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Abstract — Nowadaydarge volumesof datawith high di-
mensionalityare beinggeneratedin manyfields. Most ex-
isting indexing techniquesdegrade rapidly when dimen-
sionality goeshigher ClusterTeeis a new indexing ap-
proach representinglustess geneiatedby anyexistingclus-
tering approacdh. It is a hierarchy of clustes and subclus-
ters which incorporatesthe clusterrepresentationinto the
index structue to achieve effectiveand efficient retrieval.
Theauthors proposea new ClusterTee™ indexingstructuie
which hasnew featuesfromthetimeperspective Each new
dataitemis addedto the Clusterteewith thetimeinforma-
tion which canbe usedlater in the dataupdateprocessfor
the acquisitionof the new clusterstructuie. Thisapproacd
guaranteesthat the ClusterTeeis alwaysin the mostup-
datedstatuswhich can further promotethe efficiencyand
effectivenes®f datainsertion,queryand update Thisap-
proach is highly adaptiveto anykind of clustes.

Keywords: time indexing, ClusterTee, high-dimensional
datasetstime-relatedquery, time-relatecdeletion

1 Intr oduction

Recentlylarge volumesof datawith high dimensional-
ity arebeinggeneratedn mary fields. Many approaches
have been proposedto index high-dimensionaldatasets
for efficient querying. Although most of them can effi-
ciently supporinearesheighborsearctor low dimensional
datasetsthey degraderapidly when dimensionalitygoes
higher Also the dynamicinsertionof new datacancause
original structuresno longerhandlethe dataseefficiently
sinceit may greatlyincreasethe amountof dataaccessed
for aquery Amongthoseapproacheshe ClusterTee[1]
is the first work towardsbuilding efficient index structure
from clusteringfor high-dimensionatlatasetsClusterings
ananalysigechniquéor discoveringinterestingdatadistri-
butionsandpatternsin the underlyingdataset.Givena set
of n datapointsin a d-dimensionakpacea clusteringap-
proachassignghe datapointsto k& groups(k << n) based
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on the calculationof the degreeof similarity betweendata
points suchthat the datapoints within a group are more
similarto eachotherthanthedatapointsin differentgroups.
Eachgroupis acluster TheClusterTeeapproactbuildsan
index stuctureon theclusterstructurego facilitateefficient
queries.

Nowadaysa large proportionof the datasets time re-
lated, andthe existenceof the obsoletedatain the dataset
may seriouslydegradethe datasetprocessing. However,
few approachesare proposedto implement the main-
tainanceof thewhole dataseto getrid of the obseletedata
andkeepthe datasetlwaysin the mostupdatedstatusfor
the corvenienceand effectivenessf dataseiprocosssuch
asqueryandinsertion.

In this paper we proposea newn ClusterTeet indexing
structurewhich hasnew featurefrom thetime perspectie.
Eachnew dataitem is addedto the ClusterTeet with the
time information which can be usedlater in the dataup-
dateprocesdor theacquisitionof thenew clusterstructure.
Thisapproaclyuaranteethatthe ClusterTee’ is alwaysin
the mostupdatedstatuswhich canfurther promotethe effi-
cieng andeffectivenes®f datainsertion,queryandupdate.
Our approacthis highly adaptve to ary kind of clusters.

The restof the paperis organizedasfollows. Section2
summarieghe relatedwork on index structuredesignin-
cludingthe ClusterTee. Section3 introducesour modified
ClusterTee approach- ClusterTeet. Section4 presents
theprocessingf ClusterTeet. Section5 givestheconclu-
sion.

2 RelatedWork

Existingmultidimensionatree-like indexing approaches
can be further classifiedinto two categories: spaceparti-
tioning anddatapartitioning.

A data partitioning approachpatrtitions a datasetand
builds a hierarchy consistingof boundingregions. The
boundingregionsat higherlevelscontainthelower regions
andtheboundingregionsatthebottomlevel containtheac-
tual datapoints. Popularlyusedindex structuresncludeR-
Tree,R*-tree,SS-Tree,SSH-Treeand SR-Tree. An R-tree



[2] is aheight-balancetteewith index recordsn its nodes.
Therearetwo kinds of nodes:internalandleaf nodes.All
the nodeshave minimum boundingrectangleSYMBR) as
pageregion. R-treeis usedto storerectangularregions
of animageor a map. R-treesare very usefulin storing
very large amountsof dataon disk. One disadwantageof
R-treesis that the boundingboxes (rectanglesyssociated
with differentnodesmay overlap. The R*-tree[3] is anR-
treevariantwhich incorporates combinedoptimizationof
area,mamin andoverlapof eachenclosingrectanglen the
treenodes. It reducegshe overlappingbetweenthe MBRs
of neighboringnodesyeduceghevolumeof theMBRsand
improvesthe storageutilization.

In contrasto theR-Tree,SS-Tree[4] useshyperspheres
asregion units. Eachhyperspherds representetdy a cen-
troid point, anda radiuslarge enoughto containall of the
underlyingdatapoints. Querieson the SS-Tree are very
efficient becausedt only needsto calculatesimilarity be-
tweena region andthe query point. The SSt-Tree[5] is
avariantof the SS-Treewith a modifiedsplitting heuristic
to optimizetheboundingshapefor eachnode.SR-Tree[6]
is anindex structurewhich combineghe boundingspheres
andrectangledor the shape®f noderegionsto reducethe
blankarea.Theregionfor anodein it is representedly the
intersectionof a boundingsphereandrectanglesothatthe
overlappingareabetweentwo sibling nodesis reduced.It
takesthe advantage®f both rectanglesandspheres How-
ever, the storagerequiredfor the SR-Treeis largerthanthe
SS-Treebecaus¢henodesn the SR-Treeneedto storethe
boundingrectanglesandboundingspheres Consequently
the SR-Tree requiresmore CPU time and more disk ac-
cesseshanthe SS-Treefor insertions.

Spacepartitioning approachesecursvely divide a data
spaceinto disjoint subspacesK-D-B Tree and Pyramid-
Tree are this type. The K-D-B Tree [7] partitions a d-
dimensionadataspaceinto disjoint subspaceby (d — 1)-
dimensionahyperplaneswhich arealternatelyperpendic-
ular to oneof the dimensionaxes. Dueto the disjointness
amongits nodesat the samelevel, the K-D-B Treehasthe
adwantagethat the searchpathfor queryinga datapointis
unigue. The Pyramid-Tee[8]'s mainideais to divide the
dataspacefirst into 2d pyramids,eachsharingthe center
pointasits peak(thetip point of a pyramid). Eachpyramid
is thenslicedinto slicesparallelto the baseof the pyramid,
and eachslice forms a datapage. The rangequery under
this index structurecan be efficiently processedor both
low- and high-dimensionadatasets. However, the parti-
tioning of the Pyramid-Tree can not ensurethat the data
pointsin onedatapagearealwaysneighbors.

Among those approachesthe ClusterTee is the first
work towardsbuilding efficientindex structuredrom clus-
tering for high-dimensionatatasets.The ClusterTeehas
the advantageof supportingefficient dataqueryfor high-
dimensionablatasetsA ClusterTeeis ahierarchicakepre-

sentationof the clustersof a dataset.It organizeshe data
basedntheir clusterinformationfrom coarsdevel to fine,
providing anefficientindex structureon the dataaccording
to clustering. Like mary otherstructuresijt hastwo kinds
of nodes:internalandleaf nodes. The internal nodesin-
clude pointersto subculstersf this cluster the bounding
spherefor the subclusterandthe numberof datapointsin
the subclustersTheleaf nodescontainpointersto the data
points. For eachcluster the ClusterTeecalculateghe fol-
lowing parametersthe numberof datapoints,the centroid
¢, andthevolumeof theminimumboundingsphereS. The

centroide = (¢, cs, - - -, ¢q) canbecalculatedoy:
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whereN is thenumberof thedatapointsin the clusterand
oj, is thei-th value of datapoint o; in the cluster Thus,
eachclusteris representedby a hypersphereS. Sothere
maybesomeemptyregionswhich containno data,andtwo
boundinghyperspheresf two differentclusteramayover
lap. We candefinethe densityof the clusteras:
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ThegammafunctionI'(z) is definedas:
D(z) = / t*le~tdt, (3)
0

whereT'(z + 1) = zT'(z) andT'(1) = 1. Whentheden-
sity of a clusterfalls belowv a pre-selectedhresholdor the
numberof the datapointsin the clusteris largerthanapre-
selectedhresholdtheclusterwill bedecomposeahto sev-
eralsmallerclusterg(subclusters).

3 ClusterTree" and its Construction

Nowadaysa large proportionof a datasetmay be time
related andthe existenceof the obsoletedatain the dataset
mayseriouslydegradethedataseprocessingHoweverfew
approachesareproposedo implementthe maintainancef
the whole dataseto getrid of the obseletedataandkeep
the datasetiwaysin the mostupdatedstatusfor the corve-
nienceand effectivenessof datasefprocosssuchas query
and insertion. Although ClusterTee can efficiently han-
dle the processingf datasetsvith high dimensionality it
doesnt considerthedynamicdataupdateissue.

Here we presenta modified version of ClusterTee:
ClusterTeet, which is basedon the designof the Clus-
terTreeandenhancdts capabilityof handlingdynamicdata
insertionsgueriesanddeletions.
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Figurel: An exampleof ClusterTtee’.

Therecanbe several differentwaysto associatéhetime
information with the original ClusterTee structure. The
typical threeapproacheareasfollows:

¢ Directly addtime informationinto the Clusterfeeas

anotherdimension.

e Useasimplequeueto procesghetimeissue.

e Useanindividual B* tree-similarstructureto handle

thetime information.

The advantageof the first approachis thatit simplifies
theimplementation We canslightly adjustthe original al-
gorithmto supportthe querieswhich mayincludethetime
informationand deletionsbasedon the time periodwhich
is specifiedby users.Thedisadwantagas thatif we directly
take time informationasan extra dimensionof the dataset,
the clusteringresultswill significantly change. Two data
points which are very closeto eachotherin the original
spacemay not even exist in the sameclusterafter adding
thetime dimensionsincethetimesthedataareinsertednto
theindexing structuremaybequitedistantto eachother So
it will dramaticallydegradethe resultof the querieswhich
aresimply basedon the dataitself without consideringhe
timeissue.

Theideaof usingasimplequeueo procesghetimeissue
is straightforvard. But asa linear structure the efficiency
is themajorproblem.

Usinganindividual Bt tree[9]-similar structureto han-
dle the time information can support both time-related
gueriesand time-irrelevant queries. For time-irrelevant
guerieswe canusealgorithmssimilar to thoseof the origi-
nal ClusterTee.As for time-relatedjueriesncludingrange
gueriesand p-Nearese\eighborsqueries,we canusethe
intersectionof the searchingesultof both modified Clus-
terTree structureand BT tree-similarstructureto get the
final result. Thisapproactcanalsoefficiently supportuser
specifiedoeriodicdeletiongo getrid of theobsoletedatain
thedataset.

So we choosethe last kind of approachto setup the
ClusterTeet indexing structureas our solution to solve
the dataupdateproblemof high dimensionaldatasetsThe
ClusterTeet hastwo separatstructurespneis amodified
ClusterTeestructure- ClusterTee", theotheris amodified
Bt tree— B! tree.

The ClusterTee* is a hierarchicalrepresentatiof the
clustersof adatasetlt hastwo kindsof nodes:internaland
leaf nodes.Theinternalnodesaredefinedas:

Node : Node_id,, ot, nt, (Entry:, Entrys, - - -, Entry.)

(mnode <7< Mnode);

Entry; : (SC;,BS;, SN;),

whereNodeid is the nodeidentifier, - is the numberof the
entriesin the node,ot is the oldesttime whendataarein-



sertedinto that nodeor its descendants;t is the newest
time when dataare insertedinto that nodeor its descen-
dantsandm,,,q. andM,,.q. definethe minimumandmax-

imum numbersof entriesin the node. An entry is created
for eachsubclusteof the clusterfor whichthecurrentnon-

leaf noderepresents.In entry Entry;, SC; is a pointer
to the i-th subcluster BS; is the boundingspherefor the

subclusteand S N; is the numberof datapointsin thei-th

subcluster

Theleaf nodesaredefinedas:

Leaf : Leaf_id,~,ot,nt, (Entry., Entrys, - - -, Entry,)
(mleaf S Y S Mleaf);
Entryi : (ADR,,T,,LZ),

where~y is the numberof datapointscontainedn the leaf
node,andmieqy and M.,y arethe minimum and maxi-
mum numbersof entries. Entry; containsthe addresof
the datapoint residing at the secondarystorage(ADR;),
the time information when the datapoint is insertedinto
the structure(T;), andthelink to the time datapointin the
Bt tree(L;).
The B? treeindexeson the time datawhich corresponds

to thetimesthedatawereinsertednto thestructure It orig-
inatesfrom theB* treewith somemodificationsasfollows:

e Thereis no minimum numberrequiremenbf entries
in internalandleaf nodessothattherewill benocases
of underflav. This correspondso the natureof the B?
treethatthetime datain it will be batchlydeletedfor
theuserspecifieddeletionrequirement.

¢ In theleaf nodes,eachentry hasan extra field which

is alink to the datapoint it is associatedvith in the
ClusterTee'. In this casewe cantraversefrom the B?
treebackto the ClusterTee efficiently.

An exampleof the ClusterTeet structureis shavn in
Figurel. It shavsthatcurrentlythereare9 datawhich are
insertedattime 1, 2, 3,4, 5, 6, 7,9 and10. Theroot node
of the ClusterTee* hastwo entries. Thefirst entryalsohas
two entries. At thethird level, the first leaf nodehasthree
dataentrieswhich areinsertedattime 1, 3 and6. Thel;
fields of theseentriesof the leaf nodeare connectedwith
the leaf nodesof the B! treewhich is on the bottom-right
partof theFigurel.

3.1 Construction

The constructionof ClusterTeet includesthe construc-
tion of ClusterTee' andthe constructionof B? treein par
allel. Theconstructiorof the ClusterTee is similarto the
constructionof ClusterTeeexceptthat eachinternalnode
andleafnodeshouldsetthent (newesttime) andot (oldest
time) asthe currenttime. This is becausave don't know
theinsertiontimesof theoriginal datapointsin the dataset,
sowe haveto settheinsertiontimesof all the original data
pointsasthe currentone. Later whennew datapointsare

insertedinto the structure differenttimescanbe recorded
into the structure.Meanwhile,we createa leaf nodein Bt
treewhichincludesthe currenttime data.All L field of the
entriesin the leaf nodeof ClusterTee* shouldbe pointed
to thecreatedeaf nodein B? tree.

4 Processingof the ClusterTree’

There are three major processingof the ClusterTeet:
insertion,queryanddeletion.

4.1 Insertion

For a new comingdatapoint, we classifyit into one of
threecatagories:

e Cluster points are either the duplicatesof or very
closeto somedatapointsin a clusterwithin a given
threshold.

e Close-bypoints arethe datapointswhich areneigh-
bors to some points in the clusterswithin a given
threshold.

e Randonpoints arethedatapointswhich areeitherfar
away from all of the clustersandcannot be bounded
by any boundingsphereof the ClusterTee, or might
be includedin the boundingspheref the clustersat
eachlevel, but they do not have any neighboringclus-
ter pointswithin a giventhreshold.

Thus dependingon the type of the new coming data
point, we canapply the insertionalgorithmof ClusterTee
to recursiely insert data point to a certainleaf node of
CluseterTee® accompaniedby the insertiontime informa-
tion in the T(time) field of the new entryin thatleaf node,
while insertinga new entry which includesthe insertion
time info into the B tree. We thenpointthe L(link) field of
thenew entryin thecertainleaf nodein ClusterTee to the
new entryin theleaf nodeof B! tree,andpoint the L(link)
field of the new entryin the certainleaf nodein B! treeto
thenew entryin theleaf nodeof ClusterTeg'.

4.2 Query

Therearetwo kinds of queriespneis thetime-irrelevant
guerieswhich include the range queriesand P Nearest
Neighborqueries,andthe otheris the time-relatedqueries
which includecertaintime periodrequirement.For exam-
ple, someusersmay askfor the neighborgo a certaindata
point which are insertedinto the structurein almostthe
sametime astheinsertiontime of thatdatapoint.

We candependon the original ClusterTee queryalgo-
rithm to solve the formerkind of queries.As for thelatter
one,we cansolveit asfollows:

Algorithm: time-relatedqueries

Input: a datapoint, a time stamp;

Output: the set of data pointsin ClusterTee® which
satisfythe queryrequirement;

Algorithmsteps:



e find the set a of candidate data points in the
ClusterTee';

o at the sametime search the entry x in Bt treewhose
timedatais closesto the querytimestamp;

e find the set of the entriesin B! tree which are in a
certainthresholdin timedistanceto the entryx;

e find the set b of correspondingdata points in

ClusterTee* usingthel fieldin theentriesin B tree;
e gettheresultsetof datasetsby theintersectionof set
aandb.

4.3 Deletion

In mary systemghe obsoletedatashouldbe deletedpe-
riodically. Managersmaywantto deletethosedatawhich
areinsertednto the systema certaintime ago,or they want
to deletethosedatainsertedduring a certainperoid. Also
they can simply indicateto the datasystemto automati-
cally adjustitself. The ClusterTee" cansupportsuchuser
specifieddeletions.

Algorithm: time-relateddeletionl

Input: atime stampts;

Output: the new ClusterTeet which hasgot rid of the
obsoletedata (the data insertedbefore the specifiedtime
stamp);

Algorithmsteps:

e find the entry x in B! tree whosetime data is left-
closestto thetime stampts (“left-closest” meanghat
it is the newestone which is older than the specified
time stampts);

e getthe seta of entriesin the B! treewhich are older
thantheentryx;

e seaich for the setb of correspondingdata pointsin
ClusterTee usingthelL fieldin theentriesin Bf tree;

e cut thoseentriesin the B! treerecursivelywhich are
olderthanentryx;

e cut setaintheB! tree;

e cut setbin theClusterTee:.

Algorithm: time-relateddeletion2

Input: time stampts1,timestampts2(ts1< ts2);

Output: the new ClusterTee™ which hasgot rid of the
data inserted during the period betweenspecifiedtime
stampgslandts?2;

Algorithmsteps:

e find the entry x in B! tree whosetime data is right-
closestto the time stampts1 (“right-closest” means
thatit is the oldestonewhich is newer thanthe speci-
fiedtime stamp);

e find the entryy in B! tree whosetime data is left-
closesto thetimestampts?2;

o if thetimedataof entryxis newerthanthatof entryy,
exit;

e gettheseta of entriesin the B! treewhich are between
entryx andy;

e find the set b of correspondingdata points in
ClusterTee usingthelL fieldin theentriesin Bf tree;

e cut thoseentriesin the B! treerecursivelywhich are
antecedentsf seta;

e cut setain theBt tree;
e cut setbin theClusterTeg'.

Algorithm: automatic adjustment

Output: thenew ClusterTee" which hasbeenautomati-
cally adjusted;

Algorithmsteps:

recursivelyched eac subcluster:

a) Iif thegapbetweerthesubclustersntfiled (new
timeinserted)is over certainthreshold delete
thewholesubculsteior moveit to a secondary
memorybecausét meanghatit containsno new
data;

Alsodeletethe correspondingentriesin the B?
tree;

if the old datadensityof a subclusteiis over
certainthreshold thensubclusteishouldbe
reorganizedn orderto getrid of theold part;

if there are two subclustes which are “close”
enoughto each otherandtheir time“nature”
are similar enoughto each other they canbe
meigedinto onesubclusterfor a more compact
andreasonableision.

b)

c)

5 Conclusion

In this paper we have proposeda modified version of
ClusterTee — ClusterTeet which can efficiently support
the time-relatedqueriesand userspecifieddeletions. The
ClusterTeet cankeepthe datasetalwaysin the mostup-
datedstatusto promotethe efficiency and effectivenessof
datainsertion,queryandupdate.Furtherexperimentswill
beavailableto supportthe analysisof the ClusterTeet.

This approactcanbe helpful in the fields of datafusion
wherethe dataevolve dynamicallyandregular approaches
oftenfail to solve the problemof keepinga certainsystem
always containingthe most updateddata. This approach
candynamicallysuperviseghedatastatusof the systemand
efficiently getrid of obsoletedata,and at the sametime,
reomanizethe structureof the dataset.
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