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ABSTRACT

Converting boundary images to time-series makes it feasible to perform boundary matching even on a very large image
database, which is very important for interactive and fast matching. In recent research, there has been an attempt to
perform fast matching considering partial denoising by converting the boundary image into time series. In this paper, to
improve performance, we propose an index-building method considering all possible arbitrary denoising parameters for
removing arbitrary partial noises. This is a challenging problem since the partial denoising boundary matching must be
considered for all possible denoising parameters. We propose an efficient single index-building algorithm by constructing
a minimum bounding rectangle(MBR) according to all possible denoising parameters. The results of extensive experiments
conducted show that our index-based matching method improves the search performance up to 46.6 ~ 4023.6 times.
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1. Introduction

Efforts have recently been made by Kim et al.[1] to
solve the boundary matching problem that supports
partial denoising. Fig. 1 depicts the overall framework
of partial denoising boundary matching. To improve the
matching performance, the lower bound of the partial
denoising distance is given, and this distance is
optimized. Their work addresses boundary matching
considering partial noise, which is a limited amount of
noise embedded in a boundary image. The partial noise
varies with level, position, and length on a boundary
image. In the case of query images, partial denoising is
simple as it is performed only once by preprocessing. On
the other hand, in the case of data images, it is a
challenging problem since all possible partial noises
from the data images have to be considered. To solve
this problem, Kim et al.[1] first define the partial
denoising time-series that is a time-series obtained by
removing the partial noise from a boundary time-series
and then compute the similarity distance, i.e., partial

denoising distance, between all possible partial denoising
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time-series and the query time-series. Finally, their
proposed partial denoising boundary matching enables
identification of similar boundary images regardless of
the denoising position with the denoising length and the
denoising level given by users.

In this paper, we propose an index-building method that
supports arbitrary partial denoising for faster matching. In
an index, it is not trivial since computing partial denoising
for obtaining similar boundary images are needed for
every change in the denoising level and the denoising
length, respectively; that is, it incurs severe overhead.
Thus, the
matching that supports arbitrary denoising parameters in a

index-based partial denoising boundary
large image database is a challenging problem.

To enable support for arbitrary partial denoising, we
use a multidimensional index, i.e., R -tree[2], and define
arb-MBR that contains all low-dimensional points
transformed from partial denoising time-series —
generated by changing not only the denoising position
but also the denoising level and the denoising length —
and then present a single index-building algorithm by
constructing arb-MBR; that is, we do not build indexes

for every change in the denoising parameters, we simply
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Fig. 1 The overall framework of partial denoising boundary matching[1].
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build a single index that stores arb-MBR. The single
index-building algorithm, however, has high computational
complexity since it has to transform all possible partial
denoising time-series into low-dimensional points for
constructing arb-MBR.

Through extensive experiments, we show the
superiority of the proposed index-based approach to
partial denoising boundary matching for supporting
arbitrary denoising parameters and compare its elapsed
time with that of the previous method. On the basis of
this result, we believe that our index-based method is a
practical and interactive way of realizing boundary
matching for supporting arbitrary partial denoising.

The remainder of this paper is organized as follows.
Section 2 discusses existing work related to time-series
matching, image matching, and partial denoising
boundary matching. Section 3 outlines the concept of its
index-based solution. Section 4 evaluates the performances
of the proposed approach through experiments. Section 5

summarizes and concludes this paper.

II. Related Work

2.1, Time-Series Matching

Time-series matching methods can be classified into
two categories[3]: whole matching, where the lengths of
the data time-series and the query time-series are all
identical, and subsequence matching, where the lengths
of the data time-series and the query time-series are
different.

Index-based time-series matching is also classified
into these two categories. Whole matching proposed by
Agrawal et al.[4] first stores an MBR containing
low-dimensional points into an index, after transforming
data time-series into low-dimensional points, and then
finds data time-series similar to the query time-series on
the index. Subsequence matching proposed by Faloutsos
et al.[3] is a generalization of whole matching. Subsequence
matching first divide data time-series into sliding

windows and store MBRs constructed using their
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low-dimensional points in an index. Finally, they obtain
subsequences similar to the query time-series on the
index. In this paper, we focus on the application of

whole matching to boundary matching.

2.2, Image Matching
Shape-based matching is important for many
applications such as industrial inspection, fingerprint
matching, and tumor recognition[5, 6]. There have been
many research efforts on shape matching[5, 6, 7, 8]. As
the representative shape-based matching, there is the
shape matching method using the shape context, i.e.,
shape context matching[5, 6]. The shape context is
represented as the histogram between the distance and
the angle from a selected point to all other points on the
contours of a shape[5]. This feature is invariant to image
scaling, translation, and rotation[6]. Shape context
matching, however, does not use any index mechanism.
We use the centroid contour distance(CCD) function[1,
6, 9], which is the simplest method for representing
one-dimensional shapes, as a shape feature to exploit
time-series matching techniques instead of shape
features such as edge, curvature, and region. Specifically,
CCD maps a shape feature, i.e., boundary time-series, to
a time-series of length n as follows: it first evenly
divides 360° into n equal-sized angles (Af=27/n),
where the direction is from the centroid to the boundary,
and then computes the distance of each point on the
boundary from the centroid. Thus, this CCD function
enables transformation of an image domain problem into
a time-series domain problem.

For shape-based image matching in a large image
database, there have also been many attempts to use
indexing techniques[7, 8, 10]. In general, multi-
dimensional indexes such as k-d-b tree[11], R"-tree, and
MVP-tree[12] are used to perform image matching in a
large image database[8]. Recently, several studies have
been conducted using a vocabulary tree as a text retrieval
approach for index-based image matching[10, 11, 13,
14]. These indexing methods predominantly use shape

features that have region characteristics in an image. In
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this paper, however, such methods are not suitable since
we deal with boundary features, which do not have
region characteristics, to solve the partial denoising

problem in boundary matching.

2.3, Patial denoising Boundary Matching

This subsection explains the concept underlying
partial denoising boundary matching in more detail and
defines the notations applied to formalize it. Partial
denoising is an interesting problem since the partial
noise can distort the matching results in boundary
matching[1]. In this paper, partial denoising boundary
matching is focused on similar boundary matching rather
than on partial noise detection; that is, it is not important
where exactly the partial noise lies on the boundary. We
focus on finding similar boundary images regardless of
partial noise.

Partial denoising boudnary matching requires the
denoising level d and the denoising length / from the
user. To solve a problem of supporting arbitrary denoising
parameters, we apply a multidimensional index. If,
however, d and / are changed at every matching by the
user, a new index has to be constructed using these
respective values. That is, the user may use different d
and / depending on the application and purpose of
matching, in which case an index has to be constructed
each time using each pair of d and /. For example, if the
number of d’s and /’s is 10, then 100 indexes have to be
constructed. Thus, the existing solution incurs substantial
storage space and update maintenance overhead owing
to the use of multiple indexes. In this paper, we propose
a single index-based approach that solves the index
maintenance overhead problem by supporting arbitrary
denoising parameters in a very large databases.

Table 1 summarizes the notations used in this paper.
As shown in the table, )~(pd'l, called by partial denoising
time-series, is a boundary time-series replaced by the
noise-removed subsequence instead of its subsequence
X[p:ptl-1] using the moving average transform[9].
PDD(X)Y,dl) is a similarity measure that is the

minimum distance from a query time-series to all

possible partial denoising time-series. We call it partial

denoising distance.

Table. 1 List of notations.

Notation Definition
d Denoising level
1 Denoising length
p Denoising position
% A modular operator
X A boundary time-series of length n, {a:u,ml 2T, }
L. Subsequence of X, including entries from the ith one
X[ij] to jth 9 &
Jt
X A set of boundary time-series
The Euclidean distance between X and Y,
D(X,Y)
=
A Dboundary time-series replaced by the noise-
removed subsequence instead of its subsequence
X[p:p+i-1] using the moving average transform[9],
Tdl _ f=dil =dl ~d]
Xp = {xpﬁo,xp’l ...,xw,,l},
}(;d,l if i e {p%n,...,(p+1-1)%n},
1 ivd-1
~d.]l 0
X .= xS ==X .
nY
otherwise, X;
where 0 <p<n—land2<d<n—1
a similarity measure that is the minimum distance
)I(D ?3 from a query time-series to all possible partial
X.Y.d)) denoising time-series, min;;é D(X, Ypd"l )
An f-dimensional point transformed by using the
low-dimensional transformation PAA F(+),
F(X) 1 oG- n
{:Eo,icl;n,i"f,l}, X, =— Z x;, where 0 =—
J=oi /-
An n-dimensional minimum bounding rectangle
M(X) (MBR) that bounds all boundary time-series
contained in X, i.e., an MBR [L,U] whose lower-left
and upper-right points are L and U, respectively
Mi(X) An f-dimensional MBR that bounds all f
£ dimensional features transformed by using F(-) in X

Ill, Proposed Index—based Solution

In index-based partial denoising boundary matching,
there are three main ways to support arbitrary denoising

parameters: 1) only support arbitrary denoising level, 2)
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Algorithm  BuildArbitraryIndex (T)

Input: Time-series database T
1: for each data time-series T € T do

2: Make an f-dimensional MBR My (-) that is initially empty;

3: for each denoising length ! € [2,n — 1] do

4: for each denoising level d € [2,n — 1] do

5: for each denoising position p € [0,n — 1] do

6: Make a partial denoising time-series i‘f'l from T

7 end-for

8: end-for

9: end-for
10: Construct a set T of all partial denoising time-series;
11: Construct a set of f-dimensional points from T by using the low-dimensional

transformation F(-);

12: Construct arb-MBR Mp ('7’) by bounding all f-dimensional points;
13: Make a record < T-1D,Mp (7~—> >, and store it into the index;
14: end-for

Fig. 2 An index-building algorithm for boundary matching considering arbitrary partial denoising.

only support arbitrary denoising length, and 3) support
both 1) and 2). To support arbitrary denoising level, we
can construct an MBR considering the partial denoising
time-series generated by all possible denoising levels.
Likewise, to support arbitrary denoising length, we also
can construct one considering those generated by all
possible denoising lengths. These two methods enable
users to obtain pseudo-optimal results by querying the
given denoising length or denoising level several times.
These methods, however, still have the overhead
problem of building multiple indexes; that is, for
index-based partial denoising boundary matching, we
have to build as many indexes as denoising lengths and
denoising levels, respectively. Consequently, we propose
an index- based approach to partial denoising boundary
matching that supports arbitrary denoising level and
denoising length by using a single index.

In this paper, to support arbitrary denoising level and
denoising length in a single index by using a multi-
dimensional index, i.e., R'-tree, we construct a low-
dimensional MBR considering all possible denoising
levels and denoising lengths. We first define the set of

arbitrary partial denoising time-series as follows:

Definition 1. Given X, the notation of X, called the set of

arbitrary partial denoising time-series, is defined as a

set of n-(n-2):(n-2) partial denoising time-series,
{)?;"\0 <p<n—land2<d,l<n— 1}, considering all
possible denoising levels and denoising lengths. We
then denote )~(pd'l of X as the arbitrary partial
denoising time-series X.

Next, we define an MBR that bounds all low-

dimensional points transformed from partial
denoising time-series in the set of arbitrary partial

denoising time-series and define as follows:

Definition 2. Given X, let a low-dimensional point
F()Y;I) be transformed from a partial denoising time-
series )‘(;,f” in the set of arbitrary partial denoising
time-series, i.e., X by F(*). We then define arb-MBR,
{F(;le)lo <p<n—land2<d,l<n— 1}, as an MBR
that bounds all low-dimensional points and denote it
as M, (X%).

To use arb-MBR in index-based partial denoising
boundary matching, we prove that using arb-MBR
incurs no false dismissal as follows:

Theorem 1. Given two boundary time-series X and ¥, if
the distance D(F(X), M,(Y)) between the low-
dimensional point (X) and arb-MBR MF( Y) satisfies
the lower bounding condition of the distance D(X, V)
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between X and the arbitrary partial denoising
time-series ¥ of Y, then Eq. (1) holds.

vp,D(F(X),MF(Y))sD(X,)?) (1)

Proof. We first note that following Eq. (2) holds since,
excepting that Y is replaced with the partial denoising
time-series ¥, Eq. (2) is identical to Lemma 1 in

Faloutsos et al.[3].
vp,D(F(X),F(Y))sD(X,Y) Q)

Meanwhile, Eq. (3) can be derived from Eq. (7) in
Kim et al.[1].

p, D(FCO),M, (Y)) < D(F(X), F(D)) ©)

Thus, Eq. (1) of the theorem trivially holds by Egs. (2)
and (3).

On the basis of Theorem 1, we propose a single
index-building algorithm that supports arbitrary denoising
parameters in partial denoising boundary matching. Fig.
2 shows an index-building algorithm to support arbitrary
denoising parameters. the index-building algorithm uses
two additional loops for the denoising level d and the
denoising length /; that is, in Lines 3-9, we generate
partial denoising time-series with each denoising position
by changing the denoising level d and the denoising
length /, respectively. In Line 10, we construct the set of
arbitrary partial denoising time-series. In Lines 12-13,
we finally construct arb-MBR by using low-dimensional
points transformed from all partial denoising time-series
and store them in the index.

To use our index-building method, we propose an
index-based matching algorithm. The inputs are a query
time-series Q, a given tolerance ¢, the denoising level d,
and the denoising length /. The outputs are data
time-series similar to the query time-series. We first
transform the query time-series to an f~dimensional point
by using the low-dimensional transformation F(-) and
then construct an f~dimensional range query using F(Q)
and the tolerance ¢. Next, we evaluate the range query on

the multidimensional index and construct a set of

candidate time-series that are potentially similar to the
query time-series. This candidate set contains false
alarms as well as the true similar time-series. Finally, we
perform a post-processing step that discards false alarms
by retrieving the real data time-series from the database
and computing their partial denoising distance from the

query time-series.

IV, Experimental Evaluation

In our experiments, we used the synthetic boundary
dataset used by Kim et al.[1]. This dataset consisted of
102,590 boundary time-series of length 360 including
nine different partial noises created by changing the
length and the position from each original image, all
collected from the Web. To generate the partial noise,
we used the Gaussian noise model[15]. Although we
only used ten thousand original images[1, 9, 16], we
actually extracted more boundaries than that number
using the CCD method since one image might contain
multiple boundary objects.

We performed the experiments in the following
environment. The hardware platform was an IBM
compatible PC equipped with a 2.0GHz Intel Core 2 Duo
CPU, 2.0GB RAM, and 500GB hard disk. The software
platform was the CentOS 6.3. We used the C/C++
language to implement the index-building and matching
algorithms. As the multidimensional index, we used the
R’-tree and set its index and data page sizes to 4,096
bytes. In addition, we used PAA as the low- dimensional
transformation and extracted 72 features each time-series
using it.

We compare the elapsed times of the boundary
matching algorithms that supports arbitrary partial
denoising. Fig. 3 presents the performance results by
varying the tolerance € on the fixed denoising level 4 and
denoising length /. (Note that the Y-axis is log-scale.)
These results can be controlled by changing ¢ for range
queries in the matching algorithms. BAI is an index-based

matching algorithm using our proposed index-building
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algorithm. NIV-OG is the naive matching algorithm
proposed by Kim et al.[1] and NIV-OP is the optimized
algorithm of NIV-OG. As shown in the figure, BAI
incurs the more performance degradation when the
number of similar boundary images is between 1 and 10.
This means that the matching performance of our
index-based matching algorithm is very sensitive to the
tolerance. On the other hand, in the case of NIV-OG and
NIV-QOP, their matching performance shows no change
since the similarity distance is computed to all possible
data time-series. Thus, for our index-based matching
algorithm, it is very important to determine the
appropriate tolerance. We leave the solution of this
problem as a future study. In the experimental results,
BAI improves that by 1.2 to 4023.6 times compared with
NIV-OG and NIV-OP.

——NIV-OG  -m-NIV-OP  —A—BAI
1.0E+10
£l
2 10ps0s - ® . ¢ . *
g [ -
e
g 1.0E+06
=
= /
1.0E+04 : ' :

1 10 100 1000 10000
Similar boundary image(s)

Fig. 3 Comparison of the matching performance by varying
the tolerance (d=24, I=72).

Fig. 4 shows the scalability of the matching algorithms.
As shown in the figure, the performance results show
linear scalability of all algorithms. This means that, as
the number of data time-series increases, our algorithms
are suitable for handling a large image database. Thus,
we can obtain the results in just a few seconds even on a
large boundary database. In the experimental results,
BAI improves the matching performance by 5.0 to 46.6
times compared with NIV-OG and NIV-OP. As a result,
we can confirm that our index-based matching algorithm

provides an efficient way of performing partial denoising

ks
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boundary matching on a large boundary database.

——NIV-OG —a-NIV-OP ——BAI

1.0E+10

1.0E+08

1.0E+06

Elapsed time(usec)

1.0E+04 1 1 1 1 J
20,000 40,000 60,000 80,000 102,590

Data time-series

Fig. 4 The scalability of partial denoising boundary
matching algorithms(d=24, [=72).

V. Conclusions

In this paper, we solved the overhead problem
incurred in supporting arbitrary denoising parameters for
partial denoising boundary matching using a
multidimensional index. The contributions of the paper
could be summarized as follows. First, we proposed an
efficient index-based approach that supports arbitrary
partial denoising in boundary matching using R’-tree
and PAA as the low-dimensional transformation.
Second, we formally proved its correctness. Third, through
experiments, we showed that the index-based matching
algorithms were superior to the existing matching
algorithms. The experimental results also indicated that
the index-based matching algorithms outperformed the
existing matching algorithms by orders of magnitude.

We plan to use other similarity measures instead of
the Euclidean distance and may find the optimal
denoising level and denoising length. We believe that
the significant improvement in matching performance
makes the proposed algorithms suitable for recent smart
devices with constrained resources such as CPU power

and memory.

1349



References

[1] B.-S. Kim, Y.-S. Moon, and J.-G. Lee, “Boundary Image
Matching Supporting Partial Denoising Using Time-Series
Matching Techniques,” Multimedia Tools and Applications,
vol. 76, no. 6, pp. 8471-8496, Mar. 2017.

N. Beckmann, H.-P. Kriegel, R. Schneider, and B. Seeger,
“The R'-tree: An Efficient and Robust Access Method for
Points and Rectangles,” in Proc. of the ACM SIGMOD Int’l
Conf. on Management of Data, Atlantic City, New Jersey,
pp- 322-331, May. 1990.

C. Faloutsos, M. Ranganathan, and Y. Manolopoulos, “Fast

—
NS}
—

—
w
—

Subsequence Matching in Time-Series Databases,” in Proc.
of the ACM SIGMOD Int’l Conf. on Management of Data,
Minneapolis, Minnesota, pp. 419-429, May. 1994.

R. Agrawal, C. Faloutsos, and A. Swami, “Efficient
Similarity Search in Sequence Databases,” in Proc. of the
4th Int’l Conf. on Foundations of Data Organization and
Algorithms, Chicago, Illinois, pp. 69-84, Oct. 1993.

S. Belongie, J. Malik, and J. Puzicha “Shape Matching and
Obj- ect Recognition Using Shape Contexts,” [EEE Trans.

—
~
—

—
W
—

on Pattern Analysis and Machine Intelligence, vol. 24, no. 4,
pp- 509-522, Apr. 2002.
D. Zhang, and G. Lu, “Review of Shape Representation and

—
N
—

Description Techniques,” Pattern Recognition, vol. 37, no.
1, pp. 1-19, Jan. 2004.
S. Parui, and A. Mittal, “Similarity-Invariant Sketch-Based

—
~
—

Image Retrieval in Large Databases,” in Proc. of the 13"
European Conf. on Computer Vision, Zurich, Switzerland,
pp. 6-12, Sep. 2014.

J. Wang, W. Liu, S. Kumar, and S.-F. Chang, “Learning to

—
oo}
—

Hash for Indexing Big Data—A Survey,” in Proceedings of
the IEEE, vol. 104, no. 1, pp. 34-57, Jan. 2016.

¥ 4(Bum-Soo Kim)

Ztelcistn ZTED}EDE FAEE pA2013)

==,

[9]

[10

[}

(11]

(2

—

[13

[t}

[15

[t}

[16]

1350

B.-S. Kim, Y.-S. Moon, M.-J. Choi, and J. Kim, “Interactive
Noise-Controlled Boundary Image Matching Using the
Time-Series Moving Average Transform,” Multimedia
Tools and Applications, vol. 72, no. 3, pp. 2543-2571, Oct.
2014.

D. Nister, and H. Stewenius, “Scalable Recognition with a
Vocabulary Tree,” in Proc. of the IEEE Conf. on Computer
Vision and Pattern Recognition, New York, New York, pp.
2161-2168, Jun. 2006.

J. T. Robinson, “The K-D-B-Tree: A Search Structure For
Large Multidimensional Dynamic Indexes,” in Proc. of the
ACM SIGMOD Int’'l Conf. on Management of Data, Ann
Arbor, Michigan, pp. 10-18, Apr/May. 1981.

T. Bozkaya, and M. Ozsoyoglu, “Distance-based Indexing
for High-Dimensional Metric Spaces,” in Proc. of the ACM
SIGMOD Int’l Conf. on Management of Data, Tucson,
Arizona, pp. 357-368, May. 1997.

H. Duan, Y. Peng, G. Min, X. Xiang, W. Zhan, and H. Zou,
“Distributed In-Memory Vocabulary Tree for Real-Time
Retrieval of Big Data Images,” Ad Hoc Networks, vol. 35,
pp. 137-148, Dec. 2015.

J. Wang, J. Xiao, W. Lin, and C. Luo, “Discriminative and
Generative Vocabulary tree: With Application to Vein
Image Authentication and Recognition,” Image and Vision
Computing, vol. 34, no. 2, pp. 51-62, Feb. 2015.

M. Sonka, V. Hlavac, and R. Boyle, Image Processing,
Analysis, and Machine Vision, 4th ed., Cengage Learning,
2014.

W.-K. Loh, S.-P. Kim, S.-K. Hong, and Y.-S. Moon,
“Envelope-based Boundary Image Matching for Smart
Devices under Arbitrary Rotations,” Multimedia Systems,
vol. 21, no. 1, pp. 29-47, Feb. 2015.

SR |E0IT ] U SetiTER AR T RI(2017-34RY)
A

|
uhelEob: Al O10ld, O|0|X| ZA, 244 8H|0|E] 24



