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Abstract

Clusteringanalysis anautomaticprocesso find similar groupsof
objectsfrom a databasehasbeenstudiedfor mary years.With the
increasingdatasize generatedecently clusteringlarge databases
posesa challengingtaskthat mustsatisfyboththe requirementsf
the computatiorefficiengy andresultquality. Among the existing
clusteringalgorithms,grid-basedalgorithmsgenerallyhave a fast
processingime, which first emplo/ a uniform grid to collectthe
regional statisticdataand,then,performthe clusteringon the grid,
insteadof the databaselirectly. The performancef grid-basedp-
proachnormally dependson the size of the grid which is usually
muchlessthanthe database.However, for highly irregular data
distributions, usinga single uniform grid may not be suficient to
obtaina requiredclusteringquality or fulfill thetime requirement.
In this paper we proposea grid-basedclusteringalgorithm using
adaptve meshrefinementechniquethat canapply higherresolu-
tion grids to the densemegions. With the hierarchicalAMR tree
constructedrom the multi-grain meshesthis algorithm can per
form clusteringat differentlevels of resolutionsand dynamically
discover nestectlusters.Our experimentaresultsalsoshav theef-
ficiengy and effectivenessof the proposedalgorithm comparedo
themethodausingsingleuniformgrids.

1 Intr oduction.

Clusteringis a procesdgo discover the groupsof similar ob-
jectsfrom a databasehat can help characterizehe under
lying datadistribution. Clusteranalysishasbeenstudied
extensiely for mary years, especiallyfor spatial-distance
baseddataobjects. In generalthe existing clusteringalgo-
rithms can be classifiedinto four categories: partitioning-
based, hierarchical-baseddensity-based,and grid-based
methods[12]. Among them, the grid-basedmethodshave
thefastesprocessingime thattypically depend®nthesize
of the grid insteadof the dataobjects. Thesemethodsuse
a single uniform grid meshto partition the entire problem
domaininto cells andthe dataobjectslocatedwithin a cell
arerepresentedly the cell usinga setof statisticalattributes
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Figure1: (a) An exampleof datadistribution with nested
clusters. (b) A single uniform meshis applied to the
spatialdomain whichmaynotbe suficientfor goodquality
clustering.

from the objects. Clusteringis, then,performedon the grid

cells,insteadof the databaséself. Sincethe sizeof thegrid

is usuallymuchlessthanthe numberof the dataobjects the
processingspeedcan be significantlyimproved. However,

for highly irregularor concentratedatadistributions,a grid

meshwith very fine granularitywill be requiredin orderto

sustaina certainclusteringquality, for example,to discover
nestedclusters.As illustratedin Figurel, it canbe hardfor

a singleresolutiongrid to identify or represenhestedclus-
ters. In this case anadditionalmeshwith higherresolution
is neededTo meetarequiredclusteringquality, usingafiner
grid cannotbe avoided, but the sizeof afine grid caneasily
overwhelmthe numberof dataobjectsand, hence,break-
down thecomputationaéfficiency.

Adaptive Mesh Refinemen{AMR) is a type of multi-
scalealgorithmthatachieseshigh resolutionin localizedre-
gionsof dynamic, multidimensionalhumericalsimulations
[4, 3]. It hasbeensuccessfullyappliedto model large-
scalescientificapplicationsin a rangeof disciplines,such
ascomputationafluid dynamics,astrophysicsmeteorolog-
ical simulations,structuraldynamics,magnetics,andther
mal dynamics Basically thealgorithmcanplacevery high-
resolutiongrids preciselywherethe high computationatost
requires. Its adaptabilityallows simulatingmultiscaleres-
olutionsthat are out of reachwith methodsusing a global
uniformfine grid.

In this paper we proposea grid-basedtlusteringalgo-
rithm thatemploysthe AMR techniqudor datamining prob-



lemwith highly irregulardatadistributions. Insteadof using
asingleresolutionmeshgrid, the AMR clusteringalgorithm
firstadaptvely createdifferentresolutiongridsbasednthe
regional densityand thesegrids comprisea hierarchytree
thatrepresenttheproblemdomainasnestedstructuredyrids
of increasingresolution. Secondly the algorithmconsiders
eachleaf asthe centerof an individual clusterand recur
sively assignghe membershigor the dataobjectslocatedin
the parentnodesuntil the root nodeis reached.The deter
minationof the membershipf a dataobjectis basedon the
minimumdistanceto the clustersdiscoveredunderneatlthe
tree branch. Using a hierarchicaltree, the AMR clustering
algorithmcandetectnestectlustersatdifferentlevelsof res-
olutions. Sinceit is a grid-basedmethod,it alsoshareghe
commoncharacteristicef all grid-basedmethods,suchas
fastprocessingime, insensitve to the order of input data,
andtheability to separatérom thenoise.The AMR cluster
ing algorithmis alsoapplicableo ary collectionof attributes
with numericalvalues.Mostimportantly sincemary large-
scaleapplicationgodayhave beenprogrammedisingAMR
techniquesn their datastructuresembeddindAMR cluster
ing into theseapplicationsto performon-line dataanalysis
can be more straightforvard than othertypesof clustering
algorithms.

Recently datamining techniquesrefrequentlyusedto
help discover the patternsfrom the simulation outputsas
in the post-simulationapplications. Thesepost-simulation
applicationsusuallyareimplementedy differentprogram-
mersasindependengapplicationsandit is not easyto inte-
grateto the simulationapplicationsln mary casesthemin-
ing processis requiredperformon line suchthat the min-
ing resultscanbedirectly fed backto the simulationto tune
theparameterandguidethe subsequergimulationprocess.
Thedirectfeedbackequiregsheseamlesembeddingf data
mining procesdnto the applications.By reusingthe AMR
structurealreadyconstructedn the simulationapplications,
our proposedAMR clusteringalgorithmpresents straight-
forward solutionfor on-line dataanalysisanda greatpoten-
tial for performanceenhancement.

Therestof thepapelis organizedasfollows. We discuss
relatedwork in Section2. The concepibf the AMR method
is describedn Section3. The AMR clusteringalgorithm
proposedn this work is presentedn Section4. In Section
5, we presentexperimentalresultsand Section6 discusses
the sensitvity of thealgorithmto theinput parametersThe
paperis concludedn Section?.

2 RelatedWork.

Generally clusteringalgorithmscan be classifiedinto four
catagyories: partitioning-basedhierarchical-basedjensity-
based,and grid-basedmethods. The representaties for
partitioning-basedlusteringalgorithmsarek-meang17], k-
medoid[16], andexpectatiormaximization(EM) algorithms

[8]. Both k-meansand k-medoid algorithmsrepresenta
clusterusing a single point, while EM usesa probability
distribution to representa cluster The partitioning-based
algorithmsrequireuserprovide the parameterk, thenumber
of clusters, and perform iterative membershiprelocation
until the memberships no longer changedor the change
is within a tolerablerange. The clusteringquality highly
dependon the valueof k and,in generalthe partitioning-
basedlgorithmscannoffind arbitrarily shapedlusterawell.
Hierarchical-basedlusteringalgorithmsuse a hierar
chicaltreeto representheclosenessf thedataobjects. The
treeis constructedn either bottom-upor top-dovn. The
bottom-upapproactstartswith eachobjectformingacluster
andrecursvely memgesthe clustersbasedn their closeness
measureOnthecontrary thetop-dovn approactstartswith
all the objectsin a single clusterand recursvely splits the
objectsinto smallergroups.Therepresentatie hierarchical-
basedclusteringalgorithmsare BIRCH [22], CURE [11],
andCHAMELEON [15].
Density-basedlusteringalgorithmsconsiderclustersas
denseregions of objectsin the dataspaceand clustersare
separatedby regionsof low density Thesealgorithmsasso-
ciate eachobjectwith a densityvalue definedby the num-
ber of its neighborobjectswithin a givenradius. An object
whosedensityis greatethana specifiedhresholds defined
asadenseobjectandinitially is formeda clusteritself. Two
clustersare memgedif they sharea commonneighborthat
is also dense. The representatie density-basedlustering
algorithmsare DBSCAN [10], OPTICS|[2], HOP[9], and
DENCLUE[13]. Thesemethodsanseparatéhenoise(out-
liers), find arbitraryshapeclustersanddo not make ary as-
sumptionsaboutthe underlyingdatadistribution. However,
they are computationallyvery expensve, especiallyat the
stagef generatinghe densityandsearchindor the dense
neighbors.More efficient approachesely on spatialindex-
ing, suchas R* tree, X tree,and KD tree, to identify the
neighborswithin the givenradius.
Grid-basedclusteringalgorithmsfirst cover the prob-
lem spacedomainwith a uniform grid mesh. Statisticalat-
tributesare collectedfor all the dataobjectslocatedin each
individual meshcell and clusteringis, then, performedon
the grid, insteadof dataobjectsthemseles. Thesealgo-
rithms typically have a fastprocessingime, sincethey go
throughthe datasetonceto computethe statisticalvalues
for thegridsandtheperformancef clusteringdepend®nly
on the sizeof the grids which is usuallymuchlessthanthe
dataobjects. Therepresentatie grid-basedctlusteringalgo-
rithmsareSTING [21], WaveCluste19], andCLIQUE [1].
All thesemethodsemploy a uniform grid meshto cover the
whole problem.For the problemswith highly irregulardata
distributions, the resolutionof the grid meshmustbe fine
enoughto obtaina goodclusteringguality. A finermeshcan
resultin the meshsizecloseto or evenexceedthesizeof the



dataobjectswhich cansignificantincreasehe computation
loadfor clustering.

In this work, we proposean Adaptive MeshRefinement
clusteringalgorithm,whichis alsoagrid-basedpproactbut
using multiple mesheswith differentsizesandresolutions.
The proposedapproachemploys low-resolutionmeshedor
sparseregions and high-resolutionmeshesfor denserre-
gions. In otherwords,the computationis performedat the
regionsthatneedthe most.

3 Adaptive Mesh Refinement.

In mary applicationsthat processlarge amountof spatial
data, structuredmeshesare often usedto avoid directly
operatingon the data objects. The meshespartition the
spatialdomaininto cellsin which dataobjectdocatedwithin
a cell’'s subdomairarerepresentetby the statisticaldataof
the objects,suchas means maximum,minimum, variance,
and distribution type. An exampleis the particle-in-cell
(PIC) algorithm[20Q] thatis widely usedto simulateplasma
and hydrodynamicgq14, 5]. In PIC, the movementof a
particleis determinedy theinteractionbetweertheparticle
itself and all othersin a self-consistensystem. Insteadof
directly calculatingthe interactionof particles,which can
resultin amuchlargercomputationatost,thePICalgorithm
employs a uniform meshand assignghe particle attributes
to nearbygrid pointsof the mesh. Thefield equationsare,
then, solved on the meshto calculatethe force that moves
the particles. However, a tradeof exists on most of the
applicationsthat employ a single uniform mesh. Using a
finer-grain (higherresolution)mesh can resultin a more
accuratemoving force but incurs higher computationcost.
Onthecontrary a coarsemeshreduceghe computatiorcost
but may generateunsatisfiedow quality results.

Adaptive MeshRefinemen{AMR) hasbecomepopular
in thefield of computationaphysicsandbeenusedin ava-
riety of applicationdn computationafluid dynamicg6, 7].
AMR is a techniquethat startswith a coarseuniform grid
coveringthe entirecomputationalolumeandautomatically
refinescertainregionsby addingfiner subgrids. New child
gridsarecreatedrom the connectegbarentgrid cellswhose
attributes,densityfor instancegxceedgiventhresholdsRe-
finementis performedon eachgrid separatelyand recur
sively until all regionsare capturedwith the desiredaccu-
ragy. AMR gridscomprisea hierarchytreethatrepresents.
spatialdomainasnestedstructuredyrids of increasingeso-
lution, andprovidesthe ability to increaseesolutionlocally
only whereit is needed.Figure2 shavs an exampleof an
AMR treein which eachtreenodeusesadifferentresolution
mesh.Theroot grid with the coarsesgranularitycoversthe
entiredomain,which containstwo subgrids,grids 1 and 2.
Grid 2 atlevel 1 alsocontainstwo subgridsthatarediscov-
eredusinga finer mesh. The deeperthe nodeis locatedin
thetree,thefinerthemeshis used.
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Figure2: A 2-dimensionaAMR examplewith 2 levels of
refinement. A finer resolutionmeshis appliedeachtime a
subgridis created.

4 AMR Clustering Algorithm.

Themotivationof combiningthe AMR concepinto theclus-
teringcomesfrom the obsenationthata very fine meshcan
be requiredfor clusteringon a highly irregular or concen-
trateddatadistribution if a grid-basedclusteringalgorithm
thatemploys a singleuniform meshis used.A fine meshre-
sultsin high computatiorcostand,in somecasesthe mesh
sizecanevenoverwhelmthe numberof the dataobjects.On
the otherhand,AMR’s adaptabilityon irregular datadistri-
bution cansignificantly reducethe amountof the grid size
and,hence the computationcostwithout losing the cluster
ing quality. In addition,the meshesn differentgranularities
generatedn the AMR treearenaturallysuitablefor discov-
ering the nestedclusters. Sincethe AMR methodis also
grid-based the clusteringalgorithm using AMR approach
shareghe characteristicef all grid-basedalgorithms,such
asfastprocessingime sinceclusterings performecbngrids
insteadof dataobjectsandthe ability to separatdrom the
noise.

Let us considerthe density-basedlusteringalgorithms
thatassociateachobjectto its densesheighborandobjects
associatedl the sameneighborsarememgedto form a clus-
ter. Takingthe HOP algorithm[9] for example,the associa-
tion of adataobject’hops” from its currentdensesheighbor
to that neighbors densesheighborandthis processontin-
uesuntil the densesheighborof anobjectis itself. The ob-
jectshopto thesamedensesbbjectareconsideredo belong
to the sameclusterandthe densesbbjectbecomeshe pivot
of the cluster In generalthe density-base@lgorithmstry
to find the denseregionsandthe numberof the discovered
denseregionsdetermineghe numberof clusters. If there-
finementis basedon the density the AMR methodcanre-



AMR (grid, level)

create and setup the mesh for this grid

for each particle contained in this grid
find the mesh celid in which the particle is located
accumulate the particle to the density of cill

for each mesh cell
if the density of this cell is greater than the threst
mark this cell to be refined
connect this cell to its neighbor that is also ma
if no such neighbor exists
create a new subgrid containing this cell o
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3
4
5.
6
7
8
9.

10.

11. for each subgrid
12. call AMR (subgrid, level+1)

Figure3: Thealgorithmconstructsthe AMR tree.

cursiely identify the denseregions and representhemin
ahierarchicalkreestructurein whichthetreenodesnearthe
leavesindicatethedenseregionsandthenodesclosedo the
root have lower densities Similar to the density-basedlgo-
rithmsthatan object’s densityis determinecby the number
of neighborsn a givenradiusandobjectsspatiallyadjacent
to eachotherhave approximatelthesamedensity the AMR
methodcangeneratayridsin which the dataobjectslocated
in a grid alsohave approximatelythe samedensity There-
fore,theleavesof the AMR treecannaturallyberegardedas
clusterpivotsandclusteringfor theobjectsin theupperlevel
(parent)nodescan be basedon the distanceto the clusters
formedin thelowerlevels.

Our proposedAMR clusteringalgorithm connectsthe
grid-basedand density-basedapproacheshrough AMR
techniqueand,hence preseresthe advantage®f bothtype
algorithms.Thealgorithmconsistof two stagesconstruct-
ing the AMR treeanddataclustering. The AMR treecon-
structionis a top-dowvn processstartingfrom the root node
that coversthe entire problemvolume. The dataclustering
stagds abottom-upprocessvhich startsatagiventreelevel
(depth)and works toward to the root. Note that, although
the AMR clusteringalgorithm employs a hierarchicaltree
andclusteringis performedon thetreenodesthis algorithm
shouldnotbeclassifiedasa hierarchical-basedusteringal-
gorithm. Thisis becauselustersgenerateat the lower lev-
elswill notbe memgedwhenthe clusteringis processindo-
wardthetreeroot.

4.1 Constructing AMR Tree. Figure 3 shaws the algo-
rithm of constructingagn AMR treebasedn the spatialden-
sity refinement.Given a databasethe AMR tree construc-
tion startsat theroot grid (node)thatusesa meshgrid with

aninitial granularity(resolution)}to covertheentireproblem

domain. The algorithmcalculategshe meshcell id for each
dataobjectusingits spatialcoordinate@ndupdategsheden-
sity value of the cells wherethe objectsarelocated. Mesh
cellsare,then,examinedto checkif the densityexceedgshe
giventhreshold. The cells whosedensityis larger thanthe
thresholdaremarkedto berefined.A new subgridis created
from all markedcellsthatareconnectedadjacentith each
other Thealgorithmrecursvely goesto thechild gridswhile
a hierarchicalreeis built. Therefinefactorthatdefinesthe
meshresolutionratio of a child grid to its parentis usedto
createfiner meshesat the child grids. The algorithm stops
whenthe maximumlevel of tree depthis reachedor there
areno meshcellswith densitythatis largerthanthe thresh-
old. Theproces®f constructinghe AMR treeis atop-dovn
operation.This is alsothe main differenceof our AMR ap-
proachfrom the other grid-basedalgorithmswhosehierar
chical treesare built in a bottom-upfashion. In addition,
the AMR methodwill revisit the datalocatedin the dense
regionswhile othergrid-basedlgorithmsreadthe database
only once.

Assumingn is the numberof the data objects,d is
the dimensionality t is the numberof attributesin each
dimensionh is the AMR tree height,and p representshe
averagepercentagef dataobjectsto berefinedateachlevel,
the compleity for scanninghe databasés O(dtn+ dtnp+
dtnp? + - + dtnp™?) = O(dtn:=E') < O(&). When
p = 0.5, the compleity is O(2dtn). The compleity of
finding the subgridshighly dependsn the sizeof the mesh
in eachgrid. We assumethe meshsize at the root is m
andq is the averageratio of meshsizesbetweerntwo levels
of grids. The compleity for marking the meshcells that
exceedhethresholdandconnectinghemarkedcellsto form
the subgridsis O(293mg + 2939mg? + - - - 4 2939mg"-1) =
O(dell%‘ﬂ:), assuminghe refinementactoris 2 andeach
cell mustcheckits (39 — 1) neighbordor connectedubgrid.
If g= 0.5, thecomplexity become®©(2-69m). Thereforethe

compleity for constructingthe AMR treeis O(dtnll_T‘:)h +

h

6dm11_T‘fq).

4.2 Data Clustering. The stageof dataclusteringis per
formed on the AMR tree. The clusteringstartsfrom the
leavesof theAMR treeandconsidersll leavesasindividual
clusters.Next, the clusteringgoesup to the parentgrids of
theleaves. For the parentgridsthatcontainonly onecluster
(onechild grid), themembershipsf thedataobjectsin these
gridsareautomaticallyassignedo the only cluster For the
parentgrids containingmorethan one cluster the dataob-
jects are assignedbasedon the shortestdistancefrom the
clusters.Therearemary optionsfor themembershigssign-
ment. The simplestoneis to assignmembershigfor each
dataobjectindependently For the performanceconsidera-



(a) Data objects in root grid

(b) Data objects assigned to tl
3 clusters in root grid

Figure 4: In root grid, the data objects are assignedto
the nearestclustersbasedon their distanceto the clusters
outlines.

tion, we canlet all dataobjectslocatedwithin the samecells
have the samemembershipand, then, assignthe member
shipin the unit of cells. In the latterapproacha cell canbe
representedby its center Thereare alsomary optionsfor
representin@ cluster Oneoptionis to usethe centerof the
clusterasin k-meansandk-medoidclusteringmethods.The
distanceof adataobjectto a clusteris, then,calculatedrom
the centerof the cluster However, usinga single point to
represena clusteris known for its splitting problemthatcan
split large clusters. This problemis commonlyseenin the
partition-basednethodsandusingmorethanonerepresen-
tative pointsusuallycanimprove the problem[11].

In our approach,we choosethe cluster outlines to
representhecluster We definea clustersoutlinesasalist of
its meshcellsthathave at leastone of its adjacenineighbor
cells belongingto a differentcluster If the numberof the
outlinesis too large, a fix numbercanbe usedto reducethe
costfor distancecomputation.We, then, refer the distance
of a dataobjectto a clusterasthe shortestspatialdistance
betweenthe objectand the clusters outlines. Figure 4(a)
shaws the data objectsleft in the root grid after the first
level of AMR treeis constructedisingtheexampleshavnin
Figurel. Therootgrid contains3 child gridsandeachchild
grid forms a clusterin this example. Figure 4(b) presents
theclusteringresultsof dataobjectsin therootgrid in which
objectsare assignedo one of the threeclusters. Figure 5
describeghe algorithmfor the stageof dataclustering.The
clusteringalgorithmis performedbottom-uprecursvely and
stopswhenit reachesheroot.

Dataclusteringcan alsostartat ary level betweenthe
root andthe maximumdepthof the tree. Given a starting
clusteringlevel, A, every internal tree node at the level A
is also consideredas a clusterandall its descendangrids
are regardedas part of the cluster In other words, the
tree brancheswith depthgreaterthanA are prunedandall
leavesof the prunedAMR treeareconsideredasindividual
clusters.Thoseleaf nodeswhosedepthsare betweerQ and

Clustering (grid, A)

1. if grid’'s level <A

2. for each subgrid

3. call Clustering (subgrid, A )

4. if the number of subgrids = @R grid’s level = A

5. create a new cluster for objects of this grid and all sub
6. find the outliners of this cluster

7. return

8. if the number of clusters contained in this grid = 1

9. assign all unmarked mesh cell to this only cluster

10. generate new outliners for this cluster

11. else

12. for each unmarked mesh cell

13. for each cluster in this grid

14. find the distance to the cluster’s outliners

15. assign this cell to the cluster with minimum distanc

Figure5: The dataclusteringalgorithm. A is the giventree
level thatclusteringbeginswith.

A are also consideredas individual clusters. Hence,the
numberof clustersequalsto the numberof leaves of the
prunedAMR tree. This startingclusteringlevel determines
the computationcost of the clusteringstageaswell asthe
clusteringquality.

Consideringhe examplegivenin Figurel, the process
sequencef the dataclusteringstageis describedn Figure
6. Figure6(a)and(b) illustratesthe gridsandthe AMR tree
generatedrom our AMR clusteringalgorithm,respectiely.
Figure 6(c) shawvs the dataobjectassignmeninside grid 3
andthis clusteringresultis extendedupwardto grid 0. The
dataobjectsin grid 0 areassignedo 4 clustersn Figure6(d).
The final clusteringresultof 4 clustersis shavn in Figure
6(e).

The compleity of the dataclusteringstagedepend®n
theoptionsusedn representingheclusterge.g.theoutlines
or centerof the clustersyandthe AMR treestructure.

Assumingk is the numberof leaf nodes(k clusters)
in the AMR tree, the meshsize at the root is m, andq is
the averageratio of meshsizesbetweentwo consecutie
levels of grids, the compleity for clusteringthe meshcells
insidethe grids basedon the distanceto the clustercenters
is O(dtkmg + dtkme? + -+~ + dtkmg™L) = O(dtkm=%),
whered is the dimensionalityt is the numberof attributes
in eachdimension,and h is the AMR tree height. When
g = 0.5, the complity becomesO(2dtkm). Combining
with the compleity of theconstructingAMR treestagethe

compleity of theAMR clusteringalgorithmis O(dtnll_T“;)h +
dymi=a"
(dtk+6%)mT=).
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(a) Root grid contains 3 subgrids (b) The AMR hierarchical tree (c) Clustering within grid 3 (d) Clustering extends to level 0 (e) Final clustering result

grid 3 contains 2 subgrids
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Figure6: AMR clusteringappliedto the datasetof the exampleshawn in Figurel. (a) Six gridsin total are createdn
which grids0 and3 contains3 and2 subgridsrespectiely. (b) The AMR treestructurethatconnectsll gridscreated.(c)
Clusteringinsidegrid 3 assignglataobjectsto the clustersc3 or ¢4 basedon the object’s distanceto the clusters outlines.
(d) Clusteringin grid 0. Clusteringis extendedrom level 1 to level 0. (e) Thefinal clusteringresultcontains clusters.

5 Experimental Results.

To evaluatethe proposedAMR clustering algorithm, we
usethe star particle datasetsgeneratedrom a large-scale
productioncosmologicalapplication,namedENZO, which
is currentlyin useonatleastsix differentsites[6, 18. ENZO
simulateghe formationof a clusterof galaxiesconsistingof
gasandstars.Thesimulationstartsnearthe beginningof the
universewhenthe galaxyis in a relative uniform radiation
distribution,andcontinuesuntil thepresendaywhenthestar
particlesarein a highly irregular distribution. The ENZQO'’s
outputsare periodical checkpointingdata dumpsthat are
usedto illustratethe evolution of the galaxyformation. We
pick two of ENZO simulationoutputdatasetsthatare near
the endof the simulation,which contain61440and491520
star particles, respectiely. We refer the two datasetsas
dataset 1 and 2 in this section. To visualize the data
distribution andclusteringresults we alsorun the samesets
of dataprojectedin two dimensions.Figure7(a) shavs the
spatialdistribution of the smallerdatasetprojectedin two
dimensions.

The nine subgridsdiscoseredby thefirst level of AMR
areshown in Figure7(b). Figure7(c) presentsheclustering
resultsby assigningheroot grid’s dataobjectsto oneof the
clustersformedby its subgrids. This clusteringoutputalso
representshe sameresultsobtainedfrom othergrid-based
clusteringalgorithmsthatusea singleuniform mesh.Figure
7(d) shaws five nestedsubgridsdiscoreredby AMR at the
secondevel of refinementwhich canonly be detectedby
usinga meshwith finer granularity Data clusteringinside
grid 5 assignghe objectsof grid 5 to oneof thefive clusters
(subgrids)asillustratedin Figure7(e). Then,theclustering
resultsof grid 5 is extendedo theupperlevel atroot grid in
which 13 clustersaregeneratedn total, asshovn in Figure
7().

We comparehe performanceesultsof usingthe AMR
clusteringalgorithmwith thegrid-basedlusteringalgorithm

thatemplgysasingleuniformmeshfor thetwo setsof ENZO
particle data. The projecteddatasetswere madefrom the
three-dimensionalatainto X-Y dimensions.For dataset1
in 2D projection,we usea uniform meshof size 128x 128
for theuniformgrid algorithmanda 32 x 32initial meshfor
the AMR clusteringalgorithm. A refinefactorof 4 is used
in the AMR algorithm so that the meshgranularity at the
secondevel is the sameasthe uniform meshcase.For data
setl in 3D, the meshsizesfor the uniform grid algorithm
and AMR algorithm are 64 x 64 x 64 and 16 x 16 x 16,
respectiely. For dataset2 projectedn 2D, the meshof size
is setto 64 x 64 x 64 for the uniform grid algorithmandan
initial meshof size16 x 16 x 16 anda refinefactorof 4 are
choserfor the AMR clusteringalgorithm. For dataset2 in
3D, themeshsizesfor theuniform grid algorithmandAMR
algorithmare 64 x 64 x 64 and16 x 16 x 16, respectiely.
Table 1 givesthe performanceimings of our experiments
thatwererun on an AMD Athlon XP 1700+machinewith
the CPU speedof 1.47 GHz and512 MB memory These
resultsclearly shav a better performancewhen using the
AMR clusteringalgorithmover the methodsusinga single
uniformmesh.

6 Sensitvity to Parameters.

For all clusteringalgorithms the clusteringquality is sensi-
tiveto theinput parameterdyesideshe sizeof thedatabase,
in a certaindegree. Examplesare the cluster numberto
the partition-basednethodsthe memge/splitdecisionto the
hierarchical-basednethods,and the density radiusto the
density-basedhethods.A goodquality clusteringresultof-
tenrelieson the properselectionof theseinput parameters.
Generally all grid-basedtlusteringalgorithmsare sensitve
to the parameter®f the meshsize, filtering threshold,and
theratio of meshgranularitybetweertwo consecutie levels
in thehierarchicatree.

Theinput parameterso the AMR clusteringalgorithms
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Figure7: ENZO datasetandits clusteringresults. (a) The datadistribution of the dataset1 projectedin two dimensions
thathas61440particles.(b) Nine subgridsareidentifiedat root grid level. (c) Clusteringresultwhenonly a singlemeshis
used.(d) Five additionalnestedclustersarediscoveredby the secondevel refinementn grid 5. (e) Clusteringinsidegrid

5. (d) Final clusteringresultsfor the entiredatabase.

besideghe databasaizeincludethe maximumrefinelevel,
initial meshgranularity densitythreshold andrefinefactor
The maximumrefine level is the upper bound value that
stops constructingdeeperAMR tree brancheswhen the
refinementreacheghis level. Good choiceof initial mesh
granularity and refine factor can minimize the size of the
AMR treeandreducethenumberof visitsto thedatabaseA
properdensitythresholds alsoimportantthatcaneffectively
identify thedenseregionsto form deepeievelsof subgrids
and potentially nestedclusters. An automaticapproachto
find asuitablethresholdvaluecanuseadensityhistogranon
themeshcellsandscanfor thefirst numberwith alargejump
from its previous numberin the histogram. This number
indicatesthe densitygap at the boundaryof a new cluster
from the surroundings.

During the constructionof the AMR tree, whenever a

new grid is createdthe dataobjectslocatedin thatgrid need
to berevisitedto fill in the new grid’s mesh.For very large
databasesnout-orcoreimplementatiorfor managingdata
objectslocatedin the AMR treenodescanbeadoptedEach
grid can allocate pagesof buffer for storing data objects
locatedin this grid’s domain. A scanto the databasewill
sequentiallyadd the dataobjectsto the buffer pagesof the
gridsin whichthe objectsarelocated.Oncea pageis full, it
is writtento afile or appendedo thefile if thegrid hasmore
thanone pagefilled. After a datascanis completedat one
level of refinementthefile containsghe only necessargata
to be processedor the next level andno unnecessargata
will berevisited.

The depthof the AMR tree determineshe frequeng
of datarevisit and, therefore,it is critical to selectproper
input parameterghat determinethe tree depth, such as



Tablel: Performanceesultsof clusteringon two setsof data. Theresultsof using2D projecteddataare presentedn the
secondable.Thetiming comparesheperformancef the AMR clusteringalgorithmandthemethodusingasingleuniform

mesh.
dataset in 3D dataseR in 3D
stage build mesh| clustering| totaltime | build tree | clustering| totaltime
uniformgrid 0.3709 0.2780 0.6489 0.8403 0.8525 1.6929
AMR 0.0730 0.1801 0.2531 0.3187 0.5595 0.8782
datasefl projectedn 2D datase® projectedn 2D
stage build mesh| clustering| totaltime | build tree | clustering| totaltime
uniformgrid 0.1032 0.0791 0.1823 0.3293 0.1553 0.4846
AMR 0.0390 0.0269 0.0659 0.2529 0.0578 0.3107

initial meshresolution,refinefactor anddensitythreshold.
Tradeof betweenthe efficiency and quality exists in the
AMR clusteringalgorithm asin all clusteringalgorithms.
For theclusteringalgorithmsthatuseasingleuniform mesh,
databasés only visited once,but cansuffer from obtaining
low quality output,asdiscusseearliert AMR clusteringcan
generatea good quality results,but if the AMR tree grows
toodeeptheoverheadf datarevisit canbecomesignificant.

The adwantageof our AMR clusteringalgorithmis that
the differentlevels of clusteringqualitiescan be obtained.
The clusteringcan startat ary level of tree depthand per
form upward. It canalsobe performedwithin a treebranch
for clusteringon a specificproblemsubdomain.The com-
binationof the AMR techniqueand clusteringis especially
helpful for mary modernscientificapplicationghatarepro-
grammedusing AMR datastructures.Recently datamin-
ing techniquesarefrequentlyusedto help discover the pat-
ternsfrom the simulation outputsas the stand-alonepost-
simulationapplications.In mary casesthe mining process
is desiredto performon line sothe mining resultscanbe di-
rectly fed backto the simulationto tunethe parameterand
guide the subsequensimulationprocess. The direct feed-
backrequiregsheseamlesmtegrationof dataminingprocess
into theapplicationsdatastructuresEmbeddingAMR clus-
teringinto the AMR applicationss ohbviously morestraight-
forwardthanothertypesof clusteringalgorithms. By reusing
the AMR structurealreadyconstructedn the applications,
our proposedAMR clusteringalgorithmshows a greatpo-
tential on performanceenhancemerfor on-line dataanaly-
sisthatis generallydifficult for otherclusteringalgorithms
to achieve.

7 Conclusions.

In this paperwe presentec grid-basectlusteringalgorithm
usingadaptve meshrefinementechniquethatcandynami-
cally applymeshesvith differentgranularitiego theregions

with differentdensities For highly irregularor concentrated
datadistributions,a uniform grid cannotperformefficiently
or sufiiciently to generatethe required clustering quality.
The adaptabilityof AMR techniqueélets the clusteringper
form attheregionsrequiringhigh resolutionusingfiner grid
meshes.This approachpartitionsthe problemdomaininto
regions that are representedby the grids in a hierarchical
tree. Eachgrid representshe datain a spatialsubdomain
andgridsatdifferentlevelsof thetreeemploy meshe®f the
differentgranularity Dataclusteringcanbe startat differ-
ent levels of the tree that gives a certainresolutionof the
clusteringresultor it canperformwithin atreebranch.This
algorithm can dynamicallydiscover nestedclusters,which
is very usefulfor highly irregular datadistributions. Exper
imentalresultspresentedn this paperalsoshaved the effi-
ciengy andeffectivenes®f theproposealgorithmcompared
to thegrid-basednethodausingsingleuniform meshes.
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