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Abstract

In this paper, a new mSom neural network methodology has been developed and applied to improve the classification of odour classes
sensed by a multisensor system as an electronic nose subjected to drift.

The mSom network proved to be a suitable technique to recognise the response patterns of a chemical sensor array for its means
of counteracting the parameter drift problem. This neural architecture involves the use of multiple self-organising maps. Each map
approximates the statistical distribution of a single odour set and it is able to adapt itself to changes of input probability distribution due to
drift effects by means of repetitive self-training processes based on its experience.

The new mSom algorithm proposed here allows to carry out autonomously the needed retraining processes once the input probability
distribution changes. At this aim, the analysis of the function dependent on the Euclidean distance between the input data vectors and map
codebook vectors is performed also with the use of smoothing filters during the network testing phase (network performance).
© 2003 Elsevier B.V. All rights reserved.

Keywords: mSom neural network; Odour classes; Electronic nose

1. Introduction

Electronic nose is an artificial olfactory system capable of
detecting and recognising a wide spectrum of odour patterns
[1]. Its performances mimic some aspects of the biological
olfactory system[2]; the system is based on an array of
non-specific gas sensors suitable to respond to a broad range
of compounds and the application of an appropriate pattern
recognition technique on the sensor output pattern gives the
odour classification.

An important topic of research on electronic nose devel-
opment seeks to improve the performance of the pattern
recognition system. At the moment there is an increasing
interest in the methods based on self-organising neural net-
works [5,6] and adaptive resonance theory for their ability
of processing non-stationary sources of data such as sensor
output subjected to drift effects[3,4].

The Kohonen self-organising map (SOM) is an artificial
neural network model widely applied to classify data of
multisensor system[7,8]. The self-organising map belongs
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to the category of competitive learning methods with un-
surpervised learning rules. It performs a topology preserving
projection of the data space onto a regular two-dimensional
space where similar samples are located together. However,
the basic self-organising map has poor tracking capabili-
ties when dealing with changing probability density of data.
Using the complete knowledge of odours stored in a sin-
gle self-organising map has the drawback of moving all the
codebook vectors towards the new input probability distri-
bution. This means that when the same odour is presented
in the long run, all codebooks are moved towards the cluster
that represents the current input, and even to others associ-
ated to different odours. Thus other codebooks (related to
different odour classes) become closer to the current one,
destroying the historic knowledge base and making the sys-
tem unstable for the task at hand.

This problem has been solved by using an architecture
based on multiple SOMs, each associated to a single odour to
be recognised[9]. This network adapts itself to new changes
of the input probability distribution by means of repetitive
self-training processes. Once each map self-organises its
codebook vectors, it refines them by using a learning vector
quantisation algorithm in order to reduce the high uncer-
tainty accumulated at the borders of two or more different
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clusters (in this case the boundaries of the maps). The
self-training processes are carried out in an autonomous
fashion during the testing phase to track odour patterns with
changing statistical distributions. The idea of self-training
processes in the literature has already been explored in the
context of pattern categorisation in visual attention control
mechanism in robotics, where MPL and SOM were used to
accommodate new unfamiliar patterns[10,11]. The mSom
network makes use of local memories storing recognised
odour patterns for successive self-training mechanisms
and for discovery of eventual input distribution probability
changes. This work proposes an approach where the net-
work starts the needed retraining processes on time based
on the behaviour of the functional average quantisation er-
ror computed in each local memory of a single map. The
use of smoothing filters as the Savitzky–Golay and discrete
wavelet transform on this function allows to cut off the
frequency components which do not influence its behaviour.

2. Electronic nose

An electronic nose incorporates an array of chemical sen-
sors, whose response constitutes an odour pattern. A sin-
gle sensor in the array should not be highly specific in its
responses but it should respond to a broad range of com-
pounds, such that different patterns are expected to be related
to different odours. A chemical sensor consists of a chemi-
cal sensitive layer and a transducer. The chemical sensitive
material captures the interaction with the analyte molecules
present in the environment and generates a physical change
which is sensed by the transducer that converts the signal
into an analogue electrical output. In an array of chemical
sensors a pattern can be acquired and processed as shown
in Fig. 1. Let us consider a simple odour (pure gas) or a
complex one represented as a concentration vector of the
jth odour classcj(t) = (c1j, c2j, . . . , cpj), wherep ≥ 1 is
the number of odorant components. The first stage of the
description of the system is the impact of the odour with
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Fig. 1. An intelligent artificial olfactory system.
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Fig. 2. Characteristic response of a chemical gas sensor.

the sensor surfaces. The signal generated by the sensor ma-
terial is then converted into an electrical signal and then
conditioned. Next the converted signal is fed into a signal
processor which converts the analogue signal into a digital
one,Rj. A typical gas sensor response is shown inFig. 10
(ideal case), where the sensor is exposed to a certain odor-
ant j with a certain concentrationcj(t). The valueR0, called
baseline, is referred to the value of the referring gas injected
into the vial before injecting the sample odorant for which
the response changes until reaching the saturation valueRs.
Usually the rise timeτr and the decay timeτd are different.
However, the output signalRj(t) is subjected to divergence
from the ideal case by interfering signals. There are several
interfering inputs, the most common being changes in tem-
perature and relative humidity of odours (Fig. 2).
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A most important consideration for the successful op-
eration of an odour sensor is its long-term stability, i.e.
how its baselineR0 and steady-state responseRs vary with
time. Drift effects are usually apparent in the behaviour of
odour sensors giving an unstable signal over time. Drift is a
dynamical process, caused by physical changes in the sen-
sors and the chemical background. It is in general a slow
change in sensitivity that occur in time due to ageing, slow
morphological aspects of sensor material, poisoning, etc.
Drift could be both reversible (e.g. condensation of vapour
on the sensors) and irreversible (e.g. ageing that causes the
pattern recognition system to be very short-lived). The drift
effect leads to the fact that the same gas mixture will not
give one well defined pattern. If no drift correction of the
sensor signals is made, the model will have a continuous
need for re-calibration. Since the training phase of the pat-
tern recognition model should reflect the variance of the
populations, many of samples are necessary. In real appli-
cation processes, the samples may be very expensive to
acquire, which makes it unlikely to re-calibrate the pattern
recognition model very often.

Attempts for drift reduction have been made by using a
reference gas as a reference value and then correcting all sub-
sequent readings accordingly[12,13]. Component correction
[14] is a new method using one or more reference gases.
This linear method is based on PCA and PLS algorithms and
removes the drift direction calculated from measurements
of a reference gas. Fundamental studies of the mathematical
properties of the drift effects have been studied by Davide
et al.[15]. This group has also developed successful pattern
recognition models based on system identification theories
[5,16]. These models do not require the use of a reference
gas. The array response vectorRj may be preprocessed in
order to either help the discrimination process by reducing
the signal noise parametrically or simply as a specific re-
quirement for the input to a pattern recognition technique.
Several methods have been applied as feature extraction of
the sensor response. As example, in the work presented in
this paper, the principal component analysis is carried out as
a low pass filter in order to reduce noise in the signal keep-
ing components corresponding to the first three eigenvectors
that capture most of the variance contained in the data set.

3. SOM

The principal goal of the self-organising map (SOM) is to
transform an incoming signal pattern of arbitrary dimension
into a two-dimensional discrete map, and to perform this
transformation adaptively in a topological ordered manner.
The embedded competition paradigm for data clustering is
done by imposing neighbourhood constraint on the output
units, such that a certain topological property in the input
data is reflected in the output’s unit weights.

An SOM is a network formed byN neurons arranged as
the nodes of a planar grid. Each neuron is localised by a vec-

tor r, whose components are the node coordinates in the grid.
The neurons are logic elements with two possible states;
they havem inputs (vectorx) and one output. An input is a
real-valued vector, whereas the output is either active (value
1) or inactive (value 0). Every single neuron is characterised
by an m-component codebook vectormr which represents
the neuron in the input space. At each input, the codebook
vectors of neurons are modified by learning algorithm (the
Kohonen algorithm) in order to construct the whole set of
codebook vectorsmr of the grid as a discrete approximation
of all thez vectors supplied. The Euclidean distance is con-
sidered as a measure of similarity (respectively dissimilarity)
and the winning neuron is the one with the largest activation
(respectively the codebook vector closest to the input vector
x). The updating procedure takes into account the neighbour-
hood function, in order to self-organise the network around
the winner neuron. Inter-neuron connections assure lateral
plasticity to preserve the topology of the map. The Kohonen
algorithm can be summarised as follows:

1. Initialise randomly all the codebook vectorsmr for all r.
2. Given an input vectorx find the winnerc as follows:

‖x−mc‖ = min{‖x−mr‖} (1)

3. Adapt the neurons as follows:

mr(t + 1) = mr(r)+ αhcr(t)[x(t)−mr(t)] (2)

wherehcr(t) is the so-called neighbourhood function or
kernel defined as example:

hcr(t) = exp

(
−‖kc − kr‖2

2σ2(t)

)
(3)

where kc, kr ∈ R defines the position in the grid of
the winning neuronc and of a neighbouring neuronr,
respectively. The functionhcr(t) defines an area around
the c winner neuron involving those neurons participat-
ing in the adaptation stage. The parametersσ(t), α(t)
are, respectively, the width of the kernel and the learning
rate parameter. In order to ensure the convergence these
parameters are decreasing monotonically functions over
time during the learning process.

4. mSom

A labelling phase follows the unsupervised phase, in or-
der to classify data based on the Euclidean distance. How-
ever, in the context of electronic nose measurements a single
map often rapidly becomes useless due to drift. If a neuron
is not often (or never) activated, it would not map the new
probability density of the door. In other words, if a clus-
ter moves to a new position, it is not obvious that all the
neurons belonging to that cluster will be updated simultane-
ously. This behaviour could give rise to confusion since in
the middle of a cluster there could be a neuron that belongs
to another cluster and it has not been activated for a very
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Fig. 3. mSom architecture.

long time. For this reason, we developed a system of mul-
tiple self-organised maps that enables a self-adjusting pro-
cess to all the neurons in each local map and autonomous
adaptation to new situations. Our approach preserves the
self-organisation paradigm by considering as many maps as
the various odour classes which are taken into consideration
to accomplish the classification task. The novelty in this ar-
chitecture is the possibility of adjustment of the individual
maps overtime to be able to predict gas measurements which
have suffered from drift.Fig. 3 shows the mSom neural ar-
chitecture. The processing is mainly made in two phases:
training and testing with self-training.

In the initial training phase, each map is trained with
observations belonging to the same odour, i.e. preprocessed1

measurement vectorsx.
Once the maps are self-organised a refining process is

performed to reduce the high uncertainty accumulated at the
borders of two or more different clusters (in this case the
boundaries of the maps). The refining process is discussed
in the next section and is based on the well known learning
vector quantisation (LVQ) algorithm[17,18]. At the end of
this two stages of training (SOM+ LVQ), the maximum
quantisation error for each map is found (maxx∈Mj qerr),
based on the initially presented data given by a teacher and
then stored into local memoriesMj for j = 1, . . . , m.

Now the post-training phase (commonly called testing
phase) can take place where autonomous classification is
carried out. The testing phase is not driven by a normal
teacher but is completely autonomous and is based on the
past history of each map that is contained in local memories.
Local memories are simply used to store a certain number
of recognised patterns needed for the retraining process and
to control the input probability distribution by means of the
quantisation error. They have a fixed dimension and work as
a chain containing a certain number of recognised patterns
which occurred in a certain period of time.

At a certain time stept a preprocessed measurement vec-
tor x is presented to the network. The Euclidean distance

1 The preprocessing is carried out by extracting the first useful principal
components over the training set composed of vectorsxj(t) where j =
1, . . . , m represents the odor class.

measure is computed over all neurons of the maps and the
winner map (the one with the minimum distance) is consid-
ered as the estimated recognised door.

The quantisation error for each map is defined by the Eu-
clidean distance and is computed as the average of the dis-
tances between all data vectors and the neurons (codebooks)
of each map.

Each unknown vectorx, presented to the network and
recognised with the winning mapj by the nearest neuronc,
is stored in the corresponding local memoryMj if and only
if

‖x− wjc‖ ≤ max
x∈Mj

qerr (last training). (4)

After a certain number of unknown preprocessed vector pre-
sentationsx, if the data are subjected to drift, the distribution
of data stored in local memories changes and a self-training
process is needed to re-adapt the network to reflect the new
door distribution. In this case, the network adapts the neu-
rons (self-training) to the current data probability distribu-
tion represented by the content of local memories where last
recognised data are stored that reflect the current data sit-
uation. The objective function to be reduced for each map
j = 1, . . . , m is the average quantisation error computed
both at every presentation and at the end of each self-training
process. It is defined as follows:

(qerr)
(j)
ave(t) = mean

x∈Mj(t)

∑
w∈Mapj(t)

∑
x∈Mj(t)

‖x− w‖2. (5)

This value always gives information about the input proba-
bility distribution partially represented in the local memories
of the jth map (forj = 1, . . . , m, wherem is the number of
maps used in the network), in order to check for enabling a
new retraining process.

5. The refining process: LVQ

Learning vector quantisation (LVQ) is a supervised learn-
ing method based on areward–punishment scheme with the
aim of improving the quality of the decision surface. Once
the maps have been organised in order to approach the in-
put probability distribution, the LVQ algorithm is applied.
LVQ is a useful method to refine clusters and to reduce the
area in between two or more clusters in which highest un-
certainty is present. This area is also known asBayesian
borders. The idea behind LVQ is that a data vector ‘x’ 2 is
presented to the maps where competitions in each map takes
place for “the winner neuron selection”. Then the second

2 Note that in mSom vectorx belongs initially to the training set, then
during the hybrid phase of testing and self-training is one of those stored
into local memories as shown inFig. 3. The reason is that LVQ needs
labeled vectors to apply supervised learning and this can be accomplished
by labeling each unknown presented vector after recognition with the
label of the winning map.
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competition process selects the nearest map to the input vec-
tor x based on the selected winners. If the label of the input
vector x agrees with the label of the winning mapj, then
the corresponding winner neuronwjc is moved in the direc-
tion of the input vector. If, on the other hand, the class label
of the input vectorx and the label of the winning map ‘j’
disagree, the winner neuronwjc is moved away from the in-
put vector. We have described an adapted version applied to
multimaps respect to the first version of the learning vector
quantisation algorithm referred to as LVQ1 by Kohonen[18]
since two improved versions (LVQ2 and LVQ3) have been
introduced.

In the other versions, two codebook vectorsw(·)c andw(·)i
of a certain map ‘(·)’ that are the nearest neighbours tox are
now updated simultaneously. The input vectorx must fall
into a zone called a “window” defined by a midplane ofwc
andwi. Assuming thatdc anddi are the Euclidean distances
of x fromwc andwi, respectively, thenx is said to fall into a
window of relative widths if min(dc/di, di/dc) > t, where
t = (1 − s)/(1 + s).

In mSom, the refining process is carried out by using all
the data stored in local memories which updates neurons in
one of the two cases described below. Thus for each map
Mapj with j = 1, . . . , m, each vectorx ∈ Mj stored in the
corresponding local memoryMj, is taken to find the winner

neuronw(j)c and the second winnerw(·)i in order to update
the codebooks in one of the two following cases:

• if x, w(j)c , w(·)i belong to the same map (same door class)
but fall into the “window”:

w(j)c (t + 1) = w(j)c (t)+ ελ(t)[x− w(j)c (t)],

w
(·)
i (t + 1) = w

(·)
i (t)+ ελ(t)[x− w

(·)
i (t)] (6)

else, only the winnerw(j)c is updated.
• if x andw(j)c belong to the same mapj, while x andw(·)i

(the second nearest) belong to different classes (different
odours) then:

w(j)c (t + 1) = w(j)c (t)+ λ(t)[x− w(j)c (t)],

w
(·)
i (t + 1) = w

(·)
i (t)− λ(t)[x− w

(·)
i (t)] (7)

The parameterλ called the learning rate is usually a mono-
tonically decreasing function and the parameter� is related
to the width of the window chosens with 0.1 < ε < 0.5.
It is recommended to initialise the learning rate to a rather
small number, otherwise no local minima is reached and the
quantisation error could increase[18].

6. Savitzky–Golay smoothing filter

Savitzky–Golay filter is an efficiently software technique
for data smoothing applications[19]. Most smoothing op-
erations consist of replacement each datafi by a linear

combinationgi of itself and some number of nearby neigh-
bours:

gi =
nK∑

n=−nL

cnfi+n (8)

wherenL is the number of points used “to the left of a data
point i”, i.e. earlier than it, whilenK is the number of points
used “to the right of a data pointi”, i.e. later than it. The
coefficientscn are called weights of the linear combination.
The simplest type of smoothing filter is the moving average
window. The smoothed point is the average of an odd number
of neighbouring data points and the weightscn all take the
value 1/(nL + nK + 1). If nL = nK = m:

gi =
m∑

n=−m

fi+n
2m+ 1

(9)

Savitzky–Golay filtering can be thought of as a generalised
moving average; the weightscn are chosen in such a way
that the smoothed data pointgi is the value of a polyno-
mial fitted by least-squares to all(nL + nK + 1) points in
the moving window. Therefore, the smoothed data pointgi
by the Savitzky–Golay algorithm is given by the following
equation:

gi =
∑nK
n=−nL

cnfi+n∑nK
n=−nL

cn
(10)

Savitzky–Golay filtering can be less successful than a mov-
ing average filter at rejecting noise, but it is more effective
at preserving the high-frequency components of the signal.

7. Discrete wavelet transform

The filtering algorithm associated to the discrete wavelet
transform is an effective tool for smoothing out the
high-frequency content without losing the important fea-
tures in the process signal.

The wavelet transform provides a multiresolution signal
decomposition[19,20]: this signal analysis technique analy-
ses the signal at different frequency bands with different res-
olutions by successively projecting it down onto two basis
of functions, which are obtained by applying shift and scal-
ing operations to two prototype functions called the scaling
functionφ(t) and the wavelet functionψ(t), respectively:

φa,b(t) = 1√
a
φ

(
t − b

a

)
(11)

ψa,b(t) = 1√
a
ψ

(
t − b

a

)
(12)

wherea is the shift parameter andb the scaling parameter.
In the discrete wavelet analysis, the shift parameter and the
scaling parameter are discretised as

a = am0 (13)
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b = nb0a
m
0 , n,m ∈ Z (14)

In the casea0 = 2 andb0 = 1 a dyadic shift and scaled
is performed. So far the two basis of functionsφa,b(t) and
ψa,b(t) can be defined as

φm,n(t) = 2−m/2φ(2−mt − n) (15)

ψm,n(t) = 2−m/2ψ(2−mt − n) (16)

The scaling function is associated with lowpass filter and
the convolution between the signal and the scaling func-
tions gives scaling coefficients or approximation coefficients
am,n which are (represent) the high scale, low-frequency or
smooth components of the signal. On the other hand, the
wavelet function is associated with high pass filter and the
convolution between the signal and the wavelet functions
gives wavelet coefficients or detail coefficientsdm,n which
are (represent) the high-frequency components correspond-
ing to the detailed parts of the signal:

am,n = 〈f,ψm,n〉 (17)

dm,n = 〈f, φm,n〉 (18)

The Mallat algorithm, called fast pyramid algorithm, is a
subtle way to perform the wavelet decomposition and the
reconstruction of the discrete signal of dyadic length. In
wavelet analysis, this algorithm involves a series of linear
filters low and high bands with down sampling operations
which halve the number of samples at each iteration. So the
vector of approximation coefficients is the smoothed and
halved version of the original signal. The successive applica-
tion of the lowpass and highpass filters is performed on the
vector of approximation coefficients, obtaining a sequence
of increasingly smoothed and halved version of the signal.
The vector of the detail coefficients is the detail of the sig-
nal lost when moving from an approximation at one scale
to the next coarser scale.

The wavelet reconstruction process consists of applying
upsampling operations and synthesis filters in detail and ap-
proximation coefficients. The analysis and synthesis filters
are identical to each other, except for a time reversal.

Once a specific wavelet has been chosen, the pair of low-
pass and highpass filters are defined or alternatively the fil-
ters are defined and then the wavelet. The most popular
choice of wavelets for discrete wavelet analysis are those
of Daubechies family which are compactly supported or-
thonormal functions[21]. Moreover, Daubechies wavelets
(DaubN) possess a different type of smoothness which is
determined by vanishing momentN.

8. Experimental setup

The mSom performances reported here are based on data
presented and discussed in previously published paper[9].
The data deal with an application of a 32-element conducting
polymer gas sensor array (the A32S) (an eletronic nose) used

Table 1
mSom parameters

Parameter Value

α(0) 0.5
ε 0.15
λ(0) 0.05
s 0.25
Refresh rate 50
σ(0) N (map size)

to sense six volatile chemical compounds with associated
concentrations (10 and 1% acetonitrile, 10% methanol, 10
and 1% propanol, 1% acetone, 1% butanol and water). The
976 observations of six volatile chemical compounds classes
were repeatedly made over a period of 4 weeks.

The sensor array output is preprocessed by principal com-
ponent analysis technique and the first three principal com-
ponents are the extracted features to feed the mSom. The
mSom network is made of six maps, each of them has rectan-
gular topology and a size of 5×5. An exponentially decreas-
ing learning parameter and Gaussian neighbour function are
adapted. The other network parameters are summarised in
Table 1.

In the initial training phase of the network, the 216 input
data corresponding to the measurements acquired in the first
week are used. The remaining 751 input data corresponding
to the measurements acquired in the next 3 weeks are used
to test the network.

During the testing phase the average quantisation error is
computed at each presentationt (t = 1, . . . , N with N =
751) and its value is stored in a chain of a fixed dimen-
sion. The next step is to apply two smoothing filters on
these function data. The employed filters are associated to
the discrete transform wavelet and Savitzky–Golay theory.
By means of the discrete wavelet transform the smoothed
version of average quantisation error is the reconstruction
of the approximation coefficients vector which derives from
the maximum decomposition level.3 The analysing wavelet
is the Daubechies family selecting sixth order ones. The
Savitzky–Golay filtering is performed selecting the higher
degree polynomial and width make it possible to achieve
a high level of smoothing without attenuation of data fea-
tures. The slope or the first derivative of the smoothed aver-
age quantisation error is computed at each step, so that the
self retraining process takes place when the function slope
is higher than the fixed threshold value. A third mSom al-
gorithm is performed by controlling the slope of the aver-
age quantisation error in its originally version without any
filtering operations.

The threshold value is obtained by a mSom performance.
After the initial training phase a certain number of unknown
input vectors (about 150) are presented to the network

3 The maximum decomposition level of the DWT is the 2-base logarithm
of the length of the signal.
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Fig. 4. Comparison between the original average quantisation error samples and the smoothed ones by DWT filter.
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Fig. 5. Comparison between the original average quantisation error samples and the smoothed ones by Savitzky–Golay filter.
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Table 2
Threshold values with the relative misclassification errors and mSom
performanceD(x, w)

Threshold value Number
of errors

a

bs = 0.4e−04 (use of SG filter) 21 133.9186
bs = 2.0e−0.4 (use of DWT filter) 22 133.4764
b0 = 5.0e−04 (no filter) 22 153.6317

computing the average quantisation error at each presenta-
tion without performing any retraining process. The same
two filters, described above, and no filter are applied on this
set of the average quantisation error (Figs. 4 and 5show the
comparison between the original data and the transformed
data). The slopes of these functions are computed evalu-
ating the respective maximum valuebmax, as the superior
edge of the variability interval of the threshold valueb. The
objective of this work is to find the optimal threshold value
among some values of the interval [0 bmax ]. Choice of
the optimalb is based on the number of misclassifications
and the following performance value (Table 2):

D(x,w) =
m∑
j=1

N∑
t

‖x̄j(t)− w̄j(t)‖

with x̄j ∈ Mj, w̄j ∈ Mapj (19)
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Fig. 6. Number of misclassifications and sum of all Euclidean distancesD(x,w) (Eq. (19)) vs. threshold valuesb: (a) DWT, (b) Savitzky–Golay and (c)
no filter applied to the averaged quantisation error.

Table 3
A comparison of mSom (5× 5) size map, previously version of mSom,
RBF and fuzzy ARTMAP

Neural network Number of errors/
error rate (%)

mSom (SG filter) 21/2.8
mSom (DWT filter) 22/2.9
mSom (no filter) 22/2.9
Previous version of SOM with

refresh rate fixed to 50
27/3.6

RBF 293/39
Fuzzy ARTMAP 299/39.8

where x̄j is the mean of the input vectors recognised and
stored in the local memoryMj and w̄j the mean of the
codebook vectors of the Mapj.

9. Results

As described above, odour classification tasks are ob-
tained by using different approaches that consist of apply-
ing smoothing filters and no filter onto functional average
quantisation error during the mSom performance and then
controlling the function slope by means of the threshold
value varying in the interval [0 bmax ]. Fig. 6sums up the
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Fig. 7. Averaged quantisation error vs. number of presentations reported for each map during the testing phase with Savitzky–Golay filtering operation
and the threshold value fixed atbs = 0.4e−04.
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Fig. 8. Averaged quantisation error vs. number of presentations reported for each map during the testing phase with DWT filtering operation and the
threshold value fixed atbw = 2.0e−04.
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Fig. 9. Averaged quantisation error vs. number of presentations reported for each map during the testing phase with no filter and threshold value fixed
at b0 = 5.0e−04.

0 10 20 30 40 50 60 70 80 90
0

5

10

15

20

25

30

35

40

Retraining step

N
um

be
r 

of
 p

re
se

nt
at

io
ns

Fig. 10. Number of retraining processes performed during the testing phase with Savitzky–Golay filtering operation and threshold value fixed at
bs = 0.4e−04.
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Fig. 11. Number of retraining processes performed during the testing phase with DWT filtering operation and threshold value fixed atbw = 2.0e−04.
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Fig. 12. Number of retraining processes performed during the testing phase with no filter and threshold value fixed atb0 = 5.0e−04.
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Table 4
Number of errors committed by previous mSom network performances
and time taken for decreasing values of the refresh rate

Refresh rate Number of errors Time (min)

50 27 5
25 27 10
10 25 25
5 24 50

results so obtained. It is the graph of the number of mis-
classifications andD function (Eq. (19)) vs. the threshold
value. As it can be seen a more accurate data classification
can be achieved using the smoothing filters (as the DWT
filter and Savitzky–Golay filter). In case of not performing
filtering operations the network shows a good performance
only to small threshold value (b < 10−4).

From this figure, it can pick out the best mSom per-
formances (or the corresponding optimal threshold values)
and their results are compared against previously version of
mSom (with the constant refresh rate fixed to 50)4 and an-
other techniques as RBF and fuzzy ARTMAP in terms of
errors committed in recognising the given data set with the
same training and testing sets (as shown inTable 3). As re-
gards these chosen mSom performances,Figs. 7–9show the
quantisation error graph related to each map for the entire
test phase, whileFigs. 10–12show the graph related to the
number of retraining processes performed during the recog-
nition phase.

The trade-off is represented by the accuracy of the net-
work against the retraining time and then the computational
complexity. For small values ofb, the network is continually
retraining its knowledge so that its performance takes about
an hour. Increasing the threshold value the network perfor-
mance is faster (the number of retraining process are less
frequent) even if the results are worse.Table 4lists the mis-
classifications and the time taken performing the previous
version mSom network for different values of the constant
refresh rate. It is interesting to note that an improvement of
data classification is obtained for small value of the refresh
rate (<5) and that case the network performance takes an
hour obtaining a less accurate data classification in compari-
son with the results of the best mSom network performances
proposed in this work.

10. Conclusions

In this work, an improved version of the previous multi-
ple self-organising maps neural network is presented. The
previous version used a fixed refresh rate parameter to start
autonomous retraining process to compensate the varying
probability distribution of data due to drift. The new version

4 The constant refresh rate defines the number of unknown input vectors
before of starting a new retraining process.

consists of a method based on controlling internal parame-
ters such as the average quantisation error is explored. The
control is made possible by finding an optimal slope over
the average quantisation error function. The goal is to arise
a retraining process without losing the performance of the
network.
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