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Abstract

In the past decade we have witnessed a plethora of time series distance measures and representations which
attempt to characterize the similarity between sequences based solely on shape. However, it is becoming
increasingly apparent that similarities based on structure can provide more intuitive characterizations of the
data, which map more naturally to human intuitions of similarity. Most clustering methods for time series
data require all raw data points as inputs. Unfortunately, such methods may become impractical under
certain circumstances. First, when the time series is very long (high dimensionality), some clustering
algorithms may fail because in high dimension space, the very notation of similarity is dubious (Keim,
Hinneburg et al. 2000). Second, many methods cannot handle missing data when the clustering is based on
a distance metric, requiring each and every data point in the calculation.

With the growing importance of time series clustering research, particularly for similarity searches amongst
long time series such as those arising in medicine or finance, it is critical for us to find a way to resolve
these problems.

This paper proposes a method for clustering of time series based on their structural characteristics. Unlike
other alternatives, this method does not cluster point values using a distance metric, rather it clusters based
on global features extracted from the time series. The feature measures are obtained from each individual
series and can be fed into arbitrary clustering algorithms, including an unsupervised neural network
algorithm, self-organizing map, or hierarchal clustering algorithm.

Global measures describe characteristics of the time series obtained by applying statistical operations that
best capture the underlying characteristics of the time series. Some of these classical statistical measures
include: trend, seasonality, periodicity, serial correlation, skewness, and kurtosis. To ensure generalization
of the proposed method to various domains, some advanced global features, such as chaos, nonlinearity,
and self-similarity, are also included in the potential feature set. Because we have only a small number of
feature measures to describe the time series compared to using an enormous number of actual data points,
this process can also be considered as a dimensionality reduction procedure. Finally, because the method
clusters using extracted global measures, it is much less sensitive to missing or noisy data.

Because it is widely recognized that no one feature set is best for all domains, we further provide a search
mechanism to find the best selection from the feature measures set that should be used as the clustering
inputs.

The proposed technique has been tested using benchmark time series datasets previously reported for time
series clustering and a set of time series datasets with known characteristics. The empirical results show
that our approach is able to yield meaningful clusters. The resulting clusters are similar to those produced
by other methods, but with some promising and interesting variations that can be intuitively explained with
knowledge of the global characteristics of the time series.

Keywords: time series, clustering, global characteristics, feature measures, forward search, dimensionality
reduction, self-organizing map, self similarity, chaos



1. Introduction

The mining of time series data has attracted great attention in the data mining
community in recent years (Bradley and Fayyad 1998; Wang and Wang 2000;
Halkidi, Batistakis et al. 2001; Kalpakis, Gada et al. 2001; Keogh, Lin et al. 2003).
Each time series, while consisting of a large nmber of data points, can also be seen as
a single object. Classification and clustering of such complex “objects” may be
particularly beneficial for the areas of process control, intrusion detection, and
character recognition (Faloutsos, Ranganathan et al. 1994). Clustering time series and
other sequences of data has become an important topic, motivated by several research
challenges including similarity search of medical and astronomical sequences (Scargle
2000), as well as the challenge of developing methods to recognize dynamic changes
in time series.

Most clustering methods for time series data typically require many conditions to be
useful, and unfortunately, those methods may become impractical under certain
circumstances. This paper proposes a characteristic-based method for clustering of
time series. Unlike other alternatives, this method does not cluster point values using a
distance measure, but it clusters global features extracted from each time series. The
feature measures are obtained from each individual series and then fed into the
clustering algorithm of choice, including an unsupervised neural network algorithm,
Self Organizing Map (SOM), for visualization and interpretation.

Below we list some of the advantages of our approach, which will be explained in
more detail along with empirical results in later sections.

= When the time series is very long (high dimensionality), some clustering
algorithms become intractable. By applying dimensionality reduction via feature
extraction, we are able to cluster long length time series very efficiently;

= When the clustering algorithm is based on a distance metric (i.e Euclidean
distance), it cannot handle time series with missing data or of different lengths if
actual points are used as inputs. However, by extracting a set of measures from
the original time series we simply bypass this problem.

= When clustering long time series datasets, the majority of existing time series
clustering methods, which mostly concentrate on shape-based datasets, may
produce a low quality clustering results. By clustering based on global
characteristics measures extracted from time series, our approach can yield
better clusters in the structure-level clustering context.

Because the best feature set may differ from domain to domain, our proposed
approach incorporates a built-in search mechanism. Our greedy search method can be
applied to discover global measures that lead to the best clustering result. As a result,
our approach can find more intuitive clusters.

The remainder of the paper is organized as follows. Section 2 presents the background
of time series clustering and the motivation for our Characteristic-Based Clustering



(CBC) approach. Section 3 describes various feature measures used to extract the
global characteristics of each time series. Section 4 describes the clustering algorithms
and presents clustering results tested on some benchmark time series datasets to
demonstrate the suitability of our proposed method. An unsupervised learning
algorithm, SOM, is also illustrated in terms of its utility in visualization. Section 5
presents the search mechanism and experimental evaluation on both synthetic and
real-world datasets. Finally, Section 6 concludes the paper and outlines some
directions for future research.

2. Background and Motivation

In this section, we will first review the background work on time series clustering and
feature extraction that inspired our research. Then, our motivation for research on
time series clustering based on data characteristics is more fully developed.

2.1 Time Series Clustering

There are two main categories in time series clustering summarized by Keogh
(Keogh, Lin et al. 2003). “Whole clustering” is the clustering performed on many
individual time series to group similar series into clusters. “Subsequence clustering” is
based on sliding window extractions of a single time series and aims to find similarity
and differences among different time windows. Two levels of similarity in clustering
are classified as “shape level” and “structure level”. The former is focusing on short-
length clustering, for example gene expression profiles or individual heartbeats; and
the latter is measuring similarity based on high level structure for long-length series,
for example an hour’s worth of ECGs or a yearly meteorological data.

Many clustering algorithms have been applied to the raw time series data and different
measures have been used for measuring the similarity between data points. Some of
the popular methods are briefly discussed below:

= Algorithms: K-means clustering is the most commonly used clustering
algorithm (Bradley and Fayyad 1998; Halkidi, Batistakis et al. 2001), with the
number of clusters, k, specified by the user. Hierarchical clustering generates a
nested hierarchy of similar groups of time series according to a pairwise
distance matrix of the series (Keogh, Lin et al. 2003). One advantage of
hierarchical clustering is that the number of clusters is not required as a
parameter. Both of these clustering approaches, however, require that the length
of each time series be identical due to the Euclidean distance calculation
requirement, and are unable to deal effectively with long time series due to poor
scalability.

= Distance Measures: Euclidean distance, the most commonly used metric
(Agrawal, Faloutsos et al. 1993; Faloutsos, Ranganathan et al. 1994; Chan and
Fu 1999; Chu and Wong 1999; Keogh, Chakrabarti et al. 2001; Popivanov and
Miller 2002), is certainly not the only metric available for measuring the



similarity between data series. Autocorrelation has been proposed (Wang and
Wang 2000), along with a variety of other measures in recent years, including
cepstrum (Kalpakis, Gada et al. 2001), piecewise normalization (Indyk, Koudas
et al. 2000), cosine wavelets (Huntala, Karkkainen et al. 1999), and piecewise
probabilistic measures (Keogh and Smyth 1997). However, the survey and
empirical comparison in (Keogh and Kasetty 2002) revealed that the Euclidean
distance metric still performs favorably compared to others when tested on the
same datasets. Dynamic Time Warping (DTW) has been applied in time series
mining to resolve the difficulty in clustering time series of variable lengths in
Euclidean space or containing possible out-of-phase similarities (Berndt and
Clifford 1994; Keogh 2002; Ratanamahatana and Keogh 2004).

While these methods have been quite effective in clustering moderate-length time
series, there are some well-recognized drawbacks of the existing approaches.
Euclidean distance is the most common method for discerning similarity in time series
clustering, and it requires that the time series being compared are of exactly the same
dimensionality (length). Even though hierarchical clustering is one of the most widely
used approaches, it is restricted to small datasets due to its quadratic computational
complexity (Keogh, Lin et al. 2003). K-means is a faster method (Bradley and Fayyad
1998) than hierarchical clustering, but the number of clusters has to be pre-assigned,
which is impractical in obtaining natural clustering results. Dynamic Time Warping
(DTW) (Keogh 2002) can assist with clustering of different length time series, but is
not defined if there is a single data point missing (Ratanamahatana and Keogh 2004)
and in any case it requires quadratic computation.

2.2 Feature Extraction for Time Series Data

As mentioned at the beginning of this section, for long time series, the shape-based
similarity clustering typically produces poor quality in clustering results. Therefore,
structure level similarity measuring for time series data based on global features or
model parameters extraction has been proposed by several authors.

= Nanopoulos extracted four basic statistical features in (Nanopoulos, Alcock et
al. 2001) from Control Chart Pattern data and used them as input in a multi-
layer perceptron neural network for time series classification. Their
experimental results showed the robustness of the method against noise and
time series length compared to other methods using each and every data point
for the same purpose.

= By using two popular feature extraction techniques, the Discrete Wavelet
Transform (DWT) and the Discrete Fourier Transform (DFT), Morchen
(Morchen 2003) has demonstrated the advantages of feature extraction for time
series clustering in terms of computational efficiency, and it showed to improve
clustering on a benchmark dataset.

= For a given time series, the parameters of the AutoRegression Moving Average
(ARMA) model are estimated and used as a limited dimensional vector for the
original time series (Deng, Moore et al. 1997) in a classification problem.
However, using ARMA parameters is not a reliable method because different



sets of parameters can be obtained even from time series with similar structure
that could affect the clustering results dramatically.

= As demonstrated on real datasets by (Ge and Smyth 2000), an approach for time
series pattern matching based on segmental semi-Markov models has shown
usefulness, flexibility, and accuracy. The time series is modeled as ‘k’ distinct
segments with constraints on how the segments are “linked” as the
representation of the data before applying a viterbi-like algorithm to compute
the similarity.

= (Keogh, Lonardi et al. 2004) proposed another method, Compression-based
Dissimilarity Measures (CDM), to compare long time series structure using co-
compressibility as a dissimilarity measure. This measure can then be directly
used in data mining algorithms, such as hierarchical clustering. Their extensive
experiments have demonstrated the ability in handling different-length and
missing-value time series.

While the above works have shown utility in certain domains, most of them have high
computational complexity and require certain conditions for the method to be useful
in computation. For instance, in CDM, a time series needs to be converted to another
representation, such as Symbolic Aggregate ApproXimation (Lin, Vlachos et al.
2004).

Given the limitations of the above, we seek a method that is simple, flexible, and
accurate.

2.3 Motivation for the Approach

An earlier part of the paper has addressed the limitations of existing clustering
approaches and similarity measures, and the inspiration from time series feature
extraction idea. We wish to provide a method for clustering time series of varying
lengths, which is robust to missing data.

This approach is a departure from the more common method of clustering time series
based on distance measures within the space determined by the actual point values of
the time series. Regardless of the length of the time series and missing values, a finite
set of statistical measures will be used to capture the global nature of the time series.
Following the feature extraction idea, we take the path on using statistical measures as
identified features. Many different methods of features extraction have been
introduced by other researchers to summarize time series data for various purposes.
For example, in speech signals classification, a variety of different features including
statistical and specific speech data features were used as inputs to a classification
model (Dellaert, Polzin et al. 1996). Their experimental results revealed the advantage
of classification based on speech signal features. Nanopoulos and others (Nanopoulos,
Alcock et al. 2001) also suggested four different statistical time series measures for
first-order and second-order decompositions; thus, a total of eight features were used
to form the input vector for a neural network classifier for a control chart
classification application.



The features to be identified should carry summarized information of the time series,
which capture the ‘global picture’ of the data. The set of features identified in our
research are different and more expressive than other related works. By investigating
a thorough literature review on time series quantitative statistical feature, we propose
a novel set of feature measures that can best capture the global characteristic of the
time series; both classical statistical measures and advanced special measures are also
included. The features of trend, seasonality, periodic, serial correlation, skewness, and
kurtosis have been widely used as exemplary measures in many time series feature-
based research (Armstrong 2001). Some advanced features are derived from the
research on relatively new phenomena, which include non-linearity structure, self-
similarity, and chaos. As a result, a novel set of time series characteristics features are
extracted as measures.

The feature extraction process can also be considered as a dimensionality reduction
procedure in time series data mining. Extracting the summarized characteristics of the
time series can provide a more meaningful dimensionality reduction compared to
other methods. By applying a statistical treatment to the analysis of time series data,
datasets with long-length or different-length time series are pre-processed to produce
a limited number of measures and are less sensitive to noise. These features concisely
represent the relevant characteristics of each time series as a finite set of inputs to a
clustering algorithm that can then discern similarity and differences between the time
series. The outcome of feature extraction is a set of measures that can be fed into any
clustering techniques of choice.

Considering the different nature of application domains and specialized features in
time series data, we are not claiming that the extracted feature set is a ‘universal’
solution and is applicable to any problem domain. Instead, a search mechanism is
embedded in our method to optimize the measures for different types of time series
data. Once the optimized measures are found for one type of pattern, our approach can
then be applied directly to the same application domain with greater confidence.

3. Global Characteristic Measures

A univariate time series is the simplest form of temporal data and is a sequence of real
numbers collected regularly in time, where each number represents a value. We
represent a time series as an ordered set of n real-valued variablesY, =Y,,...,Y,. Time

series can be described using a variety of qualitative terms such as seasonal, trending,
noisy, non-linear, chaos, etc. As mentioned in the last section of our research
motivation, there are nine identical classical and advanced statistical features
describing a time series’ global characteristics. They are: trend, seasonality,
periodicity, serial correlation, skewness, kurtosis, non-linearity, self-similarity, and
chaos. This collection of measures is quantified descriptors and can help provide a
rich portrait of the nature of a time series.

In time series analysis, decomposition is a critical step to transform the series into a
format for statistical measuring (Hamilton 1994). Therefore, to obtain a precise and



comprehensive calibration, some measures are calculated on both the raw time series
data Y, (referring as ‘RAW’ data), as well as the remaining time series after de-

trending and de-seasonalizing Y, (referring as “Trend and Seasonally Adjusted

(TSA)” data). But some features can only calculated on raw data to obtain meaningful
measures, such as periodicity, etc. As exhibited in Table 1, a total of thirteen measures
are extracted (marked with “a”) from each time series including seven on the RAW
data and six on the TSA data. These measures later become inputs to the clustering
process. The thirteen measures are a finite set used to quantify the global
characteristics of any time series, regardless of its length and missing values.

Table 1 Summary of identified feature measures

Feature RAW data TSA data

Trend

Seasonality

Serial Correlation A

Non-linearity A

Skewness A

Kurtosis A
A
A
A

> > > > >

Self-similarity
Chaotic
Periodicity

For each of the features described below, we have attempted to find the most
appropriate way to measure the presence of the feature, and ultimately normalize the
metric to (0,1) to indicate the degree of presence of the feature. A measure near O for a
certain time series indicates an absence of the feature, while a measure near 1
indicates a strong presence of the feature. The calculation of the measures and scaling
transformations has been coded using R language (see www.r-project.org).

3.1 Trend and Seasonality

Trend and seasonality are common features of time series, and it is natural to
characterize a time series by its degree of trend and seasonality. In addition, once the
trend and seasonality of a time series has been measured, we can de-trend and de-
seasonalize the time series to enable additional features such as noise or chaos to be
more easily detectable.

3.1.1 Transformation

There are three main reasons for making a transformation after plotting the data: a) to
stabilized the variance, b) to make the seasonal effect additive, and c) to make the data
normally distributed (Chatfield 1996). The two most popularly used transformations,
logarithmic and square-root, are special cases of the class of Box-Cox transformation
(Box and Cox 1964), which is used for the ‘normal distribution’ purpose.



Given a time series Y, and a transformation parameter 1, the transformed series Y, is:

Vo Y -1)/2 2=#0
logy, A=0

t

This transformation applies to situations in which the dependent variable is known to
be positive. The effective power transformation when A =0 (Chatfield 1996) is
introduced in our following decomposition procedure.

3.1.2 Decomposition Model

We have used the basic decomposition model in Chapter 3 of (Makridakis,
Wheelwright et al. 1998):

= Y =T, +S,+E , where Y, denotes the series after Box-Cox
transformation, T, denotes the trend at time t , S, denotes the seasonal
component at time t, and E, is the irregular (or remainder) component at
time t;

= For a given transformation parameter A, if the data are seasonal, which is
identified when a known parameter f (frequency) from input data satisfies
as f >1, the decomposition is carried out using the STL (a Seasonal-
Trend decomposition procedure based on Loess) procedure (Cleveland,
Cleveland et al. 1990), which is a filtering procedure for decomposing a
time series into trend, seasonal, and remainder components with fixed
seasonality. The amount of smoothing for the trend is taken to be the
default in the R implementation. Otherwise, if the data is nonseasonal, the
S, termis set to 0, and the estimation of T, is carried out using a penalized

regression spline (Wood 2000) with smoothing parameter chosen using
cross validation;

= The transformation parameter A is chosen to make the residuals from the
decomposition as normal as possible in distribution that were often
diagnosed as heterogeneous or non-Gaussian from the Diagnostic analysis.
We choose A e€(-1,1) to minimize the Shapiro-Wilk statistic (Royston

1982). We only consider a transformation if the minimum of {Yt} IS non-
negative. If the minimum of Y,is zero, we add a small positive constant

(equal to 0.001 of the maximum of Y,) to all values to avoid undefined
results.

3.1.3 Measurements

A trend pattern exists when there is a long-term change in the mean level (Makridakis,
Wheelwright et al. 1998). To estimate the trend, we can use a smooth nonparametric
method, such as the penalized regression spline.

A seasonal pattern exists when a time series is influenced by seasonal factors, such as
month of the year or day of the week. The seasonality of a time series is defined as a



pattern that repeats itself over fixed intervals of time (Makridakis, Wheelwright et al.
1998). In general, the seasonality can be found by identifying a large autocorrelation
coefficient or a large partial autocorrelation coefficient at the seasonal lag.

Let Y, be original data, X, be detrended data after transformation X, =Y, -T,, Z, be
deseasonalized data after transformation Z, =Y,”—S,, and the remainder series is
defined asY, =Y, —T,—S,, which is the time series after trend and seasonality

adjusting.

Then the suitable measure of trend is:

1- var(Y,) (Equation 1)
Var(Z,)
The suitable measure of seasonality is:
1— —Var(Yt ) (Equation 2)
Var(X,)

3.2 Periodicity

Since the periodicity is very important for determining the seasonality and examining
the cyclic pattern of the time series, the periodicity feature extraction becomes a
necessity. Unfortunately, unlike the series used in M3 competition (Ord 2000), which
consists of 3003 time series for forecasting competition. M competition was initiated
by Spros Makridakis in 1982 with M1 (1001 economic time series). In M competition
data, time series which is monthly data has a period of 12 and daily data has a period
of 7 or possibly 365. Many time series available from the dataset in different domains
do not always come with known frequency (periodicity). Therefore, we propose the
following algorithm to measure the periodicity in univariate time series.

If there is a seasonal pattern of a certain period, the length of that time period can be
used as an additional measure. Periodicity is also referring as frequency in some
literature. For time series with no seasonal pattern, the period is set to 1. We measure
the periodicity using the following algorithm:

Detrend time series using a regression spline with 3 knots
Find r, =Corr(Y,,Y, ) (autocorrelation function) for all lags up

to 1/3 of series length, then look for peaks and troughs in
autocorrelation function.

Frequency is the first peak provided with following conditions:
a) there is also a trough before it;

b) the difference between peak and trough is at least 0.1;

c) the peak corresponds to positive correlation.

If no such peak is found, frequency is set to 1 (equivalent to non-
seasonal).




3.3 Serial Correlation

If a time series is white noise,Y, =c+ E, , where ¢ denotes an overall level, and E, is a

random error component, which is uncorrelated from time to time. Therefore, we try
to extract a measure of the degree of serial correlation of the dataset to detect the
series if it can fit a white noise model. Two possible measures could be used which
are described as follows:

= Autocorrelation (serial correlation): at a single timer, =Corr(Y,,Y, ), where k
is the time lag;

= another measure called “Box-Pierce statistic” (Makridakis, Wheelwright et al.
1998) which considers a whole set of r, . Box-Pierce test Q,, which was
designed by Box and Pierce in 1970 for testing residuals from a forecast model

(Box and Pierce 1970), is also a common portmanteau tests for computing the
measure. Box-Pierce statistic is:

h
Q, = nz rk2 (Equation 3)
k=1

where and n is the length of the time series, h is the maximum lag being
considered (usually h =~ 20).

We have used Box-Pierce statistics in our approach to estimate the serial correlation
measure.

3.4 Non-linear Autoregressive Structure

Nonlinear time series models have been used extensively in recent years to model
complex dynamics not adequately represented use linear models (Harvill, Ray et al.
1999). We have used Terdesvirta’s neural network test for nonlinearity (Terdesvirta,
Linetal. 1993).

3.5 Skewness

Skewness is a measure of symmetry, or more precisely, the lack of symmetry. A
distribution, or data set, is symmetric if it looks the same to the left and to the right of
the center point. It is used to characterize the degree of asymmetry of values around
the mean value.

For a univariate dataY,, the skewness coefficient is:

1< - i
S = = Z:(Yt -Y,)° (Equation 4)

i=1

where Y_t is the mean, o is the standard deviation, and n is the number of data
points.

10



The skewness for a normal distribution is zero, and any symmetric data should have
the skewness near zero. Negative values for the skewness indicate data that are
skewed left, and positive values for the skewness indicate data that are skewed right.
In other words, left skewness means that the left tail is heavier than the right tail.
Similarly, right skewness means the right tail is heavier than the left tail. Some
measures have lower bounds that lead to skewness. For example, in reliability studies,
failure times cannot be negative, so the data is skewed to the right.

3.6 Kurtosis (Heavy-tails)

Kurtosis is a measure of whether the data are peaked or flat, relative to a normal
distribution. A dataset with high kurtosis tends to have a distinct peak near the mean,
decline rather rapidly, and have heavy tails. Datasets with low kurtosis tend to have a
flat top near the mean rather than a sharp peak. For a univariate time seriesY,, the

L 13 " o :
skewness coefficient is K :_42(Yt -Y,)*, where Y.is the mean, o is the standard
i=1
deviation, and n is the number of data points. A uniform distribution would be the
extreme case. The kurtosis for a standard normal distribution is 3. Therefore, the
excess kurtosis is defined as:

K= ];4 E (Y, —Y_t)4 -3 (Equation 5)
—
No

So, the standard normal distribution has a kurtosis of zero. Positive kurtosis indicates
a "peaked" distribution and negative kurtosis indicates a "flat" distribution.

3.7 Self-similarity (Long-range Dependence)

Processes with long-range dependence have attracted a good deal of attention from
probabilists and theoretical physicists, and in 1984, Cox (Cox 1984) has presented a
review of second-order statistical time series analysis. The subject of self-similarity
and the estimation of statistical parameters of time series in the presence of long-range
dependence are becoming more common in several fields of science (Rose 1996), to
which the time series analysis and forecasting on a recent research topic of network
traffic, has drawn a particular attention. With such increasing importance of the ‘self
similarity (long-range dependence)’ as one of time series characteristics, we decide to
include this feature into proposed approach although it is not widely used or is
neglected in time series feature identification.

The definition of self-similarity most related to the properties of time series is the self-

similarity parameter Hurst exponent (H) (Willinger, Paxon et al. 1996), and the details
of the formulations is given in (Rose 1996).

11



To estimate the Hurst parameter, traditional models such as autoregressive moving-
average (ARMA) and autoregressive integrated moving-average (ARIMA) are only
capable of exploring short-range correlations of datasets. Therefore, the class of
fractional autoregressive integrated moving-average (FARIMA) processes (Hosking
1984) led from Brownian motion is a good estimation method for computing H . We
fit a FARIMA (0,d,0) by maximum likelihood which is approximated by using the
fast and accurate method of Haslett and Raftery (Haslett and Raftery 1989). We then
estimate the Hurst parameter using the relationH =d +0.5.

3.8 Chaos (Dynamic System)

Many systems in the nature that were previously considered random processes are
now categorized as chaos systems. Nonlinear dynamical systems often exhibit chaos,
which is characterized by sensitive dependence on initial values, or more precisely by
a positive Lyapunov Exponent (LE). Recognizing and quantifying chaos in time
series represent important steps toward understanding the nature of random behavior
and revealing the extent to which short-term forecasts may be improved (Lu 1996).

LE as a measure of the divergence of nearby trajectories has been used to qualifying
chaos by giving a quantitative value. The first algorithm of computing LE from time
series was proposed by (Wolf, Swift et al. 1985). It applies to continuous dynamical
systems in an n-dimensional phase space. For a one-dimensional discrete time series,
we used the method demonstrated by (Hilborn 1994) to calculate LE of a one-
dimensional time series:

= Let Y, denotes the time series;

= We consider the rate of divergence of nearby points in the series by
looking at the trajectories of n periods ahead. Suppose Y and Y; are two
points in Y, such that [|Y;-Yj is small. Then we define

-Y.

i+n|_
b

A(Y,Y )—llog—lY“”
R Y, =Y |

= We estimate the LE of the series by averaging these values over all i

values, choosing Yj as the closest point to Y;, where i= j . Thus,

N
A= %Zﬂ(Yi ,Y.) where Y,"is the nearest point to Y;.

i=1
3.9 Scaling Transformations

The ranges of each of the above measures can vary significantly. In order to present
the clustering algorithm with data rescaled in the (0,1) range, so that certain features
do not dominate the clustering, we perform a statistical transformation of the data. It
is convenient to normalize variable ranges across a span of (0,1). Using anything less
than the most convenient methods hardly contributes to easy and efficient completion
of a task (Pyle 1999). While we have experimented with linear and logistic
transformations of the measures, we prefer the following more statistical approach.

12



Three transformations (f1,f2, and f3) are used to rescale raw measure Q of different
ranges to a value g in the (0,1) range We choose a and b such that q satisfies the
conditions: g has 90" percentile of 0.10 when Y, is standard normal white noise, and q

has value of 0.9 for a well-known benchmark dataset with the required feature. For
example, for measuring serial correlation, we use the Canadian Lynx dataset. For the
measures need rescaling, the transformation method and a and b values used in our
measures extraction are listed in Table 2 below:

In order to map the raw measure Q of (0,) rang to a rescaled value q in the

aQ

(0,1) rang, we use the transformation: q :%(referring as f1), where
+

aand b are constants to be chosen.

Similarly, for raw measure Q in the range (0,1), we also use a transformation:
(e -D(b+e?)
~ (b+e™)(e* -1)
constants to be chosen.

With raw measure Q in the (1,0) range, for periodicity measure, we use another
(Q-a)

b _
statistical transformation q :(e—WaP (referring as f3), where a and b are
l+e ° )
constants to be chosen, with q satisfying the conditions: g=0.1 for Q=12 and
g=0.9 for Q=150. These frequencies (Q=12 and Q=150) were chosen as they

allow the frequency range for real-world time series to fill the (0,1) space.

(referring as f2) to map to (0,1), where a and b are

Table 2 Transformation parameters (transformation function, a,b) used in feature measures

Feature RAW data TSA data
Serial Correlation  f2,7.53,0.103  2,7.53,0.103
Non-linearity f1,0.069,2.304 1,0.069,2.304
Skewness f1,1.510,5.993 1,1.510,5.993
Kurtosis f1,2.273,11567 f1,2.273,11567
Periodicity f3,1,50

Apart from our scaling transformation, the other two popular scaling methods used in
data process for data mining tasks are linear transform and softmax scaling methods
(which will be used for comparison in clustering experiments later in the paper):

A linear transform  method, mapping (-,0) to [0,1] range:
Vnorm = V‘_mm(vl'_"vn) , where v,om is the normalized value and v; is a
max(vq ...V, ) — min(vy ..v,)

instance value of actual values;

13



= The Softmax scaling (the logistic function) to map (-o0,0) to (0,1): v, = r

l+e™
v 1 . .
where ¢ = —, v, denotes the normalized value and v; denotes a instance value
e'i
of actual values.

Now that the global characteristic features have been defined, we then have a means
of extracting the basic measures from a time series. Using this finite set of measures
to characterize the time series, regardless of their length or missing data, the time
series datasets can be clustered using any appropriate clustering algorithms. In the
following section we describe the clustering process and experimental result to
demonstrate the reliability of the proposed method.

4. Clustering

In this paper, we restrict our attention to hierarchical clustering and self organizing
map (SOM) clustering for their advantage in visualization.

4.1 Hierarchical Clustering

Hierarchical clustering algorithm is a well-known clustering method which has been
applied in many domains. In visualizing the result, a dendrogram is generated from
the clustering process, representing the nested grouping of patterns and similarity
levels at which groupings change. There are three major variants of hierarchical
clustering algorithms. They are Single-link, complete-link, and minimum-variance
algorithms. Of these three, the single-link and complete-link algorithms are most
popular; more details can be found in (Jain, Murty et al. 1999).

4.2 Self Organizing Map Clustering

The SOM is both a projection method which maps high-dimensional data space into
low-dimensional space, and a clustering method so that similar data samples tend to
map to nearby neurons. Since its introduction in the early 1980s (Kohonen, Oja et al.
2002), the SOM has widely been adopted as a statistical tool for multivariate analysis
(Honkela 1997). We have chosen to include SOM’s for clustering in our approach
due to its robustness in parameter selection, natural clustering results, and superior
visualization compared to other clustering methods, such as hierarchical and K-
means.

4.3 Empirical Evaluation

The set of feature measures extracted from each time series in a dataset are ready to
form the input vector for both clustering algorithms directly; simply, there is no
further data pre-processing required.
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To provide a convincing empirical evaluation, we performed the experiments on
various datasets, and for comparison purpose, three widely used benchmark datasets
were selected. Two datasets from the UCR Time Series Data Mining Archive (Keogh
and Folias 2002), “reality check” and “18 pairs,” have been tested for clustering by
other researchers and used as benchmarking for comparison. “Reality check” consists
of data from space shuttle telemetry, exchange rates, and artificial sequences. The data
is normalized so that the minimum value is zero and the maximum is one. There are
fourteen time series and each contains 1,000 data points. In “18 pairs” dataset, thirty-
six time series with 1,000 data points each come in eighteen pairs. In addition, we also
included a dataset with “known features”, such as seasonal data, chaotic data, etc.,
consisting of both real series and synthetic series to demonstrate the method’s
capability. There are twenty-four time series in this dataset; the maximum length of
the time series in this dataset is also 1,000 data points.

4.3.1 Experiments with Hierarchical Clustering

We have chosen the complete-link hierarchical clustering algorithm to achieve more
useful hierarchies than single-link from a pragmatic viewpoint (Jain, Murty et al.
1999). In the experiments, the extracted features measures of time series in each
dataset have been used as clustering inputs. Dendrograms were created to help ease
the visualization of clusters and clusters’ relationship.

In order to compare the results with the benchmarked clusters generated by
hierarchical clustering of the raw time series data (Keogh and Folias 2002), we have
clustered the data series in three benchmark datasets based on normalized thirteen
extracted statistical feature measures using hierarchical clustering method. As shown
in Figures 1-3, by using the hierarchical clustering, our global measures (only 13
inputs) of the time series is adequate to generate fairly good clusters without using the
actual points of time series as clustering inputs. The hierarchical clustering based on
extracted measures was able to group the similar pattern closer together, as indicated
with same shade of the series in Figures 1 and 2.

VANV N AN
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Figure 1 Dendrogram from hierarchical clustering on “reality check” dataset
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Figure 2 Dendrogram from hierarchical clustering on “18 pairs” dataset
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Figure 3 Dendrogram from hierarchical clustering on “known feature” dataset
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4.3.2 Experiments with SOM Clustering

SOM as a clustering technique has been used for dimension reduction in data mining
tasks for high dimensional time series. SOM has been used before for time series
clustering (Debregeas and Hebrail 1998; Van Laerhoven 2001) to project the time
series onto a 2-D space to visualize the clustering result. The feature measures
extracted from the time series, after applying the statistical transformation,
normalizing into (0,1) range, have been fed into SOM for clustering process. We have
used the Viscovery SOMine (see www.eudaptics.at) to generate a 2-D map. A trial-
and-error process was used to determine a few parameter settings by comparing the
normalized distortion error and quantization error. The final maps were generated
after achieving the minimum errors for both normalized distortion and quantization.
The distance between datasets on the map indicates the similarity between them. To
illustrate the clustering robustness and feature identifying capability, we have plotted
the 2-D map of “known features” dataset, as shown in Figure 4. From the allocation of
each time series with specific feature, we can see that the clusters are established with
same feature identified.

Zoom 2———» Zoom 3 =
T Sin Curve 2 Sin Curve Normal LM1 (]200]) Uniform
N | (Seasonal) (Seasonal) (Noise) (Noise) (Noise)
3 LM1 (J10])
3 -
~ X Sunspots(yea (Noise) g ()
| _ Airline passengers (Chaotic) (Chaotic)
Housing Sales(SeasonaI)
A sonal)
perfecttrend 4 LML (j0.1])
perfeg;rt?grq& oy (Chaotic)
(Trend) LML (10.01])
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Figure 4 2-D SOM map showing clusters on “known features” dataset

If we examine the data distribution (or location) in the clustered 2-D map
geometrically, this map with time series can be circled with different zooms as in the
real-world city map. As illustrated in Figure 4, three zooms have been circuited in
ring shape in this 2-D map. The linear time series examples of perfect trend lines have
been grouped together and only appear in Zoom 1 (on the left bottom corner of the
map). When the radius of the circle increases, more series are located in the next area,
identified as Zoom 2 in the map. The time series include seasonal, self-similarity and
chaotic time series which are clustered together and immediately outside the linear
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perfect trend series of Zoom 1 on the map. We can see that the nonlinearity feature is
increasing when the map is zooming out, which is confirmed by checking the time
series in Zoom 3 (the most outside or the right border part of the map). All the time
series in Zoom 3 have strong nonlinearity, such as random data and chaotic with noise
data. By utilizing the visualization advantage of SOM, it is clear that our clustering
method, CBC, is able to yield more meaningful clustering results for time series data
by taking both global and local cluster relationships into consideration.

4.3.3 Comparison with Related Work

When benchmark datasets are used, it is perhaps more interesting to see how the
results compare to those obtained by other researchers. Therefore, we choose one
benchmark dataset to evaluate and compare the clustering result based on our
approach to other research’s outcome.

Using the same “reality check” dataset, Keogh has produced a dendrogram (Keogh,
Lin et al. 2003) using hierarchical clustering structure in which the actual data points
are inputs for clustering process (as shown in Figure 5). We also re-interpreted the
clusters generated by the SOM for the same dataset into a hierarchical structure (as
shown in Figure 6). Comparing the dendrograms in both figures, we can readily see
that similar clusters have been obtained from our approach. Our clustering results with
SOM for clustering are arguably better, or at least more intuitive. For example, in
Figure 5, series 1 and 4 and series 9 and 10 have been grouped far from each other
based on the hierarchical clustering using actual data point values. On the other hand,
the result in Figure 6 was generated by using our global characteristic measures as
inputs, they have been grouped together in the dendrogram. Through a visual
inspection of these series, it does show that they are actually quite similar in character.
It indicates that using our proposed global measures, the clustering algorithm is aware
of the “whole picture” and is able to recognize the similarity of these four time series
among other series in the dataset. In addition to identifying clusters, as illustrated in
Figure 6, our method performed better in detecting the global characteristics of the
time series (from highly seasonal at the top to linear trend at the bottom). The result
shows that our method is able to provide good clusters in the hierarchical tree
structure. In other words, the same accuracy has been achieved in the lower level, and
a better relationship has been represented in the higher level.
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Figure 5 Dendrogram from hierarchical clustering using actual points on “reality check” dataset
(Keogh, Lin et al. 2003)
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Figure 6 Dendrogram converted from SOM clusters on “reality check” dataset

Using the same “18 pairs” dataset, Keogh has produced a dendrogram (Keogh,
Lonardi et al. 2004) using hierarchical clustering structure in which the actual data
points are inputs for clustering process with CDM approach. A metric, Q, for the
quality of clustering is measured as the number of correct bifurcations divided by
eighteen. Referring to the better performing measures in (Keogh, Lonardi et al. 2004),
our characteristic-based clustering (CBC) approach has achieved a promising
accuracy compared with others, as listed in Table 3. From this, we have gained a
confidence in the capability of our CBC, and in later section, we will further tune our
method to improve its performance through a search mechanism.
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Table 3 Clustering performance comparison

Methods Q
Compression-based Dissimilarity Measure 1
Characteristic-based Clustering 0.61
Dynamic Time Warping 033
Longest Common Subsequence 033
Hidden Markov Model + Symbolic Aggregate Approximation  0.33
Euclidean distance 0.27
Autocorrelation method 0.16
Hidden Markov Model 0o

The series in these tested datasets consist of data ranging from a synthetic “perfect
trend line” to real-world chaotic data set “lynx.” The lengths of these time series are
varying from 300 to 30,000 data points and the data for the clustering process doesn’t
need to be pre-processed. The empirical result clearly demonstrated that our method is
robust for clustering of different-length time series, using a finite set of global
characteristics measures.

4.3.4 Tests on Scaling Methods

As mentioned above, because there is no further data pre-processing required after the
measures are extracted from a time series, they can directly be used as inputs for
clustering algorithms. However, there is a scaling operation at the last extraction
process through scaling transformation, which may produce different final clustering
result.

Therefore, we have tested the robustness of the proposed approach using different
scaling methods described in Section 2.9, and the significance of the different
measures were evaluated by generating numerous clusters using different variations of
inputs and data transformations. We have found that different scaling transformations
on the measures did not significantly affect the resulting map, which shows that our
approach is not sensitive to data scaling in preparation.

5. Feature Searching

In the previous section of the paper, the clustering based on extracted global
characteristics measures has empirically shown the ability in robust clustering on
some benchmark datasets. While the reducibility of the proposed approach should be
apparent from the fact that we are extracting a finite set of features, it is most
important to determine if the selected measures of global characteristics can generate
high-quality clustering. If a good set of features are extracted, data mining algorithms
will not only be speeded up, they will produce even better results than applying the
algorithm on the original data. In particular, clustering algorithms will profit from the
data preprocessing (Mérchen 2003).

In practice, the question of generality of the method always arises; how well would
our identified features generalize to other datasets and domains. We have realized that
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a different selection from our limited number of global measures could affect the
clustering result. To answer this question and generalize the clustering approach, a
search mechanism is designed to optimize the feature set for different types of
application domains.

5.1 Forward Search Algorithm

Our problem is to find the best set of n features from our set of m possible features. As
noted above, m is currently 13, although this number could be increased in future as
new feature extraction methods become available. There are 2*3 -1 = 8,191 possible
subsets of 13 measures, clearly testing each one is untenable. To make the feature
subset selection tractable we will use a greedy Forward Search (FS). Forward search
is a powerful general method for detecting multiple influences in a model (Atkinson
and Riani 2000). FS is a only optimal for models which assumed independent
observations: i.e linear and non linear regression, generalized linear models and
multivariate analysis (Grossi and Riani 2002), however even in cases were the
operators are not independent, it has been shown to be very robust in practice.

Figure 7 illustrates the intuition behind FS. We begin from an empty set of features,
and consider adding each of the 13 features one by one. Using some measure of
quality (discussed below), we find the best single feature to add the feature set. After
selecting this feature, we then individually consider every adding each of the
remaining features; we continue this process until all features have been added (to
guard against local minima). After all features have been added we select the feature
subset that gave the maximum value for the measure of quality.

{empty set}
skewness hurst kurtosis ras fractal
hurst and hurst and Ca hurst and
skewness kurtosis fractal

Figure 7 A sketch of the forward search algorithm

We need to consider what measure of quality to use as a heuristic to guide the search
process. We consider two possibilities, supervised and unsupervised. Using a
supervised measure is only apparently in conflict with the goal of clustering. The idea
Is to do the search on a small subset of the data, for which labels are known, in order
to learn the feature subset that can then be applied to a larger unlabeled dataset. Using
labeled data we use simple one nearest neighbor classification as the quality measure.

For the unlabeled case we use a simple heuristic based on clustering stability. If a
feature were strongly correlated with the underlying latent “classes” in the data, we
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would expect that the clusterings produced using that feature would be fairly robust to
small perturbances in the value of that feature. So we run multiple restarts of K-means
clustering with the values of the feature in question randomly changed by 1% t010%.
We can then use the stability of clustering (as defined in (Lange, Roth et al. 2004)) as
a measure of feature quality.

5.2 Empirical Evaluation

To provide a convincing empirical evaluation, we test our technique on both synthetic
and real-world datasets. A synthetic dataset called ‘2 classes’ consists of 40 series
with 5,000 data points in each, which include twenty ‘random walk’ series and twenty
‘shuttle’ series for both training set and test set. To tune the measures for time series
in different domains, another real-world dataset ‘eeg’ dataset with 5-class has been
tested in greedy search for demonstration.

5.2.1 Evaluation on a 2-class problem with synthetic dataset

Using the synthetic dataset, we employed our search tool to find the best feature
measures for training set, and then only the selected feature measures are use for
clustering the test set. We wish to determine whether the outcome from search can
produce a good clustering and how it affects the clustering results.

A search was performed on the training set with known classes, and then the features

are listed in order of utility for the clustering accuracy, as illustrated in Table 4 and
Figure 8.

Table 4 Classification accuracy for feature measures input

Feature measures Accuracy %
SerialCorrelation-raw by itself 90%
Skewness-tsa with the above 92.5%
Hurst-raw with the above 92.5% (subset I)
Seasonal-tsa with the above 90%
Periodicity-raw with the above 87.5%
Skewness-raw with the above 87.5%
SerialCorrelation-tsa with the above 87.5%
Trend-tsa with the above 87.5%
Kurtosis-tsa with the above 85%
Fractal-raw with the above 90%
Nonlinear-raw with the above 90% (subset 1)
Kurtosis-raw with the above 87.5%
Nonlinear-tsa with the above 82.5%
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Figure 8 Classification accuracy changes as features are added

Using the knowledge gleaned the search result in feature measure selection on
training set, we use two subsets from the feature measure set to evaluate the clustering
on test set. From total thirteen feature measures, Subset | is extracted which only
includes three measures (serialcorrelation-raw, skewness-tsa, and hurst-raw) given
92.5% clustering accuracy which is the highest point before accuracy decrease (Table
4). Subset Il involves ten measures (serialcorrelation-raw, skewness-tsa, hurst-raw,
seasonal-tsa, periodicity-raw, skewness-raw, serialcorrelation-tsa, trend-tsa, kurtosis-
tsa, fractal-raw, and nonlinear-raw) which give 90.0% clustering accuracy (the second
highest point before drop). An empirical comparison was implemented for
hierarchical clustering using different inputs on the test set.

The dendrogram produced from a hierarchical clustering using all actual data points
as input is plotted in Figure 9. In contrast, in Figure 10, Figure 11, and Figure 12 are
the dendrograms using different sets from our feature measures. The time series
labeled [1:20] were annotated as random walk (class 1) and time series labeled
[21:40] were annotated as ‘shuttle’ (class 2).

By a simple visual examination and comparison among these dendrograms, it is clear
to see that any of our feature measures sets as inputs for clustering produced higher
quality results than the actual data points. This result shows that excessive number of
inputs (or larger number of inputs) is not necessary to generate better clustering result
compared to less number of inputs. However, a lower number but more meaningful
inputs can produce better clusters using the same clustering algorithm.
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Figure 9 Dendrogram from hierarchical clustering using actual data points

Figure 10 Dendrogram from hierarchical clustering using all 13 measures

24



Figure 11 Dendrogram from hierarchical clustering using Subset | (3 measures)

Figure 12 Dendrogram from hierarchical clustering using Subset 11 (11 measures)
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By examining the bifurcations at each level of the dendrogram, we can see that the
dendrograms are very similar using ‘whole set’ (all 13 measures) (see Figure 10) and
Subset 11 (11 measures) (see Figure 12). Both clustering results have presented forty
series in the correct order (group). However, the dendrogram from Subset I (three
measures) is very different to the other two. The 20 series belonging to Class 2 have
been correctly grouped together (lowest level in dendrogram in Figure 11). Therefore,
Subset | produced more accurate clustering in the lower level than the others.

5.2.2 Evaluation on a 5-class problem with real-world dataset

A central claim of this work is that feature sets that are found (by search) to be useful
on a particular dataset from a particular domain are very likely to generalize to future
datasets from the same domain. Below we will test this hypothesis. The basic idea of
this experiment is to use our search algorithm to learn a good feature set from all
available features on an annotated dataset of electrocardiograms, and see how well
this feature set can cluster unseen data.

The problem is a 5-class problem, with the annotations being provided by a
cardiologist. Both the training and test datasets have 50 examples in each class. Each
example is a time series with 4097 observation data points.

We used all 13-feature measures (called the “wholeset”) as operators for our search

algorithm, and we used classification accuracy as the search criteria, the accuracy
when each measure adding in is listed in Table 5 and graphed in Figure 13.

Table 5 Classification accuracy for feature measures input

Feature measures Accuracy %
Frequency by itself 48.80%
Lyapunov with the above 63.60%
Serial Correlation-DC with the above 70.40%
Trend-DC with the above 74.40%
Skewness-DC with the above 76%
Hurst with the above 76%
Seasonal-DC with the above 76%
Nonlinear-DC with the above 74.80%
Kurtosis-DC with the above 76.40%
Nonlinearity with the above 76%
Serial Correlation with the above 76.80%
Skewness with the above 77.20%
Kurtosis with the above 75.20%
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Figure 13 Classification accuracy changes as features are added

While the accuracy of classification peaks with the addition of the 12" feature
(skewness), a visual inspection strongly suggests that this is a case of overfitting. The
accuracy with 12 features is only marginally better than that with first four features.
The idea that we should penalize apparent increases in accuracy produced as a result
of a more complex model (Wallace 1999), or as a result of oversearching (Domingos
1999) is well understood in the data mining and statistical communities. We could
potentially leverage such frameworks to produce automatic techniques to determine
the number of features to keep, however for simplicity here we content ourselves with
visual inspection.

We tested the 4 following possibilities on the task of clustering the training set.

= F13: All 13 features, this is the naive “the more features the better” approach.

= F12: This is the highest accuracy achieved during search on training set.

= F7: This is highest value obtained before a decrease was observed.

= F4: Unlike this above 3 possibilities, this choice (of the first four features) is
subjective. We noted that adding the forth feature gives us more the 90% of the
eventual improvement, but that we have double the number of features to see
any further positive change.

We tested four different clustering algorithms: SOM (Viscovery SOMine software),
K-means and Fuzzy-cmeans (David Corney’s clustering toolbox for matlab) and
complete-linkage hierarchical clustering. The latter does not directly produce a
partitional clustering, but can be converted to partitions by the commonly used trick
of cutting the trees k top-most branches and regarding the sub-trees as discrete
clusters.

We measure the accuracy of each clustering algorithm by averaging the cluster purity
of the five resulting clusters. The cluster purity is defined as the number of the
dominant class with that cluster, divided by 50 (since 50 is the known number of each
class). For example, if one cluster contains 10 objects labeled
{A,AA/A/AB,C,C,D,E}, then the class A dominates with five occurrences and the
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cluster purity is 5/50 = 10%. This measure ranges from 100% for a perfect clustering
to approximately 20% for random clustering (regardless of the distribution of cluster
sizes).

The tables below give the results of the experiments.

Table 6 Clustering count (accuracy) on whole set (13 measures)

C1 c2 C3 C4 C5 Mean

HC 4% 14%  26% 98% 8%  30.0%
SOM 66% 26% 78% 12% 14% 39.2%
KM  24% 98% 68% 16% 38% 48.8%
FC 68% 98%  24% 16% 38% 48.8%

Table 7 Clustering count (accuracy) on subset 1 (7 measures)

CL C2 C3 C4 C5 Mean
HC  10% 48% 2%  78%  92%  46%
SOM 100% 74% 40%  42%  18% 54.8%
KM 64% 12% 92%  74%  56% 59.6%
FC  76% 10% 56%  64%  92% 59.6%

Table 8 Clustering count (accuracy) on first highest pick point subset (4 measures)

ciL c2 c3 C4 C5 Mean
HC 8%  10% 92%  56%  78% 48.8%
SOM 68% 78% 70%  16%  14% 49.2%
KM 64% 22% 92%  70%  54% 60.4%
FC  88% 46% 58%  14% 78% 56.8%

Table 9 Clustering count (accuracy) on subset 2 (12 measures)

C1 C2 C3 C4 C5 Mean

HC 4% 14%  100% 52% 8%  35.6%
SOM  92%  74% 70% 34% 10%  56%

KM 14%  66% 26% 100% 48% 50.8%
FC 92%  32% 66% 14% 46%  50%

In general the results of all four algorithms are similar. Let us consider the
hierarchical clustering (‘HC’ row in above tables) for concreteness. Using all 13
features gives us 30% accuracy, only slightly better than random chance. Likewise, 12
features, in spite of having the highest training accuracy, perform rather poorly with
35.6%. This we had anticipated with our discussion of overfitting and oversearching.
Using seven features give us a significant improvement of 46.0%, while our more
conservative feature set of the four best features give us the best accuracy of 48.8%.

These results strongly support our claim that the results learned on one dataset will
generalize to future datasets of the same type.
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5.3.3 Computational Complexity Considerations

The computational time for calculating all 13 features is very fast due to their linear or
logarithmic complexities. We have tested the computational complexity (in system
CPU time) for different type of data in various lengths ranging from 500 to 10000
observations in each series. The testing with our R code to extract the feature
measures was run on the PC with the system specifications as: Intel Celeron (R)
processor, 2.0 Ghz CPU, 20 GB HDD, 512 MB of RAM, Windows XP. From over
fifty times experiments, the results are between 0.5 to 2 seconds for each feature.

From both theoretical and practical perspectives, most clustering algorithms can work
more efficiently with less number of inputs. As such, our approach, CBC, is much
faster than other ordinary clustering methods in computation. Because it only uses a
small number of inputs as low dimensional input vector in the clustering process, but
others still have to work on actual data points which is often in high dimensionality
(or with large number of data inputs).

The computational complexity for the forward search used in our approach has a
simple linear complexity, O(s,n,n’), in which sis the number of base classifiers, nis

the total number of features, and n'is the number of features included in the
searching. Because we have a small size of features and the number of classifiers is
depends on the problem domain which is usually a small number as well. Therefore,
the forward search to select the optimal set of features is inexpensive in computation.

Although the feature extraction and forward search are additional processes involved
in our CBC approach compared to general standard clustering, the computational
complexity is not a negative factor. However, the CBC method for time series
clustering is able to provide robust results with less complexity.

6. Conclusions

In this paper we have proposed a new general framework for time series clustering.
We evaluated our method on a collection of benchmark time series clustering data.
Our empirical results demonstrate that our proposed characteristic-based clustering is
able to cluster time series using just a set of derived features. Using only a relatively
small set of global measures, we can still achieve clustering with high accuracy. The
knowledge provided to the clustering algorithm by the global measures appears to
benefit the quality of the clustering results.

The main advantage of our approach is its ability to drastically reduce the
dimensionality of the original time series, which overcomes a severe limitation of
most of the existing approaches to time series clustering. In addition, by working at a
higher level abstraction of the data, our approach is much less sensitive to missing
values. As an additional advantage, our approach only requires the setting of the
parameters of the selected clustering algorithm and transformation parameters; no
additional parameters are introduced by the feature extraction process.
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An appropriate characterization of time series data can reveal the relationship between
features and clustering accuracy. Our current work uses a small set of commonly used
features with the most popular clustering algorithms. In the future, we plan to
investigate more advanced features and clustering algorithms. We also intend to
explore how the metrics may change over time for chronological clustering, and
identifying dynamic changes in time series.
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