,lines 2 and 3 usethe function CalculateEx-
tent() to determinethe expectedextentsfor resultingloca-
tion slabs( •

Ž ) andvelocity slabs( •
• ), respectively. Line 4

calculatesthecorrespondingcostaccordingto theexpected
extents.

Figure8 shows the algorithmof CalculateExtent.Line
1 calculatesthe expectednumberof pointsper slab. Lines
3 and4 areresponsibleto estimatethe extents— �rst the
pointsarecountedinto slabs.Whenever a slab is full, the
expectedextent of it is calculatedaccordingthe extent in-
formationof theinput histogram.
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Figure 6. An example of HBU for one dimensional moving points ( €,�*n9C_Gœ�$	VR )

Algor ithm DetermineSV(Hs , Hv , K)

Input: Hs ± the histogram for space dimension; 
Hv ± is the histogram for velocity dimension;    

K ± expected number of resulting bounding rectangles.

Output: S± number of slabs on space dimension;
V ± number of slabs on velocity dimension.

1. for any integer combination (S, V) satisfying do

2. Ls � CalculateExtent(S, Hs)
3. Lv � CalculateExtent(V, Hv)

// Calculate the sum of all area integrals of time 

//  parameterized rectangles
4.

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

��

�
��

�=
S
K

V

� � �
= =

+¬
S

m

V

n

h

vs dttnLmLcost
1 1 0

)][][(

Figure 7. The algorithm for deciding • and ‚

4.3. Two dimensionalmoving points

Now we turn to datasetsfor two dimensionalmoving
points.The algorithm for one-dimensionalmoving points
canbenaturallyextendedto higherdimensionby trying all
possiblecombinationsof slabnumberson differentdimen-
sionsexhaustively. But the time complexity will increase
exponentially. One idea for improvementis to �rst deter-
minetheproductof thelocationslabnumberandtheveloc-
ity slabnumberoneachphysicaldimensionof movements,
thenapplytheone-dimensionalgorithmoneachsuchphys-
ical dimension.More precisely, let •

( and •£K denotethe
numberof slabson �rst and secondlocation dimensions,
respectively, and ‚

( and ‚cK denotethenumberof slabson
�rst andsecondvelocity dimensions,respectively. We �rst
determinetheproducts•

(
‚

( and •£K�‚cK , andthencalculates
the exact valuesof •F(�C_‚�(PCe•

K
Ce‚

K by applying the onedi-
mensionalalgorithmon eachphysicaldimension.The fol-

Algor ithm CalculateExtent(NumOfSlabs, H)

Input: NumofSlabs ± number of slabs on this dimension; 
H ± the histogram of this dimension. 

Output: L ± the array of extents of resulting slabs.

1. ; j � 0
2. for i from 0 to NumOfSlabs do

3. starting from the j th bucket, 

count the H[ j] .num into the slab until 
their sum = NumPerSlabs

4. L[ i] .extent � sum of the H[ j] .extent

5. Adjust j to corresponding value for next
6. return L

� �NumOfSlabsNsNumPerSlab /¬

Figure 8. Calculating expected extents of the
resulting slabs

lowing analysisis basedon this idea.
Sincethedistribution is notuniform,our ideais to focus

on the “bulk” part of data.For eachdimension,if ¤ is the
meanvalueof thedataset,and ¥ is thestandarddeviation,
thenwefocuson thedatawithin theinterval ? ¤¦:§¥�CD¤h�—¥pI ,
which accountsfor roughly wgž•¨ of data in the Gaussian
distribution.In thefollowing analysis,webegin with theas-
sumptionthatthedatadistributioninsidethisinterval is uni-
form. (Note that theassumptionis droppedwhencalculat-
ing thenumberof slabsfor individualdimensionsusingthe
algorithmDetermineSV(Figure7).

First we focus on the two location dimensionsto �nd
the relationshipbetween•

( and •£K . The goal is to mini-
mize the total areaof all the rectangles.Let the total num-
berof rectanglesformedon the two locationdimensionbe

€
Ž . Then €

Ž
�H•

(
•©K . Sothesumof theareaof rectangles

•rªp+«› is ¬“¥
Ž_­ (

¥
Ž_­

K , where¥
Ž_­ ( and ¥

Že­
K arethestandardde-

viationsof the�rst andthesecondlocationdimensions,re-
spectively. Obviously •rªp+

› is unaffectedby the ratio be-



tween •�( and • K . We canthentry to minimize thesumof
perimetersof all rectangles•rªp+œ® .
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Settingthepartialderivativeof Equation(2) be0, we get
°
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Now we bring the two velocity dimensionsinto consid-
eration.Heretherectanglesaretime parameterized,in par-
ticular, they areexpandingover time. Sowe want to mini-
mizetheareaof thesetime parameterizedrectangles.Sup-
pose M

Ž_­ ( and M
Ž_­

K are the overall extentsof �rst andsec-
ond locationdimensions,M

•�­ ( and M
•�­

K the overall extents
of �rst andsecondvelocitydimensions,respectively. Let €

be the numberof resultingtime parameterizedrectangles.
Thenthesumof theareais
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Due to the uniform distribution, M
•�­ (

M
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K and M
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M
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are unchanged,so we only needto minimize �UM
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M
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M
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where €
• is the numberof slabson velocity dimensions.

FromEquations(5) and(6), weobtain
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By dividing MP•�­ ( with MP•�­ K , andthenreplacingMP•�­ ( , MP•�­ K ,
MNŽ_­ ( , and MNŽe­ K with Equations(5), (6), (7), and(8), weget
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This givesus the productof locationandvelocity slab
numbersoneachphysicaldimension.Basedonthis,weap-
ply theone-dimensionalalgorithmoneachdimensionto get

•�( , ‚p( , and • K , ‚ K , whichareusedto build thetree.

5. PerformanceEvaluation

In this sectionwe evaluatetheHBU algorithmby com-
paringit with the TPR algorithmof [20] andthemodi�ed
TGS(top-down greedysplit-based)algorithmpresentedin
Section3. Firstwedescribetheexperimentalsettingin par-
ticularthedatasetsandparametersfor theexperiments(Sec-
tion 5.1).WethengiveoverallcomparisonresultsthatHBU
outperformsbothTPRandTGSin all kindsof non-uniform
distribution(Section5.2).Experimentsalsoshow thatHBU
is lesssensitive to skeweddatathanTPRandTGS(Section
5.3). Finally, we studyscalability (Section5.4), impactof
querywindow size(Section5.5),andhorizonvalues(Sec-
tion 5.6) for thethreealgorithms.

5.1. Datasetsand parametersof experiments

We usea datageneratorsimilar to GSTD [26]. Since
datasetsgeneratedby GSTDcontainonly discretepositions
of moving objects,they cannotbeusedto createaTPR-tree
directly [14]. Sowe extract thedistribution functionsfrom
the GSTD packageand combinethem with currentTPR-
tree'sgeneratorto getdatasetswith differentdistributions.

We evaluatethe effect of the threebulk loading algo-
rithms usingthreecategoriesof syntheticdatasetsfor two
dimensionalmoving points with uniform, Gaussian,and
skewed distributionsof the initial locationsandvelocities,
respectively. In GSTD, standarddeviation is usedto con-
trol the skewnessfor Gaussiandistribution. Smallerstan-
darddeviation meansmoreskewness.Skewed distribution
is producedby a Zip�an distribution generatorborrowed
from GSTD.It is alsocontrolledby a parameterÂ . Greater

Â meansmoreskewness.
Moving points are generatedin a workspaceof 1,000

squarekilometers.The numberof moving points is ÃÄ�

	gC_RgRgR9C\R[RgR for most experiments.After bulk loading, a
workloadcomposedof bothqueriesandupdatesis executed
over the tree.For mostexperiments,we evaluatethe tree's
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Figure 9. Average search I/O ( Å!	VR[Æ ) for Gaussian (v2), skewed (v2), and unif orm datasets

performancefor the �rst 600time units (minutes)after the
bulk loading.A parametercalled UpdateInterval ( Ç³È ) is
usedto control the frequency of updates[19]. It represents
theapproximatetime interval betweentwo consecutiveup-
datesfor thesameobject.For mostexperimentsÇ¯Èm�•wgR[R ,
and the horizon parameterG of TPR-treeis set to Ç¯È�•�� .
We will give the reasonfor this G value in later experi-
ments.Themaximumspeedof moving pointsis 10km/min
(600km/h).

For all experiments,thedisk pagesizeis setto 1k bytes
so that treesconstructedcan have reasonablylarge size
without increasingthe sizesof datasets.This shortensthe
time neededto completethe experimentswithout sacri�c-
ing the quality of experimentalresults,since(1) the run-
ning time of experimentsdependson the datasetsize,and
(2) theexperimentalresults(i.e.,disk accesses)dependba-
sically on thesizeof the tree.So themaximumnumberof
entriesis 51 for leave nodesand28 for intermediatenodes.
Buffer sizeis 	[C\RgR[R pagesfor mostexperimentsandLRU
buffer managementpolicy is applied.

TPR-treesupportsthree typesof queries:time instant
range queries, time interval range queries,and moving
rangequeries.The �rst two categoriesarestraightforward.
A moving rangequeryis alsoa time interval query, but the
querywindow may change(e.g.,move, expand,or shrink)
over time. A parameterQWSis usedto describedthe size
(area)of querywindows in termsof a fraction of the total
workspace.For mostexperimentswe setQWS �¶	P¨ . The
compositionsof the threetypesof queriesare60%, 20%,
and 20%, the sameas the compositionusedin [20]. For
time interval queries(the latter two types),the querytime
interval (QTI) is randomlypickedfrom ? R=Ce��R�I . For time in-
stant/interval rangequeries,query windows are randomly
scatteredovertheworkspace;for moving rangequeries,the
centersof querywindows arealwayssomemoving points

in thetree.

5.2. Overall comparisons

In our �rst experiment,we comparethethreebulk load-
ing algorithmsover all threecategoriesof datasets.In par-
ticular, for non-uniform(i.e.,Gaussianandskewed)datasets
weexploredall possiblecombinationsof non-uniformityon
theinitial locationandvelocitydimensions.We usetheno-
tation“s � vÉ ” ( Rh"#�eCÊÉ¦"*� ) to denote� locationdimensions
and É velocitydimensionsarenon-uniform,while otherdi-
mensionsareuniform. When �Ë�ÌR (ÉÍ�ÌR ), we drop “s � ”
(respectively “v É ”) in thenotation;when �r�-Éh�$	 , weuse
asuf�x “s” to meanthenon-uniformdimensionsaretheini-
tial locationsandvelocity of thesamephysicaldimension,
and“d” to meanthat they belongto different physicaldi-
mensions.For bothGaussianandskeweddistributions,we
consideredall possiblecombinations(Figure10).

Figure9(a)and(b) comparethethreebulk loadingalgo-
rithmsfor non-uniformdatasetsof type“v2” with Gaussian
(a) andskewed (b) distributions.The overall performance
of HBU is always better than that of TPR and TGS. We
notethat for theGaussiandistributions,thedifferencesare
initially large andbecomesmalleras the time progresses,
while for theskewedcase,differencesstayrelativelysteady.
This is becauseTPRandTGSpartitiontoomuchon thelo-
cationdimensionsin theGaussiandistributioncase.Sothey
performat thebeginningmuchworsethanHBU. However,
the expandingspeedsof the boundingrectanglesare rel-
atively small, so after a while their performancesbecome
similar to HBU. Figure9(c) comparesthethreealgorithms
for the uniform dataset.In this experimentTGS performs
a little worsethan TPR. This is easyto understandsince
TPR'sanalysisis basedonuniformdistributionassumption.
But surprisinglyHBU performseven betterthanTPR for
theuniform case.This may indicatethatHBU's histogram



GaussianDistribution
type TPR TGS TGS/TPR HBU HBU/TPR

s1 2.10 2.15 102.4% 1.87 89.0%
v1 1.80 1.98 110.0% 1.78 98.9%
s2 2.15 2.23 103.7% 1.87 87.0%
v2 2.43 2.10 86.4% 1.68 69.1%

s1v1s 1.97 1.94 98.5% 1.61 81.7%
s1v1d 2.24 2.00 89.3% 1.72 76.8%
s1v2 2.31 2.16 93.5% 1.82 78.8%
s2v1 2.09 2.12 101.4% 1.90 90.9%
s2v2 2.13 1.85 86.9% 1.68 78.9%

SkewedDistribution
type TPR TGS TGS/TPR HBU HBU/TPR

s1 1.86 1.77 95.2% 1.61 86.6%
v1 2.27 2.01 88.5% 1.66 73.1%
s2 2.11 2.16 102.4% 1.92 91.0%
v2 2.18 1.76 80.7% 1.64 75.2%

s1v1s 1.86 3.23 173.7% 1.72 92.5%
s1v1d 1.96 1.78 90.8% 1.66 84.7%
s1v2 1.71 1.50 87.7% 1.48 86.5%
s2v1 2.12 2.19 103.3% 2.11 99.5%
s2v2 3.53 3.38 95.8% 3.19 90.4%

Figure 10. Average search I/O ( Å!	�R[Æ ) for Gaussian and skewed datasets

basedestimationof therealqueryperformance(i.e.,cost)is
slightly moreaccuratethanTPR'scostmodel.

We alsoexamineddifferentscenariosof non-uniformity
with Gaussianandskewed datasets.The “TGS/TPR” and
“HBU/TPR” columnsin Figure10 show theratiosof TGS
andHBU over TPR, respectively. A ratio lessthan100%
meansTGSor HBU performsbetterthanTPR.

Fromthetablesin Figure10,we canseethatHBU out-
performsconsistentlyboth TPR and TGS on all datasets
with all differentcombinationsof non-uniformitieshaving
Gaussiandistributionandskeweddistribution,respectively.
Theimprovementis ashigh asup to 30%.Theaverageim-
provementgainedfor Gaussiandatasetsis higherthanthat
for skeweddatasets.This maybeexplainedby two factors:
(1) someof our analysisis basedon Gaussiandistribution,
and(2) initial performancegainfor Gaussiandatasets(Fig-
ure9) is quitesigni�cant. Overall,TGSis alsoslightly bet-
terthanTPR,with thedifferenceof performanceis lessthan
thatbetweenHBU andTPR.It is easyto seethatHBU per-
formsbestamongthe three,thanksmainly to the distribu-
tion informationfrom histograms.

Oneconclusionfrom resultsin Figures9 and10 is that
HBU's performanceis relatively morestablefor different
distributionsthantheothertwo algorithms.This is not sur-
prisingsincethehistogramsallow HBU to re�ne treestruc-
turesto betteraccommodatevariationsin datadistributions,
andasa resultto yield betterperformance.

For theremainderof this section,we will focuson non-
uniformdistributiondatasets.Dueto thelimitation of space,
we only displaythe experimentresultsfor “v2” type (two
velocity dimensionsarenon-uniformandtwo locationdi-
mensionsareuniform).

5.3. Sensitivity to skewness

Figure11 shows how the degreeof non-uniformityaf-
fects the three algorithms. We use Î`� Ï±Ð\Ñ£ÒvÏ±Ó Ô

µ

as
the non-uniformity factor for Gaussiandistribution and Â

(skewnessfactor, introducedin Section5.1)for skeweddis-

tribution, where ÕÁÖN× , Õ¦Ø'Ù , and ¥ arethemaximumvalue,
minimum value and standarddeviation, respectively. The
higher Î and Â valuesare,themoreskewnessa datasetis.

Also, in the skewed distribution we make most points
movewith smallvelocitiesto preventthemfrom movingtoo
far. Sowhentheskewnessincreases,theexpandingspeeds
of boundingrectanglesbecomesmaller, which makescost
(disk I/Os)of queriesdecreases.

FromFigure11,we canseethatHBU outperformsboth
TPR andTGS for both Gaussianandskewed datasetsand
TGSperformsworsethanHBU, but still betterthanTPRes-
pecially whenthe non-uniformityfactorsarehigher. In all
cases,the I/O accessesof HBU arerelatively stablewhen
varyingskewnessdegrees.TPR on the otherhanddeterio-
ratesfor higherskewnesscasesThesecon�rms theability of
HBU andtheinability of TPRin adaptingto inputdatasets.
Not surprisingly, TGSalwaysbehavesin-betweenTPRand
HBU. For theGaussiancases,theI/O costof TPRandTGS
increasesfor higherskewnesswhich is expected.However,
similar phenomenado not occur for skewed datasets.We
suspectthat it may due to the high skewnessfor skewed
datasetmakesthedatasetsappearcloserto uniform for the
bulk part.All algorithmsperformbetterfor whendatasets
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aremoreuniform(Figures9 and10).

5.4. Scalability

Wealsoexaminethesituationswhenthedatasetsizesin-
crease.Figure 12 displaysthe averageI/O operationsper
query for the threealgorithmswhen the numberof mov-
ing pointsvariesfrom 200,000to 1 million. In this exper-
iment, we setbuffer size to 0 to prevent smallerdatasize
from gainingmorebene�tsfrom buffer. We canseethatfor
all differentsizesof datasets,HBU outperformsTGS and
TPR.But for smallersize,theimprovementby HBU is rel-
atively small.This is expectedbecausewhennumberof the
movingpointsis small,thenumberof slicesto divideis also
small,which reducestheadvantagesof usinghistograms.

5.5. Impact of query window size

Figure13 exploresthe impactof thequerywindow size
ondifferentbulk loadingalgorithms.Thecharton left hand
sideis for Gaussiandatasetsandthechartonright handside
is for skeweddatasets.Whenthesizeof thequerywindow
is small,sois thedifferenceof thesethreealgorithms.When
thesizeincreases,sodoesthe improvementby HBU. This
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can be explainedagainby the intuition that larger query
windows have moreopportunitiesto intersectwith bound-
ing rectangles.

5.6. Determining horizon values

In our last setof experiment,we tried to determinethe
best G (horizon parameter)value for the TPR-tree.[19]
pointsout thatthebestvaluesof G arebetweenUI •g�‘� QTI
and UI � QTI for their experiments,whereUI is the up-
dateinterval andQTI is thequerytime interval. In our ex-
periment,we investigatedthebest G valuefor non-uniform
datasets.Figure14 shows thatour experimentresultscom-
ply with the observation madein [19]. Indeed,all algo-
rithms prefer G valuebetween? UI •g��C UI I . More precisely,
when G-� UI •�� , they get the bestperformance.So in the
experimentsabove, we use G
�–Ç³È••g� . Another interest-
ing phenomenonweobserveis thatHBU is lesssensitive to
differenthorizonvalues.

6. Conclusions

Motivatedby emerging challengesfor indexing moving
objectdatabases,andthe importanceof bulk loadingstrat-
egy for index structures,this paperproposeda histogram-
basedbottomup (HBU) bulk loadingalgorithmfor TPR-
tree, a practical index structurefor predictive queriesof
moving objects. HBU can easily accommodatedatasets
with differentdistributions.By usinghistograms,this algo-
rithm re�nes the treestructureto adaptto differentdistri-
butions.We alsopresenta modi�ed TGS bulk loadingal-
gorithm for TPR-tree.Empirical studiesdemonstratethat
HBU outperformsboth TGS andTPR bulk loading algo-
rithms in termsof queryI/Os for all kinds of non-uniform
datasetsand is scalable.Futurework includesgeneraliza-
tion of this histogrambasedalgorithmto otherR-treevari-
ants and maintaininghistogramsfor tree reshapingafter
bulk loading.
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