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Abstract

This paper presentsa novel algorithm for fast neaest
neighborsearch. At the preprocessingstage, the proposed
algorithmconstructsa lowerboundtreeby agglomemtively
clusteringthe samplepointsin thedatabase Calculationof
thedistancebetweerthequeryandthesamplepointscanbe
avoidedif thelower boundof thedistances alreadylarger
than the minimumdistance The seach processcan thus
be acceleatedbecausehe computationatostof thelower
bound,which canbe calculatedby usingthe internal node
of the lower boundtreg is lessthan that of the distance
To reducethe numberof the lower boundsactually calcu-
lated,thewinnerupdatesearh strategy is usedfor travers-
ing the tree  Moreover, the query and the samplepoints
canbetransformedor further efficiencyimprovementOur
experimentsshowthat the proposedalgorithm can greatly
speedip the neaestneighborseach process Whenapply-
ing to thereal databaseausedin Nayar’s objectrecaynition
systemtheproposedalgorithmis aboutonethousandimes
fasterthanthe exhaustiveseach.

1. Intr oduction

Nearesnheighborsearclis very usefulin recognizingob-
jects[12], matchingsteredmageq15], classifyingpatterns
[9], compressingmageq10], andretrieving informationin
databasesystem[7]. In general,given a fixed dataset P
which consistof s samplepointsin a d-dimensionabkpace,
thatis, P = {p, € R%|i = 1,..., s}, preprocessinganbe
performedto constructa particulardatastructure.For each
querypoint q, the goal of the nearesneighborsearchis to
find in P the point closestto q. The straightforvard way
to find the nearesheighboris to exhaustively computeand
comparethe distancedrom the querypointto all the sam-
ple points. Thecomputationatompleity of thisexhaustive
searchis O(s - d). Whens, d, or botharelarge, this process
becomewery computational-intense.

In the past,Bentley [2] proposedhe k-dimensionabi-
narysearchreeto speedipthe thenearesheighborsearch.
Thismethods very efficientwhenthedimensiorof thedata
spaceis small. However, asreportedin [13] and[3], its
performancelegradesxponentiallywith increasinglimen-
sion. Fukunagaand Narendrg[8] constructech tree struc-
ture by repeatingthe processof dividing the set of sam-
ple points into subsets. Given a query point, they used
a branch-and-boundearchstratayy to efficiently find the
closestpointby usingthetreestructure DjouadiandBouk-
tache[5] partitionedthe underlying spaceof the sample
pointsinto a setof cells. A few cellslocatedin the vicinity
of thequerypointcanbedeterminedy calculatingthedis-
tancedetweerthe querypoint andthe centersof the cells.
The nearesneighborcanthenbe found by searchingonly
in theseneighboringecells,insteadof thewholespace Nene
andNayar[13] proposecdh very fastalgorithmto searchor
the nearesneighborwithin a pre-specifiedlistancethresh-
old. Fromthefirst to the lastdimension their methodcan
excludethesamplepointsthatthedistance$rom thosesam-
ple pointsto the query point at the currentdimensionare
larger thanthe threshold. Then, the nearesteighborcan
be determinedy examiningtheremainingcandidateslLee
andChae[11] proposedanotherelimination-basednethod.
Basedon triangleinequality they useda numberof anchor
samplepointsto eliminatemary distancecalculations.In-
steadof finding the exact nearesneighbor Arya et al. [1]
proposeda fastalgorithmwhich canfind the approximate
nearesheighborwithin a factorof (1 4 r) of the distance
betweerthe querypoint andits exactnearesheighbor

In this paperwe presentnowel algorithmwhich canef-
ficiently searchfor the exactnearesneighborin Euclidean
space.At the preprocessingtage the proposedalgorithm
constructsa lower boundtree (LB-tree),in which eachleaf
noderepresents samplepoint andeachinternalnoderep-
resentameanpointin aspaceof smallerdimension. Given
aquerypoint,thelowerboundof its distancdo eachsample
pointcanbe calculatedy usingthe meanpoint of theinter-
nalnodein theLB-tree. Calculationof thedistancébetween
thequeryandthe samplepointscanbe avoidedif thelower



boundof the distanceis alreadylarger thanthe minimum
distancebetweenthe query point andits nearesneighbor
Becausehe computationakostof the lower boundis less
thanthat of the distance the whole searchprocesscanbe
accelerated.

Furthermore,we adoptthe following three techniques
to reducethe numberof the lower boundsactually calcu-
lated. The first oneis the winnerupdatesearchstrategy
[4] for traversingthe LB-tree. We adoptthis searchstrat-
egy to reducethe numberof the nodesexamined. Starting
from theroot nodeof the LB-tree,thenodehaving themin-
imum lower boundis choserandits childrenwill thenjoin
thecompetitionaftertheir lower boundshaving beencalcu-
lated. The secondoneis the agglomeratie clusteringtech-
niquefor the LB-tree construction.The majoradvantageof
this techniquds thatit cankeepthe numberof theinternal
nodesassmallaspossiblewhile keepingthelowerboundas
tight aspossible.The lasttechniquewve adoptis datatrans-
formation. By applyingdatatransformatiorto eachpoint,
the lower boundof an internal node can be further tight-
ened,andthus sasze more computation. We usetwo kind
of datatransformationn this work: wavelettransformand
principalcomponenanalysis.

Our experimentsshav that the proposedalgorithm can
save substantiatomputatiorof thenearesheighborsearch,
in particular when the distanceof the query point to its
nearesneighboris relatively small comparedwith its dis-
tanceto mostothersamples.

2. Multile vel structur e and LB-tr ee

This sectionintroducesthe LB-tree, the essentialdata
structureusedin the proposednearesineighborsearchal-
gorithm. We will first describethe multilevel structureof a
datapoint. Themultilevel structuresf all thesamplepoints
canbeusedfor the LB-tree construction.

2.1.Multile vel structur e of eachpoint

For apointp = [p1,ps,...,pd] In ad-dimensionaEu-
clideanspace,R?¢, we defineits multilevel structure,de-
notedby {p°, p!,...,p"}, in thefollowing way. At each
level I, p' compriseghefirst d dimensionsof the point p,
wherethe integer ¢’ satisfiesl < d' < d,1 = 0,..., L.
Thatis, p' = [p1,p2, ..., pa], Whichwill bereferredto as
thelevel-l projectionof p.

In this paper we assumehat the dimensionof the un-
derlying spaced, is equalto 2~ without lossof generality
Zero paddingcanbe usedto enlage the dimensionif d is
notapower of 2. In the multilevel structure the dimension
at level [ is setto bed' = 2!. In thisway, a (L + 1)-level
structureof triangle shapecanbe constructedor point p.
Noticethatlevel-L projection,p”, is the sameasthe point

pe | B

pr | B R

SN SHE R S

PR REBRRBE R BB

Figure 1. An example of the 4-level structure
of the point p, where p € R8.

p. Figurel illustratesan exampleof the 4-level structures,
{p’,...,p?}, whered = 8.

Giventhemultilevel structuref two pointsp andq, we
canderive thefollowing inequalityproperty

Property 1 The Euclideandistancebetweenp and q is
larger than orequalto theEuclideandistancebetweertheir
level{ projectionsp’ andq' for ead levell. Thatis,

lp—allz > |p" —d'l2 1 =0,...,L.

From Property1, the distance||p' — q'||» betweenthe
level-I projectionscanbeconsideredisalower boundof the
distancd|p — q||» betweerthepointsp andq. Noticethat
thecomputationatostof thedistance|p! —q!||» is lessthan
thatof thedistancd|p —q||2. To bespecific thecomplexity
of calculatingthedistancebetweenevel-l projectionsarises
from O(2°) to O(2%) asl variesfrom 0 to L.

2.2.LB-tr eefor the data set

To constructan LB-tree, we needto usethe multilevel
structuresof all the samplepointsp;, i = 1,...,s, in the
dataset P. Supposehe multilevel structurehasZ + 1 lev-
els,thatis, from level 0 to level L. Then,the LB-tree also
hasL + 1 levelswithout consideringhe dummyroot node
having zerodimension. Eachleafnodeat level L in theLB-
treecontainsa level-L projectionp;~, whichis exactly the
sameasthe samplepoint p;. The level-l projections,p;’,
i1 =1,...,s, of all the samplepointscanbe hierarchically
clusteredfrom level 0 to level L — 1, asillustratedin Fig-
ure2. More discussion®n the LB-tree constructiorwill be
givenin Section4.

Let (p) denotehenodecontainingthepointp in theLB-
tree. EachclusterC!; is representedby an internal node
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Figure 2. An example of hierarchical con-
struction of the LB-tree. All the points in the
same dark region are determined agglomera-
tively and are grouped into a cluster. Notice
that each point is transposed to fit into the
limited space.

(m!;) at level [ in the LB-tree, wherej = 1,...,s' and
s' denotethe numberof clustersat level I. As shavn in

Figure 3, theinternalnode (m';) containsthe meanpoint
m!; andtheassociatedadius r';. Themeanpointm!; is

the meanof all thelevel-l projectionsof the samplepoints
containedn clusterC';. Theradiusr!; is theradiusof the
smallesthyperspherethat centersat the meanpoint m'!;

and coversall the level-l projectionsin clusterC!;. This
smallestyperspheres calledthe boundingsphee of C! ;.

Theradiusr!; canbe calculatedasthe maximumdistance
from the meanpoint m'; to all the level-l projectionsin

this cluster In otherwords,the LB-tree hasthe following

inequalityproperty

Property 2 Givena samplepoint p*, the distancebetween
its level{ projection,p*!, andits level{ ancestorm’;., is

smallerthan orequalto theradiusof the boundingsphee

of clusterC' .. Thatis,
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Figure 3. An example of the LB-tree .

Noticethateachleaf nodecanbeviewedasa clusterhaving
only onepoint. In this case the meanpointis the sample
pointitself andtheradiusis zero.

Now, supposeve aregivenaquerypointq. Thefirst step
isto formits multilevel structureasdescribedn Section2.1.
Considerasamplepoint p* andits correspondindeaf node
(p*). Its ancestorat level [ in the LB-tree can be found,
andlet it bedenotedby (m!;.). Asillustratedin Figure4,
we canderive thefollowing inequalityby usingthetriangle
inequalityandPropertiesl and?2:

Ip* —al: = Ilp*" —d'll
!
> m'js —d'f2 — [p* —m'j 2
> |m'j —q'fls — . 1

Let d5((m!;+),q') denotethe LB-distancebetweenthe
internalnode(m' ;) andq’, which s definedbelow:

dpp((m'),d) = [m'- —d'lla =75 (2)
We thenhave thefollowing inequalityproperty
Property 3 Givena querypoint q anda samplepoint p*,
the LB-distancebetweertheleveld ancestorof p* (thatis,

(m';.)) and the leveld projectionof q is smallerthan or
equalto thedistancebetweerp* andq. Thatis,

drp((m';-),q") < ||p* —dll2, [ =0,...,L.



Figure 4. lllustration of the distance inequality
of Equation (1).

From Property3, we know thatd 5 ((m!;-), q') canbe
viewed as a lower boundof the distancebetweenp* and
q. Notice that LB-distanceis not a valid distancemetric
andanegative d; 5 ((m';+), q') impliesthatthequerypoint
q locateswithin the boundingsphereof C!;. centeredat
mlj* .

Becauseheinternalnode(m';-) canhave anumberof
descendantsi; 5 ((m';-),q') is notonly the lower bound
of thedistanceto q for ary particularsamplepoint p*, but
alsothelower boundof thedistancego q for all thesample
pointsin the clusterC';- containingp*. Hence,we have
thefollowing propertyby usingProperty 3.

Property 4 Letq beaquerypointandp bea samplepoint.
For anyinternal node(m!;) of the LB-treg if

drp((m';),d") > |p — g,

then,for everydescendanteafnode(p’) of (m';), wehave

[P’ —dqll2 > [P — a2

From Property4, we canseethatif the LB-distanceof
the internalnode (m';) is alreadylarger thanthe distance
from thesamplepointp to thequerypointq, all thedescen-
dantleafnode(p’) of m'; canbeeliminatedin the contest.
They have no chanceto be the winner becausehereis al-
readya bettercandidatep, whichis closerto q.

3. Proposedalgorithm

At the preprocessingtage the proposedalgorithmcon-
structsanLB-tree of L + 1 levelsby usingthe dataset P.
For eachquery point q, the proposedalgorithm usesthe
LB-treeto efficiently find its nearesteighbor p, suchthat
the Euclideandistance||p — q||2 is minimum. According
to Property4, if the LB-distanceof aninternalnode(m';)
is largerthanthe minimum distance,|p — q||2, all thede-
scendansamplesf the node(m!;) cannot be the nearest

neighbor Hence the costly calculationof the distancede-
tweenq and mary samplepoints can be saved at the ex-
penseof calculatingthe less-&pensve LB-distances.

However, theabove saving requiregheknowledgeof the
value ||p — ql|2, andwe do not know which samplepoint
is p beforehand. In fact, p is exactly the nearestneigh-
bor which we would like to find. To achieve the sameef-
fect, we adoptthe winnerupdatesearchstratgly to com-
pute the lower boundsfrom the root nodetoward the leaf
nodeswhile traversingthe LB-tree. Basedon thefollowing
two obsenations,we calculatethe LB-distancesf the in-
ternalnodedrom thetoplevel to thebottomlevel. First, the
computatiorof theLB-distancecostdessattheupperievel.
Seconda nodeat the upperlevel hasmore descendantis
general. Thus,moredistancecalculationcanbe saredif the
LB-distanceof an upperlevel nodeis alreadylarger than
theminimumdistance.

In the following, we will describethe winnerupdate
searctstratay, whichis abest-firstsearchstratey, thatcan
greatlyreducethe numberof the LB-distancesactuallycal-
culated.At thefirst iteration, the LB-distancedbetweeng’
andall thelevel-0 nodesn the LB-treearecalculatedy us-
ing Equation(2). Theselevel-0 nodes,(m®;), (m%), ...,
(mY o), areusedto constructa heapdatastructureandthe
root nodeof theheap,(p), is thenodehaving theminimum
LB-distance. Then, at the next iteration, the node (p) is
deletedandits childrenareinsertedinto theheap.The LB-
distanceof thesechild nodesare calculatedandthe heap
is rearrangedo maintainthe heapproperty The node(p)
is updatedaccordinglyto bethe new root nodeof the heap
having the minimum LB-distance. Again, the node (p) is
deletedandall its childrenareinserted. This procedureis
repeatedintil thedimensiorof (p), dim((p)), isequaltod.
At this point, thenode(p) is aleaf nodecontaininga sam-
ple pointandthe distance|p — q||» is the minimumin the
heap. Sincethe LB-distancesof other nodesin the heap,
which are the lower boundsof the distancesrom all the
othersamplepointsto the querypoint q, arealreadylarger
than||p — ql|2, the nearesheighborp canbe determined.
The proposedalgorithmis summarizedelow.

ProposedAlgorithm for NearestNeighbor Search

/* Preprocessin§tage*/
100 GivenadatasetP = {p; € Ri=1,...,s}
110 ConstructhelLB-treeof L + 1 levelsfor P

/* NearesiNeighborSearchStaget/
120 Givenaquerypointq
130 Constructhe (L + 1)-level structureof q
140 Inserttheroot nodeof the LB-treeinto an
emptyheap
150 Let(p) betherootnodeof theheap
160 while dim(({p)) < d do



170  Deletethenode(p) from theheap

180 Calculatethe LB-distancedor all the children
of (p)

190 Insertall thechildrenof (p) into theheap

200 Rearrangeheheapto maintainthe heapproperty
thattheroot nodeis theonehaving theminimum
LB-distance

210 Update(p) astherootnodeof theheap

220 endwhile

230 Outputp

For concisenessf the pseudocode, the algorithm de-
scribedabove initializes the heapasthe dummyroot node
of the LB-tree, insteadof thelevel-0 nodes.This makesno
differencebecausehe dummyroot nodeof the LB-treeis
replacedmmediatelyby its children,thatis, all the level-0
nodesatthefirst iterationof theloop.

4. Construction of LB-tr ee

A simple methodof constructingthe LB-tree is to di-
rectly use the multilevel structuresof the samplepoints
without clustering. That s, thereare s internal nodesat
eachlevel /. Eachinternalnodecontainsexactly onelevel-/
projection,p;!, i = 1,.. ., s, andits radiusis setto be zero.
In the constructed_B-tree,eachinternalnodehasonly one
child nodeexcepttheroot node,which hass child nodes.

Recallthatfrom Properties3 and4 the LB-distancefor
eachinternalnodeis the lower boundof the distancede-
tween q and all the descendansamplesof this internal
node.In orderto obtainatighterlower boundto skip more
distancecalculation the LB-distanceof eachinternalnode
shouldbeaslargeaspossible . Therefore from Equation(2)
theradiusof theboundingspherer!;, shouldbeassmallas
possible Fromthis point of view, we shouldadoptthe sim-
ple constructionmethoddescribedabore in which the ra-
diusof eachinternalnodeis zero.However, therewould be
toomary internalnodesin this case andthecostwill betoo
highin termsof thememorystorageandthe computatiorof
the LB-distancefor theseinternalnodes.Hence we would
alsolike to keepthe numberof the internalnodesassmall
aspossible. Whenconstructingan LB-tree, consequently
we shouldconsidetthetrade-of betweerthenumberof the
internalnodesandtheir associatedadiusof the bounding
sphere.

The constructiorof the LB-treeis performedin the pre-
processingstage,and hence,its computationakostis not
a major concernhere. In this work, we usean agglomera-
tive clusteringtechniqud6] for constructingheLB-tree,in
which both the numberof the internalnodesandthe asso-
ciatedradiusarebothsmall. As shovn in Figure2, the LB-
treeis constructechierarchicallyfrom top level to bottom
level. At eachlevel [, thelevel-l projectionsareagglomera-
tively groupednto clusters.The explanationof thedetailis

quitelengthy andis not givenheredueto the limitation of
space.

5. Data transformation

Datatransformationcan further improve the efficiency
of the proposedalgorithmfor nearesneighborsearch.Re-
memberthatthe Euclideandistancecalculatedat level [ in
the LB-tree is actuallythe distancein the subspacef the
first 2! dimensions. If thesedimensionsare not discrimi-
native enough(thatis, the projectionsof the samplepoints
on this subspacearetoo closeto eachother),the distances
of differentsamplescalculatedat this subspacenay be al-
mostthe same.Therefore thesedistancesomputedn the
2!-subspacenill not helpin the determinatiorof the near
estneighbor This problemcanbe alleviatedby transform-
ing the datapointsinto anotherspacesuchthat the ante-
rior dimensionsare likely to be more discriminative than
the posteriordimensions. The Euclideandistancescalcu-
latedin eitherthe transformedspaceor the original space
shouldbe the same thuswill not affect the final searchre-
sult of the nearestneighborbut only efficieng. Further
more, this transformationshouldnot be too computation-
expensve becausehe querypointshave to be transformed
in the query process.The following lists the pseudocode
for the datatransformationwhich are to be addedto the
algorithmgivenin Section3:

105 Transformeachsamplepoint

125 Transformthequerypointq

Accordingto the contentsof the data,we proposetwo
typesof datatransformation. When the datapoint repre-
sentsanautocorrelategignal,for example,anaudiosignal
or animageblock, wavelet transformwith orthogonalba-
sis[14] canbeused.In this work, we adoptHaarwavelets
to transformthe data,andtheneachlevel in the multilevel
structurerepresentshe datain one of its multiple resolu-
tions.

The secondtype of datatransformationis the principal
componentanalysis(PCA). PerformingPCA canfind a set
of vectorsorderedn theirability to accounfor thevariation
of dataprojectedon thosevectors. We cantransformthe
datapointontothespacespannedy this setof vectorssuch
that the anterior dimensionsare more discriminatve than
the posteriordimensions.

6. Experimental results

This sectionpresentsomeexperimentalresultsobtained
by using a computergeneratedset of autocorrelateddata
(Section6.1) and by using a real data set acquiredfrom



a object recognitionsystem(Section6.2). Theseexperi-
mentswereconductedn a PCwith aPentiumlll 700MHz
CPU. Insteadof usingthe amountof distancesalculated,
we comparethe efficiency of differentalgorithmsby using
theexecutiontime. Thereasonsare:first, ouralgorithmhas
someoverhead,ncluding the insertionand deletionof el-
ementsn the heap,rearranginghe heap,andupdatingthe
node (p); and second the computationalost of the LB-
distanceof the nodeat somelevel differs from that of the
nodeat anothedevel.

6.1.Experiments on autocorrelateddata

In this section,we showv three experimentalresultsto
comparethe performanceof the proposedalgorithmasthe
following three factorsvary: the numberof the sample
pointsin the dataset, s; the dimensionof the underlying
space,d; and the averageof the minimum distancesbe-
tweenthe query points and their nearesineighborsg,,;..
In theseexperimentswe randomlygenerateautocorrelated
datapointsto simulatereal signal. For eachdatapoint, its
value ofthe first dimensionis randomlygeneratedrom a
uniform distribution with extent[—1, 1]. Thevalue ofeach
subsequendimensionis assignedsthevalue ofthe previ-
ousdimensionaddedby a normally distributed noisewith
zeromeanandvariance0.1. Thevalue ofeachdimension
beyond the extent [—1, 1] is truncated.In orderto seethe
influenceof datatransformatioron the searchefficiency for
autocorrelatediata, we constructtwo kinds of multilevel
structuresfor eachdatapoint—onewith Haar transform,
andtheotherwithout ary datatransformation.

In the first experiment,we generatedseren datasetsof
samplepointswith cardinalitiess = 800, 1600, 3200, ...,
51200 by usingthe randomprocessdescribedabore. The
dimensionof the underlyingspace, was32. Anotherset
containingl00, 000 querypointswerealsogeneratedby us-
ing thesamerandomprocess Nearesheighborsearchwvas
thenperformedfor eachquerypoint. The meanquerytime
is shavn in Figure5. Thequerytime for the proposedalgo-
rithm hastakeninto accountoththe Haartransformijif ap-
plied, andthe searchprocess.To demonstratéhe influence
of the agglomeratie clusteringandthe Haartransformon
thesearchefficiency, we shav themeanquerytimeresulted
by usingdifferentversionsof the proposedalgorithm. The
first versionadoptsthe agglomeratie clusteringbut not the
datatransformationandis denotedby “+clustering-Haar”.
The secondversionadoptsthe Haartransformbut not the
agglomeratie clustering(thatis, usethe simplestmethod
for LB-treeconstructiormentionedn Sectiord), andis de-
notedby “-clustering+Haar”.Thethird versionadoptsboth
theagglomeratie clusteringandthe Haartransform,andis
denotedy “+clustering+Haar” In this experimentthepro-
posedalgorithm (the “+clustering+Haar"version)is 11.7
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Figure 5. Mean query time for diff erent sizes,
s, of the sample point set (d = 32).

and52.8 timesfasterthanthe exhaustve searchalgorithm,
whens is 800 and51, 200, respectiely. Whens increases
(from 800 to 51, 200), thereare more samplepoints scat-
teredin thefixed space.Therefore the averageof the min-
imum distancesg,.;,,, decrease¢from 0.91 to 0.53). Ac-
cordingto Property4, the LB-distanceis morelikely to be
largerthanthe minimumdistanceof thequerypointq to its
nearesheighborp whenthe minimumdistanceis smaller
Thatis, moredistancecalculationsanbeavoidedif z,,,;,, is
smaller Thisis thereasorwhy thespeedugactorincreases
ass increases.

In the secondexperiment,we generateckight datasets
of 10,000 samplepoints, eachset generatedwith a dif-
ferentdimension,d = 2, 4, 8, ..., 256. Also, eightcor-
respondingsetsof 100,000 query points,with dimensions
d=2,4,8,...,256, weregeneratedby usingthesameran-
dom process. As shavn in Figure 6, the proposedalgo-
rithm (the “+clustering+Haar"version)apparentlyoutper
formstheexhaustve searchlt is interestingo notethat, for
autocorrelatediata,our algorithmdoesnot suffer the curse
of dimensionalitythat k-dimensionabinary searchtreeal-
gorithmsufers,asreportedn [13, 3]. In fact,the computa-
tional speedupf the proposedalgorithm (over the exhaus-
tive algorithm) scalesup from 5.5 to 63.5 (the “+cluster
ing+Haar” version)asd increasedrom 2 to 256. Whend
increasesthe level numberof the multilevel structureand
of the constructed_B-tree alsoincreases.By using Haar
transform the anteriordimensionsontainmoresignificant
component®f the autocorrelatediata. Consequentlythe
lower boundof the distancecalculatedat the upperlevel
can be tighter in this way. Distancecalculationfor more
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Figure 6. Mean query time for diff erent dimen-
sion of the underl ying space, d. (s = 10,000)

samplepointsthereforecanbe avoidedby calculatingonly

a few LB-distancesof their ancestorson the upperlevel,

exceptfor a few tough competitors. If Haartransformis

not applied(i.e., the “+clustering-Haar"version),eachdi-

mensionof the datapoint is equally significant. Thusthe

LB-distanceat the lower level (which requiresmore com-

putation) needsto be calculatedto determinethe nearest
neighbor which thendegradesthe performance.Also, the

agglomeratie clusteringfrom top to down is more effec-

tive if datatransformationis applied so that the anterior
dimensionscontainmore significantcomponents.For the

“+clustering-Haar"version,thereare moreinternalnodes,
comparingto that for the the“+clustering+Haar"version,
thuswill reduceits efficiengy. Whend increasesthis phe-
nomenorbecomegnoreamplified,thusthe speedugactor
for thenon-transformversiondropsdramaticallybut notfor

thetransformversion.

Thethird experimentshaovs how the proposedalgorithm
performswith respectto z,,;,,. We generatedh dataset
of 10,000 samplepoints in a spaceof dimensiond =
32. Then, eachsamplepoint was usedfor generatinga
querypoint by addingto eachcoordinatea uniformly dis-
tributed noise with extent [—e, e¢]. Whene is large, the
distancebetweenthe query point and its nearesineighbor
tendsto be large also. In this experiment,we generated
eight setsof 10,000 query points, eachwith a differente,
e = 0.01,0.02,0.04,...,1.28. The meanquerytime ver
susthe meanof the minimum distancesg,.;,,, for differ-
entversionsof our algorithmis shovn in Figure7. When
e increasedrom 0.01 to 1.28, Z,,;,, increasedrom 0.033
to 3.838. The computationalcost of the proposedalgo-
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Figure 7. Mean query time for diff erent mean
of the minim um distances, z,,,. (s = 10,000,
d = 32)

rithm increasedecauséhe LB-distanceis lesslikely to be
larger thanthe minimum distancewhenthe minimum dis-
tanceof the nearesneighboris alreadyvery large. Thus,
less distancecalculationcan be saved. In this case,the
speedupfactor of the proposedalgorithm (the “+cluster
ing+Haar” version), comparedwith the exhaustve algo-
rithm, decrease$rom 537 to 0.63. Notice that the noise
extent,[—1.28, 1.28], is largerthanthe dataextent,[—1, 1],
whenthe speedugactorbecomes).63. For mostapplica-
tions, g,,,;, is usuallyrelatively small. Therefore the phe-
nomenorthatthe proposedalgorithmdoesnot outperform
the exhaustve searchalgorithm,asshovn on theright part
in Figure7, is notlikely to happerfor mostapplications.

6.2.Experiments on anobject recognitiondatabase

The experimentsdescribedin this sectionadoptedthe
samedatabaseisedin [12, 13]. This databasevasgener
atedfrom 7, 200 imagesof 100 objects.For eachobject,72
imagesweretaken at differentposes.Eachof these7, 200
imagesds of size128 x 128. Eachimagewasrepresenteth
vectorform andwasnormalizedto unitlength. Thesenor-
malizedvectorscan be usedto computean eigenspacef
dimension35. Then,eachvectorcanbe compressedrom
16, 384 dimensiongo 35 dimensiongy projectingontothe
eigenspaceln theeigenspacehe manifoldfor eachobject
canbe constructedy usingthe 72 vectorsbelongingto the
object. Eachof the 100 manifoldswas sampledto obtain
360 vectorsfor eachobject. All thes = 36,000 sampled
vectorsconstitutethe dataset, hereeachsamplepoint has



dimensiond = 35.

The setof query points can be generatedyy first uni-
formly samplingthe manifolds and then adding random
noiseto eachcoordinate.We first sampledeachof the 100
manifoldsat 3, 600 equallyspacegositionsandthenadded
to eachcoordinatea uniformly distributednoisewith extent
[—0.005,0.005]. In this way, we canhave asetof 360, 000
querypoints.

The proposedalgorithm and the exhaustve searchal-
gorithm were used for performing the nearestneighbor
search,andthe meanquerytime is 0.046 ms and 50.048
ms, respectiely. In this case, our algorithm is 1,088
times fasterthan the exhaustve searchalgorithm. This
performances roughly 18 times fasterthan the result at-
tained by Nene and Nayar [13], in which their method
is about61 times fasterthan the exhaustve search. The
constructiontime of the LB-tree usingthose36, 000 sam-
ple points of dimension35 is 11,679 secondsand the
numberof clusters,s, at level [ of the LB-tree is s' =
20, 245, 2456,4684,5716,7019, 36000, I = 0,1,...,6.
Although the constructiontime is still acceptablen this
casemorework shouldbedoneto improvetheefficiengy of
the LB-tree constructionwhendealingwith alargersample
pointset.

7.Conclusions

In this paper we have proposeda fast algorithm for
nearesheighborsearch.This algorithmadoptsthewinner
updatesearchstratay to traversean LB-tree createdby us-
ing agglomeratie clustering. For further speedupof the
searchprocesssomekind of datatransformationsuchas
Haartransform(for autocorrelatediata)andPCA (for gen-
eralobjectrecognitiondata),is appliedto samplepointsand
querypoints.

According to our experiments,the proposedalgorithm
dramatically speedup the searchprocess,in particular
whenthe distanceof the querypointto its nearesheighbor
is relatively smallcomparedwith its distanceto mostother
samples.In mary objectrecognitionapplicationsa query
point of anobijectis closeto the samplepointsbelongingto
the sameobject,but is far from the samplepointsof other
objects.Thismalkestheproposedlgorithmmoreappealing
andpractical. In this paper we have appliedour algorithm
tothe objectecognitiondatabasesedin [12, 13]. Thepro-
posedalgorithmis aboutonethousandimesfasterthanthe
exhaustve searchwhichis abouteighteertimesfasterthan
theresultachievedin [13].

We believe thatthe proposedilgorithmcanbevery help-
ful in content-basedetrieval from a large imageor audio
databasesuchas[7, 16], whereeachsamplepoint repre-
sentsan autocorrelatedignal. In this kind of applications,
thedimensiond andthe numberof samplepointss areboth

large. Our algorithmcanprovide very efficient searchfor a
givenqueryimageor audio.
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