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1. Introduction

The number of publications and books on neural networks and it applications published
in last years speaks in favour that a significantly long time neural networks appear to be one
of the popular technologies in domain of forecasting different processes, including non-linear
ones. A special place in the scope of neural networks is devoted to self organising maps,
aimed at mapping incoming data vectors with different lengths onto one- or two-dimensional
discrete map.

This work investigates the possibility of processing discrete time series of different
duration by self-organising maps. One of the practical examples of such task is forecasting the
product life cycle phase transition moment. The paper presents a model of the system for
solving the aforementioned task.

2. Model of the system

The modular multiSOM system discussed below is intended for processing the discrete
time series of different duration / that carry information about temporal changes of a target
parameter value. As an example of such time series, the product demand information can be
mentioned. Such time series will carry temporal changes of a product demand, providing
information about the current and previous phases of product life cycle. Having this
information, and also the data on transition moments between phases of the product life cycle,
it becomes possible to generate key shapes (images) for transition moments that can be used
to forecast the product life cycle phase transition moments for new products.



" Neural Block

3 | I

S

2 | NN

% v ! I

£

= Data Decision
s [ M t NN Makin -

8 |—»| Managemen 2 g

o) Block Block

E -

k= > | NN,

Figure 1. Structure of the system

Figure 1 displays the model of the system designed. The system contains three blocks:
Data Management Block, Neural Block and Decision Making Block.

2.1. Data Management Block

The Data Management Block performs several tasks such as processing input data and
spreading it between modules — self-organising maps, in the neural block according to the
load distribution policy chosen.

The input dataset for the system contains discrete time series with different duration /
appearing as a part of a discrete set L. Minimal - /_. , and maximal - /__, values of / depend

on the selected input dataset. The set L represents the total system load that should be
separated among the modules of the system. The value of chosen individual load for neural

network - ¢, affects a factor showing whether the neural network will process time series
with equal duration / (while g =1), or (while 2<g < |L|, |L| > 2) the single neural network

will process time series with different durations.

The Data Management Block performs also the simulation of online data flowing into
the system task. Such process is necessary due to imitation of real environment, where the
system presented may be applied.

Data processing without imitation of data flowing, Offline data processing is based on
this principle: at the moment when record R is ready to be sent to the system, the entire
record is being sent to the corresponding module.

2.2. Neural Block

The Neural Block consists of a finite set of self-organising neural maps
M ={m,,m,,...,m,} where each neural net m, is a module and according to chosen policy of

system load spreading processes specific fraction of input data. The chosen policy of system
load spreading affects the number of modules in the Neural Block, as well as the number of
synaptic weights neurons will have in each neural network. Each module in the Neural Block
is based on the Kohonen self-organising map [1, 2, 4].

The number of synaptic weights of a neuron in classical Kohonen map equals to the
length of records in the input dataset. Due to such limitations, in the developed system it is
possible to use the classical Kohonen map only when ¢ =1 for each neural network m e M .

For to be able to maintain the system functionality while ¢ >1, it is necessary to apply some

modifications to classical Kohonen map.
In this work a heuristic, based on substituting the distance measure, is considered. We



propose substitution of a Euclidean distance measure with a measure based on Dynamic Time
Warping. Using DTW allows one to process time series with different duration. Classical
Dynamic Time Warping algorithm is described in [5, 6].
2.3. Decision Making Block

The Decision Making Block receives information from modules of Neural Block,
activated by input data. Let us specify the set of clusters in the neural network m, e M as

Cmi, le_ = {cl,cz,...,cj,...,cf} , and the set of neurons in the neural network m, e M as Nm[_,

N = {nl,nz,...,nk} . Neurons can be marked as clusters, but also may remain neutral in case

m

if a neuron was never a winning neuron. Due to it, the assumption ‘Cm‘ < ‘N m‘ will be correct.

Each signal sent from a neural module m, to Decision Making Block brings information
on the closest cluster ¢; in module m, for record R. This information gives a basis for a

decision about a link between record R and a target value p .

3. Main algorithm

This section contains a description of the main algorithm, executed in three steps -
System organisation; System testing and validation and Application of the system to the real
world problem.

3.1. System training

The initial phase of system training process is determination and setting of basic
system’s parameters: the number of neuron networks (modules) in the system, dimensionality
and topology of networks and the number of neuron connections in the networks.

The number of modules in a neural block, 7, is calculated heuristically. Given a policy
assuming uniform distribution of general load among the networks, formula (1) can be used to
calculate the number of modules in the system:

i
q

where g - each network’s individual load; |_ —‘ - symbol of rounding up.
After the number of modules, 7, is determined for each module m, , an interval of the
fixed length [lmm[, lmaX[J is set. The records of the fixed length,/ e [I J will be

processed by module m, . Given a uniform load distribution, formula (2) can be used.

min; > lmax[
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The number of neurons of each neural network is determined heuristically depending on
the task stated. The number of neuron connections in each network can be calculated using

formula (3) below.
lmin, +lmax,-
by =| e | 3)

3.1.1 Formation of self-learning neural networks

The algorithm for self-learning neural networks formation begins with initialisation of
synaptic weights of each neuron. Normally it is accomplished by assigning to the synaptic



weights small values produced by random number generator. When this kind of neural
network formation is employed, initially the network has no organization at all. Then the
following main processes are launched: Competition, Cooperation and Synaptic adaptation [1,
4].

According to the selected process of data input, Data Management Block forwards each
record R of the training set to the corresponding network m . Then the process of neuron
competition for the right to become the winning or best-matching neuron for the arrived
record begins. Discriminant function — the distance between the vector of the synaptic weights
and discrete time series — is calculated using the DTW algorithm. Thus the neuron with the
least total distance becomes the winner or best-matching neuron.

The winning neuron is located in the centre of the topological neighbourhood of co-
operating neurons. Let us define lateral distance between the winning neuron (i) and re-
excited neuron (j), as d;,. Topological neighbourhood 4, is symmetric with regard to the

point of maximum defined at d;, =0. The amplitude of the topological neighbourhood #,,

decreases monotonically with the increase of lateral distance d,, which is the necessary

Ji?
condition of neural network convergence [4]. To ensure the process of self-organisation, the
synaptic neuron weights has to change in accordance with the input data, i.e. adapt to the

input space. Let us assume that w; (n) is the vector of synaptic weights of neuron ;. In this

case, at time instant n+1 the renewed vector w, (n+1) is calculated by formula (4).

w; (n + 1) =w, (n) +77(n) . hj,i(R) (n)(A -w, (n)) , (4)
where 77 - learning rate parameter; A4 - discrete time series in record R .

Note how the difference between discrete time series and the vector of synaptic weights
is calculated in expression (4). When the load is g =1, that is when each neural network is
processing discrete time series with a certain fixed duration, and DTW is not used, the
difference between 4 and w;, (n) is calculated as the difference between vectors of different
length. In other cases when DTW is employed, the fact of time warping has to be taken into
account. For this purpose, it is necessary to fix in the memory a warping path on whose basis
the distance between the vector of synaptic weights of the winner neuron and discrete time
series was calculated. Thus the following information is becoming available: according to
which value of the discrete time series the corresponding synaptic weight of the neuron has to
be adjusted.

3.1.2 Cluster formation

As soon as the process of self-organising neural network training is finished, the process
of cluster formation begins. Each record R of the training set is passed to the system. The
same principle of data input (Online/Offline) is used as in organizing neural networks.

Algorithms for module m, and winner neuron nj determination fully coincide with those used
in network organization.
In parallel, for each neuron n/ these statistics are kept: records with which value of the

key parameter p have got to neuron n/ and how many times. Cluster ¢, is a neuron », that

at least once became the winner neuron during cluster formation.
Once the last record of the training set is processed, for each cluster

ceC,.,C, = {cl,cz,...,cf} a base value of the key parameter p~ is defined which will be

produced by the system as an output for record R that has got to the given cluster during
system testing.



The simplest way to determine the base value of the key parameter p~ for cluster ¢, is
to select value p = p' that has the highest frequency according to the previously collected
statistics for values p in cluster c,.

Situations might occur when a cluster has several possible values p'. As of today, in the
system developed by the authors, if the above situation occurs, the least by module value p'is

assumed as a base value of the key parameter. As applied to the task of product life cycle
phase transition period forecasting, it means that the value will be chosen that forecasts
transition in earlier period as compared to others. Also variants are possible, when out of
several p' the largest by module value p'is chosen or the value p'closest to the median of

distribution of values p fixed in the cluster.

3.2. System testing

To test the system, the same data input principle (Online/Offline) is used as in
organizing neural networks.

Two criteria are employed to evaluate the effectiveness of the system: Mean Absolute
Error — MAE) to evaluate the accuracy of the system and Logical Error to evaluate whether
decisions made by the system are logically correct.

The Mean Absolute Error (MAE) is calculated using formula (5)

k
Z|pi_’”|

MAEzHT,iz[I, 2,.... k], (5)

where k& — the number of records used for testing; p, — real value of the key parameter for

record i; r — the value of the key parameter forecasted by the system.

Logical error provides information about the logical potential of the system. To
calculate the logical error, it is necessary to define logically correct and logically incorrect
decisions. As applied to the task of forecasting product life cycle phase transition period,
logically correct and logically incorrect decisions could be described as follows:

1. Assume that record R, entering the system has a fixed duration of the discrete time
series Aequal to /, but the value of the key parameter - the period of product life
cycle phase transition period is, p = p,, where p, >/,. This statement means that a
real time of transition between the phases of the product life cycle has not come yet.
Accordingly, logically correct decision is to forecast transition period r,, where
r, >1,. Logically incorrect decision in this case will be if r, </,.

2. Assume that record R, that has entered the system has a fixed duration of the discrete
time series A4 equal to /, and the value of the key parameter - transition period of
product life cycle phase, p=p,, where p, <I,. This statement gives evidence that
real transition moment has already come. Accordingly, logically correct decision
could be forecasting transition period r,, where r, </,. In its turn, logically incorrect
decision will take place if r, > 1.

The statement that at », =/, transition has occurred can be considered correct as the
availability of data about some period in record R shows that the period is logically
completed and, consequently, the transition -if any was assumed in this period- is also
completed.

4. Experiments and results
This section shows an example of a practical realisation of the algorithms described in



the previous section and provides an analysis of the obtained experimental results. The system
is built using the Microsoft Visual Basic 2008 Express programming environment.

4.1. Data and description of experiments

The data used to organise and test the system contain a demand for different products
during the introduction phase plus one period of the maturity phase of the selected products.
For each product the “Introduction to Maturity” transition period is supplied. The supplied
dataset contains 199 discrete time series with minimal transition period equal to three

(I, =4) and maximal — in the 23 period (/. =24), giving |L| = 21. Since there is no data

available about the absolute maximum and minimum of a demand, the discrete time series
data was normalized using the Z-score normalization approach.

The main purpose of the experiments is to collect and analyse data about the changes of
the efficiency of the described multi-SOM system depending on the chosen neural network
load.

Neural network load ¢ varies in the interval from ¢ =1 to the maximal possible within
the selected dataset value, which is ¢ =21. The uniform distribution of the load among

modules of the system is chosen as load distribution policy. Parameters that were not changed
during the experiments are shown in Table (1)

Table 1
Static parameters of the neural networks
SOM Learning parameter SIGMA for Gaussian neighbourhood
Neurons Size Start | End Function Start End Function
25 5*5 0.9 | 0.01 Exponential 0.5 0.01 Exponential

The process of system training is limited by 100 cycles. Within this number of cycles
the system will not reach the state of complete or close to complete convergence.
Nevertheless, training the system within 100 cycles is sufficient for discovering tendencies of
system’s effectiveness changes depending on the selected load ¢ .

For each ¢ the system was run 10 times, each time being tested with the help of thelO

fold cross-validation method. Using the data collected, an average effectiveness of the system
at a certain load g was calculated.

4.2. Results

This subsection presents the results achieved and an analysis of the experimental data
collected. The experimental results are graphically displayed in Figures 2 and 3.

From the figures it can be seen that the variation of the mean absolute error with regard
to the network load is close to linear but is not such. In its turn, in the tendency of logical
error variation there can be observed a non-linearity. The highest accuracy of the system was
reached at ¢ =1, i.e. when each neural network was processing discrete time series of one
fixed duration. In the example described above, at ¢ =1 the number of neural networks
(modules) in the system is equal to the number of elements in the discrete set L, i.e.
|M | :|L| =21. With the increase of the number of elements L the number of modules will
grow in parallel and also the computational load. Such a tendency will inevitably lead to the
critical moment, when the system will grow and will turn economically unprofitable for the
user.

While analysing the obtained results in more detail, one can see that at certain values of
q ,say at g =4, the accuracy of the system is close to that at ¢ =1 (see Figure 2). This makes

it possible to conclude that neural network load ¢ can be increased by a certain value without



any essential losses in the system’s accuracy. The use of a single module for processing
discrete time series of different duration enables one to enlarge the number of elements in
discrete set L, upon reaching which the system will become economically unprofitable.

It should be noted that the determined values of ¢, at which the accuracy of the system

is close to that at g =1, depend on the training dataset used.
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Figure 2. Online results
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Figure 3. Offline results

5. Conclusions

In this paper a task of clustering time series of different duration is stated and a structure
of data mining system based on modular neural networks is shown. As a practical example of
the aforementioned task, the problem of forecasting product life cycle phase transition
moment was chosen. The results obtained make it possible to conclude that using the DTW
techniques in self-organising maps provides an option of processing time series of different
duration with a single neural network. Besides, by choosing appropriate load (¢) for the neural
module it is possible to lessen the size of the system with minimal loss in efficiency.

The system uses the time series with target marker as an input and presents to the user
the possible life cycle phase transition moment. The knowledge, describing in which phase
the product currently is, proves topical for practitioners of management of product life cycle.
Such knowledge helps in choosing between cyclic and non-cyclic supply chain managing
policies.

Possible direction of future research could be the treatment of life cycle phase transition
moment forecasting in the context of semi-supervised learning [8].
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Parsutins Sergejs, Aleksejeva Ludmila un Borisovs Arkadijs. Laika rindu analize ar modulveida neironu
tiklu palidzibu

Dotaja darba ir demonstréta modujveida neirontiklu sistémas struktira, kas Jauj apstradat atskiriga ilguma
diskrétas laika rindas. Par praktisko uzdevumu sistémas iespéju testésanai tika izveleta produkta dzives cikla
fazes mainisanas momenta prognozesanas probléma. Galvenais darba mérkis ir atSkiriga ilguma diskréto laika
rindu apstrades iespejas ar vienu neironu tiklu — vienu sistémas modufi, pétiSana. Darba tika veikti eksperimenti
ar mérki izpetit sistemas efektivitates izmainas atkariba no atskiriga ilguma laika rindu skaita, kuru apstrada
atsevisks neirontikls. Minétais parametrs tika mainits sakot ar gadijumu, kad katrs neirontikls apstrada laika
rindas ar vienu noteikto ilgumu, un palielinajas lidz bridim, kad sistema tika izveidots tikai viens neirontikls, kas
apstradaja visas apmacibas kopa pieejamas laika rindas. Péc iegiitiem rezultatiem var secinat, ka atkariba no
sistemas apmacibai izmantojamas datu kopas ir iespejams noteikt laika rindu ilguma intervalu katram sistemas
neirontiklu modulim, kas laus sistemai funkcionét ar pienemamo efektivitati, salidzinot ar gadijumu, kad katrs
sistémas modulis ir spéjigs apstradat tikai viena ilguma diskrétas laika rindas.

Parshutin Serge, Aleksejeva Ludmila and Borisov Arkady. Time series analysis with modular neural
networks

This work demonstrates the structure of the modular neural network based system for processing discrete time
series of different duration. As a practical task for analysing and testing the system, the task of forecasting the
product life cycle phase transition moment was chosen. The goal of this paper is to investigate the possibility of
processing discrete time series of various durations by a single neural network — by a single neural module in
the system. The work presents the experiments aimed at an investigation of system efficiency changes with
regard to the number of time series of different durations each neural module can handle. The experimental
results gained make it possible to conclude that depending on the chosen learning set it is possible to specify the
interval of time series duration values for each neural module in the system, allowing the system to function on
an appropriate level of efficiency comparing to the case when each module processes single time series duration
value.

Mapmytun Cepreii, AJjekceeBa Jlwamuiaa u bopucoB Apkanmii. AHajau3 BpeMEHHBIX PSAOB ¢
npuMeHeHHeM MOAYJILHBIX HeHPOHHBIX ceTeil

B paccmampueaemoii pabome npeocmasnena cmpykmypa cucmemyvl Had 0CHO8e MOOYIbHbIX HEUPOHHLIX cemel,
nossoasioueli 06pabamvléams 8pemennble psiobl PA3IUYHOU OrumenbHocmu. B kauecmee npaxmuueckoil 3a0auu
0711 anpoouposanus cucmemsvl UCHONL30BAHA 3A0A4A NPOSCHOZUPOBAHUS MOMEHMA CMeHbl Pa3bl HCUSHEHHO2O0
yuxna npooykma. OCHOBHOU yenvlo pabomvl AGIAEMCA UZVUEHUE BO3MONCHOCU 00pabOmMKU OUCKPEMHBIX
BDEMEHHBIX PAO0G PAZIULHOU OIUMENLHOCIU C NOMOWBIO 0OHOU HEUPOHHOU cemu — 00HO20 MOOYIIsL 8 CUCEME.



B pamxax pabomwi npoeedenvi sKCnepumenmvl NO UYYEHUIO UBMEHEHUs IdekmusHocmu cucmemvl 6
3a6UCUMOCIU  OM  KOAUYECBA BPEMEHHLIX pPAO08 PA3IUYHOU ONUMENIbHOCMU, 00pabamvléaemvlx O0OHOU
Heliponnou cemvio. Ilo pe3yrbmamam 35KCNEPUMEHMOE CMAHOBUMCSL GOZMONCHbIM 3AKIIOYUMb, YMO 8
3a6UCUMOCIU  OM  UCHOJIb308AHHOU Olisl 0OVYeHUsl CUCMEMbl 6blOOPKU B03MOJICHO BblOCIeHUEe UHMEPEALd
OnumenbHocmel OUCKPEMHO20 BPEMEHH020 Psaoda OJisl Kaico020 MO0V, NO360JAI0We20 Cucmeme CoXpausamo
aghghekmusHoCcmys HA NPUEMIEMOM YPOBHE NO CPABHEHUIO C BAPUAHMOM, K020Ad KAXNCObIU MOOYIb CHOCOOEH
obpabamvieams epemeHible psidvl OOHOU ONUMETbHOCIU.



