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ABSTRACT

Similarity-based retrieval has attracted an indrepamount of attention in recent
years. Although there are many different approgamest are based on a common
premise of dimensionality reduction and spatialeascmethods. Relative change
of the time series data provides more meaning asight view of problem
domain.. This paper presents our efforts on cenig the relative changes of
time series during the time series matching procéssimilarity distance measure
that based on transformed difference space ofiessef critical points is proposed.
Based on experiments with financial time seriegq diditcan be concluded that our
distance measure works as good as the Euclideaandés measure based
normalized data without any shifting and scaling &A\A approach. The distance
measure proposed is a general distance metricsaaditable to deal with online
similarity matching because it does not maintaiaash statistics over data streams

Keywords: data mining, time series, clustering, similarityatehing, Euclidean

distance.

1 INTRODUCTION

YHumans are good at telling the similarity

n

D(X,Y)= > (x-y) (N

i=1

between time series by just looking at their plots. \e define that two sequences X and Y are in -match
Such knowledge must be encoded in the computer if if p(X,Y ) is less than or equal to . We define n-

we want to automate the detection of similarity gimensional distance computation as the operation

among time series. In general, given any pairroéti
series, their similarity is usually measured byirthe
correlation or distance. If we treat a time semss
high dimensional points, which in time series it is
the Euclidean distance appears to be a naturatehoi

for distance between time series. The Euclidean

distance is defined as:

Given two time series sequence  and with

n=m, their Euclidean distance is defined as:
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that computes the distance between two sequences of
length n. Basically, there are essentially two svay
the data might be organized[1].

¢ Whole sequence matching: In the whole
sequence matching, all the time series that
assumed to be compared are at the same length.
The query time series q is of length n too. The
Euclidean distance between the query time series
and any time series to be compared with can be
computed in linear time. Given a query
threshold, the answer to a whole sequence
similarity query for q is all the time series ireth
data set whose Euclidean distance with q are less
than the threshold.

e Subsequence Matching: Here the time series
in the data set can have different lengths. The
lengths of these candidate time series are usually
larger than the length of the query time series.
The answer to a subsequence query is any
subsequence of any candidate time series whose
distance with q is less than .

Shasha and Zhu[2] pointed out that the

Euclidean distance measure is not adequate as a
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flexible similarity measure between time series
because:
« Two time series can be very similar even
though they have different base lines or
amplitude scales.
e The Euclidean distance between two time
series of different lengths is undefined even
though the time series are similar to each other.
« Two time series could be very similar even
though they are not perfectly synchronized. The
Euclidean distance that sums up the difference
between each pair of corresponding data points
between two time series is too rigid and will
amplify the difference between time series.

In a given time series, the related change

rectangles in feature space; then, these rectaoates
be readily indexed using traditional spatial access
methods, like R-tree. A sliding window over the
data sequence was used to extract features. Btoon
al[5] used a generalized windows to reduce false
negatives from Faloutsos method due to lack of
point-filtering effect. The general match method
divides data sequences into generalized sliding
windows and the query sequence into generalized
disjoint windows to reduce false dismissal. The
authors also proposed a method of estimating the
optimal value of the sliding factor that minimizibe
number of page access.

Because of efficiency of wavelet transform, it is
also used as feature extraction functions. Chan and
Wu[6] proposed to use Haar wavelet transform for

between two adjacent data points are often thoughttime series indexing and showed that Euclidean

of where information is resident in. Especially in
financial market data analysis, the amplitude
difference is more important than the time differen
Therefore, transform the time series into space of
difference because any similarity matching is more
meaningful and provides more insight view of
problem domain, especially in financial data analys
In this paper, we proposed our similarity
measure on transformation of the original timeeseri
into a new series of critical change-points ( which
contains the difference information of originaliser
and the similarity clustering is based on). Tastr
of paper is organized as follows. Section 2 diseds
related works on time series similarity matching.

distance is preserved in the Haar transformed domai
and no false dismissal will occur. The researsh al
showed that the Haar transform can outperform DFT,
the method also accommodate vertical shift of time
series. Gilbert et al [7] presented techniques for
computing small space representation of massive
data streams using wavelet-based approximations
that consist of specific linear projections of
underlying data. By capturing various linear
projections of the data and using them to provide
pointwise and rangesum estimation of data stream,
the method only use small amount of space and per-
item time as well as provide accurate represemtatio
of data. Huhtala et al[8] proposed using a wavelet

Section 3 describes our distance measure on thetransformation of a time series to produce a nhtura

transformed space. Section 4 includes our
experimental test with our similarity distance
measure on financial time series data. In sediion

we conclude our research and point out future
research direction..

2 RELATED WORKS

There are two basic strategies to cope with high-
dimensional problems. The first is simply to use a
subset of relevant variables to construct the model
That is, to find a subset of pariables where'g<p.
The second is to transform the original p variables
into a new set of prariables, where'g<p.

There are many efforts have been done by

set of features for the sequence in order to mine
similarities in aligned time series. The features
generated by wavelet transformations describe
properties of the time series both at various ocat
and at varying time granularities such that they ar
insensitive to changes in the vertical positiomisg,
and overall trend of the time series. The authdéss
examined how the similarity between time series
changes as a function of time or as a functiornoé t
granularity considered.

Wu et al[9] compared the feature vector
extraction using Single Value Decomposition (SVD)
and DFT. The results showed that the SVD overall
outperforms DFT when query for a large number of
neighbors or take a large radius. SVD also pravide

researchers to reduce dimensionality of time series the best linear least squares error to data. Kbal

while increase performance of similarity matching.
The original work by Agrawal et al. [3] utilizeseh

Discrete Fourier Transform (DFT) to perform the
dimensionality reduction on the data, then useiapat

access methods to index the data in the transformedrequires three passes over

space to speed up whole sequence similarity
searching process. Faloutsos et al [4] extended th
work of Agrawal further to perform subsequence
similarity matching using a Discrete Fourier
Transformation. The idea is to map each data
sequence into a small set of multidimensional
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[10] proposed SVD with Deltas (SVDD) based on
SVD algorithm that supports ad hoc queries in large
time sequence datasets. The SVDD algorithm
achieves excellent dimensionality reduction ang onl
the dataset while
preserving distances.

Piecewise Aggregate Approximation (PAA)[11]
method was also proposed in the time series
representation with dimensionality reduction. The
PAA method reduced the data fromdimensions
into N dimensions by dividing the time series data



into N equi-sized “frames”. The mean value of the
data falling within a frame is calculated and ateec

of these values becomes the data reduced
representation. In general, the transformation
produces a piecewise constant approximation of the
original sequence. Keogh et al [12] further meaifi
the method and proposed adaptive piecewise
constant approximation (APAC). APCA

algorithm. In this paper a new distance measure,

which address relative position of the correspogdin

data points is introduced and used for time siritylar
matching.

In order to compress the high-dimension time
series data, a critical change-points are firstagked
from the incoming data stream by the algorithm that
uses dual-model approach[21]. The key is to dedine

approximates each time series by a set of constantseries of critical change-points that can repretent

value segments of varying lengths such that their
individual reconstruction errors are minimal. The
authors showed how APCA can be indexed using a

multidimensional index structure and proposed two garies T :{(Xptl):(&tz):---v(x R }
distance measures in the indexed space that exploit v

the high fidelity of APCA for fast searching: a lew
bounding Euclidean distance approximation, and a
non-lower bounding, but very tight Euclidean
distance approximation.

New distance measures are also explored by
researchers such as dynamic time warping[[2, 13],
longest common sequence[14]. Dynamic time
warping algorithm allows stretching or squeezing
time axis in the matching the similarity of timeaiss.
The method proposed by Das[14] takes into account
outliers, different scaling functions, and variable
sampling rate while measuring the similarity
between two time series. Wu et al[15] proposed a
comprehensive solution for analysis, clustering] an
online prediction of respiratory motion using
subsequence similarity matching.
motion signal is captured in real time as a data
stream, and is analyzed immediately by a piecewise
linear representation that generated from a fistiée
model to capture the relative importance of
amplitude, frequency, and proximity in time.

There are extensive researches in the search of

similarity in data streams. Some recent papers
include[16-20]. When dealing with data stream,
traditional methods for time series are inefficient
The dimensionality reduction methods are very
costly but are applied only once. The index meshod
are static because the index is constructed ordg.on
Therefore, in order to utilize the advantages pevi
by the traditional methods, the dimensionality

reduction methods must be applied each time a value pafine
arrives and the index must up updated each time a
value arrives. The research cited above adopts the

incremental computation to reduce computation time
needed, or incrementally maintain stream statistics
over data streams.

3 METHODOLOGY

The current researches do not concern on
relative position of corresponding end points ie th
time series in the selected distance measurethidn
paper, the relative positions of end points of each
time series were considered for similarity matching
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In the system, a

time series without lost its original shape and
structure. For the limitation of the paper, pleesfer
paper[21] for details of the algorithm. Given adim

, the

algorithm works by first choosing a small samfle
by identifying a series of critical change-pointsrh
the data set, which are identified as ‘0’ in the fl.
The algorithm then maps all data points into thia da
set to points identified as critical points.

Decor Deczr Janie Feto

Figure 1. Critical change-points illustration

Specifically assume, without loss of generality,

that S={(s, 1),(S, 1), (. 4}, we define a

mapping as follows:

We maps; to the origin and map thg, to the
end of data set, i.ex; to s;, andx, tos,. The sizan
of S that T mapped to completely depends on the
shape of the T and the algorithm parameter chosen
and in generai <<n.

We further defined the similarity distance
function that is based on the relative positionshef
series of critical change-points discovered frometi
series as follows:

time series:

X ={061), (%, 1), 05,1 }
Y:{(yl, t), (%, t),....(\ ,L} which each has

its sequence of critical change-points discovered s
E.={(g.t).(8 1) (& }}
E, ={(eL, t)), (€, t),),.... () , 1}, Xand Y
are similar if and only if they satisfy two conditis:

L d(E.E)<y

and

far and



d(E,E)=

2. m -
\/Z[(e.ﬁ-e)—wﬂ— Ol + 2Tt - 9-(t.- ]

where =0 and is a user-defined parameter
In order to use metric distance indexing method for

The Compression ratio (CR) is defined as:

Number of data points in the original time series
Number of data points that represent the time serie

faster search, we need to show that our deflned4 EXPERIMENTS

distance measure is a general distance metric.
general metric is a functiod that takes pairs of
objects into real numbers, satisfying the following
properties: for any objects y, z &(x, ¥ = 0 andd(X,

y) > 0, X # y (non-negative definitenes)( x, y) =
oy, X (symmetry);d(x, y) < d(x, 2 + &(z, y) (triangle
inequality). Euclidean distance satisfies these
properties.

For new sequenck, and E, (with the same
length), the distancel(E,, E,) is a general metric
function.

To proved(E,, E,)is a general distance metric,

we need to prove it is non-negative, symmetric,
reflexive, and it satisfies the triangle inequality

Obviously, d(E,E)=0 and
d(E,, E)=d(E, E) from our definition, also
d(E,E)=0, so d(E, E) is non-negative,

symmetric and reflexive. Now we need to prove that
d(E, E)) satisfies the triangle inequality, i.e.

d(E,E)< d(E, E)* A E, E).

Given the sequences of events
Ex :{(Q! g)v(%!tz)vi(%aﬁ,} and
E, ={(e}, t). (€5 ), n(E) 1) . we

transform them into relative difference space @& th
sequence of events respectivel\Easo E andE, into

E' as:

E={(0Ag,At),(Ae,AL),....0e , AL ,} and
E'={(ae',At), A€, ,At)),...0e At}
where Ag =(e,,— €) and Ae', =(€/,,— &) .

i+l
Now it is obvious that triangle inequality is ségsl

based on the Pythagorean theorem and Euclidean

space.
After transforming the time series into series of
critical change-points, how many of these critical

change-points are necessary to represent the time

series while retaining its structure and shape is
critical. The compression ratio is defined to camep
our approach with the PAA approach, which is
different from ours and well studied[11].
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Awe have proved that our new developed distance

measure for time series similarity matches is aimet
function. Shasha et al[2] showed that Euclidean
distance alone does not give an intuitive meastire o
similarity under the conditions of the time series
compared are of different baselines and scales.
Therefore, shifting transform or scaling transforms
are often performed before measure Euclidean
distance. Here the shifting transform is defined a
the transformation of old time series by adding som
real number to each item into a new time series.
Scaling transform on a time series is to get a new
time series by multiplying some real number to each
item in the old time series. A simple way to make
similarity measure invariant to shifting and scglia

to normalize the time series.

Define the normal fornrNorm(X)of a time serieX is
transformed fronX by shifting the time series by its
mean and then scaling by its standard deviation.

Norm( X) =( X- avg X)/ stf X

It is trivial that the normalized time series have
the propertiesavg(Norm(x))=0andstd(Norm(X))=n.
The Euclidean distance between the normal forms of
two time series is a similarity measure betweeretim
series that is invariant to shifting and scaling&uese
they have the same baseline and scale[2].

we utilized seven stocks time series d&0G,
SM, HAL, CDIS, NOVL, SCOXand WMT) from
April 2005 to Oct.2005 to study our clustering
measure,. For every possible pairing of the seven
dataset from these stocks, we use group-average
hierarchical clustering. The corresponding
dendrogram of clustering based on different distanc
measure and transform techniques are shown.

\We compared three distance measures:

1. Euclidean: The Euclidean distance
measure as presented in the introduction
is tested to facilitate comparison to the
large body of literature that utilize this
distance measure

2. PEuclidean: The PAA representation of
time series with same compression ratio
as our approach is also compared

3. DsSDistance: The critical change-points

representation of time series that are



clustered based on our defined Figure4. Euclidean distance cluster on normalized
transformed space time series data on PAA representation (compression
ratio=25)
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Figure 2. Euclidean distance cluster on normalized Figure5. Euclidean distance cluster on raw time
time series data series data with PAA representation(compression
ratio=25)
=0 Figure 6 and 7 show our critical change-point
presentation with compression ratio of 25. The
2001 distance measure on transformed space is used.
150 -
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27151
Figure 3. Euclidean distance cluster on raw time al
series data
sm hal novi

Our critical change-point representation has the
compression ratio around 25. Therefore, the PAA
representation is compared with the same Figure 6. DSDistance clustering results on raw time
compression ratio. The clustering results are show series data (first cluster)
in fig. 4 and 5.
The clustering algorithm automatically divides
these seven time series data into three clustees, o

3r cluster has only four critical change-poinEQG,

CDIS andSCOX, one has five critical change-points
251 (SM, HALandNOVL), and one has no change-point
27 at all WMT).

1.5f

|

eog sm cdis hal SCOX novl wmt
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Figure 7. DSDistance clustering results on raw time
series data (second cluster)

With the same compression ratio, PAA
representation obtained the same clustering reasilts
shown in fig. 7 and 8 with different threshold vesgu
when clustering EOG, CDIS and SCOX in one group
and SM, HAL and NOVL in another group.

Fig. 2 and 3 show that Euclidean distance is
sensitive to the different baseline and scale mokti
series, similar results also obtained by Shasha[2].

Based on Euclidean distance measure, the PAA

representation of time series has the same clogteri
results on the raw time series data; A different

clustering group on normalized time series based on

PAA representation is obtained. The same

compression ratio of PAA representation is the same

as our critical change-points representation.

Therefore, we can see that PAA representation does[Z]

not lost the structure of time series on raw tirmees
data, but not the normalized data when the

position of corresponding change-points in the time
series. The distance measure proposed is suitable t
deal with online similarity matching, such as data
stream similarity matching, where traditional
matching methods for time series are inefficierd an
the dimensionality reduction methods are very gostl
to apply repeatedly each time a new data arrives.
Using our proposed method, it is also not necessary
to keep statistics over the whole clustering preces
when new data come in. This distance measure is
also not sensitive to the shifting and scale oftitme
series data.

We also proved that our distance measure is a
general distance metric. It works as good as the
Euclidean distance measure that uses normalized
data, and the well defined PAA mapping approach.
The performance closes to human perceptual
judgment as well. The distance measure proposed is
well suited to online time series data stream bseau
it does not maintain stream statistics over data
streams.

Future research can proceed to several directions.
One is to use our distance measure only basedeon th
landmarks[22] of the time series to reduce the
computation time and dimensionality. The othepis t
incorporate indexing techniques in the searching
algorithm because we have proved that our distance
function is metric.
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