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Abstract - A time series is a sequence of real data, representing the
measurements of a real variable at time intervals. Time series
analysis is a sufficiently well-known task; however, in recent years
research has been carried out with the purpose to try to use
clustering for the intentions of time series analysis. The main
motivation for representing a time series in the form of clusters is
to better represent the main characteristics of the data. The central
goal of the present research paper was to investigate clustering
methodology for time series data mining, to explore the facilities of
time series similarity measures and to use them in the analysis of
time series clustering results. More complicated similarity
measures include Longest Common Subsequence method (LCSS).
In this paper, two tasks have been completed. The first task was to
define time series similarity measures. It has been established that
LCSS method gives better results in the detection of time series
similarity than the Euclidean distance. The second task was to
explore the facilities of the classical k-means clustering algorithm
in time series clustering. As a result of the experiment a
conclusion has been drawn that the results of time series
clustering with the help of k-means algorithm correspond to the
results obtained with LCSS method, thus the clustering results of
the specific time series are adequate.

Introduction

Considerable amount of scientific and business data is
represented in the form of time series. Recently, the
interest in time series analysis has grown. There are two
relevant directions in time series research: time series
similarity detection and time series clustering. In the
first case the importance lies on the detection of
different time series similarity measures, in the second
case — clustering can be used to group time series
according to definite features. Both of these directions
supplement each other and allow describing regularities
in time series more effectively.

The present research paper is organized in the
following way. In the next section of the paper two time
series similarity measures will be described: Euclidean
distance and Longest Common Subsequence measure.
Then, two classical clustering algorithms will be
examined that will later on be used in the research
activities: k-means clustering and hierarchical
clustering. In the section concerning clustering for time
series the essence and the most characteristic features of
time series clustering will be given. In the last section
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the analysis of the experimental research carried out for
the purposes of the present research paper will be
provided — similarity values have been defined to the
time series under consideration, k-means clustering
algorithm has been adjusted to them and the results
obtained have been compared.

Time Series Similarity Measures

A time series is a sequence of real numbers that
represent the measurements of a real variable at equal
time intervals, whereas a time series database is a
collection of time series [1, 2, 3]. Time series data can
be analyzed in many different ways. The first step in
investigating the time series is often plotting of the
samples of time series data under consideration (see
Fig.1).
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Fig.1. Typical sample of time series

Time sequences appear in many applications, to be
more precise, in any applications that involve a value
that changes over time. There are several important
aspects of mining time series that include trend
analysis, similarity search and mining of sequential and
periodic patterns in time related data. Recently, a lot of
attention has been paid to the problem of similarity
retrieval of time sequences in databases, or so called
“query by example” [4].

The measure of similarity between objects is an
important aspect in many data mining applications.
Two time series are considered to be similar if they
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have  enough non-overlapping time  ordered
subsequences that are similar. The two subsequences
are considered to be similar if one is enclosed within an
envelope of a user defined width around the other.

The problem of retrieving similar time sequences
may be manifested in the following way: provided there
is a sequence ¢, a set of time sequences X, a distance
measure d and a tolerance threshold ¢, the task is to find
the set of sequences closer to ¢ than ¢ [5, 6].

Formally, provided there is a pair of time series, the
similarity between them is usually measured by their
correlation or distance. If a time series is treated as a
high dimensional point, the Euclidean distance becomes
a natural choice for distance between time series due to
the fact that the Euclidean distance is commonly used
as a basic similarity measure for time series. According
to this model, if the Euclidean distance D between two
time sequences O and S of length n is less than a
threshold & then the two sequences are said to be
similar. Euclidean distance D between two time series
0={q1,95..., q,} and S={s;,s,,..., s,} is defined in the
following way:

DQ.9) =D (q, )

It is problematic to perform similarity search in time
series databases: provided there is a query time series
and all the time series in the database being similar to
the query. Similarity queries in time series databases
can be divided into two categories [7]:

e Whole sequence matching. In whole sequence
matching, all the time series in the database have the
same length n. The length of the query time series ¢
is also n. The Euclidean distance between the query
time series and any time series in the database can
be calculated in linear time. Provided a query
threshold is ¢ the result to a whole sequence
similarity query search for g are all the time series in
the database whose Euclidean distance with ¢ is
inferior to the threshold &.

(M

e Subsequence matching. In subsequence matching,
the time series in the database are of different
lengths, where the lengths of the candidate time
series are usually larger than the length of the query
time series. The result to a subsequence query search
is any subsequence of any candidate time series
whose distance with ¢ is lower than &.

The most familiar way to deal with the problem of
similarity query in time series databases is linear scan in
which one calculates the Euclidean distance between
the query time series and all the candidate time series in
the database. The results of only those time series with
the distance less than ¢ are reported.

Lately, more complicated time series distance
measures have been introduced. Some of them are as
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follows: the Dynamic Time Warping (DTW) measure,
the Longest Common Subsequence measure (LCSS)
and probabilistic distance measure [4].

DTW recovers optimal alignments between sample
points in the two time series. The alignment is optimal
in the sense that it minimizes a cumulative distance
measure consisting of “local” distances between aligned
samples. This procedure is called time warping due to
the fact that it warps the time axes of the two time
series in such a way that corresponding samples appear
at the same location on a common time axis.

Other technique being worthy of attention to
describe the similarity is to find the LCSS of two
sequences and then to define the distance using the
length of this subsequence. The LCSS indicates how
well the two sequences can match one another in the
case if it is allowed to stretch them without rearranging
the sequence of values. Since the values are real
numbers, approximate matching rather than exact
matching is typically allowed.

The similarity between time series 4 and B defined
as LCSS(A,B) / max(|A|, |B|), where LCSS/i, j] denotes
the longest common subsequence between the first i
elements of sequence A and the first j elements of

sequence B:
0 ifi=0or j=0 )
LCSS[i, j]=11+LCSS[i—1,j—1] ifa, =b,
max(LCSS[i—1,j],LCSS[i,j—1]) otherwise

A series of experiments has been made by applying
the LCSS that showed this method’s advantages over
the FEuclidean measure. Typical synthetic data
comprising 100 elements in the time sequence is shown
in Figure 2.

Longest Common SubSequence, Similarity =0.845821
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Fig.2. Demonstration of the LCSS method

100 120

In the end, LCSS [n,m] will give the length of the
longest common subsequence between the two
sequences A4 and B.

Cluster Analysis Method

Cluster analysis is used to automatically generate a list
of patterns by a training set [8]. All the objects of this
sample are presented to the system without the
indication to which pattern they belong. The cluster
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analysis is based on the hypothesis of compactness. It
means that methods of cluster analysis enable one to
divide the objects under investigation into groups of
similar objects frequently called clusters or classes.
Given a finite set of data X, the problem of clustering in
X is to find several cluster centres that can properly
characterize relevant classes of X. In classic cluster
analysis, these classes are required to form a partition of
X such that the degree of association is strong for data
within blocks of the partition and weak for data in
different blocks.

As a data mining function, clustering can be used as
a standalone tool to gain insight into the distribution of
data, to observe the characteristics of each cluster, and
to focus on a particular set of clusters for further
analysis. Clustering is one of the most fundamental
issues in data recognition. It plays a significant role in
searching for structures in data. It may serve as a pre-
processing step for other algorithms, which will operate
on the detected clusters.

In general, clustering algorithms are used to group
some given objects defined by a set of numerical
properties in such a way that the objects within a group
are more similar than the objects in different groups.
Therefore, a particular clustering algorithm needs to be
given a criterion to measure the similarity of objects,
how to cluster the objects into groups. One of the most
widely used k-means clustering algorithms uses the
Euclidean distance to measure the similarities between
objects. K-means clustering algorithms need to assume
that the number of groups (clusters) is known a priori.
Table 1 outlines the k-means clustering algorithm [7].

Table 1
An outline of k-means algorithm

smaller clusters. Table 2 outlines the basic hierarchical
clustering algorithm [7].

Table 2
An outline of hierarchical clustering algorithm

Hierarchical clustering

1. Calculate the distance between all objects. Store the
results in a distance matrix.

2. Search through the distance matrix and find the two
most similar clusters/objects.

3. Join the two clusters/objects to produce a cluster that

now has at least 2 objects.
. Update the matrix by calculating the distances
between this new cluster and all other clusters.
. Repeat step 2 until all cases are in one cluster.

K-means clustering

1. Decide on a value for £.

2. Initialize the k cluster centers (randomly, if
necessary).

3. Decide the class memberships of the N objects by
assigning them to the nearest cluster center.

4. Re-estimate the k cluster centers, by assuming the
memberships found above are correct.

5. If none of the N objects changed membership in the

last iteration, exit. Otherwise go to 3.

Another popular clustering algorithm is called
hierarchical ~ clustering. = Hierarchical  clustering
algorithms find successive clusters by using previously
established clusters. These algorithms can be either
agglomerative ("bottom-up") or divisive ("top-down").
Agglomerative algorithms begin with each element as a
separate cluster and merge them into successively larger
clusters, whereas divisive algorithms begin with the
whole set and proceed to divide it into successively
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Clustering algorithms have shown their best in
different data mining tasks, consequently it would be
efficient to evaluate their facilities in the analysis of
time series.

Clustering for Time Series

Clustering is one of the most frequently used data
mining algorithms considered to be useful both in its
own right as an exploratory technique, and as a
subroutine in more complex data mining algorithms.
Conditionally, time series clustering can be divided into
two large groups [7]:

e Whole clustering: In this group the notion of
clustering is similar to that of conventional
clustering of discrete objects. Provided there is a set
of individual time series data, the purpose is to
classify similar time series into the same cluster.

e Subsequence clustering: Provided there is a single
time series, individual time series (subsequences) are
extracted with a sliding window. Clustering is then
performed on the extracted time series.

Classical clustering algorithms perform whole
clustering. For instance, k-means is a heuristic
algorithm, and the cluster centers found may not be
optimal. It means that the algorithm is guaranteed to
converge on a local, but not necessarily on a global
optimum. The quality of results may be affected by the
choices of the initial centers. One technique that can be
applied in order to decrease this problem is to do
multiple restarts, and choose the best set of clusters. An
obvious question raised here is how much variability in
the shapes of cluster centers one gets between multiple
runs. The essence of k-means clustering for time series
is shown in Figure 3.
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Fig.3. K-means clustering for time series

When the clustering is complete, each cluster center
represents a similar group.

Unlike k-means, hierarchical clustering is a
deterministic algorithm. Hierarchical clustering can be
modified into a partitional clustering by cutting the first
k links. The idea of the hierarchical clustering is
illustrated in Figure 6. The subsequent time series in
each of the & sub-trees can then be unified into single
cluster prototypes. When performing hierarchical
clustering, one has to make a choice about how to
define the distance between two clusters, where this
choice is called the linkage method.

The clustering algorithms under consideration have
their advantages and disadvantages. The wide
application of these methods is restricted by the length
of time series, as a result of which clustering algorithms
do not provide precise results. This is the reason why in
recent years algorithm group, called STS (Subsequence
Time Series) clustering has received a wide attention
(see Figure 4) [9].

Time series data
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Fig.4. Model of subsequence time series clustering

Subsequence can be defined in the following way:
provided there is a time series 7 of length m, a
subsequence C, of T is a sampling of length w < m of
contiguous positions from 7, that is, C=t,, ..., t,.,.; for
I < p < m-w+]. Sliding windows can be defined as
follows: provided there is a time series 7 of length m,
and a user-defined subsequence length of w, a matrix S
of all possible subsequences can be built by “sliding a
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window” across 7" and placing subsequence C, in the p-
th row of S. The size of matrix S'is (m —w + I) by w.

Thus, a time series can be modified into a discrete
representation by first forming subsequences (using a
sliding window) and then clustering these subsequences
by using a suitable measure of time series similarity.
Subsequence clustering is normally used as a subroutine
in many other algorithms, including rule discovery,
indexing, classification and prediction.

Experimental Results

The goal of the experiment was to examine the LCSS
method suitability in the detection of the real time series
similarity. The data has been taken from GCOS-
AOPC/OOPC “Working group on surface pressure”
climate time series — monthly sunspots numbers, the
time coverage of which is 1749 to 2006 [10]. The role
of the Global Climate Observing System Working
Group on Surface Pressure is to promote the
development of long-term high-quality analyses of
atmospheric surface pressure. For the experimental
research activities the time series by the years 2000-
2005 have been chosen, the data for the last years is not
complete (see Fig. 5).

Monthly sunspot numbers
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Fig.5. Monthly sunspot numbers

Sunspot time series by the years under consideration
can be seen in Table 3 that shows how the time series
look in the particular year. The experiments have been
carried out to detect time series similarity by applying
the LCSS method. The similarity value between two
time series has been calculated.

Table 4 displays the results of the application of the
LCSS method — time series have been compared in
pairs as a result of which the similarity values have
been obtained.

Similarity value of the time series with itself equals
to 1; in the case when the similarity has not been
established, the corresponding cell of the table is left
empty. It can be concluded that in this case time series
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2000 is slightly similar to 2001 (0.17) and 2002 (0.08).
Time series 2003 is slightly similar to 2004 (0.16), but
2004 — 2005 (0.25).

Analyzing data from Table 4, it could be assumed
that time series 2000, 2001 and 2002 are located in one
cluster, but time series 2003, 2004 and 2005 in another
cluster. In the following group of experiments the
supposition that clustering could provide analogical
results will be verified.

Table 3
Sunspot time series by years

Sunspot time series
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Table 4
Similarity values of time series comparison in pairs

2009
Table 5
The number of clusters obtained and time series in
clusters
Time series in clusters
2 3 4 5

/;/\’_ 2000 /;/\’_ 2000

SN\ 2000 | AN\ 2000 SO 2002 I\ 2000
SO 2002 SO\ 2002

\/\f\/\ 2003

/\/\/\ 2008 |\ ~/\N2008 |~/ 2000 | N/ 2001

2000 | 2001 | 2002 | 2003 | 2004 | 2005
2000 1 0.17 | 0.08
2001 | 0.17 1
2002 | 0.08 1
2003 1 0.16
2004 0.16 1 0.25
2005 0.25 1

During the second set of experiments in the analysis
of time series the k-means clustering algorithm (whole
clustering) has been applied. Successively, 2, 3, 4 and 5
clusters have been chosen. The clusters and time series
within them obtained as a result of the performance of
the algorithm are shown in Table 5.

Analyzing data from the table, it can be concluded
that time series in two clusters validate previously
mentioned intuitive supposition on the division of the
time series. In the case of three, four and fine clusters it
can be seen that time series 2004 and 2005 are located
inside one cluster that corresponds to Table 4 similarity
values.

Thus, it can be reasoned that in this example the
results of the time series clustering with the help of the
k-means algorithm correspond to the results obtained by
using the LCSS method. It gives assurance that the
results of time series clustering are adequate that has
also been confirmed by the results of the hierarchical
clustering (see Figure 6).
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Fig.6. Hierarchical clustering results for sunspot time
series

Conclusions and Future Works

A time series is a sequence of real data, representing the
measurements of a real variable at time intervals. Time
series analysis is a sufficiently well-known task;
however, currently research activities are being carried
out with the purpose to try to use clustering for the
intentions of time series analysis. The main motivation
for representing a time series in the form of clusters is
to better represent the main characteristics of the data.
In the present research paper two tasks have been
completed. The first task was to define time series
similarity measures. It has been established that LCSS
method gives better results in the detection of time
series similarity than the Euclidean distance. The
second task was to explore the facilities of the classical
k-means clustering algorithm in time series clustering.
As a result of the experiment a conclusion has been
drawn that the results of time series clustering with the
help of k-means algorithm correspond to the results
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obtained with LCSS method, thus the clustering results
of the specific time series are adequate.

In previous research different clustering algorithms
and their application have been analyzed, for instance,
the application of clustering method in the Radial Basic
Function neural networks or clustering methods in
neuro-fuzzy modelling. The main aim of these
applications is to extract knowledge from data through
rule extraction. The direction of further research
activities will be related to rule discovery from
clustered time series.
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Péteris  Grabusts, Arkadijs Borisovs.
metodologija laikrindu izpéte

Vispariga gadijuma laikrinda tiek traktéta ka datu virkne noteikta
laika intervala. Laikrindu analize ir pietickami labi pazistams
uzdevums, taGu pedgja laika tiek veikti p&tijumi ar noliku meginat
pielietot klasterizaciju laikrindu analiz€ — laikrindu datu sadaliSanu
lidzigas grupas. Laikrindu att€loSanas klasteru forma galvena
motivacija ir laikrindu raksturlielumu labaka izpratne. Darba
galvenais mérkis bija izpétit laikrindu klasterizacijas izmantoSanas
metodologiju, apzinat laikrindu Iidzibas noveért§jumus un izmantot
tos laikrindu klasterizacijas rezultatu novértéSana. Par lidzibas
novertgjumu tradicionali tiek izmantots Eiklida attalums, tacu pedgja
laika lidzibas me@ra noteikSanai izmanto vairak komplic€tas metodes,
pieméram, garakas kopigas virknes metodi (LCSS). Dotaja darba
tika veikti divi uzdevumi. Pirmais bija noteikt laikrindu lidzibas
novertgjuma iesp&jas. Eksperimenta merkis bija parbaudit LCSS
metodes piemérotibu realu laikrindu lidzibas novértésanai. Tika
konstatéts, ka LCSS metode dod labakus rezultatus laikrindu
lidzibas noteikSana neka Eiklida distance. Otrais uzdevums bija
izpétit klasterizacijas algoritmu iespgjas laikrindu klasterizacija.
Tika izmantoti divi klasiskie klasterizacijas algoritmi: k-vid€jo un
hierarhiskas klasterizacijas algoritms. Eksperimentu rezultata tika
izdarits secinajums, ka konkréto laikrindu klasterizacijas rezultati ar
k-vidgjo algoritma palidzibu atbilst iegiitajiem rezultatiem ar LCSS
metodi. Tas deva parliecibu, ka laikrindu klasterizacijas rezultati ir
adekvati.

Klasterizacijas

Ilerepuc I'padyctr, Apkammii bopucoB. MeTonoaorus
HCNOJIb30BAHMS KJACTEPU3ALUM B MCCJIEJI0BAHUH BpPeMEHHBIX
ps10B

®DopMaIbHO BPEMEHHOM DSl 3TO IMOCIEAOBATEIBHOCTD JAHHBIX BO
BPEMCHHOM HHTEpBalic. AHaNW3 BPEMEHHBIX PSJIOB JIOCTaTOYHO
XOpOIIO M3BECTHAs 3ajadya, HO B IMOCJICOHEE BPEMsI MPOHM3BOASTCS
HCCIICTIOBAHUS C LIEJIBI0 UCIIOJIb30BATh KJIACTCPU3AIIMIO ISl aHAJIHM3a
BPEMCHHBIX pSIOB. [JaBHas MOTHBAaIMs Ui  OTOOPaXKECHUS
BPEMEHHBIX PSJIOB B KJIACTEPHOM BHJIE ITO JIydlliee MPEeICTaBICHNe
OCHOBHBIX XapaKTEPUCTHUK BPEMEHHBIX psigoB. Llenpio maHHOM
paboThl  SABISETCSI  MCCIICNOBAHWE METOAONOTHH  PHMEHEHHS
KJIACTEPU3alMi BPEMEHHBIX DSAOB, OMpEIeCHHE BO3MOXKHBIX
CHOCO0OB OLICHKH CXOJICTBA WIIM OJIM30CTH BPEMCHHBIX DPSIOB U
NPUMEHEHHE  3TUX  OICHOK JUI  aHalu3a  Pe3yJIbTaToB
KlacTepusalud. B KkayecTBe Mepbl CXOJCTBA TPAJAUIMOHHO
HCIOJIb3YyeTCsT DBKIUIOBO PACCTOSHUE, HO CYIIECTBYIOT M 0Ooliee
crequUUecKie METOABI, B YaCTHOCTH, METOJ HanboJiee UIMHHOMN
obmeit mocaenoBatensHocTH  (LCSS).  bBoum  mpousBeneHsl
HCCIICIOBAHKS  OIMpEACIICHUS]  BO3MOXKHOCTEH  OLICHKH  MEpbI
CXOJCTBA BPEMEHHBIX psIoB. J[iisi 3TOM LENH MPUMEHSIICS METO[
LCSS, u B oKcrmepuMeHTax JTOT METOJ IOoKa3anl JIydllue
pe3yIbTaThl, YeM OBKIMAOBO paccTosHHe. Ha ciemyromem stare
9KCTIIEPUMEHTOB MPOM3BOAMIACEH KIIACTEPU3AIMs BPEMCHHBIX PAIOB.
B  kauecTBe  aiNrOpuTMOB  KIIACTEPU3AIMH  HCIOJH30BAIUCH
KJIaCCHYECKHE  aJrOPUTMbl  K-CPEAHHUX WM HEePAPXUIECKOM
Kiactepusauui. [lo UTOramM SKCIEPHUMEHTOB CHEJaH BBIBOJ, YTO
pe3yNbTaThl KJIACTEPU3aLHKH KOHKPETHOr0 Habopa BpPEMEHHBIX
PSIIOB  COOTBETCTBYIOT pPE3yJbTaTaM, IMOJYYEHHBIM C I[IOMOIIBIO
Mmetoza LCSS, 1o ecTb pe3yJbTaThl aleKBaTHBL.



