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Abstract

Algorithmsthat usepoint-cloudmodelsmale heavyuseof the neighborhood®f the points. Theseneighborhoods
are usedto computethe surfacenormalsfor ead point, molli cation, and noiseremaal. All of theseprimitive
opemtionsrequire the seeminglyrepetitiveprocessof nding the k neaestneighbos of ead point. Thesealgo-
rithms are primarily designedo run in main memory However, rapid advancesn scanningtechnolagies have
madeavailablepoint-cloudmodelsthatare toolargeto t in themainmemoryof a computerThiscalls for more
efcient methodof computinghek neaestneighbos of a large collectionof pointsmanyof which are alreadyin
closeproximity. A fastk neaestneighboralgorithmis presentedhat malesuseof thelocality of successivpoints
whosek neaestneighbos are soughto signi cantly reducethetimeneededo computeheneighborhoodcheeded
for the primitive opemtion aswell as enableit to opelate in an ervironmentwhese the datais on disk. Results
of experimentslemonsiate an orderof magnitudeimprovemenin thetime to performthe algorithmand several
ordersof megnitudeimprovemenin work ef ciency whencompaedwith several prominentexistingmethod.

Catagyoriesand SubjectDescriptorgaccordingto ACM CCS) 1.3.6 [ComputerGraphics]:Methodologyand Tech-

niques;l.3.8[ComputerGraphics]:Applications;

1. Intr oduction

In recentyearsthere hasbeena marked shift from using
trianglesto using points as object modeling primitives in
computergraphicsapplications(e.g., [AGPS04HDD 92,
JDDO3 LPC 00,PKKGO03). A point-model(oftenreferred
to asa point-cloud usuallycontainsmillions of points.Im-
proved scanningtechnologies[LPC 00] have resultedin
even larger objectsbeing scannednto point-clouds.Note
that a point-cloud is nothing more than a collection of
scannedpoints and may not even containary topological
information. However, mostof the topologicalinformation
canbededucedy applyingsuitablealgorithmsonthepoint-
clouds.Someof thefundamentabperationgperformedon a
freshly scannegoint-cloudincludethe computatiorof sur-
face normalsin orderto be ableto illuminate the scanned
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object, applicationsof noise- Iters to remove ary residual
noisefrom the scanningprocessandtools that changethe
samplingrate of the point-modelto the desiredlevel. What
is commonto all threeof theseoperationds thatthey work
by computingthe k nearesneighborsfor eachpointin the
point-cloud.Therearetwo importantdistinctionsfrom other
applicationavherethecomputatiorof neighbords required.
First of all, neighborsneedto be computedfor all points
in the datasetalthoughthereis a potential scopeto opti-
mize this task. Second,no assumptiorcan be madeabout
the size of the dataset.In this paper we discussthe k-
neaest-neighbaf kNN) algorithm, also known as the all-
points k-nearest-neighboalgorithm, which takes a point-
clouddataseR asaninputandcomputeghek nearesheigh-
borsfor eachpointin R.

We startby comparingandcontrastingour work from the
relatedwork of Clarkson[Cla83 andVaidya[Vai89. Clark-
sonproposesnO nlogd algorithmfor computingthenear
estneighborto eachof n pointsin adatases, whered is the
ratio of the diameterof Sandthe distancebetweerthe clos-
estpairof pointsin S. Clarksonusesa PR-quadtregSam06
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Q on the pointsin S. The running time of his algorithm
dependon thedepthd d of Q. This dependencen the

depthis removedby Vaidyawho proposesisinga hierarchy
of boxes,termedBox tree,to computethe k nearesneigh-
borsto eachof the n pointsin Sin O knlogn time. There
aretwo key differencedetweerour algorithmandthoseof

Clarksonand Vaidya. First of all, our algorithm canwork

on most disk-based(out of core) data structureswhether
they arebaseddn aregulardecompositiorof the underlying
spacesuchasa PMR quadtregf SamO0§ or on object hier-

archiessuchasan R-tree[Gut84. In contrastto our algo-

rithm, the methodsof Clarksonand Vaidyahave only been
appliedto memory-basedi.e., incore) datastructuressuch
asthePRquadtreeandBox tree,respectrely. Consequently
theirapproachearelimited by theamountof physicalmem-
ory presentn thecomputeronwhichthey areexecuted The

seconddifferenceis thatour algorithmcanbe easilymodi-

ed to producenearesneighbordncrementallyi.e., we are
able to provide a variable numberof nearesteighborsto

eachpoint in S dependingon a condition, which is speci-
ed atrun-time.Theincrementabehaior hasimportantap-

plicationsin computergraphics.For example,the number
of neighborsusedin computingthe normalto a pointin a

point-cloudcanbe dependenon the curvatureof a point.

The developmentof ef cient algorithmsfor nding the
nearestneighborsfor a single point or a small collec-
tion of points hasbeenan active areaof researcHHS95
RKV95]. The mostprominentneighbor nding algorithms
useDepth-FirstSearch DFS)[RKV95] or Best-FirstSearch
(BFS) [HS93 methodsto computeneighbors.Both algo-
rithmsmalke useof asearchierarchywhichis aspatialdata-
structuresuchasanR-tree[Gut84 or avariantof aquadtree
or octree(e.g.,[Sam0§). The DFS algorithm, also known
as branch-and-boundraversesthe elementsof the search
hierarchyin a prede nedorderandkeepstrack of the clos-
estobjectsso far from the querypoint. On the otherhand,
the BFS algorithmtraversesthe elementsof the searchhi-
erarchyin anorderde ned by their distancefrom the query
point. The BFSalgorithmthatwe use storesbothpointsand
blodksin apriority queuelt retrievespointsin anincreasing
orderof their distancefrom the querypoint. This algorithm
isincrementabsthenumberof nearesheighborsk neednot
be known in adwance.Successie neighborsareobtainedas
points are removed from the priority queue.A brute force
methodto performthe kNN algorithm would be to com-
putethe distancebetweerevery pair of pointsin thedataset
andthento choosethetop k resultsfor eachpoint. Alterna-
tively, we alsoobsere thatrepeatedpplicationof a neigh-
bor nding techniquelMA97] on eachpointin the dataset
alsoamountgo performinga kNN algorithm.However, like
the brute-forcemethod,suchan algorithm performswaste-
ful repeatedvork aspointsin proximity shareneighborsand
ideallyit is desirableo avoid recomputingheseneighbors.

Someof the work in computingthe k nearesineighbors
can be reducedby making use of the approximatenear

est neighbors[MA97]. In this case,the approximationis
achieed by makinguseof anerrorbounde which restricts
the ratio of the distancefrom the query point g to an ap-
proximateneighborandthe distanceto the actualneighbor
to be within 1 e. Whenusedin the contet of a point-
cloud algorithm, this methodmay lead to inaccuraciesn

the nal result.In particular point-cloudalgorithmsthatde-
terminelocal surface propertiesby analyzingthe pointsin

theneighborhoodnaybe sensitie to suchinaccuraciesk-or
example, such problemscan arisein algorithmsfor com-
puting normals,estimatinglocal cunvature,aswell assam-
pling rate and local point-cloud operatorssuch as noise-
Itering [JDD03 FDCOO03, molli cation and removal of
outliers [WPH 04]. In general,the correctcomputationof
neighbords importantin two mainclasse®f point-cloudal-
gorithms:algorithmsthatidentify or computepropertieghat
arecommonto all of thepointsin the neighborhoodandal-
gorithmsthatstudyvariationsof someof theseproperties.

An important considerationwhen dealing with point-
modelsthat is oftenignoredis the size of the point-cloud
datasetsThe modelsare scannedat a high delity in or-
der to createan illusion of a smoothsurface. The resul-
tantpoint-modelscanbe on the orderof severalmillions of
pointsin size.Existing algorithmssuchas normal compu-
tation [MNO3] which make useof the suite of algorithms
and data structuresin the Approximate NearestNeighbor
(ANN) library [MA97] arelimited by the amountof physi-
cal memorypresentin the computeron which they are ex-
ecuted.This is becauseghe ANN library malkes useof in-
core datastructuressuchas the k-d tree [Ben73 and the
BBD-tree[AMN 94]. As largerobjectsarebeingcorverted
to point-models thereis a needto examine neighborhood
nding techniqueghat work with datathatis out of core
andandthusout-of-coredatastructureshouldbe used.Of
course althoughthedravbackof out-of-coremethodds the
incurrenceof 1/0 coststherebyreducingtheir attractveness
for real-timeprocessingthefactthatmostof thetechniques
thatinvolve point cloudsareperformedof ine mitigatesthis
dravback.

There hasbeena considerableamountof work on ef -
cient disk-basedhearesineighbor nding methods[HS95
RKV95,XLOHO04]. Recentlytherehasalsobeensomework
onthe kNN algorithm[BKO04, XLOHO04]. In particular the
algorithmby Béhm [BKO04], termedMuX usesthe DFS al-
gorithm to computethe neighborhoodf one block, say
b, at a time (i.e., it computesthe k nearestneighborsof
all pointsin b before proceedingto computethe k near
est neighborsin other blocks) by maintainingand updat-
ing a best set of neighborsfor each point in the block
asthe algorithm progressesThe rationaleis that this will
minimize disk I/O asthe k nearestneighborsof pointsin
the sameblock arelikely to be in the samesetof blocks.
The GORDER method[XLOHO04] takes a slightly differ-
entapproachn thatalthoughit wasoriginally designedor
high-dimensionatlata-pointge.g.similarity retrieval in im-
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ageprocessingpplications)jt canalsobe appliedto low-

dimensionaldatasetsln particular this algorithm rst per

formsa Principal ComponentAnalysis(PCA) to determine
the rst few dominantdirectionsin the dataspaceandthen
all of the objectsareprojecteduo this reducedspacehereby
resultingin drasticreductionin the dimensionalityof the
pointdatasetTheresultingblocksareorganizedusingareg-

ular grid, and at this point, a kNN algorithmis performed
whichis really a sequentiatearctof theblocks

Even though both Xia [XLOHO04] and Béhm [BKO04]
methodscomputethe neighborhoodf all pointsin a block
beforeproceedingo processpointsin anotherblock, each
pointin the block keepstrack of its k-nearesneighborsen-
counterecdthus far. Thus this work is performedindepen-
dentlyandin isolationby eachpointwith no reuseof neigh-
borsof onepoint asneighborsof a pointin spatialproxim-
ity. Insteadwe identify aregionin spacethatcontainsall of
the k nearesheighborsof a collectionof points (the space
is termedlocality). Oncethe bestpossiblelocality is built,
eachpoint searche®only the locality for the correctset of
k nearesheighborsThis resultsin large savings. Also, our
methodmakesno assumptioraboutthesizeof thedatasebr
the sampling-ratef the data.Experimentgsection6) shav
thatouralgorithmis fastethanthe GORDER approactand
performssubstantiallyfewer distancecomputations.

The restof the paperis organizedas follows. Section2
de nes the conceptsthat we useand provides a high level
descriptionof our algorithm. Section3 describeghe local-
ity building processfor blocks Section4 describesan in-
crementalvariantof our kNN algorithm, while Section5
describesa non-incrementavariantof our kNN algorithm.
Section6 discussesesultsof experimentswhile Section7
discusseselatedapplicationghatcanbene tfrom usingour
algorithm. Finally, concludingremarksare drawvn in Sec-
tion 8.

2. Preliminaries

In this paperwe assumehatthe dataconsistsof pointsin a
multi-dimensionalspaceandthatthey arerepresentedy a
hierarchicalspatialdatastructure Our algorithmmakesuse
of adisk-basedjuadtreevariantthatrecursvely decomposes
the underlyingspaceinto blocksuntil the numberof points
in ablock s lessthansomethresholdlimit (B) [Sam0§. In
fact, ary other hierarchicalspatial datastructurecould be
usedincluding somethat are basedon object hierarchies
suchasthe R-tree[Gut84. The blocks are representecs
nodesin a tree accessstructurewhich enablespoint query
searchingn time proportionalto the logarithmof the width
of the underlying space.The tree containstwo types of
nodes:leaf and non-leaf. Each non-leafnode has at most
2 nonemptychildren, whered correspondgo the dimen-
sion of the underlyingspace A child nodeoccupiesa re-
gionin spacehatis fully containedn its parentnode.Each
leaf nodecontainsa pointerto a budket that storesat most
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B points. The root of the tree is a specialblock that cor

respondgo the entire underlyingspacewhich containsthe
datasetWhile theblocksof theaccesstructurearestoredin

main-memorythe bucketsthatcontainthe pointsarestored
ondisk. In ourimplementationa countis maintainedf the
numberof points that are containedwithin the subtee of

which the correspondindplock b is the root anda minimum
boundingboxof thespaceoccupieddy the pointsthatb con-
tains.

\ |\£AXDIST
N S

Qb o
MiNDisT

Figure 1: Exampleillustrating the valuesof the MINDIST
andMAXxDisT distanceestimategor blocksQbandsS.

We usetheEuclidearmetric(L,) for computingdistances.
Our kNN algorithmcanbe easilymodi ed to accommodate
otherdistancemetrics.Ourimplementatiormakesextensve
useof thetwo distanceestimatesMINDIST andMAXDIST
(Figure1). MINDIST g e betweentwo blocks Qb and S
refersto the minimum possibledistancebetweenary point
gin Qbandein S Whenalist of blocksis orderedby their
MINDIST valuewith respecto areferenceblock or a point,
theorderingis calledaMINDIST ordering. MAXDIST g e
refersto the maximumpossibledistancebetweerary possi-
ble g ande in Qb andSrespectiely. An orderingbasedon
MAXDIsT is calleda MAxDisT ordering.The kNN algo-
rithm identi es the k nearesheighbordor eachpointin the
datasetWe referto the setof k nearesheighborsof a point
o0 astheneighborhoodf 0. While the neighborhoods used
in the context of points,locality de nes a neighborhoodf
blocks. Intuitively, the locality of a block b is the region in
spacethat containsall the k nearesheighborsof all points
in b. We make one other distinction betweenthe concepts
of neighborhoodandlocality. While neighborhoodsontain
no otherpoint otherthanthe k nearesneighborsjocality is
moreof anapproximatiorandthusthe locality of a block b
may containpointsthat do not belongto the neighborhood
of ary of the pointscontainedwithin b.

Our algorithm hasthe following high-level structure.lt
rst builds the locality for a block and later searcheghe
locality to build neighborhoodfor each point contained
within theblock. Thepseudo-coderesentedn Algorithm 1
explains the high level workings of the kNN algorithm.
Lines 1-2 traverseeachblock in the dataseR andbuild an
approximatdocality. Lines 3-4 build a neighborhoodising
theapproximatdocality for all pointsin b.

Algorithm 1

Procedure KNN(R K)

( high-level descriptionof kNN algorithm )
1. for eachblockbin R

2. do Build locality | forbin R
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3. for eachpoirt pinb
4. do Build neighborhoodf p usingl andk
5. return

3. Building the Locality of a Block

As the locality de nes a region in spacewe needa mea-
surethat de nes the extent of the locality. Given a query
blodk, sucha measurevould implicitly determindf a point
or a block belongsto the locality. We specify the ex-
tent of a locality by a distance-basetheasurehatwe call
PRUNEDIST. All pointsandblockswhosedistancerom the
queryblockis lessthan PRUNEDIST belongto the locality.
The challengein building localitiesis to nd a good esti-
matefor PRUNEDIST. Finding the smallestpossiblevalue
of PRUNEDIST requiresthatwe examineevery point which
defeatshe purposeof our algorithmwhichis why we resort
to estimatingt.

We proceedasfollows. Assumethatthe queryblock(Qb)
is in the vicinity of otherblocksof varioussizes.We want
to nd asetof blockssothatthetotal numberof pointsthat
they containis atleastk, while keepingPRUNEDIST assmall
aspossible We do this by processinghe blocksin increas-
ing orderof their MAXDI1sT orderfrom Qb andaddingthem
to thelocality. In particular we sumthe countsof the num-
berof pointsin theblocksuntil thetotal numberof pointsin
the blocksthathave beenencountereéxceedsk andrecord
the currentvalue M of MAXDIST. At this point, we pro-
cessthe remainingblocks accordingto their MINDIST or-
derfrom Qb andaddthemto thelocality until encountering
ablock b whoseMINDIST valueexceedsM. All remaining
blocks neednot be examinedfurther and are insertedinto
list PRUNEDL IST. Note thatan alternatve approachwould
beto initially procesgheblocksin MINDIST ordet adding
themto the locality, andusethe MAXDIST value M when
the sumof the countsis greaterthank to pruneevery block
whoseMINDIST is greaterthanM. This approachdoesnot
yield astight an estimatefor PRUNEDIST ascanbe seenin
theexamplein Figure2.

B,20

MINDIST(Qb,B)
MAXDIsT (Qb,B) A,10
Q“)‘N
L1 N\P\/\O\gk
Qb —

MINDIST(Qb,A)

Figure 2: Queryblodk Qbin thevicinity of two otherblocks
A and B containing10 and 20 pointsrespectivelyWhenk
is 15, choosingA with a smallerMINDIST value doesnot
providethelowestpossiblePRUNEDIST bound.

Thepseudo-codéor thelocality building processs given
belav in Algorithm 2. The initial inputsto the BuiLDL O-
CALITY procedurarethequeryblock(@b), theinitial local-

ity locality, and k. Using theseinputs, the algorithm com-
putesa new locality for Qb. Lines 4-8 selectblocksin the
MAxDisT orderingfrom Qb. The loop terminateswvhenk
or more points have beenfound which is kept track of by
detectingwhenthe allowancevariableis lessthanor equal
to 0 having beeninitialized to k at the start of the algo-
rithm. Lines 10-14 further add blocksto the locality whose
MINDIST to Qbis closerthanPRUNEDIST. Line 15returns
thenew locality andthe prunedlist of blocks.

Themechanic®f thealgorithmareillustratedin Figure3.
The gure shawvs Qb in thevicinity of several otherblocks.
Eachblock has a label and the numberof pointsit con-
tains.For example,supposéhatthe allowanceis initialized
to 3. The algorithmselectsblocksby the MAXDIST order
ing from Qb until 3 pointsare found. Hence,X andY are
selectedand PRUNEDIST is now known. The next stepis
to chooseall blockswhoseMINDIST from Qb is lessthan
PRUNEDIST andthusB E F I D PRV M andO arecho-
sen.

Figure 3: lllustration of theworkingsof the BuiLDL OCAL -
ITY algorithm.Thelabelingschemeassignsad blodk a la-
bel concatenatedvith the numberof pointsthatit contains.
Qb is the querybloc. Blocks X and Y are selectedbased
on the valueof MAXDisT, while bloks B,E,FI,D,PR,VM,
andO are alsoselectedastheir MINDIST valuefromQb
PRUNEDIST.

Algorithm 2
Procedure BuiLDLOCALITY[Qb,locality,k]
Input: QbistheQuerypoint.
Input: locality is alist of blocks;denotesnitial locality
Output: newlocality is the prunediocality of Qb
(' Countis the numberof pointscontainedn ablock )
1. ( maxorderstoresthe locality in increasingorder of
MAXDIsT with respecto Qb )
( PrRuNEDLISTIs alist of prunedblocks )
allowance k
while (allowance 0)
doblodk; Next(maxorder)
PRUNEDIST MAXDIST (Qbblod;)
allowance allowance- Countplod;)
newlocality.Insertplods;)
(' minorderis a list; denotingthe remainingblocksin
maxordetin a MINDIST orderingfrom Qb )
10. while (Exists(minorder))
11. do blodk; = Next(minorder)
12. if (MINDIST (Qb,blodk;)

©CoNOOr~WN

PRUNEDIST)
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13. then newlocality.Insertplods;)
14. else PRUNEDLIST.Insertplod)
15. return newlocality,PRUNEDLIST

4. Incremental kNN Algorithm

We brie y describethe working of an incrementalvariant
of our kNN algorithm.This algorithmis usefulwhenvari-
ablenumberof neighborsarerequiredfor eachpointin the
datasetFor example ,whendealingwith certainpoint-cloud
operationswhere the numberof neighborsrequiredfor a
point p is a function of its local characteristicge.g., cur
vature),the value of k cannotbe pre-determinedor all the
pointsin thedataseti.e., few of thepointsmayrequiremore
thank neighbors.The incremental kNN algorithmasseen
in Algorithm 3, canproduceasmary neighborsasrequired
by the point-cloudoperationThisis contrasto the ANN al-
gorithm[MA97], whereretrieving thek 1t neighborof p,
would entail recomputingall of the rst k 1 neighborsto

p.

If Qbin Algorithm 2 is a leaf-block,thenfor eachpoint
p Qb, Algorithm INCKNN(p, locality of Qb) is invoked.
A priority queueQ in line 3 thatretrieveselementsy their
MINDIST from p, is initialized with the locality of Qb. If
an elementE retrieved from the top of Q is a BLOCK, it is
replacedwith its children blocks (line 6-7). Note that the
locality of Qbis only guaranteedio containthe rst k near
estneighborsof ary p  Qb, afterwhich the PRUNEDLIST
(subsequentlyan ancestor)of Qb is addedto Q, asshavn
in lines9-14. If E is apoint, it is reported(line 15) andthe
control of the programreturnsbackto the user Additional
neighborsof p areretrieved by making subsequeninvoca-
tionsto thealgorithm.

Algorithm 3

Procedure INCKNN[ p,locality ]
Input: pistheQuerypoint
Input: locality is alist of blocks
1. PB PARENT(P)

2. PpIsT PRUNEDIST(PB)

3. Q Priority Queueinitialized with locality
4. while (Q notEMPTY)

5. doE Q pop

6 if (E is BLOCK)

7 then insertchildrenof E in Q

8 else ( EisaPoINT )

9

if (DIsT E PB PDIST)
10. then insertPRUNEDLIST of PB in Q
11. if PB is ROOT
12. then PpIsT
13. else PB  PARENT(PB)
14. PpDisT  PRUNEDIST(PB)

15. reportE asnext neighbor(andreturn)
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5. Non-Incremental KNN Algorithm

In this section,we describeour kNN algorithmthat com-
putesk neighborsto eachpoint in the datasetA point a
whosek neighborsarebeingcomputedjs termedthe query
point. An orderedsetcontainingthek nearesheighborgo a
is collectively termedtheneighborhooch a of a. Although
the examplesin this sectionuse a two-dimensionalketup,
the conceptsold truefor ary arbitrarydimensionLetn a
= of g g o betheneighborhoodf pointa, suchthat
o?istheit" nearesheighborofa, 1 i kwith o2 beingthe
closestWe representhel, distanceof apoint,g® n a as
LS gi g a ord? Notethat,all pointsin the neigh-
borhoodg® n a aredravn from thelocality.

The neighborhoof a successiomf querypointsis ob-
tained as follows. Supposethat the neighborhoodof the
querypointa hasbeendeterminedby a searchprocessgf
is thefarthestpointin the neighborhoodndall k neighbors
arecontainedvithin acircle (ahyperspheré higherdimen-
sions)of radiusd? centeredat a. Let b be the next query
point underconsiderationAs mentionedearliet the algo-
rithm bene tsfrom choosingo to becloseto a. Withoutloss
of generalityassumahatb is to theeastandnorth of a. As
botha andb arespatiallycloseto eachother they mayshare
mary commonneighborsandthusweletb usetheneighbor
hoodof a asaninitial estimateof b's neighborhoodtermed
the approximateneighborhoodf b anddenotedby an b ,
andthentry to improve uponit. At this point, let d'g record
thedistancdromb tothefarthespointinan b , theapprox-
imateneighborhoof b.

Of course someof the pointsin an b maynot bein the
setof k nearesheighborsof b. Thefactthatwe usethe L,
distancemetricmeanghatn a , theneighborhoof a, has
a circular shape Therefore,asshavn in Figure4a we see
that someof the k nearestneighborsof b may lie in the
shadectrescent-shapeaggion formedby takingthe setdif-
ferenceof thecircle of radiusd'g centeredhtb andthecircle
of radiusd'g centeredata (i.e.,n a ). Thusin orderto en-
surethat we obtainthe k nearesineighborsof b, we must
also searchthis crescent-shaperkgion whosepoints may
displacesomeof the pointsin an b . However, it is noteasy
to searchsucha region dueto its shapeandthusthe kNN
algorithmwould bene tif theshapeof theregion containing
theneighborhoodtould be alteredto enableef cient search
while still ensuringthatit containthe k nearesneighboring
points althoughit could containa limited numberof addi-
tional points.

We achieve sucharesultby de ning a simplersearchre-
gion which is in the form of a hyperrectangulabounding
boxaroundn a whichwe call theboundingbox(BBox a )
of na. BBox a is a square-shapedegion centeredat
a with width 2 d§. Once we have such a searchregion
BBox a for a querypoint a, we obtaina similarly-shaped
hyperrectangularbut not necessarilysquare searchregion
BBox b for the next query point b by adding4 simple
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hyperrectangularegionsto BBox a asshavnin Figure4b.
In generalfor a d dimensionalspace,zd suchregions are
formed.This processs deceptiely simplebut mayhave the
unfortunateconsequencehat its successie applicationto
querypointswill resultin largerandlargerboundingboxes.
Thiswould defeattheideaof usinglocality to limit thecom-
putationalcompleity of the kNN algorithm.We avoid this
repeatedgronth by following the determinationof d'g us-
ing BBox b with acomputatiorof asmallerBBox b with
width 2 df.

Fromthe abore we seethatthe computationof BBox a
of n a isanimportantstepin our algorithmandits pseudo-
codeis givenby Algorithm 4. NotethatBBox a containsall
pointso; thatsatisfyL? o dé'i. BBox a containsatleast
k pointsandall pointsof n a . While estimatinga bound
on numberof pointsin BBox a is dif cult, atleastin two-
dimensionabpacewve know thattheratio of thenon-overlap
spaceoccupiedby BBox a ton a is 4—p9. Consequently
the expectednumberof pointsin the non-overlap region is
proportionatelylargerthann a .

Non-overlap
region

dy dpt+d,

@ (b)
Figure4: a) Seachingtheshadedegionfor pointscloserto
b thaan is sufcient. b) TocomputeBBoxb fromBBox a
requiresfour simpleregion seaches.Compaedto thecres-
centshapedregion, theseregion seachesare easyto per
form.

Theinputto Algorithm 4 is alocality consistingof anini-
tial setof pointsandaquerypointa.n a isbuilt in lines3-5,
by choosingthe rst k closestpoints. This is doneby mak-
ing useof anincrementahearesheighbor nding algorithm
suchas BFS. Note that at this stage,we could also malke
useof anapproximaterersionof BFSaspointedoutin Sec-
tion 1. Oncethe k closestpoints have beenidenti ed, the
valueof d2 is known (line 6). At this point we addthe re-
mainingpointsthatarein BBox a asthey maybe needed
for the computationof the neighborhoodf the next query
pointb (i.e.,n b ). In particular BBox a is constructedy
addingpointso thatsatisfytheL? o  df distancecrite-
rion (lines8-10).

Algorithm 4
Procedure BuiLDBBOX[locality,,a ]
Input: locality, list of pointsin thelocality of a

( locality, storespointsin orderof increasinglistancefroma )

1. count O

BBoxa empty
while (count K)

2

3

4

5. count count+1

6. d@ L3(BBoxa[k])

7. ( addall pointsthatsatisfytheL
8. while (L? locality, dd)

9

1

criterion )

0. count count+1
11. return

6. Experiments

A numberof experimentswere performedto evaluatethe
performanceof our kNN algorithm.The experimentswere
run on a QuadIntel Xeon sener running Linux(2.4.2) op-
eratingsystemwith one Gigabyteof RAM and SCSIhard
disks. The datasetusedfor evaluationconsistedof several
commonlyused3D scannednodels.Thethree-dimensional
point-cloudmodelsrangefrom 2k to 3200k points.We de-
velopeda toolkit in C++ using STL that implementsthe
kNN algorithm.The performancef our algorithmwaseval-
uatedby varyinga numberof parametershatareknown to
in uence its performanceWe collectedstatisticsaboutthe
performanceof the algorithm underthe experimentalervi-
ronment.For a datasetcontainingn points, a good bench-
markfor evaluatinga kNN algorithmis the distancesensi-
tivity [ XLOHO4] whichis de ned asfollows.

Total distancecalculations

distancesensitvity nlogn

A reasonablalgorithmshouldhave alow, and,moreimpor-
tantly, a constantlistancesensitvity value.

We evaluated our algorithm by comparingits execu-
tion time and its distance sensitvity with that of the
GORDER method[XLOHO04] andthe methodof B6hm et
al. [BKO4]. We alsoincludedtraditional methodslike the
nested-joiflUGMWO01] anda variantof the BFSalgorithm
thatinvoked a BFS algorithmfor eachpointin the dataset,
wereusedin the comparisonWe usebotha PMR quadtree
and an R-treevariant of the algorithmin the comparatre
study Our evaluationwasin termsof three-dimensionalata
as we are primarily interestedin databasesor computer
graphicsapplications Our algorithmwastestedwith a disk
pagesize(B) of 32. Note however, thatthe valuesof B and
k are chosenindependenbf eachother We retained10%
of the disk pagesin the main memoryusinga LRU based
pagereplacemenpolicy. For the GORDER algorithm,we
usedthe parametewvaluesthat led to its bestperformance,
accordingo its developerd XLOHO4]. In particularthesize
of asub-sgmentwaschoserto be 1000,thenumberof grids
weresetto 100,andthesizeof thedatasetbufferswascho-
sento be morethan 10% of the datasetsize.For the MuX
basedmethod,a pagecapacityof 100 bucketsanda bucket
capacityof 1024 objectswas adopted.We useda bucket
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do BBoxXa.INSERT(NEXTNEARESTNEIGHBOR(locality,))

do BBoxXa.INSERT(NEXTNEARESTNEIGHBOR(locality,))
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Figure 5: The plot showsthe performanceof our kNN algo-

rithm alongwith theBFS,GORDERMuXandtheNested-joiralgo-

rithms. Thepseudaname'kNN-Q' in the plotsreferto the quadtee
implementatiorof our algorithmwhile 'kNN-R' refers to the R-tree
implementationof our method.Plots a—b show the performance
of the techniqueson the StanfordBunry modelcontaining35947
pointsfor valuesof k rangingbetweenl and 256. (a) Recodsthe

distancesensitivityand (b) thetimetakento performthealgorithm.

Plotsc—drecod theperformancef all thetecdhniquesondataset®f

varioussizedor k 8. (c) Thetimetakento performthealgorithm,

and(d) theresultantdistancesensitivity
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capacityof 1024 for the BFS and nested-joinflUGMWO01]
methodsTheresultsof our experimentsvereasfollows.

1. Our algorithm clearly out-performsall the other meth-
odsfor all valuesof k on the StanfordBunry modelas
shavn in Figure 5a—b The MuX methodperformssig-
ni cantly betterthanthe GORDER methodwhoseper
formancewascomparabldo theBFSandthe nested-join
methodsHowever, our algorithmleadsto at leastanor-
derof magnituddmprovementin the distancesensitvity
overthe MuX methodfor smallervaluesof k (  32)and
at least50% improvementfor largerk ( 256) asseen
in Figure5a. We recordatleast50% improvementin the
time to performthealgorithm(Figure5b).

2. However, as size of the input datasetis increasedthe
performanceof the MuX algorithmwas comparableto
the nestedBFS andthe GORDER basedmnethodgFig-
ure 5c). Moreover, our methodhas an almostconstant
distancesensitvity evenfor large datasetsThe distance
sensitvity of the comparatie algorithmsare at leastan
orderof magnitudehigherfor smallerdatasetandup to
severalordersof magnitudehigherfor thelargerdatasets
in comparisorto our method(Figure5d). We recordsim-
ilar time speedupasseenin Figure5c.

3. Figure5c—dshaw similar performancdor the R-treeand
the PMR Quadtreevariantsof our algorithm.

Having establishedhat our algorithm performedbetter
thanthe GORDER method,we next evaluatedthe use of
our algorithmin a numberof applicationsor differentdata
setsthatincludedseveral publicly availableanda few large
syntheticallygenerategboint-cloudmodels.The sizeof the
modelsrangedfrom 35k points (Stanfod Bunnymodel)to
50 million points(Syn-50model).We have developeda few
graphicalapplicationsthat works in conjunctionwith our
kNN algorithm.They includecomputingthesurfacenormals
to eachpointin the point-cloudusinga variantof the algo-
rithm by Hoppeetal. [HDD 92] andremaoving noisefrom
the point surface using a variant of the bilateral Itering
method[JDD0O3 FDCOO03. Figure6 shavs thetime needed
to compute8 neighborsfor eachpoint in the point-cloud
model.We alsoprovide in Figure6 thetime neededo com-
putethe surfacenormalsandto correctnoisewhena neigh-
borhoodcontaining8 pointsis emplo/ed.As we cansee use
of ouralgorithmresultsin scalableperformancevenasthe
sizeof the dataseis increasedo a point thatit exceedsby
several ordersof magnitudethe amountof available physi-
cal memoryin the computer The scalablenatureof our ap-
proachis alsoapparenfrom thealmostuniformrateof nd-
ing theneighborhoods,e.,5900neighborhoodssecondor
the StanfordBunny modeland7779neighborhoodssecond
for the Syn-50point-cloudmodels.

7. RelatedApplications

The most obvious applicationof the kNN algorithmis in
the constructionof kNN graphs. kNN graphsare use-
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Name (millions) Normals | Remawal
Bunny(Bu) 0.037 6.22 9.0 9.64
Femme(F) 0.04 7.13 10.5 13.9
Igea(l) 0.13 24.05 36.6 4752
Dog(Do) 0.195 329 53.4 64.45
Dragon(Dr) 0.43 72.62 118.9 122.2
Buddha(Bu) 0.54 93.04 152.3 157.25
Blade(BI) 0.88 185.92 304.2 270.0
Dragon(Ld) 3.9 663.84 900 1209.8
Thai(T) 5 940.04 1240 1215.7
Lucy(L) 14 2657.9 3504 3877.78
Syn-38(S) 375 4741.79 - -
Syn-50(M) 50 6427.5 - -
(b)

Figure6: (a) Executiortimeofthe kNN algorithmfor differentpointmodelsand(b) thetimeto executea numberof opemtions
(i.e., normalcomputatiorand noiseremaval) which male useof the kNN algorithm.All resultsare for k = 8.

@

(b) (c)

Figure 7: Three noisy modelswhich were de-noisedusing
Itering andmolli cation techniques.n the pairs of gures
shownfor ead of the models,the gure on the left is the
noisy model,while the gure on theright is the corrected
point-modelThe(a) Igeaand(b) dogmodelsvere denoised
with the Itering method,while the (c) femmemodelwas

denoisedisingthe molli cation technique

ful whenrepeatechearesneighborqueriesneedto be per
formedonadatasetOur kNN algorithmmayalsobeusedn
point reaction-difusion[Tur91] algorithms,in orderto cre-
atemostnaturallyoccurringpatternsn nature We have ap-
plied ouralgorithmto thebilateral meshltering algorithms
in [JDDO3 FDCOO03, theresultsareshavn in Figure?.

Weyrich et. al. [WPH 04] have identi ed useful point-
cloud operationghat make useof the moving leastsquares
(MLS) [ABCO 01] techniqueof Alexaetal. Of theseoper
ations,we believe thatMLS point-relaxation MLS smooth-

(@) (b)
Figure 8: (a) A noisymesh-modebf a dragon, and (b) the
correspondingmodelwhosesurfacenormalswere recom-
putedusingour kNN algorithm. Thealgorithmtook about
118secondsindused8 neighbos.

ing, andMLS basedupscalingwould bene t from usingour
kNN algorithm.

Toolsthatperformupscalingl GH97, PGK0J anddown-
scaling[ABCO 01] of point-cloudscanuseour kNN al-
gorithm to generatedatasetsat various levels of detail
(LOD) [LRC 03]. Usingthe quadmatic error simpli cation
techniquesn [GH97,PGK0Z, we we have generategboint-
modelsat differentlevels of details,asshavn in Figure9.

8. Concluding Remarks

We have presentec@ nev kNN algorithmthatyieldsanim-
provementof several ordersof magnitudefor distancesen-
sitivity andat leastone orderof magnitudeémprovementin
executiontime overanexistingmethodknovn asGORDER
method designedfor dealing with large volumesof data
thataredisk-residentWe have appliedour methodto point-
cloudsof varying size including someas large as 50 mil-
lion pointswith good performanceA numberof applica-
tions of the algorithmwere presentedAlthough our focus
wason the computatiorof correctk neighborspur methods
canalsobe appliedto work with approximatek neighbors
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14k,70s 48Kk,87s 78Kk,104s

99k,114s 111k,120s 135k, original

Figure9: Sizesandexecutiontimesfor theresultof applyinga variantof the Thelgeapoint-modebf a simpli cation algorithm
[GH97] usingthe kNN algorithmto thelgeapoint-modelof size135k.

by simply stoppingthe searchfor the k nearestneighbors
whenk neighborsof the querypointwithin e of thetruedis-

tanceof the kil neighborhave beenfound. We alsoplanto
explore the applicability of someof the conceptddiscussed
in this paperto high-dimensionatlatasetsisingtechniques
in [DIIM04, GPB05 XLOHO04].
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Figure9: Sizesandexecutiontimesfor theresultof applyingavariantof theThelgeapoint-modelof asimpli cation algorithm
of GarlandandHeckberf GH97 usingthe kNN algorithmto thelgeapoint-modelof size 135k.
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Figure 7: Threenoisymodelswhich werede-noisedising Itering andmolli cation techniquesln the pairsof gures shavn
for eachof the models,the gure on the left is the noisy model,while the gure on theright is the correctedpoint-model.
The (a) Igeaand(b) dog modelsweredenoisedwith the Itering method,while the (¢c) femmemodelwasdenoisedisingthe

molli cation technique.
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Figure 5. The plot shavs the perfor
manceof our kNN algorithmalongwith
theBFS,GORDER MuX andtheNested-
join algorithms.The pseudoname'kNN-
Q' in theplotsreferto thequadtreeémple-
mentationof our algorithmwhile 'kNN-
R' refersto the R-treeimplementatiorof
our method.Plots a—b shaw the perfor
manceof the techniqueson the Stanfod
Bunnymodelcontaining35947pointsfor
valuesof k rangingbetweeril and256.(a)
Recordsthe distancesensitvity, and (b)
the time taken to performthe algorithm.
Plotsc—drecordtheperformancef all the
technigue®n dataset®f varioussizesfor
k 8. (c) Thetime takento performthe
algorithm, and (d) the resultantdistance
sensitvity.



