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Abstract

This paper presentsa novel algorithm for fast nearest
neighborsearch. At thepreprocessingstage, theproposed
algorithmconstructsa lowerboundtreebyagglomeratively
clusteringthesamplepointsin thedatabase. Calculationof
thedistancebetweenthequeryandthesamplepointscanbe
avoidedif thelower boundof thedistanceis alreadylarger
than the minimumdistance. Thesearch processcan thus
beacceleratedbecausethecomputationalcostof thelower
bound,which canbecalculatedby usingthe internal node
of the lower boundtree, is lessthan that of the distance.
To reducethe numberof the lower boundsactually calcu-
lated,thewinner-updatesearch strategy is usedfor travers-
ing the tree. Moreover, the query and the samplepoints
canbetransformedfor furtherefficiencyimprovement.Our
experimentsshowthat the proposedalgorithm can greatly
speedup thenearestneighborsearch process.Whenapply-
ing to thereal databaseusedin Nayar’s objectrecognition
system,theproposedalgorithmis aboutonethousandtimes
fasterthantheexhaustivesearch.

1. Intr oduction

Nearestneighborsearchis veryusefulin recognizingob-
jects[12], matchingstereoimages[15], classifyingpatterns
[9], compressingimages[10], andretrieving informationin
databasesystem[7]. In general,given a fixed datasetP
whichconsistsof s samplepointsin ad-dimensionalspace,
that is, P = {pi ∈ Rd|i = 1, . . . , s}, preprocessingcanbe
performedto constructa particulardatastructure.For each
querypoint q, thegoalof thenearestneighborsearchis to
find in P the point closestto q. The straightforward way
to find thenearestneighboris to exhaustively computeand
comparethedistancesfrom thequerypoint to all thesam-
plepoints.Thecomputationalcomplexity of thisexhaustive
searchis O(s · d). Whens, d, or botharelarge,thisprocess
becomesvery computational-intensive.

In the past,Bentley [2] proposedthek-dimensionalbi-
narysearchtreeto speedupthe thenearestneighborsearch.
Thismethodis veryefficientwhenthedimensionof thedata
spaceis small. However, as reportedin [13] and [3], its
performancedegradesexponentiallywith increasingdimen-
sion. FukunagaandNarendra[8] constructeda treestruc-
ture by repeatingthe processof dividing the set of sam-
ple points into subsets. Given a query point, they used
a branch-and-boundsearchstrategy to efficiently find the
closestpointby usingthetreestructure.DjouadiandBouk-
tache[5] partitionedthe underlying spaceof the sample
pointsinto a setof cells. A few cells locatedin thevicinity
of thequerypointcanbedeterminedby calculatingthedis-
tancesbetweenthequerypoint andthecentersof thecells.
The nearestneighborcanthenbe foundby searchingonly
in theseneighboringcells,insteadof thewholespace.Nene
andNayar[13] proposedavery fastalgorithmto searchfor
thenearestneighborwithin a pre-specifieddistancethresh-
old. From thefirst to the lastdimension,their methodcan
excludethesamplepointsthatthedistancesfrom thosesam-
ple points to the querypoint at the currentdimensionare
larger than the threshold. Then, the nearestneighborcan
bedeterminedby examiningtheremainingcandidates.Lee
andChae[11] proposedanotherelimination-basedmethod.
Basedon triangleinequality, they useda numberof anchor
samplepointsto eliminatemany distancecalculations.In-
steadof finding the exact nearestneighbor, Arya et al. [1]
proposeda fastalgorithmwhich canfind the approximate
nearestneighborwithin a factorof (1 + r) of the distance
betweenthequerypointandits exactnearestneighbor.

In thispaper, wepresentanovel algorithmwhichcanef-
ficiently searchfor theexactnearestneighborin Euclidean
space.At the preprocessingstage,the proposedalgorithm
constructsa lower boundtree(LB-tree),in which eachleaf
noderepresentsa samplepoint andeachinternalnoderep-
resentsameanpoint in aspaceof smallerdimension.Given
aquerypoint,thelowerboundof its distanceto eachsample
pointcanbecalculatedby usingthemeanpointof theinter-
nalnodein theLB-tree.Calculationof thedistancebetween
thequeryandthesamplepointscanbeavoidedif thelower



boundof the distanceis alreadylarger than the minimum
distancebetweenthe querypoint andits nearestneighbor.
Becausethe computationalcostof the lower boundis less
thanthat of the distance,the whole searchprocesscanbe
accelerated.

Furthermore,we adopt the following three techniques
to reducethe numberof the lower boundsactuallycalcu-
lated. The first one is the winner-updatesearchstrategy
[4] for traversingthe LB-tree. We adoptthis searchstrat-
egy to reducethenumberof thenodesexamined.Starting
from therootnodeof theLB-tree,thenodehaving themin-
imum lower boundis chosenandits childrenwill thenjoin
thecompetitionaftertheir lowerboundshaving beencalcu-
lated.Thesecondoneis theagglomerative clusteringtech-
niquefor theLB-treeconstruction.Themajoradvantageof
this techniqueis that it cankeepthenumberof theinternal
nodesassmallaspossiblewhile keepingthelowerboundas
tight aspossible.Thelasttechniquewe adoptis datatrans-
formation. By applyingdatatransformationto eachpoint,
the lower boundof an internal nodecan be further tight-
ened,and thussave more computation. We usetwo kind
of datatransformationin this work: wavelet transformand
principalcomponentanalysis.

Our experimentsshow that the proposedalgorithmcan
savesubstantialcomputationof thenearestneighborsearch,
in particular, when the distanceof the query point to its
nearestneighboris relatively small comparedwith its dis-
tanceto mostothersamples.

2. Multile vel structur eand LB-tr ee

This sectionintroducesthe LB-tree, the essentialdata
structureusedin the proposednearestneighborsearchal-
gorithm. We will first describethemultilevel structureof a
datapoint. Themultilevel structuresof all thesamplepoints
canbeusedfor theLB-treeconstruction.

2.1.Multile vel structur eof eachpoint

For a point p = [p1, p2, . . . , pd] in a d-dimensionalEu-
clideanspace,Rd, we defineits multilevel structure,de-
notedby {p0,p1, . . . ,pL}, in the following way. At each
level l, pl comprisesthefirst dl dimensionsof thepoint p,
wherethe integer dl satisfies1 ≤ dl ≤ d, l = 0, . . . , L.
That is, pl = [p1, p2, . . . , pdl ], which will bereferredto as
thelevel-l projectionof p.

In this paper, we assumethat the dimensionof the un-
derlyingspace,d, is equalto 2L without lossof generality.
Zero paddingcanbe usedto enlarge the dimensionif d is
not a power of 2. In themultilevel structure,thedimension
at level l is setto bedl = 2l. In this way, a (L + 1)-level
structureof triangleshapecanbe constructedfor point p.
Noticethat level-L projection,pL, is thesameasthepoint
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Figure 1. An example of the 4-level structure
of the point p, where p ∈ R8.

p. Figure1 illustratesanexampleof the4-level structures,
{p0, . . . ,p3}, whered = 8.

Giventhemultilevel structuresof two pointsp andq, we
canderive thefollowing inequalityproperty.

Property 1 The Euclideandistancebetweenp and q is
larger than orequalto theEuclideandistancebetweentheir
level-l projectionspl andq

l for each level l. Thatis,

‖p − q‖2 ≥ ‖pl − q
l‖2, l = 0, . . . , L.

From Property1, the distance‖pl − q
l‖2 betweenthe

level-l projectionscanbeconsideredasalowerboundof the
distance‖p − q‖2 betweenthepointsp andq. Noticethat
thecomputationalcostof thedistance‖pl−q

l‖2 is lessthan
thatof thedistance‖p−q‖2. To bespecific,thecomplexity
of calculatingthedistancebetweenlevel-l projectionsarises
from O(20) to O(2L) asl variesfrom 0 to L.

2.2.LB-tr eefor the data set

To constructan LB-tree, we needto usethe multilevel
structuresof all the samplepointspi, i = 1, . . . , s, in the
datasetP . Supposethemultilevel structurehasL + 1 lev-
els, that is, from level 0 to level L. Then,theLB-treealso
hasL + 1 levelswithout consideringthedummyroot node
having zerodimension.Eachleafnodeat level L in theLB-
treecontainsa level-L projectionpi

L, which is exactly the
sameasthe samplepoint pi. The level-l projections,pi

l,
i = 1, . . . , s, of all thesamplepointscanbehierarchically
clusteredfrom level 0 to level L − 1, asillustratedin Fig-
ure2. MorediscussionsontheLB-treeconstructionwill be
givenin Section4.

Let 〈p〉 denotethenodecontainingthepointp in theLB-
tree. EachclusterCl

j is representedby an internal node
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Figure 2. An example of hierar chical con-
struction of the LB-tree . All the points in the
same dark region are determined agglomera-
tivel y and are grouped into a cluster . Notice
that each point is transposed to fit into the
limited space .

〈ml
j〉 at level l in the LB-tree, wherej = 1, . . . , sl and

sl denotethe numberof clustersat level l. As shown in
Figure3, the internalnode〈ml

j〉 containsthe meanpoint
m

l
j andtheassociatedradius, rl

j . Themeanpointml
j is

themeanof all the level-l projectionsof thesamplepoints
containedin clusterCl

j . Theradiusrl
j is theradiusof the

smallesthyper-spherethat centersat the meanpoint ml
j

andcovers all the level-l projectionsin clusterCl
j . This

smallesthyper-sphereis calledtheboundingsphereof Cl
j .

The radiusrl
j canbecalculatedasthemaximumdistance

from the meanpoint m
l
j to all the level-l projectionsin

this cluster. In otherwords,the LB-tree hasthe following
inequalityproperty.

Property 2 Givena samplepointp∗, thedistancebetween
its level-l projection,p∗l, and its level-l ancestor, m

l
j∗ , is

smallerthan orequalto theradiusof theboundingsphere
of clusterCl

j∗ . Thatis,

‖p∗l − m
l
j∗‖2 ≤ rl

j∗ , l = 0, . . . , L.
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Figure 3. An example of the LB-tree .

Noticethateachleafnodecanbeviewedasaclusterhaving
only onepoint. In this case,the meanpoint is the sample
point itself andtheradiusis zero.

Now, supposewearegivenaquerypointq. Thefirst step
is to form itsmultilevel structureasdescribedin Section2.1.
Considerasamplepointp∗ andits correspondingleafnode
〈p∗〉. Its ancestorat level l in the LB-tree can be found,
andlet it bedenotedby 〈ml

j∗〉. As illustratedin Figure4,
wecanderive thefollowing inequalityby usingthetriangle
inequalityandProperties1 and2:

‖p∗ − q‖2 ≥ ‖p∗l − q
l‖2

≥ ‖ml
j∗ − q

l‖2 − ‖p∗l − m
l
j∗‖2

≥ ‖ml
j∗ − q

l‖2 − rl
j∗ . (1)

Let dLB(〈ml
j∗〉,ql) denotethe LB-distancebetweenthe

internalnode〈ml
j∗〉 andq

l, which is definedbelow:

dLB(〈ml
j∗〉,ql) ≡ ‖ml

j∗ − q
l‖2 − rl

j∗ . (2)

We thenhave thefollowing inequalityproperty.

Property 3 Givena querypoint q anda samplepoint p∗,
theLB-distancebetweenthelevel-l ancestorof p∗ (that is,
〈ml

j∗〉) and the level-l projectionof q is smaller than or
equalto thedistancebetweenp∗ andq. Thatis,

dLB(〈ml
j∗〉,ql) ≤ ‖p∗ − q‖2, l = 0, . . . , L.
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Figure 4. Illustration of the distance inequality
of Equation (1).

FromProperty3, we know thatdLB(〈ml
j∗〉,ql) canbe

viewed asa lower boundof the distancebetweenp∗ and
q. Notice that LB-distanceis not a valid distancemetric
andanegativedLB(〈ml

j∗〉,ql) impliesthatthequerypoint
q locateswithin the boundingsphereof Cl

j∗ centeredat
m

l
j∗ .
Becausetheinternalnode〈ml

j∗〉 canhave anumberof
descendants,dLB(〈ml

j∗〉,ql) is not only the lower bound
of thedistanceto q for any particularsamplepoint p∗, but
alsothelowerboundof thedistancesto q for all thesample
points in the clusterCl

j∗ containingp
∗. Hence,we have

thefollowing propertyby usingProperty 3.

Property 4 Letq bea querypointandp̂ bea samplepoint.
For anyinternalnode〈ml

j〉 of theLB-tree, if

dLB(〈ml
j〉,q

l) > ‖p̂ − q‖2,

then,for everydescendantleafnode〈p′〉 of 〈ml
j〉, wehave

‖p′ − q‖2 > ‖p̂ − q‖2.

From Property4, we canseethat if the LB-distanceof
the internalnode〈ml

j〉 is alreadylarger thanthe distance
from thesamplepoint p̂ to thequerypointq, all thedescen-
dantleafnode〈p′〉 of ml

j canbeeliminatedin thecontest.
They have no chanceto be the winner becausethereis al-
readyabettercandidate,̂p, which is closerto q.

3. Proposedalgorithm

At thepreprocessingstage,theproposedalgorithmcon-
structsanLB-treeof L + 1 levelsby usingthedatasetP .
For eachquery point q, the proposedalgorithm usesthe
LB-treeto efficiently find its nearestneighbor, p̂, suchthat
the Euclideandistance‖p̂ − q‖2 is minimum. According
to Property4, if theLB-distanceof aninternalnode〈ml

j〉
is larger thantheminimumdistance,‖p̂ − q‖2, all thede-
scendantsamplesof thenode〈ml

j〉 cannot bethenearest

neighbor. Hence,thecostlycalculationof thedistancesbe-
tweenq and many samplepoints can be saved at the ex-
penseof calculatingtheless-expensiveLB-distances.

However, theabovesaving requirestheknowledgeof the
value‖p̂ − q‖2, andwe do not know which samplepoint
is p̂ beforehand. In fact, p̂ is exactly thenearestneigh-
bor which we would like to find. To achieve the sameef-
fect, we adoptthe winner-updatesearchstrategy to com-
pute the lower boundsfrom the root nodetoward the leaf
nodeswhile traversingtheLB-tree.Basedon thefollowing
two observations,we calculatethe LB-distancesof the in-
ternalnodesfrom thetoplevel to thebottomlevel. First, the
computationof theLB-distancecostslessattheupperlevel.
Second,a nodeat theupperlevel hasmoredescendantsin
general.Thus,moredistancecalculationcanbesavedif the
LB-distanceof an upper-level nodeis alreadylarger than
theminimumdistance.

In the following, we will describethe winner-update
searchstrategy, whichis abest-firstsearchstrategy, thatcan
greatlyreducethenumberof theLB-distancesactuallycal-
culated.At thefirst iteration,theLB-distancesbetweenq0

andall thelevel-0 nodesin theLB-treearecalculatedby us-
ing Equation(2). Theselevel-0 nodes,〈m0

1〉, 〈m0
2〉, . . . ,

〈m0
s0〉, areusedto constructa heapdatastructureandthe

rootnodeof theheap,〈p̂〉, is thenodehaving theminimum
LB-distance. Then, at the next iteration, the node〈p̂〉 is
deletedandits childrenareinsertedinto theheap.TheLB-
distancesof thesechild nodesarecalculatedandthe heap
is rearrangedto maintaintheheapproperty. Thenode〈p̂〉
is updatedaccordinglyto bethenew root nodeof theheap
having the minimum LB-distance.Again, the node〈p̂〉 is
deletedandall its childrenareinserted.This procedureis
repeateduntil thedimensionof 〈p̂〉, dim(〈p̂〉), is equaltod.
At this point, thenode〈p̂〉 is a leaf nodecontaininga sam-
ple point andthedistance‖p̂ − q‖2 is theminimumin the
heap. Sincethe LB-distancesof other nodesin the heap,
which are the lower boundsof the distancesfrom all the
othersamplepointsto thequerypointq, arealreadylarger
than‖p̂ − q‖2, thenearestneighborp̂ canbedetermined.
Theproposedalgorithmis summarizedbelow.

ProposedAlgorithm for NearestNeighbor Search

/* PreprocessingStage*/
100 GivenadatasetP = {pi ∈ Rd|i = 1, . . . , s}
110 ConstructtheLB-treeof L + 1 levelsfor P

/* NearestNeighborSearchStage*/
120 Givenaquerypointq
130 Constructthe(L + 1)-level structureof q
140 Inserttheroot nodeof theLB-treeinto an

emptyheap
150 Let 〈p̂〉 betheroot nodeof theheap
160 while dim(〈p̂〉) < d do



170 Deletethenode〈p̂〉 from theheap
180 CalculatetheLB-distancesfor all thechildren

of 〈p̂〉
190 Insertall thechildrenof 〈p̂〉 into theheap
200 Rearrangetheheapto maintaintheheapproperty

thattheroot nodeis theonehaving theminimum
LB-distance

210 Update〈p̂〉 astheroot nodeof theheap
220 endwhile
230 Outputp̂

For concisenessof the pseudocode,the algorithm de-
scribedabove initializes the heapasthe dummyroot node
of theLB-tree,insteadof thelevel-0 nodes.This makesno
differencebecausethe dummyroot nodeof the LB-tree is
replacedimmediatelyby its children,that is, all thelevel-0
nodes,at thefirst 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 is, thereare s internal nodesat
eachlevel l. Eachinternalnodecontainsexactlyonelevel-l
projection,pi

l, i = 1, . . . , s, andits radiusis setto bezero.
In theconstructedLB-tree,eachinternalnodehasonly one
child nodeexcepttheroot node,whichhass child nodes.

Recallthat from Properties3 and4 theLB-distancefor
eachinternalnodeis the lower boundof the distancesbe-
tween q and all the descendantsamplesof this internal
node.In orderto obtaina tighter lower boundto skip more
distancecalculation,theLB-distanceof eachinternalnode
shouldbeaslargeaspossible.Therefore,from Equation(2)
theradiusof theboundingsphere,rl

j , shouldbeassmallas
possible.Fromthispointof view, weshouldadoptthesim-
ple constructionmethoddescribedabove in which the ra-
diusof eachinternalnodeis zero.However, therewouldbe
toomany internalnodesin thiscase,andthecostwill betoo
highin termsof thememorystorageandthecomputationof
theLB-distancefor theseinternalnodes.Hence,we would
alsolike to keepthenumberof the internalnodesassmall
aspossible. Whenconstructingan LB-tree, consequently,
weshouldconsiderthetrade-off betweenthenumberof the
internalnodesandtheir associatedradiusof the bounding
sphere.

Theconstructionof theLB-treeis performedin thepre-
processingstage,andhence,its computationalcost is not
a major concernhere. In this work, we useanagglomera-
tiveclusteringtechnique[6] for constructingtheLB-tree,in
which both thenumberof the internalnodesandtheasso-
ciatedradiusarebothsmall.As shown in Figure2, theLB-
tree is constructedhierarchicallyfrom top level to bottom
level. At eachlevel l, thelevel-l projectionsareagglomera-
tively groupedinto clusters.Theexplanationof thedetailis

quite lengthy, andis not givenheredueto the limitation of
space.

5. Data transformation

Data transformationcan further improve the efficiency
of theproposedalgorithmfor nearestneighborsearch.Re-
memberthat theEuclideandistancecalculatedat level l in
the LB-tree is actually the distancein the subspaceof the
first 2l dimensions. If thesedimensionsare not discrimi-
native enough(that is, theprojectionsof thesamplepoints
on this subspacearetoo closeto eachother),thedistances
of differentsamplescalculatedat this subspacemaybeal-
mostthesame.Therefore,thesedistancescomputedin the
2l-subspacewill not help in thedeterminationof thenear-
estneighbor. This problemcanbealleviatedby transform-
ing the datapoints into anotherspacesuchthat the ante-
rior dimensionsare likely to be more discriminative than
the posteriordimensions.The Euclideandistancescalcu-
lated in either the transformedspaceor the original space
shouldbethesame,thuswill not affect thefinal searchre-
sult of the nearestneighborbut only efficiency. Further-
more, this transformationshouldnot be too computation-
expensive becausethequerypointshave to betransformed
in the queryprocess.The following lists the pseudocode
for the datatransformation,which are to be addedto the
algorithmgivenin Section3:

105 Transformeachsamplepoint

125 Transformthequerypointq

According to the contentsof the data,we proposetwo
typesof datatransformation. When the datapoint repre-
sentsanautocorrelatedsignal,for example,anaudiosignal
or an imageblock, wavelet transformwith orthogonalba-
sis [14] canbeused.In this work, we adoptHaarwavelets
to transformthedata,andtheneachlevel in themultilevel
structurerepresentsthe datain oneof its multiple resolu-
tions.

The secondtype of datatransformationis the principal
componentanalysis(PCA).PerformingPCA canfind a set
of vectorsorderedin theirability to accountfor thevariation
of dataprojectedon thosevectors. We can transformthe
datapointontothespacespannedby thissetof vectorssuch
that the anteriordimensionsare more discriminative than
theposteriordimensions.

6. Experimental results

Thissectionpresentssomeexperimentalresultsobtained
by using a computer-generatedset of autocorrelateddata
(Section6.1) and by using a real dataset acquiredfrom



a object recognitionsystem(Section6.2). Theseexperi-
mentswereconductedonaPCwith aPentiumIII 700MHz
CPU. Insteadof usingthe amountof distancescalculated,
we comparetheefficiency of differentalgorithmsby using
theexecutiontime. Thereasonsare:first, ouralgorithmhas
someoverhead,including the insertionanddeletionof el-
ementsin theheap,rearrangingtheheap,andupdatingthe
node〈p̂〉; and second,the computationalcost of the LB-
distanceof the nodeat somelevel differs from that of the
nodeatanotherlevel.

6.1.Experimentson autocorrelateddata

In this section,we show threeexperimentalresultsto
comparetheperformanceof theproposedalgorithmasthe
following three factorsvary: the numberof the sample
points in the dataset,s; the dimensionof the underlying
space,d; and the averageof the minimum distancesbe-
tweenthe querypointsand their nearestneighbors,εmin.
In theseexperiments,we randomlygenerateautocorrelated
datapointsto simulatereal signal. For eachdatapoint, its
value of the first dimensionis randomlygeneratedfrom a
uniform distribution with extent [−1, 1]. Thevalue ofeach
subsequentdimensionis assignedasthevalue oftheprevi-
ousdimensionaddedby a normally distributednoisewith
zeromeanandvariance0.1. The value ofeachdimension
beyond the extent [−1, 1] is truncated.In order to seethe
influenceof datatransformationonthesearchefficiency for
autocorrelateddata,we constructtwo kinds of multilevel
structuresfor eachdatapoint—onewith Haar transform,
andtheotherwithoutany datatransformation.

In the first experiment,we generatedseven datasetsof
samplepointswith cardinalitiess = 800, 1600, 3200, . . . ,
51200 by usingthe randomprocessdescribedabove. The
dimensionof theunderlyingspace,d, was32. Anotherset
containing100, 000 querypointswerealsogeneratedby us-
ing thesamerandomprocess.Nearestneighborsearchwas
thenperformedfor eachquerypoint. Themeanquerytime
is shown in Figure5. Thequerytimefor theproposedalgo-
rithm hastakeninto accountboththeHaartransform,if ap-
plied,andthesearchprocess.To demonstratetheinfluence
of the agglomerative clusteringandthe Haartransformon
thesearchefficiency, weshow themeanquerytimeresulted
by usingdifferentversionsof theproposedalgorithm. The
first versionadoptstheagglomerativeclusteringbut not the
datatransformation,andis denotedby “+clustering-Haar”.
The secondversionadoptsthe Haar transformbut not the
agglomerative clustering(that is, usethe simplestmethod
for LB-treeconstructionmentionedin Section4), andis de-
notedby “-clustering+Haar”.Thethird versionadoptsboth
theagglomerativeclusteringandtheHaartransform,andis
denotedby “+clustering+Haar”.In thisexperiment,thepro-
posedalgorithm (the “+clustering+Haar”version) is 11.7
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Figure 5. Mean quer y time for diff erent sizes,
s, of the sample point set (d = 32).

and52.8 timesfasterthantheexhaustive searchalgorithm,
whens is 800 and51, 200, respectively. Whens increases
(from 800 to 51, 200), therearemoresamplepointsscat-
teredin thefixedspace.Therefore,theaverageof themin-
imum distances,εmin, decreases(from 0.91 to 0.53). Ac-
cordingto Property4, theLB-distanceis morelikely to be
largerthantheminimumdistanceof thequerypointq to its
nearestneighborp̂ whentheminimumdistanceis smaller.
Thatis,moredistancecalculationscanbeavoidedif εmin is
smaller. This is thereasonwhy thespeedupfactorincreases
ass increases.

In the secondexperiment,we generatedeight datasets
of 10, 000 samplepoints, eachset generatedwith a dif-
ferentdimension,d = 2, 4, 8, . . . , 256. Also, eight cor-
respondingsetsof 100, 000 querypoints,with dimensions
d = 2, 4, 8, . . . , 256, weregeneratedby usingthesameran-
dom process. As shown in Figure 6, the proposedalgo-
rithm (the “+clustering+Haar”version)apparentlyoutper-
formstheexhaustivesearch.It is interestingto notethat,for
autocorrelateddata,our algorithmdoesnot suffer thecurse
of dimensionalitythatk-dimensionalbinarysearchtreeal-
gorithmsuffers,asreportedin [13, 3]. In fact,thecomputa-
tional speedupof theproposedalgorithm(over theexhaus-
tive algorithm) scalesup from 5.5 to 63.5 (the “+cluster-
ing+Haar”version)asd increasesfrom 2 to 256. Whend

increases,the level numberof the multilevel structureand
of the constructedLB-tree also increases.By usingHaar
transform,theanteriordimensionscontainmoresignificant
componentsof the autocorrelateddata. Consequently, the
lower boundof the distancecalculatedat the upper level
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)

samplepointsthereforecanbeavoidedby calculatingonly
a few LB-distancesof their ancestorson the upper level,
except for a few tough competitors. If Haar transformis
not applied(i.e., the “+clustering-Haar”version),eachdi-
mensionof the datapoint is equallysignificant. Thusthe
LB-distanceat the lower level (which requiresmorecom-
putation)needsto be calculatedto determinethe nearest
neighbor, which thendegradesthe performance.Also, the
agglomerative clusteringfrom top to down is more effec-
tive if data transformationis appliedso that the anterior
dimensionscontainmoresignificantcomponents.For the
“+clustering-Haar”version,therearemoreinternalnodes,
comparingto that for the the“+clustering+Haar”version,
thuswill reduceits efficiency. Whend increases,this phe-
nomenonbecomesmoreamplified,thusthespeedupfactor
for thenon-transformversiondropsdramaticallybut not for
thetransformversion.

Thethird experimentshowshow theproposedalgorithm
performswith respectto εmin. We generateda 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]. When e is large, the
distancebetweenthe querypoint and its nearestneighbor
tendsto be large also. In this experiment,we generated
eight setsof 10, 000 querypoints,eachwith a differente,
e = 0.01, 0.02, 0.04, . . . , 1.28. The meanquerytime ver-
susthe meanof the minimum distances,εmin, for differ-
ent versionsof our algorithmis shown in Figure7. When
e increasesfrom 0.01 to 1.28, εmin increasesfrom 0.033
to 3.838. The computationalcost of the proposedalgo-
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Figure 7. Mean quer y time for diff erent mean
of the minim um distances, εmin. (s = 10, 000,
d = 32)

rithm increasesbecausetheLB-distanceis lesslikely to be
larger thanthe minimum distancewhenthe minimum dis-
tanceof the nearestneighboris alreadyvery large. Thus,
less distancecalculationcan be saved. In this case,the
speedupfactor of the proposedalgorithm (the “+cluster-
ing+Haar” version), comparedwith the exhaustive algo-
rithm, decreasesfrom 537 to 0.63. Notice that the noise
extent,[−1.28, 1.28], is larger thanthedataextent,[−1, 1],
whenthe speedupfactorbecomes0.63. For mostapplica-
tions,εmin is usuallyrelatively small. Therefore,thephe-
nomenonthat theproposedalgorithmdoesnot outperform
theexhaustive searchalgorithm,asshown on theright part
in Figure7, is not likely to happenfor mostapplications.

6.2.Experimentson anobject recognitiondatabase

The experimentsdescribedin this sectionadoptedthe
samedatabaseusedin [12, 13]. This databasewasgener-
atedfrom 7, 200 imagesof 100 objects.For eachobject,72
imagesweretakenat differentposes.Eachof these7, 200
imagesis of size128×128. Eachimagewasrepresentedin
vectorform andwasnormalizedto unit length. Thesenor-
malizedvectorscanbe usedto computean eigenspaceof
dimension35. Then,eachvectorcanbe compressedfrom
16, 384 dimensionsto 35 dimensionsby projectingontothe
eigenspace.In theeigenspace,themanifoldfor eachobject
canbeconstructedby usingthe72 vectorsbelongingto the
object. Eachof the 100 manifoldswassampledto obtain
360 vectorsfor eachobject. All the s = 36, 000 sampled
vectorsconstitutethe dataset,hereeachsamplepoint has



dimensiond = 35.
The set of query points can be generatedby first uni-

formly samplingthe manifolds and then adding random
noiseto eachcoordinate.We first sampledeachof the100
manifoldsat3, 600 equallyspacedpositionsandthenadded
to eachcoordinateauniformly distributednoisewith extent
[−0.005, 0.005]. In this way, we canhave asetof 360, 000
querypoints.

The proposedalgorithm and the exhaustive searchal-
gorithm were used for performing the nearestneighbor
search,and the meanquery time is 0.046 ms and50.048
ms, respectively. In this case, our algorithm is 1, 088
times faster than the exhaustive searchalgorithm. This
performanceis roughly 18 times fasterthan the result at-
tained by Nene and Nayar [13], in which their method
is about61 times fasterthan the exhaustive search. The
constructiontime of the LB-tree usingthose36, 000 sam-
ple points of dimension35 is 11, 679 secondsand the
numberof clusters,sl, at level l of the LB-tree is sl =
20, 245, 2456, 4684, 5716, 7019, 36000, l = 0, 1, . . . , 6.
Although the constructiontime is still acceptablein this
case,morework shouldbedoneto improvetheefficiency of
theLB-treeconstructionwhendealingwith a largersample
point set.

7. Conclusions

In this paper, we have proposeda fast algorithm for
nearestneighborsearch.This algorithmadoptsthewinner-
updatesearchstrategy to traverseanLB-treecreatedby us-
ing agglomerative clustering. For further speedupof the
searchprocess,somekind of datatransformation,suchas
Haartransform(for autocorrelateddata)andPCA(for gen-
eralobjectrecognitiondata),is appliedto samplepointsand
querypoints.

According to our experiments,the proposedalgorithm
dramatically speedup the searchprocess,in particular,
whenthedistanceof thequerypoint to its nearestneighbor
is relatively smallcomparedwith its distanceto mostother
samples.In many objectrecognitionapplications,a query
pointof anobjectis closeto thesamplepointsbelongingto
thesameobject,but is far from thesamplepointsof other
objects.Thismakestheproposedalgorithmmoreappealing
andpractical. In this paper, we have appliedour algorithm
to the objectrecognitiondatabaseusedin [12, 13].Thepro-
posedalgorithmis aboutonethousandtimesfasterthanthe
exhaustivesearch,which is abouteighteentimesfasterthan
theresultachievedin [13].

Webelievethattheproposedalgorithmcanbeveryhelp-
ful in content-basedretrieval from a large imageor audio
database,suchas[7, 16], whereeachsamplepoint repre-
sentsanautocorrelatedsignal. In this kind of applications,
thedimensiond andthenumberof samplepointss areboth

large. Our algorithmcanprovide very efficient searchfor a
givenqueryimageor audio.
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