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Abstract – Nowadayslargevolumesof datawith highdi-
mensionalityare beinggeneratedin manyfields. Mostex-
isting indexing techniquesdegrade rapidly when dimen-
sionality goeshigher. ClusterTree is a new indexing ap-
proach representingclustersgeneratedbyanyexistingclus-
tering approach. It is a hierarchy of clusters andsubclus-
ters which incorporatesthe clusterrepresentationinto the
index structure to achieve effectiveand efficient retrieval.
Theauthorsproposea newClusterTree

�
indexingstructure

which hasnewfeaturesfromthetimeperspective. Eachnew
dataitemis addedto theClusterTreewith thetimeinforma-
tion which canbeusedlater in thedataupdateprocessfor
theacquisitionof thenew clusterstructure. Thisapproach
guaranteesthat the ClusterTree is alwaysin the mostup-
datedstatuswhich can further promotethe efficiencyand
effectivenessof data insertion,queryandupdate. Thisap-
proach is highly adaptiveto anykind of clusters.

Keywords: time indexing, ClusterTree,high-dimensional
datasets,time-relatedquery, time-relateddeletion

1 Intr oduction
Recentlylarge volumesof datawith high dimensional-

ity arebeinggeneratedin many fields. Many approaches
have been proposedto index high-dimensionaldatasets
for efficient querying. Although most of them can effi-
cientlysupportnearestneighborsearchfor low dimensional
datasets,they degraderapidly when dimensionalitygoes
higher. Also the dynamicinsertionof new datacancause
original structuresno longerhandlethe datasetefficiently
sinceit may greatly increasethe amountof dataaccessed
for a query. Among thoseapproaches,the ClusterTree[1]
is the first work towardsbuilding efficient index structure
from clusteringfor high-dimensionaldatasets.Clusteringis
ananalysistechniquefor discoveringinterestingdatadistri-
butionsandpatternsin theunderlyingdataset.Givena set
of � datapointsin a � -dimensionalspace,a clusteringap-
proachassignsthedatapointsto � groups( ������� ) based	
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on thecalculationof thedegreeof similarity betweendata
points suchthat the datapoints within a group are more
similarto eachotherthanthedatapointsin differentgroups.
Eachgroupis acluster. TheClusterTreeapproachbuildsan
index stuctureon theclusterstructuresto facilitateefficient
queries.

Nowadaysa large proportionof the datasetis time re-
lated,andthe existenceof the obsoletedatain the dataset
may seriouslydegradethe datasetprocessing. However,
few approachesare proposedto implement the main-
tainanceof thewholedatasetto getrid of theobseletedata
andkeepthedatasetalwaysin the mostupdatedstatusfor
the convenienceandeffectivenessof datasetprocosssuch
asqueryandinsertion.

In this paper, we proposea new ClusterTree
�

indexing
structurewhichhasnew featuresfrom thetimeperspective.
Eachnew dataitem is addedto the ClusterTree

�
with the

time information which can be usedlater in the dataup-
dateprocessfor theacquisitionof thenew clusterstructure.
ThisapproachguaranteesthattheClusterTree

�
is alwaysin

themostupdatedstatuswhichcanfurtherpromotetheeffi-
ciency andeffectivenessof datainsertion,queryandupdate.
Our approachis highly adaptive to any kind of clusters.

The restof the paperis organizedasfollows. Section2
summariesthe relatedwork on index structuredesignin-
cludingtheClusterTree.Section3 introducesour modified
ClusterTreeapproach– ClusterTree

�
. Section4 presents

theprocessingof ClusterTree
�

. Section5 givestheconclu-
sion.

2 RelatedWork
Existingmultidimensionaltree-like indexing approaches

can be further classifiedinto two categories: spaceparti-
tioninganddatapartitioning.

A data partitioning approachpartitions a datasetand
builds a hierarchyconsistingof boundingregions. The
boundingregionsathigherlevelscontainthelower regions
andtheboundingregionsat thebottomlevel containtheac-
tualdatapoints.Popularlyusedindex structuresincludeR-
Tree,R
 -tree,SS-Tree,SS

�
-TreeandSR-Tree. An R-tree



[2] is aheight-balancedtreewith index recordsin its nodes.
Therearetwo kindsof nodes:internalandleaf nodes.All
the nodeshave minimum boundingrectangles(MBR) as
pageregion. R-tree is usedto store rectangularregions
of an imageor a map. R-treesarevery useful in storing
very large amountsof dataon disk. Onedisadvantageof
R-treesis that the boundingboxes(rectangles)associated
with differentnodesmayoverlap.TheR
 -tree[3] is anR-
treevariantwhich incorporatesacombinedoptimizationof
area,margin andoverlapof eachenclosingrectanglein the
treenodes.It reducesthe overlappingbetweenthe MBRs
of neighboringnodes,reducesthevolumeof theMBRsand
improvesthestorageutilization.

In contrastto theR-Tree,SS-Tree[4] useshyper-spheres
asregionunits. Eachhyper-sphereis representedby a cen-
troid point, anda radiuslargeenoughto containall of the
underlyingdatapoints. Querieson the SS-Tree are very
efficient becauseit only needsto calculatesimilarity be-
tweena region and the querypoint. The SS

�
-Tree[5] is

a variantof theSS-Treewith a modifiedsplitting heuristic
to optimizetheboundingshapefor eachnode.SR-Tree[6]
is anindex structurewhich combinestheboundingspheres
andrectanglesfor theshapesof noderegionsto reducethe
blankarea.Theregion for anodein it is representedby the
intersectionof a boundingsphereandrectanglesothat the
overlappingareabetweentwo sibling nodesis reduced.It
takestheadvantagesof bothrectanglesandspheres.How-
ever, thestoragerequiredfor theSR-Treeis largerthanthe
SS-Treebecausethenodesin theSR-Treeneedto storethe
boundingrectanglesandboundingspheres.Consequently,
the SR-Tree requiresmore CPU time and more disk ac-
cessesthantheSS-Treefor insertions.

Spacepartitioningapproachesrecursively divide a data
spaceinto disjoint subspaces.K-D-B Tree andPyramid-
Tree are this type. The K-D-B Tree [7] partitions a � -
dimensionaldataspaceinto disjoint subspacesby ( ����
 )-
dimensionalhyper-planeswhich arealternatelyperpendic-
ular to oneof the dimensionaxes. Due to the disjointness
amongits nodesat thesamelevel, theK-D-B Treehasthe
advantagethat thesearchpathfor queryinga datapoint is
unique. ThePyramid-Tree[8]’s main ideais to divide the
dataspacefirst into ��� pyramids,eachsharingthe center
pointasits peak(thetip pointof apyramid).Eachpyramid
is thenslicedinto slicesparallelto thebaseof thepyramid,
andeachslice forms a datapage. The rangequeryunder
this index structurecan be efficiently processedfor both
low- and high-dimensionaldatasets.However, the parti-
tioning of the Pyramid-Tree can not ensurethat the data
pointsin onedatapagearealwaysneighbors.

Among those approaches,the ClusterTree is the first
work towardsbuilding efficient index structuresfrom clus-
tering for high-dimensionaldatasets.The ClusterTreehas
the advantageof supportingefficient dataquery for high-
dimensionaldatasets.A ClusterTreeis ahierarchicalrepre-

sentationof the clustersof a dataset.It organizesthe data
basedon theirclusterinformationfrom coarselevel to fine,
providing anefficient index structureon thedataaccording
to clustering.Like many otherstructures,it hastwo kinds
of nodes: internaland leaf nodes. The internalnodesin-
cludepointersto subculstersof this cluster, the bounding
spherefor the subclusterandthe numberof datapointsin
thesubclusters.Theleaf nodescontainpointersto thedata
points.For eachcluster, theClusterTreecalculatesthefol-
lowing parameters:thenumberof datapoints,thecentroid� , andthevolumeof theminimumboundingsphere� . The
centroid����������������������� �!��"$# canbecalculatedby:
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where
/

is thenumberof thedatapointsin theclusterand,�. % is the 1 -th valueof datapoint ,�. in the cluster. Thus,
eachclusteris representedby a hyper-sphere� . So there
maybesomeemptyregionswhichcontainnodata,andtwo
boundinghyper-spheresof two differentclustersmayover-
lap. We candefinethedensityof theclusteras:
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Thegammafunction `Ma�bBc is definedas:
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where `Madbonp
Fc � bB`Ma�bBc and `Uak
Fc � 
 . Whenthe den-
sity of a clusterfalls below a pre-selectedthresholdor the
numberof thedatapointsin theclusteris largerthanapre-
selectedthreshold,theclusterwill bedecomposedinto sev-
eralsmallerclusters(subclusters).

3 ClusterTreen and its Construction
Nowadaysa large proportionof a datasetmay be time

related,andtheexistenceof theobsoletedatain thedataset
mayseriouslydegradethedatasetprocessing.Howeverfew
approachesareproposedto implementthemaintainanceof
the whole datasetto get rid of the obseletedataandkeep
thedatasetalwaysin themostupdatedstatusfor theconve-
nienceandeffectivenessof datasetprocosssuchasquery
and insertion. Although ClusterTree can efficiently han-
dle the processingof datasetswith high dimensionality, it
doesn’t considerthedynamicdataupdateissue.

Here we presenta modified version of ClusterTree:
ClusterTree

�
, which is basedon the designof the Clus-

terTreeandenhanceits capabilityof handlingdynamicdata
insertions,queriesanddeletions.



Figure1: An exampleof ClusterTree
�

.

Therecanbeseveraldifferentwaysto associatethetime
information with the original ClusterTree structure. The
typical threeapproachesareasfollows:q Directly addtime informationinto theClusterTreeas

anotherdimension.q Usea simplequeueto processthetime issue.q Usean individual B
�

tree-similarstructureto handle
thetime information.

The advantageof the first approachis that it simplifies
the implementation.We canslightly adjusttheoriginal al-
gorithmto supportthequerieswhich mayincludethetime
informationanddeletionsbasedon the time periodwhich
is specifiedby users.Thedisadvantageis thatif wedirectly
take time informationasanextra dimensionof thedataset,
the clusteringresultswill significantly change. Two data
points which are very closeto eachother in the original
spacemay not even exist in the sameclusterafter adding
thetimedimension,sincethetimesthedataareinsertedinto
theindexing structuremaybequitedistantto eachother. So
it will dramaticallydegradetheresultof thequerieswhich
aresimply basedon thedataitself without consideringthe
time issue.

Theideaof usingasimplequeueto processthetimeissue
is straightforward. But asa linear structure,the efficiency
is themajorproblem.

UsinganindividualB
�

tree[9]-similar structureto han-
dle the time information can support both time-related
queriesand time-irrelevant queries. For time-irrelevant
queries,wecanusealgorithmssimilar to thoseof theorigi-
nalClusterTree.As for time-relatedqueriesincludingrange
queriesand

J
-NeareseNeighborsqueries,we canusethe

intersectionof the searchingresultof both modifiedClus-
terTree structureand B

�
tree-similarstructureto get the

final result.Thisapproachcanalsoefficiently supportuser-
specifiedperiodicdeletionsto getrid of theobsoletedatain
thedataset.

So we choosethe last kind of approachto set up the
ClusterTree

�
indexing structureas our solution to solve

thedataupdateproblemof high dimensionaldatasets.The
ClusterTree

�
hastwo separatestructures,oneis amodified

ClusterTreestructure– ClusterTree
 , theotheris amodified
B
�

tree– B m tree.
The ClusterTree
 is a hierarchicalrepresentationof the

clustersof adataset.It hastwo kindsof nodes:internaland
leaf nodes.Theinternalnodesaredefinedas:/rG � 6ts�/uG � 6 1=� �Lvw� G : � �-: � a�x��-: E < � � x��-: E < � ��������� x��-: E <�yzca�A�{?| "~} 0 v 02��{�| "~} c �x��-: E < % s a���N %���� � %k� � / % c �
whereNodeid is thenodeidentifier, v is thenumberof the
entriesin the node,

G : is the oldesttime whendataarein-



sertedinto that nodeor its descendants,�-: is the newest
time when dataare insertedinto that nodeor its descen-
dants,and Ao{�| "~} and ��{�| "~} definetheminimumandmax-
imum numbersof entriesin the node. An entry is created
for eachsubclusterof theclusterfor which thecurrentnon-
leaf noderepresents.In entry x��-: E < % , ��N % is a pointer
to the 1 -th subcluster, � � % is the boundingspherefor the
subclusterand � / % is thenumberof datapointsin the 1 -th
subcluster.

Theleafnodesaredefinedas:�M6$�]IDs?�M6$�]I 1=� �kv�� G : � �-: � a�x��-: E < � � x��-: E < � ������� � x��-: E <�y]ca�AO� }k� � 0 v 0���� }k� � c �x��-: E < % s a�� 5�� %��L�-%k� � % c �
where v is the numberof datapointscontainedin the leaf
node,and A�� }k� � and ��� }k� � are the minimum and maxi-
mum numbersof entries. xt�-: E < % containsthe addressof
the datapoint residingat the secondarystorage(ADR % ),
the time information when the datapoint is insertedinto
thestructure(T % ), andthelink to thetime datapoint in the
B m tree(L % ).

TheB m treeindexeson the time datawhich corresponds
to thetimesthedatawereinsertedinto thestructure.It orig-
inatesfrom theB

�
treewith somemodificationsasfollows:q Thereis no minimum numberrequirementof entries

in internalandleafnodessothattherewill benocases
of underflow. This correspondsto thenatureof theB m
treethat thetime datain it will bebatchlydeletedfor
theuser-specifieddeletionrequirement.q In the leaf nodes,eachentryhasan extra field which
is a link to the datapoint it is associatedwith in the
ClusterTree
 . In this casewe cantraversefrom theB m
treebackto theClusterTree
 efficiently.

An exampleof the ClusterTree
�

structureis shown in
Figure1. It shows thatcurrentlythereare9 datawhich are
insertedat time 1, 2, 3, 4, 5, 6, 7, 9 and10. Theroot node
of theClusterTree*hastwo entries.Thefirst entryalsohas
two entries.At thethird level, thefirst leaf nodehasthree
dataentrieswhich areinsertedat time 1, 3 and6. The L %
fields of theseentriesof the leaf nodeareconnectedwith
the leaf nodesof the B m treewhich is on the bottom-right
partof theFigure1.

3.1 Construction
Theconstructionof ClusterTree

�
includestheconstruc-

tion of ClusterTree
 andtheconstructionof B m treein par-
allel. Theconstructionof theClusterTree
 is similar to the
constructionof ClusterTreeexceptthat eachinternalnode
andleafnodeshouldsetthe �-: (newesttime)and

G : (oldest
time) asthe currenttime. This is becausewe don’t know
theinsertiontimesof theoriginaldatapointsin thedataset,
sowe have to settheinsertiontimesof all theoriginal data
pointsasthe currentone. Later whennew datapointsare

insertedinto the structure,differenttimescanbe recorded
into thestructure.Meanwhile,we createa leaf nodein B m
treewhich includesthecurrenttimedata.All L field of the
entriesin the leaf nodeof ClusterTree
 shouldbe pointed
to thecreatedleaf nodein B m tree.

4 Processingof the ClusterTreen
Thereare threemajor processingof the ClusterTree

�
:

insertion,queryanddeletion.

4.1 Insertion
For a new comingdatapoint, we classifyit into oneof

threecatagories:q Cluster points: are either the duplicatesof or very
closeto somedatapoints in a clusterwithin a given
threshold.q Close-bypoints: arethe datapointswhich areneigh-
bors to some points in the clusterswithin a given
threshold.q Randompoints: arethedatapointswhichareeitherfar
away from all of theclustersandcannot bebounded
by any boundingsphereof the ClusterTree,or might
be includedin theboundingspheresof theclustersat
eachlevel, but they do not haveany neighboringclus-
ter pointswithin agiventhreshold.

Thus dependingon the type of the new coming data
point, we canapply the insertionalgorithmof ClusterTree
to recursively insert data point to a certain leaf node of
CluseterTree
 accompaniedby the insertiontime informa-
tion in theT(time) field of thenew entry in that leaf node,
while insertinga new entry which includesthe insertion
time info into theB m tree.Wethenpoint theL(link) field of
thenew entryin thecertainleafnodein ClusterTree
 to the
new entry in theleaf nodeof B m tree,andpoint theL(link)
field of thenew entry in thecertainleaf nodein B m treeto
thenew entryin theleafnodeof ClusterTree
 .
4.2 Query

Therearetwo kindsof queries,oneis thetime-irrelevant
querieswhich include the rangequeriesand � Nearest
Neighborqueries,andtheotheris the time-relatedqueries
which includecertaintime periodrequirement.For exam-
ple, someusersmayaskfor theneighborsto a certaindata
point which are insertedinto the structurein almost the
sametimeastheinsertiontimeof thatdatapoint.

We candependon the original ClusterTreequeryalgo-
rithm to solve the formerkind of queries.As for the latter
one,wecansolve it asfollows:

Algorithm: time-relatedqueries
Input: a datapoint,a timestamp;
Output: the set of data points in ClusterTree
 which

satisfythequeryrequirement;
Algorithmsteps:



q find the set a of candidate data points in the
ClusterTree
 ;q at the sametime search the entry x in Bm treewhose
timedatais closestto thequerytimestamp;q find the set of the entries in Bm tree which are in a
certainthresholdin timedistanceto theentryx;q find the set b of corresponding data points in
ClusterTree
 usingtheL field in theentriesin Bm tree;q get theresultsetof datasetsby theintersectionof set
a andb.

4.3 Deletion
In many systemstheobsoletedatashouldbedeletedpe-

riodically. Managersmaywant to deletethosedatawhich
areinsertedinto thesystemacertaintimeago,or they want
to deletethosedatainsertedduring a certainperoid. Also
they can simply indicate to the datasystemto automati-
cally adjustitself. TheClusterTree

�
cansupportsuchuser-

specifieddeletions.
Algorithm: time-relateddeletion1
Input: a timestampts;
Output: the new ClusterTree

�
which hasgot rid of the

obsoletedata (the data insertedbefore the specifiedtime
stamp);

Algorithmsteps:

q find the entry x in Bm tree whosetime data is left-
closestto thetimestampts (“left-closest” meansthat
it is the newestonewhich is older than the specified
timestampts);q get the seta of entriesin the Bm treewhich are older
thantheentryx;q search for the setb of correspondingdata points in
ClusterTree
 usingtheL field in theentriesin Bm tree;q cut thoseentriesin the Bm treerecursivelywhich are
older thanentryx;q cut seta in theBm tree;q cut setb in theClusterTree
 .

Algorithm: time-relateddeletion2
Input: timestampts1,timestampts2(ts10 ts2);
Output: the new ClusterTree

�
which hasgot rid of the

data inserted during the period betweenspecifiedtime
stampsts1andts2;

Algorithmsteps:

q find the entry x in Bm tree whosetime data is right-
closestto the time stampts1 (“right-closest” means
that it is theoldestonewhich is newer thanthespeci-
fiedtimestamp);q find the entry y in Bm tree whosetime data is left-
closestto thetimestampts2;q if thetimedataof entryx is newer thanthatof entryy,
exit;

q get theseta of entriesin theBm treewhich arebetween
entryx andy;q find the set b of corresponding data points in
ClusterTree
 usingtheL field in theentriesin Bm tree;q cut thoseentriesin the Bm treerecursivelywhich are
antecedentsof seta;q cut seta in theBm tree;q cut setb in theClusterTree
 .

Algorithm: automatic adjustment
Output: thenew ClusterTree

�
which hasbeenautomati-

cally adjusted;
Algorithmsteps:

recursivelycheck each subcluster:
a) if thegapbetweenthesubcluster’snt filed (new

timeinserted)is over certainthreshold,delete
thewholesubculsteror moveit to a secondary
memorybecauseit meansthat it containsnonew
data;
Alsodeletethecorrespondingentriesin theBm
tree;

b) if theold datadensityof a subclusteris over
certainthreshold,thensubclustershouldbe
reorganizedin order to get rid of theold part;

c) if thereare two subclusterswhich are “close”
enoughto each otherandtheir time“nature”
are similar enoughto each other, they canbe
mergedinto onesubclusterfor a morecompact
andreasonablevision.

5 Conclusion
In this paper, we have proposeda modified versionof

ClusterTree – ClusterTree
�

which can efficiently support
the time-relatedqueriesanduser-specifieddeletions. The
ClusterTree

�
cankeepthe datasetalwaysin the mostup-

datedstatusto promotethe efficiency andeffectivenessof
datainsertion,queryandupdate.Furtherexperimentswill
beavailableto supporttheanalysisof theClusterTree

�
.

This approachcanbehelpful in thefieldsof datafusion
wherethedataevolve dynamicallyandregularapproaches
often fail to solve theproblemof keepinga certainsystem
always containingthe most updateddata. This approach
candynamicallysupervisethedatastatusof thesystemand
efficiently get rid of obsoletedata,andat the sametime,
reorganizethestructureof thedataset.
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