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Abstract

The paper presents an application of dynamic self-organizing neural
networks (introduced by the same authors) to clustering of complex,
multidimensional measurement-type data using as an example the so-
called Synthetic Control Chart Time Series available at WWW server of
the Department of Information and Computer Science, the University of
California at Irvine. Moreover, after deactivation of some of the
mechanisms governing the operation of the proposed networks they
become efficient tools for signal and data filtering. The filtering of
Equiptemp measurement data set available from Time Series Library by
means of the proposed networks is also briefly presented.

Keywords: computational intelligence, self-organizing neural networks,
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Grupowanie i filtracja danych pomiarowych
z wykorzystaniem dynamicznych,
samoorganizujacych sie sieci neuronowych

Streszczenie

Artykut prezentuje zastosowanie tzw. dynamicznych samoorganizujacych
si¢ sieci neuronowych (zaproponowanych przez autoréw tej pracy) do
grupowania ztozonych, wielowymiarowych danych pomiarowych na
przyktadzie zbioru danych Synthetic Control Chart Time Series
dostepnego na serwerze WWW Uniwersytetu Kalifornijskiego w Irvine
(Department of Information and Computer Science). Proponowane sieci,
w trakcie procesu uczenia, s3 w stanie dzieli¢ swoje fancuchy neuronéw na
podtancuchy, ponownie taczy¢ wybrane podiancuchy ze soba oraz
dynamicznie zmienia¢ catkowita liczb¢ neuronow sieci. Cechy te
umozliwiaja im jak najlepsze dopasowanie si¢ do nieznanych z gory
struktur “zakodowanych” w danych. Funkcjonowanie proponowanych
sieci zilustrowano najpierw na przykladzie zlozonego zbioru danych
dwuwymiarowych typu dwoéch spiral. Po wylaczeniu pewnych
mechanizméw rzadzacych funkcjonowaniem proponowanych sieci staja
si¢ one rowniez efektywnymi narzedziami filtracji sygnatow. Przyktady
filtracji danych pomiarowych zawartych w zbiorze Equiptemp
pochodzacym z tzw. Time Series Library sa roéwniez przedstawione
w artykule.

Stowa kluczowe: inteligencja obliczeniowa, samoorganizujace si¢ sieci
neuronowe, grupowanie, filtracja, dane pomiarowe.

1. Introduction

Data clustering or cluster analysis consists in partitioning
a given set of data (observations) into clusters (classes, groups,
subsets) so that the elements of each cluster are as “similar” as
possible to each other and as “dissimilar” as possible from those
of the other clusters. Clustering is usually performed without
having any supervisory information regarding the data and, in
particular, without knowing in advance the number of clusters in
the data set. Efficient clustering techniques provide powerful tools
for a high-level intelligent analysis of complex, multidimensional

data (including measurement data) and the knowledge discovery in
data sets by revealing — in an automatic way — previously hidden,
“natural” structures (major trends, patterns, decision mechanisms,
etc.) in them in order to support the user in better understanding of
the data and thus in making more sensible decisions.

This paper presents an application of dynamic self-organizing
neural networks (introduced by the same authors in [3, 4, 5] and
some earlier papers such as [1, 2]) to clustering of complex,
multidimensional measurement-type data. First, the dynamic self-
organizing neural networks are briefly presented. In the course of
learning, they are able to disconnect their neuron chains, to
reconnect some of the sub-chains again, and to dynamically adjust
the overall number of neurons in the system. All these features
enable them to fit in the best way the structures “encoded” in data
sets in order to display them to the user. The operation of the
proposed clustering technique has been illustrated by means of
exemplary two-dimensional complex data set. Then, this
technique has been applied to clustering of selected complex and
multidimensional measurement-type data set (the so-called
Synthetic Control Chart Time Series) available at WWW server of
the Department of Information and Computer Science, the
University of California at Irvine [7]. Moreover, after deactivation
of some of the mechanisms governing the operation of the
proposed networks they become efficient tools for signal and data
filtering. The filtering of Equiptemp measurement data set
available from Time Series Library [6] by means of the proposed
networks is also briefly presented.

2. Dynamic self-organizing neural networks
for data clustering [3, 4, 5]

A dynamic self-organizing neural network is a generalization of
the conventional self-organizing neural network with one-
dimensional neighbourhood. Consider the latter case of the
network that has » inputs x;, x,,..., X, and consists of m neurons

arranged in a chain; their outputs are y;, ¥;..., »,, where

Yy :Zlewﬁx,-, Jj=12,.,m and wj are weights connecting
the output of j-th neuron with i-th input of the network. Using

: T T
vector notation (x =(xy,x5,...,X,) , wj:(wﬂ,wjz,...,wjn) ),

yj :ij-x. The learning data consists of L input vectors x;

(I=12,...,L) . The first stage of any Winner-Takes-Most (WTM)

learning algorithm that can be applied to the considered network,
consists in determining the neuron j, winning in the competition

of neurons when learning vector x; is presented to the network.

Assuming the normalization of learning vectors, the winning
neuron j, is selected such that
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d(xl,wjx):i:mh}' md(x,,wj), (1)
where d(x,,wj) is a distance measure between x; and w;;
throughout this paper, the Euclidean distance measure will be

applied:

d(xp,w;)=llx; —w; =

2

The WTM learning rule can be formulated as follows:
wi(k+1)=w; (k) + 7, (N, Lk —w ()], (3)

where £ is the iteration number, 77;(k) is the learning coefficient,

and N(Jj,j,.k) is the neighbourhood function. In this paper, the
Gaussian-type neighbourhood function will be used:

G-ix)?

2
NG jyk)=e 20 @)

where A(k) is the “radius” of neighbourhood (the width of the

Gaussian “bell”).

The generalization of the above-presented conventional self-
organizing neural network with one-dimensional neighbourhood
to the dynamic network consists in introducing mechanisms that
allow the network:

a) to automatically adjust the number of neuron in its neuron chain
(by removing low-active neurons from the chain and adding
new neurons in the areas of high-active neurons in the chain),

b)to automatically disconnect its neuron chain, as well as to
reconnect some of the sub-chains again if required.

These two features enable the dynamic self-organizing neural
network to fit in the best way the structures that are “encoded” in
data sets in order to display them to the user. These features are
implemented by activating (under some conditions) — after each
learning epoch — five successive operations:

1) the removal of single, low-active neurons,

2) the disconnection of the neuron chain,

3) the removal of short neuron sub-chains,

4)the insertion of additional neurons into the neighbourhood of
high-active neurons, and

5) the reconnection of two selected sub-chains of neurons.

The operations nos. 1, 3, and 4 are the components of the
mechanism for automatic adjustment of the number of neurons in
the chain, whereas the operations nos. 2 and 5 govern the
disconnection and reconnection mechanisms, respectively. Based
on experimental investigations, conditions have been formulated
under which particular operations are activated. Unfortunately,
due to a limited space for this publication, we are not able to
present them here; the details can be found in [3] and [5].

After the completion of the learning process, the neural chain
(composed of sub-chains) determines a kind of “route” in the data
space revealing the distribution of clusters in the data space. An
analysis of this route (by determining the so-called histogram of
nearness between neighbouring neurons along the neuron chain)
provides the user with an image — on the plane — of the cluster
distribution in the considered multidimensional data set. First, the

histogram of distances H}ﬁ” between two neighbouring neurons

nos. j and j+1 along the neuron chain (j=12,..,m-1,
m —number of neurons in the chain) is determined as follows

H{™ =d(w;w;1)=d; ., (5)
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where d is the Euclidean distance measure as in (2). Then, the

corresponding histogram of nearness H7*“" is calculated

HP =( max  H™)-H"" =( max diis)=dj 1 (6)

i=1,2,...,m-1 i=1,2,...,m—

The higher the bars of the nearness histogram are, the closer the
corresponding neurons are situated and thus, the data they
represent belong to more compact clusters.

Fig. 1 shows the performance of the dynamic self-organizing
neural network applied to the synthetic data set presented in
Fig.1a. The data set contains clusters in the form of two spirals
“wound” on each other (the two-spiral data are often used as
benchmark data for testing different clustering techniques).
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Fig. 1. Two-spiral data set (a) and the “route” in it in learning epochs: b) no. 3,
¢) no. 20, and d) no. 100 (end of learning), as well as the plots of the
number of neurons (e) and the number of sub-chains (f) vs. epoch number,
and the envelope of nearness histogram for the final route of Fig. 1d (g)
Rys. 1. Zbior danych typu dwoch spiral (a) oraz wyznaczona w nim “droga”
w epokach uczenia: b) nr 3, ¢) nr 20 i d) nr 100 (zakonczenie uczenia),
jak rowniez wykresy liczby neurondw (e) i liczby podtancuchow (f)
w kolejnych epokach uczenia oraz obwiednia histogramu bliskosci dla
koncowej drogi z rys. 1d (g)
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As the learning progresses, the dynamic neural system modifies the
route (represented by the neuron chain) in the data set (see Figs. 1b,
Ic, and 1d for epoch nos. 3, 20, and 100 (end of learning)) to finally
detect two clusters. In order to achieve this goal the system:

a) automatically adjusts the number of neurons in the network
(starting from arbitrarily chosen 10 neurons and finally
stabilizing on 206 neurons),

b) automatically adjusts the number of sub-chains of the network
(equal to the number of clusters) finally stabilizing on 2 sub-chains.
As it can be seen in Fig. 1g (the envelope of nearness histogram

for the route of Fig. 1d), the proposed clustering technique
provides correct, clear and easily-verified image of the cluster
distribution in the problem under consideration. The plot of Fig. 1g
confirms the occurrence of two clusters with distinct boundary
between them (indicated by minimum on that plot).

3. Application to clustering of complex time
series measurement data

The dynamic self-organizing neural network will now be applied
to the clustering of complex and multidimensional measurement-
type data set (the so-called Synthetic Control Chart Time Series)
available at WWW server of the Department of Information and
Computer Science, the University of California at Irvine [7].

The number of classes (equal to 6: Normal, Cyclic, Increasing
trend, Decreasing trend, Upward shift and Downward shift) and
the class assignments are known here, which allows us for direct
verification of the results obtained. Obviously, the knowledge
about the class assignments by no means will be used by the
clustering system (it works in a fully unsupervised way). The data
set contains 600 records (100 records for each of six classes); each
record is described by as many as 60 attributes (data samples, that
is, numerical values of a given parameter over time). Fig. 2 shows
the plots of exemplary time series (ten records from each class)
included in the data set.
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Fig. 2. The plots of exemplary time series included in the data set (ten records from
each class: Normal (a), Cyclic (b), Increasing Trend (c), Upward Shift (d),
Decreasing Trend (¢), Downward Shift (f))

Rys. 2. Przyktadowe przebiegi czasowe zawarte w zbiorze danych (dziesigé
przebiegow z kazdej klasy: Normal (a), Cyclic (b), Increasing Trend (c),
Upward Shift (d), Decreasing Trend (e), Downward Shifi (f))

Figs. 3 and 4 present the performance of the proposed clustering
technique in the considered data set. As the learning progresses,
the neural system adjusts the overall number of neurons in its
network (Fig. 3a) that finally is equal to 101 as well as the number
of sub-chains (Fig. 3b) finally achieving the value equal to 6. The
number of sub-chains is equal to the number of clusters detected
in a given data set.
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Fig. 3. The plots of the number of neurons (a) and the number of sub-chains (b)
vs. epoch number for the Synthetic Control Chart Time Series data set

Rys. 3. Wykresy liczby neuronow (a) i liczby podtancuchéw (b) w kolejnych
epokach uczenia dla zbioru danych Synthetic Control Chart Time Series

The envelope of the nearness histogram for the route in the
attribute space of the considered data set (Fig. 4) reveals perfectly
clear image of the cluster distribution in it, including the number
of clusters and the cluster boundaries (indicated by 5 local minima
on the plot of Fig. 4). After performing the so-called calibration of
the final neural network, class labels can be assigned to particular
sub-chains of the network as shown in Fig. 4. The neuron sub-
chain representing the cluster Upward shift contains neurons nos.
1 to 21, the cluster Cyclic — neurons nos. 22 — 37, the cluster
Decreasing trend — neurons nos. 38 — 62, the cluster Increasing
trend — neurons nos. 63 — 76, the cluster Normal — neurons nos. 77
— 94, and the cluster Downward shift — neurons nos. 95 — 101.
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Fig. 4. The envelope of nearness histogram for the final route (final neuron chain)
in the attribute space of the Synthetic Control Chart Time Series data set

Rys. 4. Obwiednia histogramu bliskosci dla koncowej drogi (koficowego taficucha
neuronéw) w przestrzeni atrybutow zbioru danych Synthetic Control Chart
Time Series

Since the number of classes and the class assignments are
known in the original data set, direct verification of the obtained
result is also possible. Numerical results of clustering have been
collected in Table 1.

Tab. 1. Clustering results of the Synthetic Control Chart Time Series data set
Tab. 1.  Wyniki grupowania zbioru danych Synthetic Control Chart Time Series

Number of decisions Number | Number | Percenta

Class for sub-chain labelled”: of of ge of

label correct wrong correct

N C It Us | Dt | Ds | decision | decision | decision

S S S

Normal 100l o lo|lo| oo 100 0 100%

Cyclic 0 |100] 0] 0] o0]o0 100 0 100%

Increasing | | o | 74 | 26 | 0 | 0 74 26 74%
trend

Upward 0| oo 1w0|lo]o 100 0 100%
shift

Decreasing | o | o | o | o |100] 0 100 0 100%
trend

Downward | 1o | g | o | 58|42 9 58 42%
shift

ALL 100 | 100 | 74 | 126 | 158 | 42 | 516 84 86%

- O N=Normal, C=Cyclic, It=Increasing trend, Us=Upward shift, Dt=Decreasing
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The average percentage of correct decisions, equal to 86%,
regarding the class assignments is very high, especially that it has
been achieved by the unsupervised-learning system (working
without any prior information on the number of clusters in the data
set) and operating on complex and multidimensional data set.
Moreover, it is worth emphasizing that the system provides
100%(!) correct decisions for four out of six classes. Only some
data of Increasing trend class are misclassified as Upward shift
data and some data of Downward shift class are misclassified as
Decreasing trend data. However, the plots in both pairs of trends
are very similar to each other (see Figs. 2cd and Figs. 2ef) and
distinguishing them may pose a challenge even for humans.

4. Signal filtering by means of dynamic self-
organizing neural networks — an outline

After deactivation of the mechanisms governing the
disconnection of the neuron chain and the reconnection of some of
the sub-chains again (that is, the operations nos. 2, 3 and 5) the
dynamic self-organizing neural networks become an efficient tool
for signal filtering. Moreover, by regulating the remaining
mechanisms governing the removal of low-active neurons and the
insertion of new neurons, that is, the mechanisms determining the
length of the neuron chain it is also possible to regulate the “level”
of signal filtering.
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Fig. 5. Equiptemp data set (samples from no. 600 to no. 1830) before filtering
(dotted line) and after filtering (continuous line) for the number of neurons
in the network equal to 2595 (a), 1322 (b), and 849 (c)

Rys. 5. Dane Equiptemp (probki od nr 600 do nr 1830) przed filtracja (linia
przerywana) i po filtracji (linia ciggta) dla liczby neuronow sieci rownej
2595 (a), 1322 (b) oraz 849 (c)

The test of the dynamic self-organizing neural networks as signal
filtering tools will be briefly presented with the use of Equiptemp
data set, available in Time Series Library [6]. Data set contains 4325
measurement samples — offset equipment temperature (degrees
Celsius, equipment used for radioactive measurement) observed

every 10 minutes for one month (July 2006). Fig. 5 presents — for
better readability — only the samples from no. 600 to no. 1830
before filtering (dotted line) and after filtering (solid line) for
different setting of the mechanisms governing the length of the
neuron chain. It can be seen that the longer the neuron chain (the
closer the number of neurons in the chain to the number of data
samples) the lower “level” of signal filtering).

5. Conclusions

The applications of the dynamic self-organizing neural
networks with one-dimensional neighbourhood (introduced by
the same authors in [3, 4, 5]) to clustering of complex,
multidimensional measurement-type data sets and — after some
modifications — to signal filtering have been presented in this
paper. The proposed networks in the course of learning are able to
disconnect their neuron chains into sub-chains and to reconnect
some of the sub-chains again as well as to dynamically adjust the
overall number of neurons in the system. These features enable
them to fit in the best way the structures “encoded” in data sets
without any prior information regarding the data. The proposed
technique has been applied to clustering of complex and
multidimensional measurement-type data set (the so-called
Synthetic Control Chart Time Series) available at WWW server of
the Department of Information and Computer Science, the
University of California at Irvine [7]. Moreover, the filtering of
Equiptemp measurement data set available from Time Series
Library [6] by means of the proposed networks has also been
briefly presented.

Taking into account the results that have been reported in this
paper, it is clear that the proposed dynamic self-organizing neural
networks are powerful tools for clustering of complex,
multidimensional measurement-type data sets as well as for signal
filtering.
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