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1. Introduction

Each year technologies within the scope of the artificial intelligence become more
popular and find new applications in many new fields, such as medicine, militaries, security
business and economics. One of the attractive fields for the application of the artificial
intelligence is the monitoring of the demand curve of the product. Modern computer and
information technologies make it possible for companies to gather huge amounts of data —
amounts that a human cannot handle by bare hands. This is one of the main reasons for
companies to apply systems for automatic analysis of incoming data on products.

For similarity search between demand curves of the products, clustering of the time
series most often is used. A various number of clustering methods exist. This work examines
a Self-Organising Map based time series clustering method. The main purpose for such a
research is a product demand curve analysis task, with a posterior possibility of pointing out
the moment when a product changes its life cycle phase from introduction to maturity. The
current work is focused on analysing the possibility of using a single self-organising map for
analysis of the data, represented by time series of different length.

The main results of this research are the modifications for the SOM-based clustering
algorithm, enabling the self-organising map to cluster the time series of different length, as
well as the main algorithm for system operation.

2. Theory

As it was mentioned earlier, this research considers the self-organising map based time
series clustering method. Several models of the self-organising maps exist; two models -
Willshaw-von der Malsburg model and a model, offered by Teuvo Kohonen [1, 2] are
considered as base ones. To analyse the possibility of self-organising maps to cluster the time
series of different length, the Kohonen’s model was chosen. The chosen model is described in
Section 2.1. Modifications to the model and the main algorithm are presented in Sections 2.2
and 2.3 respectively.

2.1. Kohonen’s self-organising map

The Kohonen’s map (see Figure 1) is one of the Vector quantization models [1, 2].
Input data is represented as a vector, which is being sent as an input signal to all the neurons
of the network. The length of an input vector is equal to the number of weights each neuron
has. During the organization process a topological map of an input data is made.

The map organization algorithm begins with the initialization of the map by assigning
the randomly chosen small values to the synaptic weights of neurons [1, 2]. Such an
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initialization gives a known certainty that in the beginning the map is not organised. The map
initialization process is followed by these three main processes [1, 2]:

1. Competition. For each input vector the closeness to each neuron in the map is
calculated. The closest neuron is called a winning neuron or a best matching neuron.

2. Cooperation. The best matching neuron defines the position for the centre of the
topological neighbourhood of the neurons (see Figure 1) and excites the
topologically closest neurons. Let us define the lateral distance between the winning
neuron (i) and an excited neuron (j) as d, ;, a topological neighbourhood as 4, ;.

Neighbourhood function 4, ; is symmetrical to the winning neuron and decreases

while distance d, ;increases. Typical example of #,; could be the Gaussian

function (1).

d,
: (1)
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where o decreases with time (iterations), most often - exponentially.

hi.; = exp| —

3. Synaptic adaptation. This mechanism grants excited neurons a possibility to increase
the values of the discriminant functions proportionally to the incoming data by
updating the synaptic weights. As a result, the response strength of the winning
neuron to the next occurrences of similar data increases.

input vector

Figure 1. Kohonen’s network

2.2. Modifications of the SOM

As it was described, the classical Kohonen’s model presumes that the length of the input
vector and the number of weights of a neuron are equal.

One of the main modifications to be made is the modification of the distance calculation
techniques between the input vector and the vector of weights of the neuron. In place of the
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Euclidean distance (2), time warping techniques should be used. Such a modification makes it
possible to compare data vectors of different length.

n

dy(x,y)=[x=y|= D& +n) . )

i=1

The time warping algorithm consists of several steps [3, 4]. First, a distance matrix
nxm is built, where n and m are the lengths of the compared data vectors. Each cell of a
distance matrix holds a distance d; between corresponding points of the vectors compared.

Total distance D between two data vectors is the minimal length of a path — the sum of
distances at each step, beginning with the cell [1,1] and ending with [n,m]. A movement
(steps) in the distance matrix obeys the defined rules.

Most often the d;; is calculated as an Euclidean distance (2); this can lead to the

situation when a single point on one time series maps onto a large subsection of another time
series [3]. This is one of the main points why the shortest path searching process must be
controlled and, if necessary, corrected with appropriate rules. As a variant — movement rules
in the distance matrix. One of possible examples is also described in [3].

2.3. Main algorithm

Summing all the above, to solve the task described in Section 1, the following algorithm
is presented:

1. Data pre-processing

1.1. A proper data format must be chosen for the representation of the data. The data
format is very important, as it directly influences the effectiveness of the neural net
[5].

1.2. Data should be normalised. While working with the real data, most often the real
bounds of a parameter are unknown, that is why the Z-score normalization is
recommended. A standard deviation (3) or a mean absolute deviation (4) can be used.

a,=—{——, 3)

a ==, “4)

2. Definition of the number of maps and the values for parameters of the map

2.1. By using the available information on dataset, such as the length of the records in the
dataset, the length distribution of records and a meaning of data, it is necessary to
define the number of maps that will process the supplied dataset. This step is
necessary because during the dynamic transformation of data the information the data
carries is changed. For the data with length of hundreds of points (medical data, series
of sensor data, etc) the distance in 5-10 points may not be so critical. But for the data
connected with the described task (section 1), and having around 15 points, the
difference in one point may already be critical. That is why while analysing the length
distribution of the data, it is necessary to define the subsets of records, according to
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the length and meaning of the data. The number of defined subsets may be used as the
number of self-organising maps in the system, where each SOM processes the records
of the defined length interval.

2.2. When part 2.1 is finished, the values of the parameters of each map must be set — map
parameters, learning parameter, neighbourhood, etc. [1, 2]. It is recommended to use
the median of the length distribution of records in a subset, while setting the number
of weights. It will allow lessening data deformation during the map organisation
process.

3. Learning and testing the system

3.1. During the system learning process it is necessary to simulate the online data flowing
into the system. That is the realisation of the following steps is presumed: presume
that the minimal length of a data vector a system can handle is 4 values, then when a
time series with 10 values with a life cycle phase switching in period 9 comes, it is
necessary to start with sending first 4 values of a time series, then first 5 and so on till
10, each time giving the system the information that the life cycle phase switching
period is 9. By learning the system this way the system learns to recognise the life
cycle phase switching in the remote period, by having only first several values.

3.2. Solving a task like the one defined in Section 1, it is important to measure not only
the numerical precision of a system, but also the logical precision. To measure the
numerical precision, a Mean Absolute Error (MAE) can be used (5).

MAE ==—— | 5
P )

where & — a total number of the records in the test data set; A — a period with a life
cycle phase switching; F — period with life cycle phase switching, given by the
system. For calculation of a logical precision of a system, the following approach is
proposed: an error in the logic of a system is an event that is caused by one of the
next two conditions — “There was a life cycle phase switching, but the system says
that it was not” and “There was no life cycle phase switching, but the system says that
it was”. The number of errors is counted and divided by A, giving the logical
precision of a system for the current test dataset.

3. Experimental part

The current section displays an example of a practical realization of the algorithm
described and analyses the obtained experimental results.

For building the system, the Microsoft Excel 2003 was chosen; the programming
language is Visual Basic for Applications.

3.1. Data and description of experiments

For learning the system and testing it, a dataset containing 199 time series with length
from 4 through 24 was used. The dataset was supplied in the framework of the ECLIPS
project (see the Acknowledgements). The records contain a demand data of a product till the
life cycle phase switching period including the switching period and one record after it. This
makes the system to work as a reactive one. An example of the data is displayed in Figure 2.
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2
ID |Switching| T T2 T3 T4 T5 1
851 19| -1.04745) -1.136815| -1.05794| -1.01822| -1.07795 o
420 12| -1.98925| -2.38041| -1.71671] -1.39448| -1.3268
810 7| -4.13698| -1.81855| -0.57268| -0.10214| 0.161654 7
560 5| -3.73487| -2.35688| -0.85928) 0.460118| 0.178813 2
240 23| -0.99826| -0.98385| -1.08076| -0.76167| -1.02177 3
233 3| -1.56203| -0.55239| 1.504353| 0.281743 .
5

Figure 2. Example of the data (first 5 periods in the table)

The negative values in the data table (see Figure 2) are the result of the data
normalization. The Z-score normalization method with standard deviation was applied (see
Subsection 2.3).

The task of the experiments is to build and teach the system by using the simulation of
the online data flowing (see Subsection 2.3), followed by the analysis of the reaction of the
system to a new (test) data, also supplied in the online data flowing simulation state.

Each Self-Organising Map is able to process the data of three lengths in a row, that is 4-
6, 7-9, 10-12 and so on. By using this condition, the system automatically calculates the
number of SOMs necessary to process the supplied dataset. For each SOM in the system the
equal values for parameters were chosen, they are displayed in Table 1; only the number of
weights of a neuron differs from map to map. For testing the system the 3-fold cross-
validation was used.

Table 1.
SOM parameters
SOM Learning parameter SIGMA for Gaussian neighbourhood
Neurons Size Start | End Function Start End Function
25 5x5 0.9 | 0.01 | Exponential 0.5 0.01 Exponential

A detailed description of the functions mentioned in the Table 1 can be found in [1] and [2].
3.2. Results
The system testing results are shown in Table 2.

Table 2.
3-fold cross-validation results

Decision
Wrong | Correct
Online |2.160893] 12.08% | 87.92%
Offline |1.450173] 50.22% | 49.78%

MAE
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The results in the “offline” row of Table 2 are obtained by testing the system without
using the simulation of online data flowing — the whole test record was sent into the system
and the response was logged. In other words, the “Offline” state error statistics is obtained by
measuring an error at the moment when a test record contains all information before the
switching period, at the switching period and at the period after switching.

As can be seen from the experimental results, there is a sort of logic in the decisions
made by the system. Almost in 88% of all cases the system was able to take the logically
correct decision. But analysing the results obtained when the whole test record was sent to the
system (row “offline” of Table 2), in more than 50% of all cases the system was not able to
take the logically correct decision. Nevertheless the mean absolute error is around 2 periods,
which may indicate that the system works with a certain precision.

4. Conclusions and future work

The experimental results make it possible to conclude that it is not only theoretically
possible to cluster the time series of different length using the Self-Organising Maps; it is also
possible in practice. Using one Self-Organising Map for clustering time series of different
length reduces the number of calculations and the necessary resources. The received
experimental results indicate that a system built in the Microsoft Excel 2003, using the Visual
Basic for Applications language, works with a certain precision and is able to give a plausible
result.

There are several main targets for future work, such as improvement of the precision of
the system by tuning the decision making algorithms used in the system; designing the
algorithms that will automatically set the parameters for the Self-Organising Maps, by using
the available information about the supplied data; and also the modification of computing
techniques that will help to lower the time used for system learning process.
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Parsutins Sergejs. AtSkiriga garuma laika rindu klasterizacija pielietojot pasSorganizéjosus neironu tiklus

Sis darbs ir veltits laika rindu analizes problemai. Par svarigo uzdevumu, saistito ar laika rindam, var nosaukt
datu kopas sadalisanu atseviskas grupds — klasteros, ar talako mérki paregot laika rindu uzvedibu nakotné.
Eksiste vairakas klasterizacijas metodes; pétijumi darba ir saistiti ar laika rindu klasterizaciju, pielietojot
pasorganizéjosus neironu tiklus. Klasiskie pasorganizéjosie neironu tikli prasa, lai ieejas vektoriem biitu vienads
garums, bet vairakuma gadijumos redlie dati neapmierina tdadas prasibas. Petijjumi darba fokuséjas uz
pasorganizéjoso neironu tiklu modernizdaciju ar nolitku sasniegt iespéju ar to palidzibu klasterizet atskiriga
garuma laika rindas. Algoritms, kas Jauj izpildit aprakstitas darbibas, ir izstradats un aprakstits darba, ka ari ir
realizéts praktiski, kam ir izstradata specializéta programmatiira, kas apvieno sevi datu transformésanas un
klasterizdacijas algoritmus, ka ari iegiito praktisko rezultatu analizes procediiras. Galvenais darba rezultats ir
algoritms, kas Jauj veikt atskiriga garuma laika rindu klasterizaciju, pielietojot pasSorganizéjosus neironu tiklus,
ka ari algoritma praktiskais pielietojums un sasniegto rezultatu analize.

Parshutin Serge. Clustering time series of different length using Self-Organising maps

The current work is devoted to the problem of time series analysis. One of the relevant tasks connected with time
series is splitting the set of objects into individual groups — clusters for further forecasting the behaviour of time
series. A various number of clustering methods exist; this work is focused on the time series clustering method
which uses self-organising maps. Classical self-organising maps presume that the input vectors are of the same
length, but in the most cases the real data does not satisfy this assumption. The work analyses the problems
connected with self-organising maps modification aimed to enable clustering time series of various length. The
algorithm that allows accomplishing the described tasks, is not only developed and presented in this work, but is
also practically realized. A specialised software solution combining data transformation and clustering
algorithms and also practical data analysis procedures are developed. The main result of this work is an
algorithm, which allows using self-organising maps for clustering time series of various length as well as the
practical use of the algorithm and analysis of the obtained results.

Hapwymun Cepeeii. Knacmepuzayus epemeHHbIX pa006 pasHoil OJUHbL ¢ HPUMEHEHUEM Kapm

camoopzanuzayuu
Jlannasa paboma nocesawena 3a0ave aHaUu3a epemeHHbix psaoos. OOHOU U3 CyuecmeeHHbIX 3a0aU, CE8A3AHHbIX C
BDEMEHHbIMU  PAOAMU, ABNAEMCA paA30eNeHUe MHOHXCeCmed OAHHbIX HA SPYAnbl — KIAcmepsl, ¢ Yeavio

OanvHeliuez0 npoSHO3UPOBAHUsL NOBeOeHUsl 8pemenHo20 pada. Cywecmsyem MHOMCECMEO PA3IUYHBIX MEeMO008
Kiacmepuzayuu; 6 OaHHOU pabome UCCAeOYemcs KI1ACmepusayusi 8PeMeHHbIX pA008 ¢ NpUMEHeHUeM Kapm
camoopeanuzayuu. Knaccuueckue xapmoi camoopeanuzayuu npeonoiazaiom, ymo exoosaujue 6eKmopvl OaHHbIX
uMerom paguylo ONUHY, OOHAKO 68 OOJbUIUHCTEE ClyYdes pedlbHble OAHHble He YOOB8Iemeopsom OaAHHOMY
yenosuto.  Paboma  cgoxycuposana na moougpuxayuu Kapm camoopeanuzayuy ¢ Yenvlo NoayYeHus
B03MOJICHOCU KAACMEPU308AMb OAHHbIE PA3IUYHOU ONUHbL. Aneopumm, nO380JAIOWULL 8bINOIHUMb NOOOOHbLE
oelicmesust, He MoIbKO paspaboman u npedcmasien 8 OAHHOU Cmambve, HO U Peanu308an NpaKmuyecku, 0s 4e2o
C030aHO CREeYuaIU3UpOBAHHOE NPOZPAMMHOE Obecneyenue, pedarusyiouee 6 cebe aneopummbl nPeobPa308aHUs U
Kiacmepuzayuy OAHHbIX, d MAKdCe - AHANU3A NOJYYEHHbIX pe3ylomamos. 11aguvim pe3yismamom OaHHOU
pabomul  SGIAEMCA  ANCOPUMM, NO3GOISIOWULL  KIACEPUI08AMb  GPEMEHHble PSIObl  PA3IUYHOU  OUHbL C
NPUMEHEHUeM Kapm camMoOp2aHu3ayu, d makice - RPaKmuiecKoe npuUMeHeHue 3mo2o ai2opumma OJis peuleHus.
PeanvbHou 3a0a4u — NPOSHOZUPOBAHUSL CMEHbl (A3 JHCUBHEHHO20 YUKIA NPOOYKMA U AHAAU3A NOTYYEHHbIX
pe3ybmamos.



