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Abstract In the past, Bentley [2] proposed thedimensional bi-
nary search tree to speed up the the nearest neighbor search.
This paper presents a novel algorithm for fast nearest This method is very efficient when the dimension of the data
neighbor search. At the preprocessing stage, the proposedspace is small. However, as reported in [13] and [3], its
algorithm constructs a lower bound tree by agglomeratively performance degrades exponentially with increasing dimen-
clustering the sample points in the database. Calculation of sion. Fukunaga and Narendra [8] constructed a tree struc-
the distance between the query and the sample points can b&ure by repeating the process of dividing the set of sam-
avoided if the lower bound of the distance is already larger ple points into subsets. Given a query point, they used
than the minimum distance. The search process can thusa branch-and-bound search strategy to efficiently find the
be accelerated because the computational cost of the lowerclosest point by using the tree structure. Djouadi and Bouk-
bound, which can be calculated by using the internal node tache [5] partitioned the underlying space of the sample
of the lower bound tree, is less than that of the distance. points into a set of cells. A few cells located in the vicinity
To reduce the number of the lower bounds actually calcu- of the query point can be determined by calculating the dis-
lated, the winner-update search strategy is used for travers-tances between the query point and the centers of the cells.
ing the tree. Moreover, the query and the sample points The nearest neighbor can then be found by searching only
can be transformed for further efficiency improvement. Our in these neighboring cells, instead of the whole space. Nene
experiments show that the proposed algorithm can greatly and Nayar [13] proposed a very fast algorithm to search for
speed up the nearest neighbor search process. When applythe nearest neighbor within a pre-specified distance thresh-
ing to the real database used in Nayar’s object recognition old. From the first to the last dimension, their method can
system, the proposed algorithm is about one thousand timesxclude the sample points that the distances from those sam-
faster than the exhaustive search. ple points to the query point at the current dimension are
larger than the threshold. Then, the nearest neighbor can
be determined by examining the remaining candidates. Lee
and Chae [11] proposed another elimination-based method.
Based on triangle inequality, they used a number of anchor
sample points to eliminate many distance calculations. In-
Nearest neighbor search is very useful in recognizing ob- stead of finding thexactnearest neighbor, Arya et al. [1]
jects [12], matching stereo images [15], classifying patterns proposed a fast algorithm which can find thgproximate
[9], compressing images [10], and retrieving information in nearest neighbor within a factor ¢f + r) of the distance
database system [7]. In general, given a fixed dataPset between the query point and its exact nearest neighbor.
which consists of sample points in d-dimensional space, In this paper, we present a novel algorithm which can ef-
thatis,P = {p, € R%i = 1,...,s}, preprocessing can be ficiently search for the exact nearest neighbor in Euclidean
performed to construct a particular data structure. For eachspace. At the preprocessing stage, the proposed algorithm
query pointq, the goal of the nearest neighbor search is to constructs a lower bound tree (LB-tree), in which each leaf
find in P the point closest t@. The straightforward way  node represents a sample point and each internal node rep-
to find the nearest neighbor is to exhaustively compute andresents a mean point in a space of smaller dimension. Given
compare the distances from the query point to all the sam-a query point, the lower bound of its distance to each sample
ple points. The computational complexity of this exhaustive point can be calculated by using the mean point of the inter-
search i9)(s - d). Whens, d, or both are large, this process nal node in the LB-tree. Calculation of the distance between
becomes very computational-intensive. the query and the sample points can be avoided if the lower

1. Introduction



bound of the distance is already larger than the minimum pe | B

distance between the query point and its nearest neighbor.

Because the computational cost of the lower bound is less

than that of the distance, the whole search process can be ‘

accelerated. pr | R B
Furthermore, we adopt the following three techniques

to reduce the number of the lower bounds actually calcu-

lated. The first one is the winner-update search strategy pz | B 3 o 3 P, 3 P,

[4] for traversing the LB-tree. We adopt this search strat-

egy to reduce the number of the nodes examined. Starting

from the root node of the LB-tree, the node having the min- ; ; ; ; ; ; ;

imum lower bound is chosen and its children will then join pPlRREBERBERBR BB

the competition after their lower bounds having been calcu-

lated. The second one is the agglomerative clustering tech-

nique for the LB-tree construction. The major advantage of  Figure 1. An example of the 4-level structure

this technique is that it can keep the number of the internal  of the point p, where p € RS.

nodes as small as possible while keeping the lower bound as

tight as possible. The last technique we adopt is data trans-

formation. By applying data transformation to each point, i i

the lower bound of an internal node can be further tight- P- Figure 1 illustrates an example of thdevel structures,

ened, and thus save more computation. We use two kind{P": -- P’} whered = 8. _

of data transformation in this work: wavelet transform and ~ Given the multilevel structures of two poinsandq, we

principal component analysis. can derive the following inequality property.

Our experiments show that the proposed algorithm can

save substantial computation of the nearest neighbor searcl'r,)mperty 1 The Euclidean dlsltance petwe@nand als
in particular, when the distance of the query point to its arger than or equal to the Euclidean distance between their

o ! . :
nearest neighbor is relatively small compared with its dis- level{ projectionsp® andq’ for each level. Thatis,
tance to most other samples.

lp—allz > |p" —d'|2 1 =0,...,L.

2. Multilevel structure and LB-tree From Property 1, the distandgp’ — q'||> between the
level- projections can be considered as a lower bound of the
This section introduces the LB-tree, the essential datadistance||p — ql|» between the pointp andq. Notice that
structure used in the proposed nearest neighbor search athe computational cost of the distarjg —q'||» is less than
gorithm. We will first describe the multilevel structure of a that of the distancgp —q||2. To be specific, the complexity
data point. The multilevel structures of all the sample points of calculating the distance between levgkojections arises

can be used for the LB-tree construction. from O(2°) to O(2%) as! varies from0 to L.
2.1. Multilevel structure of each point 2.2. LB-tree for the data set
For a pointp = [p1,ps, ..., p4] In ad-dimensional Eu- To construct an LB-tree, we need to use the multilevel
clidean spaceR?, we define its multilevel structure, de- structures of all the sample poings, i = 1,...,s, in the
noted by{p’, p!,...,p%}, in the following way. At each  data set”. Suppose the multilevel structure hast- 1 lev-
level I, p' comprises the firs#! dimensions of the poinp, els, that is, from leved to level L. Then, the LB-tree also
where the integed’ satisfiesl < d' < d,1 = 0,..., L. hasL + 1 levels without considering the dummy root node
Thatis,p' = [p1,p2, ..., pa], which will be referred to as  having zero dimension. Each leaf node at levéh the LB-
the levelt projection ofp. tree contains a level- projectionp;~, which is exactly the
In this paper, we assume that the dimension of the un-same as the sample poipt. The level# projections,p;’,
derlying spaced, is equal t2” without loss of generality. i = 1,..., s, of all the sample points can be hierarchically

Zero padding can be used to enlarge the dimensianisf clustered from level to level L — 1, as illustrated in Fig-
not a power oR. In the multilevel structure, the dimension ure 2. More discussions on the LB-tree construction will be
at levell is set to bad' = 2!. In this way, a { + 1)-level given in Section 4.

structure of triangle shape can be constructed for peint Let (p) denote the node containing the powin the LB-
Notice that level£ projection,p’, is the same as the point tree. Each cluste€; is represented by an internal node
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Figure 3. An example of the LB-tree.

Notice that each leaf node can be viewed as a cluster having

Figure 2. An example of hierarchical con- only one point. In this case, the mean point is the sample
struction of the LB-tree. All the points in the point itself and the radius is zero.

same dark region are determined agglomera- Now, suppose we are given a query paejnilhe first step
tively and are grouped into a cluster. Notice is to form its multilevel structure as described in Section 2.1.
that each point is transposed to fit into the Consider a sample poipt* and its corresponding leaf node
limited space. (p*). Its ancestor at levdl in the LB-tree can be found,

and let it be denoted bym';.). As illustrated in Figure 4,
we can derive the following inequality by using the triangle

(m';) at levell in the LB-tree, wherej = L and inequality and Properties 1 and 2:
st denote the number of clusters at IeWeIAs shown in l
Figure 3, the internal nodém!';) contains the mean point Ip*—all2 > |p* —d'[2

m!; and the associateddius r';. The mean pointn!; is
the mean of all the levdlprojections of the sample points
contained in cluste€;. The radius; is the radius of the
smallest hyper-sphere that centers at the mean point
and covers all the levélprojections in cluster’?;. This
smallest hyper-sphere is called theunding spheref Cl;.
The radius-!; can be calculated as the maximum distance drp((
from the mean poinin’; to all the levelt projections in LB
this cluster. In other words, the LB-tree has the following We then have the following inequality property.
inequality property.

Property 2 Given a sample poinp*, the distance between Property 3 Given a query poing and a sample poin*,
its leveld projection,p*', and its levelt ancestorm!;., is ~ the LB-distance between the levalncestor ofp™ (that is,

smaller than or equal to the radius of the bounding sphere (m';-)) and the level- projection ofq is smaller than or
of clusterC';.. That s, equal to the distance betweeri andq. That is,

l
I’ = [l = [Ip*" — ' |2

[m'j- —q'fla — . 1

(AVARAY

Let d5((m!;-),q") denote the LB-distance between the
internal node/m’ ;) andq’, which is defined below:

m';-), q') = |m'j. —q'fla — ' 2

o <7l 1=0,..., L drp((m';-),q") < ||p* —dll2, 1 =0,...,L.

Ip*!



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

From Property 3, we know thaly 5 ((m!;.), q') can be
viewed as a lower bound of the distance betwgérand

q. Notice that LB-distance is not a valid distance metric

and a negative, 5 ((m';-), q') implies that the query point
q locates within the bounding sphere 6f ;- centered at
mlj* .

Because the internal noden';-) can have a number of
descendantsi, 5 ((m!;-), q') is not only the lower bound
of the distance t@ for any particular sample poinpt*, but
also the lower bound of the distancesjtéor all the sample
points in the clustet;. containingp*. Hence, we have
the following property by using Property 3.

Property 4 Letq be a query point ang be a sample point.
For any internal nodém!;) of the LB-tree, if

drs((m';),d") > |p — qllz,
then, for every descendant leaf nage) of (m';), we have

[P’ —dqll2 > [P — a2

neighbor. Hence, the costly calculation of the distances be-
tweenq and many sample points can be saved at the ex-
pense of calculating the less-expensive LB-distances.

However, the above saving requires the knowledge of the
value ||p — qgl|2, and we do not know which sample point
is p beforehand. In factp is exactly the nearest neigh-
bor which we would like to find. To achieve the same ef-
fect, we adopt the winner-update search strategy to com-
pute the lower bounds from the root node toward the leaf
nodes while traversing the LB-tree. Based on the following
two observations, we calculate the LB-distances of the in-
ternal nodes from the top level to the bottom level. First, the
computation of the LB-distance costs less at the upper level.
Second, a node at the upper level has more descendants in
general. Thus, more distance calculation can be saved if the
LB-distance of an upper-level node is already larger than
the minimum distance.

In the following, we will describe the winner-update
search strategy, which is a best-first search strategy, that can
greatly reduce the number of the LB-distances actually cal-
culated. At the first iteration, the LB-distances betweén
and all the level nodes in the LB-tree are calculated by us-
ing Equation (2). These levélnodes,(m®;), (m%), ...,
(mY0), are used to construct a heap data structure and the
root node of the heagp), is the node having the minimum
LB-distance. Then, at the next iteration, the ndge is
deleted and its children are inserted into the heap. The LB-
distances of these child nodes are calculated and the heap
is rearranged to maintain the heap property. The n@de
is updated accordingly to be the new root node of the heap
having the minimum LB-distance. Again, the no(f# is
deleted and all its children are inserted. This procedure is
repeated until the dimension @), dim((p)), is equal tad.

At this point, the nodép) is a leaf node containing a sam-
ple point and the distandg — q||» is the minimum in the
heap. Since the LB-distances of other nodes in the heap,

From Property 4, we can see that if the LB-distance of which are the lower bounds of the distances from all the
the internal nodém';) is already larger than the distance other sample points to the query poiptare already larger

from the sample poinp to the query poing, all the descen-

dant leaf nodép’) of m'; can be eliminated in the contest.

than||p — ql|2, the nearest neighbgr can be determined.
The proposed algorithm is summarized below.

They have no chance to be the winner because there is al-

ready a better candidatg, which is closer tay.

3. Proposed algorithm

Proposed Algorithm for Nearest Neighbor Search

/* Preprocessing Stage */
100 Givenadatasét = {p; € RYi=1,...,s}
110 Construct the LB-tree df + 1 levels forP

At the preprocessing stage, the proposed algorithm con-

structs an LB-tree of. + 1 levels by using the data sét

For each query poing, the proposed algorithm uses the 120

LB-tree to efficiently find its nearest neighbgr, such that
the Euclidean distanckp — q||2 is minimum. According
to Property 4, if the LB-distance of an internal noge’;)

is larger than the minimum distandg — q||2, all the de-
scendant samples of the noga';) can not be the nearest

/* Nearest Neighbor Search Stage */
Given a query poird

130 Construct thel{ + 1)-level structure ofy

140 Insert the root node of the LB-tree into an
empty heap

150 Let(p) be the root node of the heap

160 while dim({p)) < d do



170 Delete the nodg)) from the heap quite lengthy, and is not given here due to the limitation of

180  Calculate the LB-distances for all the children space.
of (p)
190 Insert all the children ofp) into the heap 5. Data transformation

200 Rearrange the heap to maintain the heap property

that the root node is the one having the minimum . . -
Data transformation can further improve the efficiency

LB-distance f th d algorithm f t neighb h. R
210 Updat€ep) as the root node of the heap ot the proposed algorithm for nearest neighor search. Re-
220 endwhile member thaF the Euclidean <'j|stance. calculated at lewvel
230  Outputp the LB-tree is actually the distance in the subspace of the

first 2! dimensions. If these dimensions are not discrimi-
For conciseness of the pseudo code, the algorithm demnative enough (that is, the projections of the sample points
scribed above initializes the heap as the dummy root nodeon this subspace are too close to each other), the distances
of the LB-tree, instead of the levélnodes. This makes no  of different samples calculated at this subspace may be al-
difference because the dummy root node of the LB-tree ismost the same. Therefore, these distances computed in the
replaced immediately by its children, that is, all the ledel-  2l-subspace will not help in the determination of the near-

nodes, at the first iteration of the loop. est neighbor. This problem can be alleviated by transform-
ing the data points into another space such that the ante-
4. Construction of LB-tree rior dimensions are likely to be more discriminative than

the posterior dimensions. The Euclidean distances calcu-

A simple method of constructing the LB-tree is to di- lated in either the transformed space or the original space
rectly use the multilevel structures of the sample points should be the same, thus will not affect the final search re-
without clustering. That is, there areinternal nodes at  sult of the nearest neighbor but only efficiency. Further-
each level. Each internal node contains exactly one level- more, this transformation should not be too computation-

projection,p;!, i = 1,..., s, and its radius is set to be zero. expensive because the query points have to be transformed
In the constructed LB-tree, each internal node has only onein the query process. The following lists the pseudo code
child node except the root node, which hashild nodes. for the data transformation, which are to be added to the

Recall that from Properties 3 and 4 the LB-distance for algorithm given in Section 3:
each internal node is the lower bound of the distances be- ]
tweenq and all the descendant samples of this internal 105  Transform each sample point
node. In order to obtain a tighter lower bound to skip more ]
distance calculation, the LB-distance of each internal node12°  Transform the query poing
should be as large as possible. Therefore, from Equation (2)
the radius of the bounding spheré;, should be as small as
possible. From this point of view, we should adopt the sim-
ple construction method described above in which the ra-
dius of each internal node is zero. However, there would be
too many internal nodes in this case, and the cost will be too
high in terms of the memory storage and the computation of
the LB-distance for these internal nodes. Hence, we would
also like to keep the number of the internal nodes as small

as possible. W_hen constructing an LB-tree, Consequently'component analysis (PCA). Performing PCA can find a set
we should consider the trade-off between the number of theof vectors ordered in their ability to account for the variation

internal nodes and their associated radius of the boundingmc data projected on those vectors. We can transform the

sphere. data point onto the space spanned by this set of vectors such

The c_onstrt'uctlon Ogtze LB-trf[ze IS perf(t)rTed Iln thet pre- that the anterior dimensions are more discriminative than
processing stage, and hence, its computational cost is no{he posterior dimensions.

a major concern here. In this work, we use an agglomera-
tive clustering technique [6] for constructing the LB-tree, in .
which both the number of the internal nodes and the asso-6- EXperimental results

ciated radius are both small. As shown in Figure 2, the LB-

tree is constructed hierarchically from top level to bottom  This section presents some experimental results obtained
level. At each level, the levelt projections are agglomera- by using a computer-generated set of autocorrelated data
tively grouped into clusters. The explanation of the detail is (Section 6.1) and by using a real data set acquired from

According to the contents of the data, we propose two
types of data transformation. When the data point repre-
sents an autocorrelated signal, for example, an audio signal
or an image block, wavelet transform with orthogonal ba-
sis [14] can be used. In this work, we adopt Haar wavelets
to transform the data, and then each level in the multilevel
structure represents the data in one of its multiple resolu-
tions.

The second type of data transformation is the principal



a object recognition system (Section 6.2). These experi- ——— ‘
ments were conducted on a PC with a Pentium 111 700 MHz e et
CPU. Instead of using the amount of distances calculated, [~ ="
we compare the efficiency of different algorithms by using

the execution time. The reasons are: first, our algorithm has
some overhead, including the insertion and deletion of el- 5, |
ements in the heap, rearranging the heap, and updating the
node (p); and second, the computational cost of the LB- &
distance of the node at some level differs from that of the

node at another level.

mean query ti

6.1. Experiments on autocorrelated data w07 ; 1

In this section, we show three experimental results to | ‘ ‘ ‘ ‘ ‘
compare the performance of the proposed algorithm as the 500 1600 3200 6400 12800 25600 51200
following three factors vary: the number of the sample
points in the data se; the dimension of the underlying
space,d; and the average of the minimum distances be-  Figure 5. Mean query time for different sizes,
tween the query points and their nearest neighbors, . s, of the sample point set ( d = 32).

In these experiments, we randomly generate autocorrelated

data points to simulate real signal. For each data point, its

value of the first dimension is randomly generated from a

uniform distribution with extenf—1, 1]. The value of each ~ and52.8 times faster than the exhaustive search algorithm,
subsequent dimension is assigned as the value of the previwhens is 800 and51, 200, respectively. When increases
ous dimension added by a normally distributed noise with (from 800 to 51, 200), there are more sample points scat-
zero mean and variandel. The value of each dimension tered in the fixed space. Therefore, the average of the min-
beyond the exterjt-1, 1] is truncated. In order to see the imum distancess,,;,, decreases (fror.91 to 0.53). Ac-
influence of data transformation on the search efficiency for cording to Property 4, the LB-distance is more likely to be
autocorrelated data, we construct two kinds of multilevel larger than the minimum distance of the query pejio its
structures for each data point—one with Haar transform, nearest neighbgp when the minimum distance is smaller.

and the other without any data transformation. Thatis, more distance calculations can be avoidegiif; is
In the first experiment, we generated seven data sets ofsma_ller. This is the reason why the speedup factor increases
sample points with cardinalities = 800, 1600, 3200, ..., ass Increases.

51200 by using the random process described above. The In the second experiment, we generated eight data sets
dimension of the underlying spaag,was32. Another set  of 10,000 sample points, each set generated with a dif-
containingl00, 000 query points were also generated by us- ferent dimensiond = 2, 4, 8, ..., 256. Also, eight cor-

ing the same random process. Nearest neighbor search wagsponding sets af00, 000 query points, with dimensions
then performed for each query point. The mean query timed = 2,4,8, ..., 256, were generated by using the same ran-
is shown in Figure 5. The query time for the proposed algo- dom process. As shown in Figure 6, the proposed algo-
rithm has taken into account both the Haar transform, if ap- rithm (the “+clustering+Haar” version) apparently outper-
plied, and the search process. To demonstrate the influencérms the exhaustive search. Itis interesting to note that, for
of the agglomerative clustering and the Haar transform onautocorrelated data, our algorithm does not suffer the curse
the search efficiency, we show the mean query time resultecof dimensionality thak-dimensional binary search tree al-
by using different versions of the proposed algorithm. The gorithm suffers, as reported in [13, 3]. In fact, the computa-
first version adopts the agglomerative clustering but not thetional speedup of the proposed algorithm (over the exhaus-
data transformation, and is denoted by “+clustering-Haar”. tive algorithm) scales up fror.5 to 63.5 (the “+cluster-

The second version adopts the Haar transform but not theing+Haar” version) ag increases fron2 to 256. Whend
agglomerative clustering (that is, use the simplest methodincreases, the level number of the multilevel structure and
for LB-tree construction mentioned in Section 4), and is de- of the constructed LB-tree also increases. By using Haar
noted by “-clustering+Haar”. The third version adopts both transform, the anterior dimensions contain more significant
the agglomerative clustering and the Haar transform, and iscomponents of the autocorrelated data. Consequently, the
denoted by “+clustering+Haar”. In this experiment, the pro- lower bound of the distance calculated at the upper level
posed algorithm (the “+clustering+Haar” version)lis.7 can be tighter in this way. Distance calculation for more
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Figure 6. Mean query time for different dimen- Figure 7. Mean query time for different mean
sion of the underlying space, d. (s = 10, 000) of the )mmlmum distances, &,i,. (s = 10,000,
d =32

sample points therefore can be avoided by calculating only
a few LB-distances of their ancestors on the upper level
except for a few tough competitors. If Haar transform is

rithm increases because the LB-distance is less likely to be
"larger than the minimum distance when the minimum dis-

not applied (i.e., the “+clustering-Haar” version), each di- tance _Of the nearest n_e|ghbor Is already very '?‘rge- Thus,
less distance calculation can be saved. In this case, the

mension of the data point is equally significant. Thus the ) -
LB-distance at the lower level (which requires more com- ;peedup factor of the proposed algorithm (the "+cluster-

putation) needs to be calculated to determine the nearengJrHaar" version), compared with the exhaustive a Igo-
neighbor, which then degrades the performance. Also, themhm’ decreases frqrﬁ37 10 0.63. Notice that the noise
agglomerative clustering from top to down is more effec- extent,—1.28, 1.28], is larger than the data extef; 1, .1]’
tive if data transformation is applied so that the anterior v_vhen the speedup factor becone83. For most applica-
dimensions contain more significant components. For the

tions, ., is usually relatively small. Therefore, the phe-
“+clustering-Haar" version, there are more internal nodes, nomenon that the proposed algorithm does not outperform
comparing to that for the the “+clustering+Haar” version,

the exhaustive search algorithm, as shown on the right part
thus will reduce its efficiency. Whediincreases, this phe-

in Figure 7, is not likely to happen for most applications.
nomenon becomes more amplified, thus the speedup factor _ _ N
for the non-transform version drops dramatically but not for 6.2. Experiments on an object recognition database
the transform version.

The third experiment shows how the proposed algorithm  The experiments described in this section adopted the
performs with respect t@,,;,,. We generated a data set same database used in [12, 13]. This database was gener-
of 10,000 sample points in a space of dimensidn= ated from7, 200 images ofl 00 objects. For each object?

32. Then, each sample point was used for generating aimages were taken at different poses. Each of tl7e2e0
query point by adding to each coordinate a uniformly dis- images is of sizé28 x 128. Each image was represented in
tributed noise with extenf—e,e]. Whene is large, the  vector form and was normalized to unit length. These nor-
distance between the query point and its nearest neighbomalized vectors can be used to compute an eigenspace of
tends to be large also. In this experiment, we generateddimension35. Then, each vector can be compressed from
eight sets ofl0, 000 query points, each with a different 16, 384 dimensions t8@5 dimensions by projecting onto the

e = 0.01,0.02,0.04,...,1.28. The mean query time ver- eigenspace. In the eigenspace, the manifold for each object
sus the mean of the minimum distances,,,, for differ- can be constructed by using thi2 vectors belonging to the
ent versions of our algorithm is shown in Figure 7. When object. Each of thd00 manifolds was sampled to obtain

e increases from).01 to 1.28, Z,,;, increases fron?.033 360 vectors for each object. All the = 36,000 sampled

to 3.838. The computational cost of the proposed algo- vectors constitute the data set, here each sample point has



dimensiond = 35.

large. Our algorithm can provide very efficient search for a

The set of query points can be generated by first uni- given query image or audio.

formly sampling the manifolds and then adding random
noise to each coordinate. We first sampled each of tide
manifolds at3, 600 equally spaced positions and then added
to each coordinate a uniformly distributed noise with extent
[—0.005,0.005]. In this way, we can have a set 860, 000
query points.

The proposed algorithm and the exhaustive search al-
gorithm were used for performing the nearest neighbor
search, and the mean query timedif46 ms and50.048
ms, respectively. In this case, our algorithm 1i088
times faster than the exhaustive search algorithm. This
performance is roughly8 times faster than the result at-
tained by Nene and Nayar [13], in which their method
is about61 times faster than the exhaustive search. The
construction time of the LB-tree using tho3€, 000 sam-
ple points of dimensiorB5 is 11,679 seconds and the
number of clusterss!, at levell of the LB-tree iss! =
20, 245, 2456, 4684, 5716, 7019, 36000, [ 0,1,...,6.
Although the construction time is still acceptable in this
case, more work should be done to improve the efficiency of
the LB-tree construction when dealing with a larger sample
point set.

7. Conclusions

In this paper, we have proposed a fast algorithm for
nearest neighbor search. This algorithm adopts the winner-
update search strategy to traverse an LB-tree created by us-
ing agglomerative clustering. For further speedup of the

search process, some kind of data transformation, such ag10]

Haar transform (for autocorrelated data) and PCA (for gen-
eral object recognition data), is applied to sample points and
query points.

According to our experiments, the proposed algorithm (11]

dramatically speed up the search process, in particular,
when the distance of the query point to its nearest neighbor

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

&

is relatively small compared with its distance to most other 15

samples. In many object recognition applications, a query
point of an object is close to the sample points belonging to

the same object, but is far from the sample points of other [13]

objects. This makes the proposed algorithm more appealing
and practical. In this paper, we have applied our algorithm
to the object recognition database used in [12, 13]. The pro-

posed algorithm is about one thousand times faster than thell

4]

exhaustive search, which is about eighteen times faster thartls]

the result achieved in [13].
We believe that the proposed algorithm can be very help-

ful in content-based retrieval from a large image or audio [16]

database, such as [7, 16], where each sample point repre-
sents an autocorrelated signal. In this kind of applications,
the dimensionl and the number of sample pointare both
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