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Abstract
Problems existin similarity measurement and index tree construction which affect the perform-

ance of nearest neighbor search of high-dimensional data. The equidistance problem is solved using

NPsim function to calculate similarity. And a sequential NPsim matrix is built to improve indexing

performance. To sum up the above innovations, a nearest neighbor search algorithm of high-dimen-

sional data based on sequential NPsim matrix is proposed in comparison with the nearest neighbor

search algorithms based on KD-tree or SR-tree on Munsell spectral data set. Experimental results

show that the proposed algorithm similarity is better than that of other algorithms and searching speed

is more than thousands times of others. In addition, the slow construction speed of sequential NPsim

matrix can be increased by using parallel computing.
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0 Introduction

The nearest neighbor search is looking for several
points that are nearest from the given point'' | which is
widely used in text clustering, recommendation sys-
tem, multimedia retrieval, sequence analysis, etc.
Generally speaking, the data whose dimensionality is
more than 20 belongs to high-dimensional data'”’. The
traditional nearest neighbor search algorithms may fail
in high-dimensional data because of the curse of di-

] Thus, the nearest neighbor search of

mensionality
high-dimensional data has become a challenging but
useful issue in data mining. Currently, this issue has
been researched to a certain extent. With position sen-
sitive hashing algorithm'*’ | a high-dimensional vector
is mapped onto address space, and previous similar
points are still close to each other in a larger probabili-
ty, which overcomes the equidistance of high-dimen-
sional data. But its applicability is limited because of
same hash functions and neglection of data difference.
To solve this problem, a self-taught hashing (STH) "
was proposed by Zhang, et al. The similarity matrix is
built at first. And the matrix decomposition and eigen-

value solution are carried out subsequently. But it has
(6]

large time and space complexity. The iDistance'”” and
vector approximation file (VA-File)'”" are suitable for in-
dexing structure. However, its query cost is very huge.
In essence, the similarity measurement and index
tree construction have affected performance of nearest
neighbor search of high-dimensional data. Thus, sol-
ving problems that exist in above aspects is very impor-
tant. At present, most of similarity measurement meth-
ods of high-dimensional data ignore the relative differ-
ence of property, noise distribution, weight and other
factors, which are valid for a small number of data
typesLgJ
tors'®’ and is applicable for all kinds of data type. But

. Psim(X,Y) function considers the above fac-

it is unable to compare similarity under different di-
mensions because its range depends on spatial dimen-
sionality. Thus, the NPsim(X, Y) function is pro-
posed to solve this problem and makes its range [0,
1]. The defect of index tree on construction and query
has made up with sequential NPsim matrix. This meth-
od is easy to parallelize. Assuming that the dimension-
ality is M, the time complexity of building sequential
NPsim matrix is O(M* + n) , but the one after parallel-
ization is reduced into O(M - n). The time complexity
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of nearest neighbor search is O(1). This algorithm is
compared with the nearest neighbor search algorithms
based on KD-tree or SR-tree on Munsell spectral data
set. The experimental results show that the similarity of
our proposed algorithm is better than the one of other
algorithms. The construction of sequential NPsim ma-
trix is time consuming, but its searching speed is more
than thousands times of others. In addition, the con-
struction time of sequential NPsim matrix can be re-
duced dramatically by virtue of parallelization. Thus,
its whole performance is better than the one of others.

1 Related work

In recent years, the similarity measurement and
index tree construction have been researched to a cer-
tain extent. But insufficiency still exists.

To solve the problem in similarity measurement,
the Hsim(X, Y) function'”’ was proposed by Yang,
which is better than traditional method, but neglects
the relative difference and noise distribution. The
Gsim(X, Y) function'"" is proposed according to rela-
tive difference of properties in different dimensions.
But the weight discrepancy is ignored. The Close( X,
Y) function''" based on monotone decreasing of e ™ can
overcome the influence from components in some di-
mensions whose variance are larger. But relative differ-
ence is not considered which would be affected by
noise. The Esim(X, Y) " function is proposed by im-
proving Hstim(X, Y) and Close(X, Y) functions. In
each dimension, the Esim(X, Y) component is posi-
tive correlation to the value in this dimension. All di-
mensions are divided into two parts; normal dimension
and noisy dimension. In noisy dimension, the noise
occupies majority. When noise is similar to and larger
than the one in normal dimension, this method will be
invalid. The secondary measurement method' "’ is used
to calculate the similarity by virtue of property distribu-
tion, space distance, etc. But the noise distribution
and weight have been neglected. In addition, it is
time-consuming. The projection nearest neighbor is
proposed by Hinneburg' "' | which is used to solve the
problem in higher dimensional space by dimension re-
duction. But it is hard to find right quality criterion
function. In high-dimensional space, Yi has found"®’
that the difference in noisy dimension is larger, no
matter how similar data is. This difference has occu-
pied a large amount of similarity calculation, which re-
sults in the distances between all points to be similar.
Therefore , Psim( X, Y) function'®' is proposed to elim-
inate the noisy influence by analyzing difference among
all dimensions. The experimental result indicates that

this method is suitable for all kinds of data type. But
its range is [0, n], where n is dimensionality. Thus,
the similarities in different dimensions are unable to
compare.

There are two kinds of index trees used in high-di-
mensional space; index tree based on the vector space,
and index tree based on metric space. The typical ex-

U5 It is a natural exten-

ample of the former is R-tree
sion of B-tree in high-dimensional space and can solve
the data searching problem. However, R-tree has the
problems of brother node overlap, multiple queries,
and low utilization, etc. Therefore, the extension of R-
tree has been proposed, such as R + tree, R * tree,
cR-tree. The common structure of the later is VP-
tree''®" | which is a binary search tree and suitable for
large-scale data search. But it is a static tree and could
not be inserted or deleted. In addition, the distance
calculation is time-consuming. MVP-tree is the im-

171 and the cost of distance calcu-

provement of VP-tree
lation is decreased. But its time complexity in stage of
creation or query is higher than the one of VP-tree. M-
tree is the hash index represented by B-tree'"™’ and has
high searching efficiency. However, it can only carry
out single value searching, instead of range searching.
SA-tree is created according to the distance between

19]

leaf node and root node'”'. But it is a completely stat-

ic tree and could not be inserted or deleted.

2 Key technology

2.1 Similarity measurement

In n-dimensional space, set S = {S,, S,, -,
S, | is composed of M points S, = {S,,, S, Sy
Syt , wherei = 1,2,+- M, j =1,2,---,n, and S; is

the jth property of S,. Assuming that X and Y are any

two points in set S, Sim(X, Y) is similarity between X
and Y.

Sim(X, Y) is usually measured with distance
function. The typical methods include Manhattan dis-
tance, Euclidean distance, etc. However, with the in-
crease of dimensionality, the nearest and farthest dis-

21 Thus, these methods are

tances become the same
invalid in high-dimensional space. To solve this prob-
lem, several methods are proposed, such as Hsim(X,
Y), Gsim(X, Y), Close(X, Y), Esim(X, Y), yet
they are valid for limited types of data'®’. The
Psim(X, Y) is suitable for a variety of data type, and
its range is dependent on spatial dimensionality and
unable to compare the similarity under the different di-
mensions. Under the circumstance of maintaining

effects, Psim(X, Y) is updated as
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NPSim(X, Y) = Y Ly 5(X,,Y)
i1
.(1 IXL.—YL.I).E(X,Y)

m;, —n, n

(1)
where X, and Y, are components in ith dimension.
8(X;, Y,) is discriminant function. If X, and Y are in
the same interval [n,, m;], §(X,, ¥;) = 1is hold.
Otherwise, §(X;, Y;) = 0is hold. E(X, Y) is the
number of intervals in which components of X and Y are
all the same. It can be seen that the range of
NPsim(X, Y) isin [0, 1]. The above is the outline
of NPsim, and detailed introduction can be found in
reference'®’.

To validate this method, several records in dimen-
sions of 10, 30, 50, 100, 150, 200, 250, 300, 350,
and 400 are generated with normrnd ( ) function of
Matlab. The number of records in every dimension is
1000. After that, relative difference between the far-
thest and the nearest neighbors is calculated with

Dmaxn — P minn

vEp (2)

avgn

D . and D

maxn 9 minn avgn

where D

average similarities in n-dimensional space respective-
20]
Iy,

are maximal, minimal and

According to the characteristics of results, simi-
larity measurement methods are divided into two kinds.
The first kind of methods include Manhattan distance
Euclidean distance, Hsim(X, Y), Gsim(X, Y),
Close(X, Y) and Esim(X, Y). The others include
Psim(X, Y) and NPsim(X, Y). The result is shown
in Fig. 1. It can be seen that relative difference of the

second kind of methods is two or three magnitudes than
the one of the first. Therefore, the performance advan-
tage of the second kind of methods is obvious.

2.8 —»— Manhattan distance
-5~ Euclidean distance
—§- Hsim (X,Y)
2.3 -£- Gsim (X,Y)
2 -6~ Close (X,Y)
5 - Esim (X,Y)
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Fig.1 Relative difference of various similarity

measurement methods

The numbers of Psim(X, Y) = 1 in different di-
mensions are shown in Table 1. The number of
Psim(X, Y) in every dimension is 1000 x 1000 =
1000000. Thus, the 6% ~15% result is more than 1,
which is unable to compare the similarity in different

dimensions. But this

NPsim (X, Y) function.

problem is not existed in

Table 1  Number of Psim(X, Y) > = 1 in different dimensions
dimension 10 30 50 100 150 200 250 300 350 400
number 159192 131236 112364 11456 97624 105570 74285 84341 50898 63114
2.2 K nearest neighbor search
For any point S, in set S, 1 <t < M, search for Construction of Sorting for

set R, © S composed of k points, which meets the fol-
lowing requirements.
Yr e R,, NPsim(S,, r) = max{NPsim(S,, s)
lseSNse¢R,}
R, is the K nearest neighbor (KNN) set of S,. The

course for generating R, is called KNN search.

3 Nearest neighbor search algorithm

3.1 Whole framework

The whole framework is shown in Fig. 2. First of all,

NPsim matrix NPsim matrix

| |
|

Sequential
NPsim matrix

}

Nearest neighbor
search

Fig.2 Whole framework of the proposed algorithm
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NPsim matrix is generated. After that, sequential
NPsim matrix produced by sorting elements in each row
of NPsim is sorted in descending order.

3.2 Execution flow

1) Construction of NPsim matrix

The NPsim matrix is generated with the following
steps.

Step1 M points S,, i =1,2,---,M are stored in M
x n matrix DataSet.

Step 2 The elements in every column of DataSet
are sorted in ascending order in order to generate the
matrix SortDataSet.

Step 3 The elements in each column of SortData-
Set are divided into G = [ § + n'] intervals. Thus, the
number of elements in every interval is T = [ M/G].
Meanwhile, the endpoint of every interval is saved into
the matrix FirCutBound.

Step 4 The interval number of element of DataSet
is determined according to the matrix FirCutBound
which is saved into the interval number matrix Fir-
NumSet.

Step 5 The M x M matrix SameDimNum is gener-
ated. For any two points S, and S, the number of inter-
vals in which components of S, and S, are all the same
is calculated and saved into the matrix element Sa-
meDimNum[p || q].

Step 6 The matrix SortDataSet is divided along
the column again. The number of intervals is G’ = G -
1 and there are 7" =1 M/G’ | elements in each inter-
val. After that, the endpoint of every interval is saved
into the matrix SecCutBound.

Step 7 The interval number matrix SecNumSet is
produced according to Step 4.

Step 8 The matrix SameDimNum is updated. For
any points S, and S_, if the interval number of compo-
nents in one dimension is different in Step 3, but same
in Step 7, then SameDimNum [p][q] = SameDim-
Num [p][q] + 1.

Step 9 The M x M matrix NPsimMat is built ac-
cording to the results from Step 3 to Step 9. The NPsim
information of S, and S, (1 < p, ¢ < M) is stored into
NPsimMat [ p][ q], which includes three parts; sub-
script p and ¢, NPsim(S,, S,).

2) Sorting for NPsim matrix

The sequential NPsim matrix is produced with the
following steps.

Step 1 The M x M matrix SortNPsimMat is pro-
duced, which is the copy of NPsimMat.

Step 2 The elements in each row of SortNPsim-
Mat are sorted in the descending order of NPsim.

With the increase of column number, elements in

pth row becomes lower and lower, which represents the
distance between S, and corresponding point is farther
and farther.

3) Nearest neighbor search

The KNN of S, is found out as follows.

Step 1 The frontier K elements in ith row are se-
lected.

Step 2 The points different from S, are expected re-
sult.

3.3 Time complexity analysis

This algorithm is separated into two stages: con-
struction of sequential NPsim matrix and searching
KNN. There are two steps at the first stage, the time
complexity is analyzed as follows.

(1) Construction of NPsim matrix

In this step, four kinds of matrixes are produced.
The first is SortDataSet and is produced by sorting ele-
ments in every column. Iis time complexity is O(M
logM - n). The second is FirCutBound and SecCut-
Bound that are generated by visiting all elements of
DataSet. Thus, the time complexity is O(M - n). The
third is FirNumSet and SecNumSet which are ob-
tained by locating the column number of element. The
corresponding time complexity is O(M> + n). The
fourth is SameDimNum that is produced by comparing
the element per column. The time complexity of this
operation is O( M* - n). Finally, the NPsim component
is calculated and summed up to whole NPsim value.

(2) Sorting for NPsim matrix

The elements in every row of NPsimMat are sor-
ted in the descending of NPsim. Its time complexity is
O(M - nlogn).

To sum up above analysis, the time complexity of
construction stage is O(M*> + n) + O(M - nlogn) =
O(M* - n).

In the course of searching, the frontier K elements
in ith row are visited. Thus, the corresponding time
complexity is O(1).

4 Experiment

The proposed algorithm includes two stages ( con-
struction and searching) that must be contained in the
selected algorithm in comparison. For nearest neighbor
search algorithm based on KD-tree, the KD-tree is
built at first, and searching is carried out subsequent-
ly. The nearest neighbor search algorithm based on SR-
tree is similar. Thus, the above two algorithms are se-
lected in the following experiment.
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4.1 Data introduction

The Munsell Color-Glossy set is proposed by A-
merican chromatist Munsell and is revised repeatedly
by American National Standards Institute ( ANSI) and
Optical Society, which is one of the standard color sets
and includes 1600 colors and each of them is represen-
ted with HV/C. The H, V, and C are abbreviations of
hue, brightness and saturation respectively.

The spectral reflectance of all colors in Munsell
Color-Glossy set is downloaded from spectral color re-
search group (http://www. uef. fi/fi/spectral/home ) .
Each of them is a vector that contains 401 piece of
spectral reflectance in different wavelengths, which is
regarded as high-dimensional data.

4.2 Overview

First of all, the running times of constructing se-
quential NPsim matrix, KD-tree, and SR-tree are cal-
culated. After that, KNN search of given point in
Munsell color cubic is carried out. The locations of giv-
en point and neighbors must be close or continuous.

Assuming that HV/C and HV,/Cy are given point
and corresponding neighbors respectively, the Munsell
distance between them is

Distance =1 Hy, —H| +| Vy = VI +] C, = C1 (3)

On one hand, the neighbor colors from three algo-
rithms are compared. On the other hand, with the in-
crease of K, the construction and searching times of dif-
ferent algorithms are calculated and analyzed.

4.3 Result

The proposed algorithm, and traditional algorithms
based on KD-tree and SR-tree are implemented in the
experiment, and the results are compared in aspects of
accuracy and speed. There is no parallel strategy used

in the following experiment . The hardware includes
AMD Athlon (tm) II X2-250 processor and Kingston
4G memory and the software is WinXP operation sys-
tem and MicroSoft Visual Studio 2008.

1) Accuracy analysis

The Munsell color 5BG3/2 is selected for KNN
search, which is shown in Fig.3. Searching result is
shown in Table 2, 3, and 4 under the circumstance K
=6. In Table 2, KNN distance is the NPsim value,
and the one in Table 3 and 4 is the Euclidean dis-
tance. It can be seen that the color from the proposed
method is closer to the given color. But the one from
other methods has obvious difference from 5BG3/2,
such as 5B3/4 in Table 3 and 7.5BG4/6 in Table 3.
In addition, the Munsell distance of the proposed
method is less than the one of others. In some cases,
the Munsell distances of pioneers, nearest neighbors,
and successors are not the ascending order, which is
called as reverse phenomenon. The 10BG3/2 in Table
2, 5B3/4 in Table 3, and 7. 5BG4/6 in Table 4 are
typical examples. The number of nearest neighbors
with reverse phenomenon in Table 2, 3, and 4 are 2,
4, and 4, which indicates the stability of the proposed
method is better than the one of others.

Color of 5BG3/2

Fig. 3

Table 2 KNN result of the proposed method

K
Attribute 1 2 4 3 6
Name 2.5BG3/2 10BG3/2 5BG3/1 7.5BG3/1 10G3/2 2.5B3/2
Color
KNN distance 0.024980 0.010148 0.008820 0.005566 0.005182 0.004556
Munsell distance 2.5 5 3.5 5 7.5
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Table 3 KNN result of KD-tree algorithm

K 1 2 3 4 5 6
Attribute
Name 10BG3/2 2.5BG3/2 7.5BG3/4 10G3/2 5B3/4 5G3/4
Color
KNN distance 0.003174 0.004617 0.007143 0.015501 0.694696 0.813152
Munsell distance 5 25 4.5 5 12 10
Table 4 KNN result of SR-tree algorithm
K
Attribute ! 2 . 4 g ¢
Name 10BG3/2 2.5BG3/2 2.5B3/2 7.5BG4/6 10G3/2 7.5G3/2
Color
KNN distance 0.056338 0.067950 0.076647 0.084513 0.124502 0.140089
Munsell distance 5 25 7.5 7.5 5 7.5
2) Speed analysis - 01
The construction time of indexing structure is o 0.06 O T ECUCUT TSRO S o e
. £ 0.02[pppospoporbst?? : ]
shown in Table 5. It can be seen that the one of se- B 200 200 500 800 1000
quential NPsim matrix is about ten times of the one of _ KValue ) )
(a) The one with sequential NPsim matrix
KD-tree or SR-tree.
= 0.04 T T T T
Table 5 Construction time of different indexing structures é 0.02 ] e - o .
o j PN \ Y
Sequential = B 200 400 600 800 1000
. . KD-tree SR-tree K Value
NPsim matrix .
(b) The one with KD-tree
Construc'tion time 1.6 1.6 24 e . . ’ .
(unit:s) L 20E-6 | e
£ LOE-6f » v 1
. 00 200 400 600 800 1000

With the increase of K value, the average search-
ing time for KNN of 1000 selected Munsell colors are
shown in Fig. 4. The experimental result indicates that
the magnitude of the proposed method is about 10 ~°,
but the one of other methods is about 10 >, That is to
say, the searching speed of the proposed method is
more than thousands times of others.

Although the construction speed of sequential
NPsim matrix is slow, the searching speed is fast. And
sequential NPsim matrix can be stored into disk and
loaded with high speed at any time. So, the perform-
ance of sequential NPsim matrix is better than the one
of KD-tree and SR-tree in nearest neighbor search of
high-dimensional data.

K Value
(c) The one with SR-tree

Fig.4 Average searching time of KNN with different algorithms
5 Conclusion

The nearest neighbor search of high-dimensional
data is the foundation of high-dimensional data process-
ing. The problem existing in the similarity measure-
ment and index tree construction has affected the per-
formance of traditional nearest neighbor search algo-
rithm. The NPsim function and sequential NPsim ma-
trix are designed to solve this problem, which are com-
bined to propose a new nearest neighbor search algo-
rithm. To validate the proposed algorithm, the tradi-
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tional algorithms based on KD-tree and SR-tree are
compared in the experiment on Munsell Color-Glossy
set. The results show that the accuracy and searching
speed of the method are better than the one of two
methods.

However, the construction speed of sequential
NPsim matrix is slower than the one of KD-tree and
SR-tree. The reason is the time complexity of construc-
ting sequential NPsim matrix is O(M* - n) , but the one
of constructing KD-tree and SR-tree are both O(M -
log,M + n). From section4.2.1 and 4.2.2. The oper-

ations generating different rows of sequential NPsim
matrix are independent of each other, which esay be
paralleled. But the parallelization for construction of
index tree is hard. Therefore, the time complexity
would be reduced from O(M* - n) to O(M - n) by vir-
ute of parallel. Thus, using parallel in construction of
index tree is the future work.
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