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Self-organisation is important, because often we are swamped with data, but have little 
labelled (or categorised) information to use. Thus, systems which can structure the data 
for us with little or no intelligent supervision become increasingly important. 

Introduction 

Welcome to the special issue on self-organisation and self-organising neural networks. 
This issue is a selection of papers based on presentations from the Australia New Zealand 
International Conference on Intelligent Information Processing Systems (ANZIIS) which 
was run in conjunction with the 6th Intemation Conference on Neural Information 
Processing (ICONIP) held in Perth in November 1999. The papers extend our 
understanding in a number of valuable directions which I try to draw out below. 

Self-organisation is important, because often we are swamped with data, but have little 
labelled (or categorised) information to use. Thus, systems which can structure the data 
for us with little or no intelligent supervision become increasingly important. The papers 
in this issue provide a number of important steps towards full realisation of such systems. 

The paper by Ishikawa "Recognition of Hand-Gestures Based on Self-Organisation Using 
a DataGlove" uses a self-organising map to recognise hand gestures, an important task 
representative of many similar which human beings can do, but is so hard to produce 
programs to do. 

The paper by Obu-Cann Fujimura and Tokutaka "Clustering by SOM (Self-Organising 
Maps), MST (Minimal Spanning Tree) and MCP (Modified Counter Propagation)" uses 
self-organising maps and a number of other techniques explicitly for clustering in a 
chemical spectral analysis application. Self-organising maps structure the data by 
clustering in general so this comparison is useful for explicitly setting the context of their 
use. 

This theme is expanded by Kaski Venna and Kohonen "Coloring that Reveals Cluster 
Structures in Multivariate Data" For the clusters found to be truly humanly useful, in 
many contexts this requires human oversight of the results. This requires some advanced 
techniques for visualising high dimensionality data. 

The paper by Myers Wong and Fung "Self-organising Maps Use for Intelligent Data 
Analysis" also uses self-organising maps, for a resource exploration application, 
focussing on their use for intelligent data analysis in a hybrid with another technique, in 
this case a back-propagation neural network. 

The paper by Murashima, Kashima and Fuchida "New Method for Measuring the 
Topology Preservation of Self-organizing Feature Maps" focuses on the topology 
preservation aspect of the SOM, which makes this model so popular and useful. 

Australian Journal of Intelligent lnfonnation Processing Systems Volume 6, No. 2 
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Preservation of topology is important and useful in many applications, clearly the ability 
to measure the degree of preservation will be increasingly a consideration. 

The paper by Zhang and Gedeon "A General Hebbian Learning for Nonlinear Neuron 
with Application to Laterally Interconnected Synergetically Self-organizing Map" 
examines a biologically inspired extension to the topographic map formation model 
based on the visual cortex. This is part of the continued cross-fertilization of ideas 
derived from our increasing understanding of the biological mechanisms underlying our 
own abilities. 

The last but no means least paper by Pal and Laha "A multi-prototype classifier and its 
application to remotely sensed image analysis" focuses on the use of self·organising 
maps for classification, which closes the loop on the benefits of the use of self-organising 
maps. The technique is applied to remotely sensed images. 

Conclusion 

The contents describe a number of aspects of self-organising maps and their use in real 
world applications. The topology preservation properties of these models made them 
popular, and the richness of unexplored possibilities for their use explains their continued 
and increasing popularity. 
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Recognition of Hand-Gestures Based on 
Self-Organization Using a DataGlove 

Masumi Ishikawa 
Email: ishikawa@ces.kyutech.ac.jp 

Dept. of Brain Science and Engineering 
Graduate School of Life Science and Systems Engineering 

Kyushu Institute of Technology 
680-4 Kawazu, Iizuka, Fukuoka 820-8502, Japan 

Abstract 
Gesture recognition is important, because it is a use-
ful communication medium between humans and com-
puters. One of the difficulties in gesture recognition is 
how to deal with a sequence of body postures or hand-
shapes. Since a hand-shape here is represented by a 10-
dimensional vector measured by a DataGiove, a hand-
gesture is described by a sequence of 1 0-dimensional 
vectors. 

We propose the following procedure to recognize 
hand-gestures based on self-organization. Firstly, an-
gles of finger joints are measured by a DataGlove at 
some time interval. Secondly, each gesture is segmented 
from a sequence of hand-shapes. Thirdly, data length, 

-i.e., the number of snapshots in each gesture, is ad-
justed to obtain data of standard length. Fourthly, an 
input vector for self-organization is generated by con-
necting a sequence of 1 0-dimensional hand-shape vec-
tors. Lastly, clustering of ha and-gestures is carried out 
by self-organization according to their similarities. 

The proposed method using a DataGlove is applied 
to the recognition of 6 kinds of hand-gestures using 
4 types of data with different degrees of difficulties. 
Recognition rates range from 88.9% to 100% for train-
ing data and 86.7% to 95.0% for test data in real situ-
ation. 

1 Introduction 
Gesture recognition is important, because it is a 
useful communication medium between humans and 
computers[5][6][8][12]. It has, however, inherent diffi-
culties in determining the start and the end of a ges-
ture, and in dealing with a sequence of body postures 
or hand-shapes. 

Methods for recognition of gestures or sign lan-
guages are roughly classified into three categories. In 
the first category a mouse or a stylus is used[6][11]. 
They are practical media for human computer interac-
tion, but, with the exception of a 3-D mouse, they are 
too restrictive, because gestures are limited to be 2-D. 

In the second category users wear sensors such as 
a DataGlove[l][5], DataSuit and LED. They have diffi-

culty in wearing them in real situation, but computa-
tional cost for recognition is much smaller than that of 
the third category. 

In the third category image processing techniques 
reconstruct 3-D body postures from 2-D images[7]. It 
has such difficulties as feature extraction, occlusion and 
ill-posedness. To overcome these difficulties, it requires 
background knowledge. Computational cost for recog-
nition is the largest among the three categories. There-
fore, high speed computers and efficienct algorithms are 
required to recognize gestures in real time. 

We have succeeded in recognizing 32 kinds of hand-
shapes based on self-organization by measuring the an-
gles of 10 joints of a hand using a DataGlove[1]. Recog-
nition of hand-gestures, however, is far more difficult 
than that of hand-shapes, because the former must rec-
ognize a sequence of hand-shapes instead of its snap-
shot. 

Two essential difficulties in gesture recognition is 
how to deal with a sequence of body postures or hand-
shapes , and feature extraction from 2-D images. The 
present paper focuses on the former difficulty, disre-
garding the latter one. Since a hand-shape is rep-
resented by a 10-dimensional vector measured by a 
DataGlove, a hand-gesture is described by a sequence 
of 10-dimensional vectors. We propose the following 
procedure to recognize hand-gestures based on self-
organization[2]. 

Firstly, angles of finger joints are measured by a 
DataGlove at some time interval. Secondly, each ges-
ture is segmented from a sequence of hand-shapes. 
Thirdly, data length, i.e., the number of snapshots in 
each gesture, is adjusted to obtain data of standard 
length. Fourthly, an input vector for self-organization 
is generated by connecting a sequence of 10-dimensional 
hand-shape vectors. Lastly, clustering of hand-gestures 
is carried out by self-organization according to their 
similarities. Since self-organization is not directly ap-
plicable to time series data, the fourth step is the key 
idea for recognition. 

The major reasons for adopting self-organization in 
clustering are the followings. Firstly, clustering can be 
done without supervised signal, i.e., class labels. Sec-
ondly, it is applicable to data with arbitrary number of 
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Figure 1: DataGlove, Super Glove Jr., by Nissho Elec-
tronics 

classes. Thirdly, resulting self-organizing maps are es-
sential in understanding the structure of hand-gesture 
data. 

Section 2 describes the proposed recognition 
method. Section 3 presents hand-gesture data obtained 
by a DataGlove. Section 4 provides results of recogni-
tion experiments. This is followed by discussions and 
conclusions. 

2 Method for hand-gesture 
recognition 

This paper uses the following procedure to recognize 
hand-gestures: measurement of angles of finger joints 
by a DataGlove, segmentation of each gesture from a 
sequence of hand-shapes , adjustment of data length, 
generation of an input vector for self-organization, and 
clustering of hand-gestures by self-organization. These 
steps are described in some detail in the following. 

2.1 Measurement of finger joints 

Angles of finger joints are measured by a DataGlove in 
Figure 1 at the interval of 33 msec. It has two sensors 
for the first and the second joints of each finger; in total 
it has 10 angle sensors. A hand-shape is represented by 
a resulting 10-dimensional vector. 

2.2 Segmentation of gestures 

Segmentation here means to cut out each gesture from 
a sequence of hand-shapes. We first calculate temporal 
difference vectors from a sequence of 10-dimensional 
vectors. An underlying assumption is that there exists 
a brief pause between hand-gestures. Based on this 
assumption we try to segment a hand-gesture, i.e., a 
sequence of hand-shapes, by locating stationary points 
at which the norm of temporal difference vectors are 
close to zero. 

There are two ways for segmentation. The for-
mer locates a pause between hand-gestures by using a 
threshold for the sum of squared temporal differences. 
The computation is simple. The latter is to apply self-
organization to temporal difference vectors. Temporal 
difference vectors whose norm are close to zero tend 
to be in the same cluster on a resulting self-organizing 

J .. H~ot ----- ---!-.-•. ---1--- ---f-----+-

i h i'lt --- -+-H,--+----r-----+-
! l'"T I• '"" ' 1, 
I , J·N -----1-1-t ·--t-----1----t--
.... ,_. ----++-+-,-+----r----+
:.,-:~ !-11 ----++---'---1---- r-----+-
... ~ .... ----+'--+--+----r-- --+
f.H·H -·--··~ ·i-· 
• •• 1':1 

...-- ·---- ----- -·-·-· .... ---
l li t-ot - ----+l'---+--+----lf----- --f--
,, ... ----·----!r'---t--·-'-- - ------
. ,., .. ----lt--+-+---~1-------f--
,.,,.. ----t'- --+--+----11------ ;...._ 

Figure 2: The sum of squared temporal differences of 
hand-shape vectors in a hand-gesture of the transition 
from scissors to stone. The horizontal axis indicates the 
sampling number and the vertical axis shows the sum 
of squared temporal differences of hand-shape vectors. 
The sampling interval is 33msec. 

map. Since the former turns out to have better classifi-
cation performance than the latter in this example and 
is more suitable for real time processing, we adopt the 
former in this paper. 

Figure 2 illustrates the sum of squared temporal 
differences of hand-shape vectors in a hand-gesture of 
the transition from scissors to stone. An element of 
a hand-shape vector is the angle( degree) of the corre-
sponding finger joint multiplied by 10. Suppose we use 
the threshold of 5 x 104 . This threshold shows that the 
average temporal difference smaller than 7 degrees is 
regarded as stationary. Since the sum of squared tem-
poral differences is not unimodal in this case, there are 
two possibilities of segmentation as shown in Figure 2: 
the wider one and the narrower one. The performance 
of classification by the wider segmentation is superior 
to that by the narrower one in this case, hence we adopt 
the wider segmentation in this paper. 

2.3 Adjustment of data length 

Different gestures have, in general, varying periods of 
time. Moreover, even the same gesture by the same 
subject may have different periods of time. Since the di-
mension of input vectors for self-organization is the di-
mension of a vector of a snapshot (10 in this case) mul-
tiplied by the number of snapshots in a hand-gesture, 
it is necessary to adjust the gesture period to generate 
input data of standard length. In this paper , the aver-
age data length of segmented hand-gestures is used as 
the standard data length. Hence an original sequence 
is transformed into one with the standard data length 
by the following linear interpolation. 

Suppose the standard number of snapshots be N, 
and the actual number of snapshots be M as shown in 
Figure 3. In Figure 3, X;(i = 0, 1, ···,M -1) are data 

Volume 6, No. 2 Australian Journal of Intelligent Information Processing Systems 



XI 

l i 
J? 

' <l 
~1 

(a) (( ' j 

0 

Y, 
' 

2 

1 

'"' •·' ~' M' 

3 •.• ••••. J!l 

Figure 3: Adjustment of hand-gesture period. (a) Be-
fore adjustment. (b) After adjustment. 

before adjustment and Yj (j = 0, 1, · · ·, N - 1) are data 
after adjustment. 

In the adjustment of time axis, Yi is calculated by 
a linear interpolation of Xi-1 and X; satisfying 

i- 1 j i --<--<--
M-1- N-1- M-1 

(1) 

For example, Y1 is located between Xo and X1 in Figure 
3. Hence Y1 is linearly interpolated as, 

A B 
Y1 = --X1 + --Xo A+B A+B 

(2) 

where A and B are 

j i-1 B=-z_· ___ J_·_ 
A=N-1-M-1' M-1 N-1 

(3) 

Generally, Yj is given by X;_ 1 and X;, and is lin-
early interpolated as, 

j(M -1)- (i- 1)(N- 1) 
}j = N -1 X; 

i(N - 1)- j(M- 1) 
+ N -1 X;-1 (4) 

2.4 Self-organization 
Figure 4 illustrates a basic mechanism of self-
organization by Kohonen[4]. The network is composed 
of two layers: the input layer and the competitive layer. 
The competitive layer in Figure 4 has m competitive 
neurons. The weight vector or the reference vector of 
neuron i is w; = (w1,w2,wa,···,wn)· The input vec-
tor is a:= (x 1,x2,xa,···,xn) · Given an input vector 
a:, the distance between a: and all the weight vectors 
of competitive neurons are calculated, and the winner, 
We, having the minimum distance is determined . 

(5) 

where the norm, ll:ll- w;jj, is defined by the Euclidean 
distance between a: and w;. 

Competitive 
Layer 

Input 
Layer 

Data 

c 

• : Best-Matching Node 
• , Q : Neigbborhood Nodes 

Figure 4: Basic mechanism of self-organization . 
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An input vector for self-organization is generated 
by connecting a sequence of 10-dimensional hand-shape 
vectors. Although this idea might seem simple, it is 
the key idea of dealing with hand-gestures by self-
organization in the present paper. 

Weight vectors corresponding to the winner neuron 
and its neighborhood neurons are modified according to 
the following learning rule. 

w;(t·+ 1) = w;(t) + he;(t)[:ll(t)- w;(t)] (6) 

where t is the iteration number, and he;(t) is either 
the step function in Eq.(7) or the Gaussian function in 
Eq.(8). 

hci(t) = { ~(t) 

a(t)exp (-lire- rdl2) 
2u2(t) 

(7) 

(8) 

where a learning rate a(t) and a radius u(t) are both 
monotonically decreasing function of time, r; is the lo-
cation vector of the competitive neuron i, and Ne is the 
set of neighborhood neurons of the winner neuron c. 

The above algorithm generates a self-organizing 
map based on the similarities between input vectors . 
Once a self-organizing map using training samples is 
obtained, some of the competitive neurons are labeled 
with class names, but many other neurons are not . By 
determining the nearest input vector for each compet-
itive neuron, all the competitive neurons are labeled 
with class names[lO] . In this way class boundaries can 
be determined. When a novel hand-gesture is given to 
a self-organizing map, one of the competitive neuron is 
selected as the winner neuron. The accompanying label 
indicates the corresponding classification. This makes 
possible the classification of gestures. 

Australian Journal of Intelligent Information Processing Systems Volume 6, No. 2 
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Table 1: Average data length of hand-gestures obtained 
from a subject with varying values of thresholds, 6 
(X 104). 

data average average data length 
interval 6=2 ()=3 ()=4 8=5 

A 1.5 sec. 8 
B 1.1 sec. 5 
c 0.6 sec. 5 
D 0.7 sec. 7 

7 
5 
5 
6 

7 
4 
4 
6 

··c-·:-:-···· I 
[] ~- 0>:.'1!:•04· 

· · ·.•aoce•ll<!lt 
· !J 4M::>-IN , 
.. .!:l.!!.~+.!!il 

6 
4 
4 
5 

Figure 5: Frequency distribution of data length for data 
Bin Table 1. 

3 Hand-gesture data 

In this paper we use 6 kinds of hand-gestures: transi-
tion from stone to scissors (st-sc), stone to paper (st-pa), 
scissors to paper (sc-pa), scissors to stone (sc-st), paper 
to stone (pa-st), and paper to scissors (pa-sc). The num-
ber of samples in each gesture is 20, of which 10 samples 
are used for training and the rest are used for test. 

Table 1 indicates four types of data, A, B, C and 
D. Data A, B and C are acquired for each hand-gesture 
separately. Data C is acquired at natural speed and 
is the fastest among A, B and C . Data D are acquired 
continuously at natural speed using a metronome for 
pace keeping. Table 1 indicates that the average data 
length for data A for the threshold 2 X 104 is 8. It means 
that a hand-gesture of the average length is represented 
by an SO-dimensional vector . Its average time period 
is about 0.23(=7 x 0.033) sec. They are used as input 
vectors for self-organization. 

Figures 5 and 6 illustrate frequency distributions 
of data length of hand-gestures for data B and D, re-
spectively. It well indicates that period of time or data 
length of hand-gestures vary considerably from sample 
to sample. Hence, adjustment of data length is required 
in the next step. 

4 Recognition experiments 

In recognition experiments using self-organization, the 
size of a competitive layer is 10 x 10, competitive neu-
rons are arrayed in hexagonal lattice, and a Gaussian 

--- ········- ..... }~·roe·~~ 
,,,, ...:OOE+CCi 

E· r 8 

<lu~lnl(.':h 

•a:oot:+<Nl 
:.D~~~f.. 

Figure 6: Frequency distribution of data length for data 
Din Table 1. 

Table 2: Parameters in self-organization 

100,000 

initial learn-
ing rate 

0.5 
0.02 

function is used as a neighborhood kernel. Table 2 
presents parameters used in self-organization. 

Due to space limitation, only the results for data B 
and D with the threshold 4 x 104 are presented here . 
This threshold corresponds to the one with the largest 
average recognition rate for test data as will be shown 
later. 

4.1 Results for data B 

Figures 7 and 8 illustrate the resulting self-organizing 
maps for training data B and test data B, respectively. 
They show that the cluster corresponding to the hand-
gesture pa-st, i.e., from paper to stone, is split into two: 
south-east corner and south-west corner. This is due 
either to the existence of two types of hand-shapes of 
stone, or to the effect of initial weights of reference vec-
tors. Table 3 indicates that the recognition rates for 
both training and test data B are 100%. 

Table 3: Recognition rates for data B. The threshold is 
4 X 104 . 

11 training I test I 

correct recognition 60 60 
wrong recognition 0 0 

total samples 60 60 
.. 

I recogmtwn rate(%) 11 100 100 
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Figure 7: Resulting self-organizing map for training 
data B. The threshold is 4 x 104 . Black dots indicate 
competitive neurons. Gray levels between adjacent dots 
represent the distance between two adjacent competi-
tive neurons, i.e., the darker the gray level is, the larger 
the distance is . 

Figure 8: Resulting self-organizing map for test data 
B. The threshold is 4 x 104 • Gray level texture is the 
same as Figure 7, but labels are different. 
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Table 4: Recognition rates for training data D. The 
threshold is 4 x 104 . 

11 training test 
correct recognition 57 57 
wrong recognition 3 3 
total 60 60 

.. 
I recogmt10n rate(%) 11 95.0 95.0 

Table 5: Contingency table of recognition of each ges-
ture for training data D. The threshold is 4 x 104 . It 
reads that a gesture label in the leftmost column is 
recognized as a gesture label in the uppermost row . 
Diagonal cells correspond to correct recognition. 

I gesture IJ st-sc I st-p I sc-st I sc-p I p-st I p-sc I 
st-sc 10 0 0 0 0 0 
st-p 0 10 0 0 0 0 
sc-st 0 0 9 1 0 0 
sc-p 0 0 0 9 0 1 
p-st 0 0 0 0 10 0 
p-sc 0 0 0 1 0 9 

4.2 Results for data D 
Figures 9 and 10 illustrate the resulting self-organizing 
maps for t·raining data and test data D, respectively. 
Figure 9 illustrates that the boundaries-between ages-
ture of the transition from scissors to stone and a ges-
ture, stone to paper, are clear , but boundaries between 
a gesture, scissors to paper, and a gesture, paper to scis-
sors, are ambiguous. 

Table 4 presents the recognition rates for training 
and test data D. Due to the difference of data acquisi-
tion as mentioned previously, data D is more difficult to 
recognize than data B. Tables 5 and 6 indicate contin-
gency tables of recognition of hand-gestures for training 
data D and test data D, respectively. 

4.3 Summary of recognition rates 
Tables 7 and 8 present the summary of recognition rates 
for data A, B, C and D. They indicate that the average 
recognition rate for data B is the best among 4 types 

Table 6: Contingency table of recognition of each ges-
ture for test data D. The threshold is 4 x 104 • 

I gesture 11 st-sc I st-p I sc-st I sc-p I p-st I p-sc I 

st-sc 10 0 0 0 0 0 
st-p 0 10 0 0 0 0 
sc-st 0 0 10 0 0 0 
sc-p 0 0 0 10 0 0 
p-st 0 0 0 0 10 0 
p-sc 0 0 0 3 0 7 
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Figure 9: Resulting self-organizing map for training 
data D. The threshold is 4 x 104 • 

Table 7: Summary of recognition rates(%) for training 
data A, B, C and D. 

threshold 2 X 3 X 4 X 5 X average 
(} 104 104 104 104 

A 98.3 100 98.3 96.7 97.7 
B 100 98.3 100 100 99.4 
c 100 95.0 96.7 90.0 91.5 
D 100 98.3 95.0 88.3 93.8 

average I 99.6 I 97.9 I 97;5 I 93.8 11 97.2 

of data. The average recognition rate for training data 
becomes largest at the threshold of 2 x 104 , and that for 
test data becomes largest at the threshold of 4 x 104 . 

In case of data D, i.e., continuous gesture at natural 
speed, the recognition rate becomes the largest at the 
threshold of 2 x 104 both for training and test data. 

5 Discussions and conclusions 

In this paper we have proposed a method for recog-
nizing hand-gestures based on self-organization using a 
DataGlove. This can be done in five steps: measure-
ment of joint angles, segmentation, adjustment of data 
length, generation of input vectors for self-organization, 
and clustering of hand-gestures. The key idea is how 
to generate input vectors for self-organization. 

The proposed method using a DataGlove has been 
applied to the recognition of hand-gestures at natural 
speed. It has been demonstrated that recognition rates 
range from 88 .3% to lOO% for training data and 86.7% 
to 95.0% for test data in real situation( data D). 

In adjustment of data length of hand-gestures, lin-
ear interpolation of sample data is adopted here. So far 
it is working well, but in case of complex hand-gestures 
nonlinear interpolation using DP matching might be-

IAM9.1140_lcod. Dm:W,Sial: 10"1Q~mb,; ... llnnelghborhood 

Figure 10: Resulting self-organizing map for test data 
D. The threshold is 4 x 104 . 

Table 8: Summary of recognition rates(%) for test data 
A, B, C and D. 

threshold 2 X 3 X 4 X 5 X average 
(} 104 104 104 104 

A 96.7 100 96.7 95.0 97.7 
B 98.3 98.3 100 100 99.4 
c 90.0 86.7 90.0 83.3 91.5 
D 95.0 91.7 95.0 86.7 93.8 

average 95.0 94.2 95.4 91.25 11 94.0 
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come necessary. 
In cases where period of time of gestures vary much 

more considerably or a pause is not included between 
hand-gestures, segmentation becomes extremely diffi-
cult. Prior knowledge would become necessary for seg-
mentation. This is currently being studied. 

To extend the present study using a DataGlove, we 
are using LED to measure body postures in addition to 
hand-shapes. Increasing the number of hand-gestures 
is also left for further study. 

To realize real time recognition of hand-gestures, 
segmentation, adjustment of data length of hand-
gestures, and clustering based on self-organization 
should be done in real time. On the other hand, a 
threshold can be determined prior to real time experi-
ments. Once the threshold is determined, the segmen-
tation can be carried out in real time. The adjustment 
of data length can also be carried out in real time. The 
most difficult part is the determination of the winner 
neuron from among competitive neurons. Calculation 
of distances must be carried out for all the competitive 
neurons. If this could be done in real time, real time 
hand-gesture recognition would become possible. 

An alternative approach to gesture recognition is 
the recognition from 2-D scene images. We have done 
some preliminary study(3] by extracting features from 
scene images using local autocorrelation functions by 
Otsu et al.[9). 

The research has been done as a part of Goal 
. Achievement Type Brain Research by Special Coordi-
nation Funds for Promoting Science and Technology. I 
would like express my thanks to a former student of my 
laboratory, Hiroko Matsumura, for her contributions to 
this study. 
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Abstract 

Evaluation of the cluster classification generated by 
the Self-Organising Maps (SOM) [ 1] is usually done 
by human eye. Due to the qualitative nature of this 
experiment, in a dense input data space, the evaluator 
may either overestimate or underestimate the number 
of clusters formed on the map. With this approach, 
the exact number o f clusters generated by the map 
cannot be confinned because of the misinterpretation 
of the grey level expression. This paper presents the 
application of SOM to Chemical Spectral Analysis 
and the use of the Minimal Spanning Tree (MST) 
and the Modified Counter Propagation (MCP) 
algorithms in cluster classification. 

1. Introduction 

SOM may be viewed as a lattice with a discrete 
number of predefined sites, referred to as units or 
nodes. The position of the data on the grid structure 
depends on the degree of similarity between the data. 
Similar data are placed on the grid in close proximity. 
Each data has multidimensional characteristics. The 
characteristics of different data are compared by some 
kind of metrics, and the degree of similarity, which is 
comparable to the distance between the units on the 
grid, can also be determined. If a spectrum with 
incomplete characteristics is placed on the grid, the 
missing information can be derived from the 
information that has already been assigned to the 
empty grid through the learning process. This paper 
reports on the application of SOM to chemical 
analysis of alloys. Here, the multi-dimensional 
characteristics of the data (CoNi alloys) are spectral 
data from AES (Auger Electron Spectroscopy), as 
well as the alloy composition. Furthermore, XPS (X-
ray Photoelectron Spectroscopy) and XRD (X-ray 
Diffraction) data can also be considered as 
multidimensional information sources [2,3]. The 
purpose of the SOM method in this experiment is to 
derive the alloy composition from the spectral data of 
the alloy and apply the MST and MCP algorithms to 
cluster classification. 

2. The SOM Algorithm 

2.1. A brief introduction 

Based on the functions of a neuron cell of a living 
thing, especially the information processing ability of 
the human brain, Kohonen [1] developed the following 
equation. 

m;(t +1) =mi(t)+ a(t)[x(t) -m;(t)] (1) 

Where m;(t) is the information processing ability of the 
neuron cell (node) i at timet and x(t) is the input signal. 
At time t, the cell learns this input signal, as shown in 
figure. 1. During the time (t+J), the information 
processing ability of the cell becomes m;(t+l). If x(t) is 
an n-dimensional input vector, then x(t) = { ~J, ~2, 
... , ~]. The n-dimensional reference vector m;(t) is 
also expressed as m;(t) ={fliJ, /1;2, ... , fl;nl· a (t) is 
the learning coefficient factor with values between 0 
and 1. Furthermore, a (t) reduces to 0 as learning 
progresses. When an n-dimensional input vector is 
introduced to the network, the reference vector in the 
network (node) that is closest to the input vector is 
defined as the best-matching unit (BMU) "winner" and 
its information processing ability is denoted by mc(t). 
The winner is selected using the following equation. 

(2) 

Where m; is the reference vector of node i and me is 
the reference vector of the winner node or BMU. 
Prior to learning, a large reference area surrounding 
the winner is selected as a neighbourhood region. 
The reference vectors in this neighbourhood region 
Nc(t) as well as the winner mc(t) learn the input vector 
x(t) following eq. (1). The neighbourhood region 
reduces gradually until only the winner unit is trained. 
This forms a typical learning cycle. The next cycle 
begins with the introduction of the next input vector. 
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3. Quantitative Chemical Data 
a.tiU Analysis 
la.>cr 

XI X,, 

Figure 1: Connection between the multidimensional 
input vector x and the reference vector m; of unit i. 

2.2. Determination of the parameters 
in SOM_PAK 

SOM_PAK is constructed following the algorithm in 
2.1. The SOM learning process usually comprises of 2 
steps: rough learning L1 and detailed learning L2. 
The total number of learning cycles can be defined in 
advance. The learning coefficient in eq. (1) is selected 
as a linearly decreasing function oft by: 

a(t) = a 0 (1- tIT) (3) 

Where a 0 is the initial value, t is the present learning 
cycle and T is number of the learning cycles. Other 
types of decay function for a can be considered. 
There are two types of neighbourhood functions, the 
bubble and the gaussian. This paper utilises the 
bubble neighbourhood function and the number of 
nodes contained in the neighbourhood decays linearly 
as in eq. (3). 

The large backgrounds, which increase in the higher 
energy region, are subtracted linearly in order to raise 
the IMM signal sensitivity for CoNi alloys as shown 
in figure 2. The linear background signal, at 870 eV is 
subtracted from CoNi alloys as shown in figure 2. The 
linear background signal, at 870 eV is subtracted from 
the higher energy region between 590 and 890 eV. 
These data are then normalised as shown in figure 3. 
In the construction of the SOM (figure 4 ), each 
energy step on the horizontal axis (figure 3) is taken 
as a single dimension. Known compositions of the 6 
CoNi alloys shown in figure 3 are considered as new 
dimensions between 0 and 1. Co50Ni50 aHoy for 
example would have a dimension of 0.5. The final 
dimensions are composed of the composition label 
and the energy steps of 1 eV of the AES spectra. 

10000 

o too 200 ;m 400 500 roo 100 au 500 1000 
kheti> OIQY feY] 

Figure 2: Co45Ni55 alloy spectrum from lab. A is 
transformed by subtracting the linear background 

from the higher energy region. 
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Figure 3: Normalised CoNi alloy spectra from 
laboratory A after transformation. 

The normalised composition values and the AES 
signals (AES signal- Min AES signal), which are 
normalised by the difference between the maximum 
and minimum AES signals, are used as the new 
signal values. The input data to the SOM is made 
up of 6 different CoNi alloy compositions (Ni 0, 25, 
50, 55, 75, 100 %) from 16 different laboratories 
(A-Z laboratories). Thus the total number of spectra 

examined is 96. After the SOM learning, all the 600 
(20x30) units in figure 4 are compared by the following 
error function (Err): 

n 

Err= -~)x1 - mii ) 2 

j= l 

(4) 

Where x . and m .. are the j-th component value of the 
J lj 

n-th dimensional input data and i-th unit in figure 4, 
respectively. All the 6 input data (figure 3) are 
compared with the 600 units in figure 4. All labelled 
positions in figure 4 are determined by the minimum 
value of the error function. The self-organised map, 
which is constructed from data that is processed 
using the above mentioned method is shown in figure 
4. It can be observed that, the compositions are 
separated vertically by the grey level into the six 
different alloys Ni 0, Ni 20, Ni 50, Ni 55, Ni 75 and 
Ni 100 % respectively. In each of the vertical 
groupings, the data from the 16 laboratories are 
arranged from top to bottom. 

Figure 4: SOM built with data from 16 different labs. using the bubble neighbourhood function. 
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Furthermore, in some of the columns, some 
laboratory labels were missing. This occurred 
because in the event of more than one label 
occupying the same unit on the map, the latest 
label is used to construct the map. The frequency 
distribution of the composition labels of all the 600 
(20X30) units on the map is shown in figure 5. It 
can be deduced from figure 5 that the composition 
labels are uniformly distributed and therefore SOM 
is very suitable for data mining. To test the data 
mining capabilities of the SOM, the data for 
Co25Ni75 from Z laboratory was excluded from 
the input data and used as test data. During the 
learning process, all the 600 units are compared one 
after the other with Co25Ni75 data (test data). 

0% 50% 100% 

Figure 5: Frequency distribution of all the 600 
units in the SOM of figure 3. 

118 

1u> :; 
E 
8o.4 :Z....Ce:ISNI75 

Ill -
0 

S90 611 9JO 740 7!Q 840 
kiniDc energy [eV] 

Figure 6: The original test data for Co25Ni75 
from Z lab. and the best match unit for bubble 

neighbourhood function. 

75 

The unit with the lowest value of the error function is 
identified as the closest unit or the best match 
spectra. 
Figure 6 shows the best-matched spectra obtained 
after the experiment. Applying SOM, the data for 
Co25Ni75 from Z lab. which was not part of the 
input data was predicted with a composition error of 
1.02%. Thus, the composition of the unknown spectra 
can be determined using SOM. The map generated 
in figure 4 uses grey level expression to display the 
distances between neighbouring units. This 
approach is a qualitative method since the 
evaluation of the map is done by human eye. This 
paper proposes a quantitative method using the 
MST (Minimal Spanning Tree [1]). 

4. Minimal Spanning Tree 

The Minimal Spanning Tree method is a kind of 
tree like structure that links all the units by the 
shortest path. This structure defines the mutual 
distance and also describes the similarity 
relationship of any two points on the map. Here, 
the most similar pairs of items are linked together. 
This algorithm assigns arcs between the nodes in 
such a manner that all the nodes are connected 
together by single linkages. The total sum of the 
length of the arcs is minimised. The length of the 
arcs is defined to be the non-weighted norms of the 
vectorial differences of the corresponding 
reference vectors as in eq. (2). 
The map generated using the SOM+MST 
approach is shown in figure 7. The clusters 
generated by the MST map (figure 7) in the 
various composition ratios (0-1 00%) were 
compared using OR combinations. This approach 
yielded two (2) cluster groups as compared to three 
(3) cluster groups generated when the SOM 
method was used. Evaluation of the map for the 
cluster groups in the SOM method was done by 
human eye. Figure 8 shows the cluster groups that 
were generated in the SOM method. It should be 
noted that the data for the CoNi alloys used for this 
experiment was taken from the high-energy range 
(590-890) eV. For the SOM method, three cluster 
groups were obtained as compared to two cluster 
groups obtained using the SOM+MST method. 
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Figure 7: Map generated from SOM+MST using the bubble function 
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Figure 8: Cluster groups generated by the SOM method. 
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5. Modified Counter 
Propagation 

MCP was applied to the cluster classification of the 
chemical spectra from AES and compared with the 
other methods discussed earlier, i.e. SOM and 
SOM+MST. The MCP [4] is a three-layered 
network, which comprises of an input layer, 
competitive layer and an output layer. The 
structure of the MCP algorithm is illustrated in 
figure 9. The competitive layer is a two 
dimensional array of neurons. Each neuron in the 
input layer is denoted by h h ... , 1;. ... , h (total of 
L neurons), that in the competitive layer by Kb K2, 

... , Ki, .. . , KM (total of M neurons) and that in the 
output layer by ej, ez, ... , eh ... , eN (total of N 
neurons). The input vector is denoted by x(t) = [xb x2, 
... , x;, .. . xJ and the information of the belonging-
class y(t) = Cn (n = 1, 2, .. . ,k, ... , N) is given as the 
supervising class (teacher signal) of the input vector, 
where t is the learning iteration (t = 1,2, ... , 1). The 
weight vector of the input layer to the competitive 
layer is expressed as wi(t) = [mjl, mi2, .. .• mfi, miL]. The 
weight of j-th neuron on the competitive layer to the 
k-th neuron on the output layer is expressed as Zjk(t) . 

Output 
Layer 

Competitive 
Layer 

I Data I x(t) = [x1, ~ .. •• x; • .. .. xJ 

1~1 y(t)=C,, 
(" =I, 2, ...... , k, .... , N) 

Figure 9: The structure of the Modified Counter 
Propagation Network. 
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The weight vectors Wj of the input layer to Kj on the 
competitive layer is updated by Kohonen learning. 
The weight Zj•k•Of Kr on the competitive layer to ck. 
on the output layer, is only reinforced. A SOM is 
formed as a compression of the input data set, 
between the input and the competitive layers. At the 
same time, the frequency distribution is stored as 
weights of the competitive layer to the output layer. 
The MCP has a Learning mode, Recognition mode 
and Calibration mode. Each mode is performed by 
the following procedure. 

5.1. Learning Mode 

5.1.1. Initialisation 

Each weight mi; within the input layer to the 
competitive layer is set to a random number. Each 
weight Zjk of j-th neuron on the competitive layer to 
the k-th neuron on the output layer is initialised to 
zero. 

5.1.2. Selection of Winner Neuron 

Calculate all Euclidean distances di of the input 
vector x(t) and the neurons Ki on the competitive 
layer using eq.(5). 
The winner neuron Ki is defined as having 
minimum distance di. in di. 

di = llx(t)-wi(tf , (5) 

5.1.3. Update weight vectors wj( t) 

All weight vectors wit) included in the current 
neighbourhood region si. which is determined by 
winner neuron Ki* and neighbourhood function N 
j•(t) between input layer and competitive layer, are 
updated by the following eq.(6). 

w/t+I)=w/t)+~t)(x(t)-w/t)) ;jE Sr, 

Nit) =lNr(O)+(Nr(t)-Nr(O)Xt IT)j, 

(6) 

(7) 

Where, [N~J is defined as maximum integer which 
cannot exceed Nx. Also, the neighbourhood 
constant Ni•(O) and Nj•(1) must be set to zero or a 
positive integer. When the neighbourhood function 
is set to Nj•(t) = I, the corresponding 
neighbourhood region Si. is selected as 9(=3 X 3) 
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neurons surrounding the winner neuron Ki* as 
shown in figure 9. Likewise, 25(=5 X 5), 49(=7 X 
7), . . . neurons are selected as the neighbourhood 
region Si* corresponding to the neighbourhood 
function Nj•(t) = 2,3, . . . Thus, the neurons 
included in Si. are also updated. The Ni*(t) 
decreases monotonically as the · learning time t 
increases (eq.(7)). Thus, the Si* defined by Nj•(t) 

will be shrinking with increasing t. 1](t) is the 
updating co-efficient factor chosen within 
0 ::5: T](t) ::5: 1 . The T](t) decreases monotonically 
as the learning timet increases (eq. (8)). 

17(t) = 17(0) + (17(T) -17(0) )(tIT) (8) 

Where, T](t) is controlled proportionally by the 
distance from winner neuron (a neuron which is 
included in the current sj.. but located far from 
winner, is given a smaller value than the winner). 

5.1.4. Updating weights of Zj,k* 

Every weight Zj,k* included in the current 
neighbourhood region Sr• which is determined by 
winner neuron Kj• and the neighbourhood function 
Nr•(t) and concatenated to supervised class Cn 
between the competitive layer and the output layer, 
are updated by the following eq.{9). 

{9) 

Where, the initial neighbourhood value Nj••(O) and 
the final neighbourhood value Nr(T) between the 
competitive layer and the output layer must be set 
to a positive integer. The neighbourhood function 
Nj••(t) determines the neighbourhood region Sr• 
between the competitive layer and the output layer, 
and it is given by eq.(lO) above. The 
neighbourhood region Sr• is determined in the 
same way as Si* in figure 9, for example, when 
Ni*.(t)=1, then 9(=3 X 3) neurons surrounding the 
winner neuron Kr are selected. 

r(t) = r(O) + (r(T)- r(O) Xt IT) (11) 

Where, r(t) is a rate of increase (when 
r(t) > r(O)) of the weights Zj,k* at learning time t. 
The initial value of r(O) must be within the range 
of 0< y(O) <1. Furthermore, y(t) is controlled 
proportionally by the distance from the winner 

neuron, in the same way as 1](t); for example, a 
neuron within Sr. but located far from the winner, 
has a lower value of r(t) than the winner. The 
learning should be performed by the T times 
calculation of the above steps (sections 5.1.2 to 
5.1.4). If the amount of input data set is smaller 
than T, the input data is reloaded again from the 
beginning of the data file, as the need arises (cyclic 
loading method). 

5.2. Recognition Mode 

After loading all the weight vectors, which have 
already been learned, the classification 
(Recognition) is performed as follows: 

1. Show the input vector 
2. Select the winner neuron Ki* on the 

competitive layer by eq.(5) 
3. Find the maximum weight of the winner 

neuron Ki* on the competitive layer to 
neurons on the output layer, its k-th 
neuron's class on the output layer is 
·selected as the best class in MCP. 

4. In the same way, the order of belonging-
class is determined by descending order of 
weights; i.e. the k-th class of the next 
larger weight, becomes the second best 
class in MCP. 

5.3. Calibration Mode 

The procedure of the calibration mode is performed 
as follows: 

1. The agreement of the teacher class 
CrEACHER and the class judged by MCP 
CMcP is confirmed, when input data is 
selected. 

2. wj(t) is updated as follows: 

Where, 
sgn(t) = {+ 1.0 : CMcP = CTEACHER 

{-1.0 : CMCP '# CTEACHER 

Using eq.(12), if CMcP = CrEACHER then sgn(t) = 1.0 
and wj(t) is updated toward the input data (same as 
eq.(6)). On the other hand, if CMcP t: CrEACHER· then 
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sgn(t) = -1.0 and w,(t) is updated in a direction 
opposite to the input data. 

6. Simulation Results 

MCP was applied to the data set used for SOM and 
SOM+MST experiments. 

6.1. High energy region 

Within the data range of 590-890eV in increments 
of leV, simulation results obtained after the MCP 
method distributed or assigned the 16 laboratories 
(A-Z) into two groups. 

Cluster SOM SOM+MST MCP 
group I A A A 

B B B 
c c c 
G G G 
H H H 
s s s 

group 2 J D D 
K E E 
L L L 
N J J 
p K K 
X L L 
z N N 
- p p 

- X X 
- z z 

group3 D - -
E - -
I - -

Table 1: Comparison of the groupings achieved by 
SOM, SOM+MST and MCP for data taken from the 
high-energy region. 

Table 1 compares the various groupings that were 
obtained for the three (3) experiments i.e. SOM, 
SOM+MST and MCP. MST and MCP methods 
assigned the same laboratories (A, B, C, G, Hand 
S) to group 1 and (D, ElF, I, J, K, L, N, P, X, Z) to 
group 2 whereas SOM achieved three (3) groups. 
All the three methods assigned A, B, C, G, H and S 
to group 1. Figures 1 0 and 11 also show the 2 
dimensional maps that were generated for the MCP 
method. 

Figure 10: 2 dimensional map by MCP for 
laboratories classified as group lfor data from 

high-energy region for CoONi 100. 

Figure 11: 2 dimensional map by MCP for 
laboratories classified as group 2 for data from 

high-energy region for CoONi 1 00. 

6.2. Low energy region 

79 

Within the data range of 35-90eV in increments of 
0.2eV, similarly, simulation results obtained after 
the MCP method distributed or assigned the 16 
laboratories (A-Z) into two groups. Table 2 
compares the various groupings that were obtained 
for two (2) of the experiments i.e. SOM+MST and 
MCP. 
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Comparing the cluster groups that are shown in 
table. 2, MCP resulted in 2 groups as compared to 
four (4) groups by SOM+MST. All the 
laboratories classified as groupl for MST were also 
classified as group 1 for MCP as well as B, C, and 
R with the remaining laboratories as group 2. 
Laboratories A, B, C, H and S were classified as 
group 1 by MCP in both tables 1 & 2. However, D 
and I, which were classified as group 2 in table 1, 
were classified as group 1 in table 2. 

Cluster SOM+MST MCP 
groupl A A 

D D 
F F 
H H 
I I 
s s 
- B 
- c 
- R 

group 2 K K 
L L 
X X 
- G 
- J 
- p 
- X 
- z 

group 3 J -
p -

group 4 - -

subgroup 1 B -

c -
R -

subgroup 2 G -
N -
z -

Table 2: Comparison of the groupings achieved 
by SOM+MST and MCP for data taken from the 

low energy region. 

Furthermore, as shown in figure 12, the spectral 
shapes of group 4 from table 2 can be distributed 
into 2 sub groups: 

1. Spectral shapes starting from high-
normalised values. 

2. Spectral shapes starting from 
normalised values. 

I • •••••• ••••··••• • ••••••• • •• • ••••• • • •••••••• • •• ····••••• •• • • •••• • ••••• ••• ••• •• •••n• •• •••••••• • 

Group2 

45 55 15 •• 
Kinetic energy (eV) 

low 

Figure 12: Spectral shapes of Co25Ni75 alloys 
form labs B, C, R, G, N and Z classified as group 4 

by SOM+MST method (low energy). 

These are comparable to the criteria used for the 
classification in the MCP method. Consequently, 
MCP classified B, C, R as group 1 and G, N, Z as 
group 2. SOM+MST classification was based on 
the nearest neighbour or smallest Euclidean 
distance (first winner). It was proposed that there 
might be certain inherent similarities in the data 
(35-90eV), which were not identified by the first 
winner approach. Thus to confirm this assumption 
the MST2 (second winner) algorithm was applied 
to the data from the low-energy range [5]. In the 
case of the first winner approach, the nodes 
selected to form this neighbourhood comprised of 
only the first winner nodes. For the second winner 
approach this neighbourhood was expanded to 
include the second winner nodes. The 
neighbourhood this time contained far more nodes 
than that of the former algorithm. It also means 
that in MST2 (using second winner approach) more 
MST arcs are traversed in selecting a cell to form a 
neighbourhood. This approach also yielded two (2) 
cluster groups: 

Group 1: A, B, C, D, F, H, I, Rand S 

Group 2: J, K, L, N, P, X and Z. 

MCP and MST2 assigned the same laboratories to 
groups 1 and 2. Thus this confirms the assumption 
that there were certain inherent similarities within 
the data for the low-energy range, which were not 
identified by the first winner approach. 
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7. Conclusion 

For the high-energy region, the results obtained for 
SOM+MST and · MCP methods agreed perfectly as 
compared to that of the SOM. Here, a better 
classification was achieved with the SOM+MST 
and MCP methods. When the two methods were 
applied to data from the low energy region, 
SOM+MST assigned the laboratories into four (4) 
groups whereas the MCP maintained the two (2) 
groups. As discussed in section 4, SOM+MST 
method applies the Euclidean distance to link the 
neighbouring units or nodes by the shortest path. 
Thus units or nodes on the peripheral of a cluster 
could be classified as belonging to the next cluster. 
With SOM, cluster classification was always done 
by human eye. 
The third group that emerged from this method 
actually belong to either group 1 or 2 (for the high 
energy region) but since the human eye was not 
able to interpret the level of the grey expression, it 
was classified as a third group. By applying the 
MST to the grey expression of the SOM, the exact 
distances between the nodes or units can be 
estimated. By this approach, the confusion created 
as a result of misinterpretation of the grey level 
expression is resolved. The MCP method 
maintained the two-group pattern in both the high 
and low energy regions. 

References 

[I] Kohonen, T., "Self-Organising Maps," Springer 
Series, 1997. 

[2] Tokutaka, H., et al, "Application of Self-
Organising Maps to Chemical Analysis," 
proceedings ofiCONIP' 97, pp. 1318-1321 ( 1997). 

[3] Tokutaka, H., et al, "Application of Self-
Organising Maps to Chemical Analysis," proceedings 
ofiCONIP'98, Volume2, pp. 1122-1125 (1998). 

[4) Fujimura, K., Tokutaka, H., Kishida, K., 
Muraoka, N. and Ishikawa, M., "A Modification 
of Counter Propagation and its Applications," 
Tech. Report of ffiiCE, NC96-28, July (1996). 

81 

[5] Obu-Cann, K., Tokutaka, H., Fujimura, K., 
Yoshihara, K. and Metal Materials Group of SASJ, 
"Clustering by SOM (Self-Organising Maps), MCP 
(Modified Counter Propagation) and MST 
(Minimal Spanning Tree)," Tech. Report of IEICE, 
NC99-133, March (2000). 

Australian Journal of Intelligent Information Processing Systems Volume 6, No. 2 



82 

Coloring that Reveals Cluster Structures in Multivariate 
Data 

Samuel Kaski, Jarkko Venna, and Teuvo Kohonen 
Helsinki University of Technology, Neural Networks Research Centre 

P.O. Box 5400, FIN-02015 HUT, Finland 
samuel.kaski @hut.fi 

Abstract 

A method is introduced for assigning colors to displays of 
cluster structures of high-dimensional data, such that the 
perceptual differences of the colors reflect the distances in 
the original data space as faithfully as possible. The method 
consists of three parts: First the cluster structures are dis-
covered with the Self-Organizing Map (SOM), and then a 
new nonlinear projection method is applied to map the clus-
ter structures into the CIELab color space. Finally the clus-
ter structures are visualized using the colors found by the 
projection. The projection method preserves best the local 
data distances that are the most important ones, while en-
suring that the global order is still discernible from the col-
ors, too. This allows the method to confonn flexibly to the 
available color space. The output space of the projection 
need not necessarily be the color space. Projections onto, 
say, two dimensions can be visualized as well. 

1 Introduction 

In exploratory data analysis or interactive data mining one 
central goal is to illustrate high-dimensional data sets by 
overviews that are easily understandable but still preserve 
the essential properties of the data. The Self-Organizing 
Map (SOM) algorithm [3, 4] can be used for visualizing 
one of the most central properties of high-dimensional sta-
tistical data, namely its cluster structure, on graphical map 
displays. 

In this paper we introduce a method for visualizing the clus-
ter structures discovered by the SOM with colors. Unlike 
in commonly used visualizations of data types or clusters 
the (relative) colors are not chosen arbitrarily, but the per-
ceptual differences of the colors are supposed to reflect the 
distance relations within the cluster structure as faithfully 
as possible. 

The perceptual differences between different colors can be 
approximated by distances in suitably defined color spaces, 
for example the CIELab color space [1]. Therefore, any col-
oring of high-dimensional data items actually corresponds 
to a mapping of the items into a smaller-dimensional space, 
the color space. In this work we do not map the data items 
themselves but their representations, the models formed by 
the SOM algorithm. A nonlinear projection method that 
is suitable for the SOM models will be introduced in Sec-

Tills work was supported by the Academy of Finland. 

tion 3, and applied to colorin~ cluster structures in Sec-
tion 4. 

2 Discovering Cluster Structures 
with the Self-Organizing Map 

The SOM [3, 4] is an unsupervised neural network algo-
rithm that can be used to visualize cluster structures in high-
dimensional data. The SOM consists of a regular grid of 
neurons (units) that are all connected to the input of the 
SOM. Each of the SOM units contains a model vector mi E 
JR.n, where n is the dimension of the data. When a data item 
x E R" is input to the ~OM, the best matching model vec-
tor, me. is searched for using the equation 

c = argmin{llx- mill}. (1) 
• 

When the best matching model vector is found, the model 
vectors are updated using the following equation: 

mi(t + 1) = m,(t) + hci(t)[x(t) - m;(t)], (2) 

where t = 0, 1, 2, ... is the number of the learning step. 
The function hc;(t) = h(ilrc- r;ll;t), where r; E lR.2 and 
r c E JR2 are the location vectors on the SOM grid for units 
i and c, is the neighborhood function. The neighborhood 
function controls how each unit is updated in each step. 
As the result of the SOM algorithm the model vectors be-
come ordered: neighboring units in the grid represent sim-
ilar data. Additionally the density of the model vectors re-
flects the density of the data in the input space. 

The SOM can often be computed faster by using a batch 
version of the SOM algorithm instead of the online algo-
rithm described above. The batch version consists of the 
following steps [5]: 

1. Initialize the model vectors m;. (Suitable initializa-
tion methods can be found for example in [4]). 

2. For each unit j compute the average of the data vec-
tors that the unit j is the best match for. Denote this 
average with Xj. 

3. Compute new values for the model vectors mi using 
the equation 

(3) 
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where j goes through all model vectors. The term 
hii is the neighborhood function of the SOM and ni 
is the number of data vectors that the unit j is the best 
match for. 

4. Repeat the steps two and three until the algorithm 
converges. 

Once the SOM has been computed, the ordered SOM grid 
can be used as a groundwork for displaying the cluster 
structure of the data. Clusteredness, i.e. the density of 
the data, is reflected in the density of the model vectors, 
which in turn is reflected in the distances between neigh-
boring model vectors. This idea has been utilized in the U-
matrix method [8) in which the distances are visualized by 
gray levels. Figures 2a and 3a illustrate the cluster struc-
ture of two data sets. The first set consists of 39 statis-
tical indicators that describe various aspects of poverty of 
each country in the world [2). The second set consists 
of cepstral-coefficient vectors picked up from continuous 
Finnish speech of one speaker (test material available in 
[6)). 

3 SOM-Based Non-Linear 
Projection that Preserves Local 
Distances 

When projecting a set of high-dimensional data vectors into 
a lower-dimensional space it is in general impossible to pre-
serve all of the pairwise distances between the data items. 
In the mapping of Sammon (cf. the end of this section), a 
compromise is made by minimizing an objective function 
that describes the· global error, errors in all distances. 

Fortunately, preservation of all distances is not equally im-
portant. When aiming at a projection that preserves the 
cluster structures, i.e. the density of the data, it is especially 
important to preserve the local distances that are indicators 
of the local density. In the SOM the model vectors are 
already ordered so that the distances between model vec-
tors of neigh boring map units are the local distances. This 
is the reason why distances between neighbors are used in 
the SOM-based clustering displays to indicate the clustered-
ness. 

The requirements for a good projection can be summed up 
as follows: 

The perceived color differences should reflect the dis-
tances between model vectors of neighboring units as 
well as possible. 

ii The SOM grid should still be ordered. Otherwise dif-
ferent non-neighboring areas on the map may attain 
the same calor. 

We introduce below a new nonlinear projection method that 
aims at fulfilling these requirements. 
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Figure 1: Definition of orderliness of the projection. The 
projections of the model vectors in the neighborhood of the 
unit i have been depicted with open circles, and neighbors 
have been connected with thin lines. The most obvious defi-
nition of orderliness might be that the map may not become 
"twisted", i.e., no non-neighbor may enter the area bordered 
by the outer thin lines. This definition has disadvantages, 
however: it is not easily applicable, especially in higher-
dimensional spaces, and not as obvious as here if the neigh-
borhood is very irregular. We have therefore used a more 
straightforward definition: If a non-neighbor m~ belongs 
to the "sector" of mj , illustrated with the thick lines, and 
is closer to mi than mj is, then m~ is too close to mi and 
the projection is not ordered. The sector consists of those 
points for which the angle from mj, as seen from m i, is 
smaller than from the other neighbors of the middle point 
m;. 

Denote the index set corresponding to the neighborhood of 
map unit i by Ni (here excluding the map unit i itself), and 
denote the distance between the model vectors i and j by 
dij = llmi - m j 11· If the low-dimensional projection of m1 

is denoted by mi, and the distance after the projection by 
dij = 1/mi- mj/1, then 

E1 = :E :L (dii - d~i)2 (4) 
i jEN; 

is the mean-square cost function that measures distortions in 
the local distances. The projection method should find such 
values for the mi that the cost function E 1 is minimized. 

Unfortunately, a projection that preserves the local dis-
tances is not guaranteed to be globally ordered. The pro-
jection may "fold" over itself and become unintelligible. 

It has turned out in our experiments that the projection be-
comes globally ordered if an only slightly restrictive extra 
constraint is imposed on the non-local distances: Intuitively 
speaking, no other model vector may be projected in be-
tween the model vectors belonging to neighboring points 
on the SOM grid. The detailed definition is given and illus-
trated in Figure 1. Note that the exact value of the non-local 
distances may be arbitrary as long as they are large enough. 

The orderliness can be guaranteed by adding a second term 
into the cost function (4) . Denote by I ij the set of indices 
of all such model vectors that do not satisfy the orderliness 
constraint for the pair of neighbors ( i, j) . The total squared 
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Figure 2: The poverty map. a Structured diagram of the data set [9] chosen to describe the standard of living. The order of 
the abbreviated country names indicates the similarity of the standard of living of the countries, and the gray levels, obtained 
by smoothing the U-matrix, indicate the degree of clustering. Light shades correspond to a high degree of clustering and 
dark shades to gaps in the degree of clustering. Different types of welfare and poverty are visible as the clustered (light) 
areas on the map, separated by the dark "ravines". The SOM grid points having no countries have been marked with dots. b 
Projection of the poverty map onto the two-dimensional space. The small circles denote the projections of the model vectors. 
Projections of model vectors of neigh boring map units have been connected with thin lines and the countries mapped to the 
corner units have been marked in the figure. c The projection of the model vectors of the poverty map onto a constant-
lightness cross section of the CIELab calor space. The thick lines delimit the region representable by a typical CRT tube, 
and the circle in the middle encompasses colors that were considered too non-saturated (gray). Note that the axes have been 
rotated and mirrored to ease comparation with a and b. 
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deviation from orderliness can then be measured with 

Ez = L L (d~i - d~k) 2 
• (5) 

i,j kEl;; 

The total cost function to be minimized is then 

(6) 

Here Az is a parameter that determines how strongly devia-
tions from orderliness affect the projection. We recommend 
initializing the projection in an orderly fashion to avoid lo-
cal minima, and setting A2 to a relatively large value, say, 
A2 = 100. 

The projection of the SOMs of Figures 2a and 3a into a two-
dimensional space, obtained by minimizing E 1 in (6), has 
been shown in Figures 2b and 3b. We optimized the cost 
function by a simple stochastic gradient descent: At each 
optimization step one model vector was selected randomly 
and moved into the direction of the negative gradient of E' 
by an amount that decreased gradually during the optimiza-
tion. If the gradient step would have increased the value 
of the cost function, the step size was temporarily halved 
until either the value of the cost function decreased or the 
maximum number of allowed iterations was reached. 

It can be seen from Figures 2b and 3b that the long distances 
between the projected model vectors correspond to black 
areas in Figures 2a and 3a and short distances to light areas, 
respectively. 

Relation to Sammon's Mapping. The traditional multidi-
~ensional scaling methods like the Sammon's mapping [7] 
could in principle be used instead of the method presented 
here. They do not, however, produce as flexible mappings 
as our method, since they try to represent all of the pair-
wise distances of the original data. The local differences 
will then necessarily be represented less accurately in Sam-
mon's mapping, except in special cases. Moreover, if only 
a restricted area of the output space is available like in the 
coloring task discussed in Section 4 below, then it may be 
more difficult to fit Sammon's projection to the area because 
the mapping is "stiffer". 

Note: Sammon's mapping could be applied to the model 
vectors of the SOM as well. The cost function of Sammon 's 
mapping would then be 

Es = L d~- (dij - d~j)2 , 
i#-j ZJ 

(omitting a constant normalizing term). Sammon's map-
ping would consider distances between all model vector 
pairs (i, j), weighted by 1/dij• whereas for the present pur-
pose we consider only the distances between model vectors 
of neigh boring SOM units. Therefore, Sammon's mapping 
would still be less flexible. 

4 Coloring by Projection into the 
Color Space 
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Coloring corresponds to projection into a color space. 
There exist several color spaces that could be used as tar-
gets for projection. One of the col or spaces most often used 
in visualization is RGB which is based on CRT display me-
chanics. Each component in the RGB corresponds to the 
intensity of one of the phosphors on a CRT screen. RGB 
color space has two drawbacks however. First it is device 
dependent, i.e. a color specified in the RGB color space 
looks different when viewed on different displays. The 
second drawback is the perceived nonuniformity of color 
differences in different parts of the color space. The per-
ceived color difference between a pair of colors that have 
the same Euclidean distance in the RBG color space varies 
widely depending on the location of the pair in the color 
space. Luckily there is a group of color spaces, the uniform 
color spaces, that are defined so that perceptual differences 
in colors correspond to Euclidean distances in the space as 
well as possible, at least when small color differences are 
considered. We have chosen to use a color space called 
CIELab [1], which is a well known uniform color space rec-
ommended by the Comission Intemationale de L'Eclairage 
(CIE). . 

The whole three-dimensional space is not available for the 
coloring, however. A given display device like the CRT 
tube is able to present only a part of the space. We have 
restricted the available space even further since we wanted 
the colors to differ predominantly in one perceptual qual-
ity only, namely, the hue. Therefore, very non-saturated 
colors (more exactly, colors with a small chroma) were not 
allowed, and the lightness was set to a fixed value. Re-
stricting the change to one perceptual component makes vi-
sualizations based on the coloring easier to interpret. Af-
ter these restrictions a non-regularly shaped area in a two-
dimensional cross section of the CIELab space remained 
(cf., e.g., Fig. 3c). To take these practical points into ac-
count we have to add two sub-requirements for the coloring 
method in addition to those mentioned in section 3: 

iii The coloring should consist only of colors that be-
long to the available color space. All colors should 
be producible by the display device and preferably 
differ only in the hue. 

iv The available color space should be covered as well 
as possible. 

We need an additional term in the cost function of the pro-
jection to keep the projected items within the available re-
gion. Before formulating the term we need to scale the dis-
tances of the CIELab space suitably, however, since the rel-
ative scale between the distances in the original data space 
and in the CIELab space may be arbitrary. A proper choice 
of the scaling factor, denoted by K, will be discussed in 
more detail later in connection with Figure 4 .. 

Denote, as previously, the ith model vector of the SOM by 
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Figure 3: The phonetic map. a Structured diagram of the data set consisting of cepstral-coefficient vectors picked up from 
continuous Finnish speech of one speaker [6]. The gray levels have been obtained by smoothing the U-matrix. The units 
have been labeled with the phoneme that occur most frequently within the node. b Projection of the phonetic map onto the 
two-dimensional space. c Projection of the model vectors of the phonetic map onto a constant-lightness cross section of the 
CIELab calor space. For explanation of the figures see caption of Figure 2. 
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mi and its projection by m~. respectively. Denote then the 
point in the available space that is closest to m:f K by m~. 
If mU"' is already in the available space, then m~ = mU K. 

The additional term, E 3 , in the cost function is then the 
squared distance between the actual projection and the clos-
est available point, scaled to match the distances in the orig-
inal data space, 

(7) 

The total cost function that the projection shall minimize is 

(8) 

where ,\2 and ,\3 are suitably chosen parameters. We have 
minimized E by the stochastic gradient descent method de-
scribed in Section 3. The cost function has many local min-
ima, and thus the projection should be initialized properly, 
in an orderly fashion. A suitable sample initialization is 
shown in Figure 4a. 

The parameter ,\2 should be set to a large value, say, ..\2 = 
100 like in Section 3. We recommend setting the other pa-
rameter, ,\3 , initially to zero to make the mapping flexible, 
and to increase its value gradually to, say, ,\3 = 10 during 
the optimization to enforce the constraint. 

The scaling factor"' in (7) is the only remaining free param-
eter in the cost function. Since the region of the CIELab 
space that corresponds to the available colors is very lim-
ited and irregularly shaped, a compromise must be made 
between a faithful representation of the distances and the 
color resolution. The scale should be chosen according to 
their relative importance. 

If 1 f K is small, like in Figure 4b, the distances are repre-
sented faithfully but only a small part of the available color 
space is utilized. As 1/ K increases (Figs. 4c and d) the pro-
jection utilizes a larger portion of the available space but the 
distances between model vectors become somewhat more 
distorted because the projection must conform to the bor-
ders of the area. Fortunately, however, small changes in the 
scale usually only have small effects on the coloring. For 
example, there are only small distortions in the colorings 
corresponding to either of the projections in Figs. 4c and d 
although the projections seem very different (see 
http: I /www. cis .hut. fi/sarni/ajiipsOO/). 

The result of mapping the model vectors of the SOMs of 
Figures 2a and 3a into the CIELab color space is shown 
in Figures 2c and 3c. Compared with the non-constrained 
projections in Figures 2b and 3b the overall organization 
is similar but some compromises have clearly been needed 
especially in conforming to the disk of non-saturated colors 
in the middle. Nevertheless, it is clear, based on the results, 
that the projection method is able to make the necessary 
compromises. 
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Figure 4: Effect of s·cale on the projection of an arti-
ficially generated, evenly spaced two-dimensional SOM 
into a constant-lightness cross section of the CIELab color 
space. a: Initial state. b: Optimal preservation of distances 
but low resolution: small scale 1/ K. c and d: Progressively 
larger scale. The thick lines delimit the region representable 
by a typical CRT tube, and the circle in the middle encom-
passes colors that were considered too non-saturated (gray). 
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When the graphical SOM display was colored according to 
the projection (see http: I lwww. cis. hut. filsamil 
aj iipsOOI), the perceptual differences in the hue of the 
neighboring map units corresponded well with the distances 
in the original data space, depicted as shades of gray in Fig-
ures 2a and 3a. Moreover, the hues became ordered glob-
ally; inside the different clustered areas the hues were rela-
tively uniform, and different clustered areas attained differ-
ent colors. 

5 Coloring of the Original Data 
According to Its Cluster 
Structure 

The coloring can be even more useful if the original data set 
can be visualized in some other manner besides the SOM 
display. Then each data item can be colored according to its 
color on the SOM display. The welfare and poverty struc-
tures, for instance, can be visualized in a straightforward 
manner on a geographic map display. The countries can 
then be colored according to their welfare or poverty type 
(see http: I lwww. cis. hut. filsamilajiipsOOI). 
The result is a display where countries having a similar wel-
fare or poverty type have been colored similarly irrespective 
of their geographical location. Japan and Australia, for ex-
ample, are fairly similar to the European countries and to 
the USA and Canada. Countries that belong to very differ-
ent types than their neighbors pop out strongly, like Japan, 
Sri Lanka, and South Africa. 

Such visualizations can be very useful if the data has a "nat-
ural" ordering like the geographical order here but, in fact, 
any order of the data items can be used. For example, if the 
countries were ordered simply according to the GNP per 
capita in a table and colored using a SOM, then countries 
in which the welfare or poverty type is different from the 
other countries having a similar value of GNP per capita 
would be clearly discernible based on sharp discontinuities 
in the coloring. 

Note: In principle our method could be used to map the 
data set directly, instead of mapping the model vectors of 
a SOM computed from the data set. It would, however, be 
more difficult to define which distances are local enough so 
that they should be represented accurately. The SOM makes 
this decision automatically. If it is necessary to obtain a 
characteristic color for each data item then some suitable 
local fitting method may be used to complement the SO M-
based mapping. 

6 Conclusions 

We have introduced an automatic method for coloring 
graphical SOM displays so that the perceptual properties of 
the coloring reflect the properties of the high-dimensional 
statistical data as closely as possible. In fact, the resulting 
coloring is almost tailored to the human color vision sys-
tem which is very accurate in detecting differences between 

the colors of neighboring areas, in this case the color dif-
ferences between neigh boring locations on cluster displays. 
The easily interpretable coloring makes it possible to visu-
alize complex statistical structures automatically even for 
non-experts. 
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Abstract: A neural-network-based data-analysis 
model for the prediction and classification of field 
data has many attractions. However, there are 
problems in ensuring the generalisation capability of 
the data analysis model, in measuring the similarity 
between the original training data and the new 
unknown data, and in processing large data volumes. 
This paper proposes the use of self-organising maps 
(SOMs) to overcome these difficulties and illustrates 
the utility of the approach though applications in the 
agricultural, resource exploration and mineral 
processing areas. In most SOM applications, its self-
organising and clustering capabilities have always 
been the focus. In this paper, SOM is used as 
enhancement approach that can be incorporated 
within another intelligent data analysis approach. 

1. INTRODUCTION 

Self-Organising Maps (SOMs) [8,10] have been 
recognised as an important tool for information 
processing and data analysis. Most SOM applications 
focus on their self-organising and clustering 
capabilities as SOM has the ability to organise the 
input vectors in an unsupervised learning mode. 

Intelligent data analysis, in the form of neural 
networks, is critical to an increasing number of 
application areas, but there remain problems to 
resolve. Many of these would not exist if the 
information to be analysed could be clustered before 
processing proper. It is suggested that SOMs offer 
that capability and so allow inferential data analysis 
procedures to be enhanced. 

Data analysis is usually performed on a sample set of 
observations taken from some population [ 11]. In 
most practical situations, a sample is all that is 
available and it may provide incomplete information 
on the population. The objective of data analysis is 
nonetheless to extract maximum information from 
that sample, to exhibit reasonable interpolation skill 
and provide some indication where that has been used 
for extrapolation purposes. 
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Murdoch University 
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Phone: (618) 9360 2918 

Fax: (618) 9360 2941 
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In this paper, SOM is used to examine three aspects 
of this data analysis problem. First, the problem of 
ensuring the generalisation capability of the data 
analysis model is investigated. SOM data splitting 
validation is proposed to solve this. After the 
interpretation model is established, SOM is then used 
to provide measurement of the similarity between the 
training data and the new unknown data. However, in 
cases where the available data is large, it is always 
safer to assume that the underlying function the 
interpretation model needs to learn is difficult to 
realise. SOM can then be used in establishing 
modular models for overcoming this problem. 

The proposed SOM solutions to the intelligent data 
analysis problems have each been successfully 
applied to problems . relating to local industrial 
problems in Western Australia. The proposed 
approach has been applied in the area of agriculture, 
resource exploration and mineral processing 
activities. In particular, the SOM approach is used in 
classifying Australian wheat varieties [1, 12], to aid a 
Backpropagation Neural Network (BPNN) in 
providing better and more accurate well log analysis 
[14] and in assisting a BPNN in providing reliable 
hydrocyc1one data analysis [2]. 

2. SELF-ORGANISING MAPS 

SOM mimics aspects of brain behaviour and has a 
close relationship to brain maps (8, 10]. Its main 
feature is the ability to visualise high dimensional 
input spaces onto a smaller dimensional display, 
usually two-dimensional. For the discussion and 
applications in this paper, only a two-dimensional 
array is of interest. 

Consider some input data space !11' to be mapped by 
the SOM onto a two-dimensional array with I nodes. 
For each of the I nodes, there is an associated 
parametric reference vector .m1=[p!h/J!2, ... ,p1,JT E 

!11', where f./ij is the connection weight between node I 
and input j. The input data space !11' consists of input 
vectors X=[xJ.x2, .. ,x,JT. Then any X E !11' can be 
visualised as being connected to all nodes in parallel 
via scalar weights f.Ju· The aim of learning is to map 
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all n input vectors Xn onto m1 by adjusting weights f.L;J 

such that the SOM gives the best match response 
locations. 

SOM can also be said to be a nonlinear projection of 
the probability density function p(X) of the high 
dimensional input vector space· onto the (two-
dimensional) display map. Normally, to fmd the best 
matching node /, a given input vector X is compared 
to all reference vectors m1 by searching the smallest 
Euclidean distances 11 X- m1 11, signified by some 
parameter c. Therefore, 

c = argm~{ll X- m; 11} (1) 
I 

or 11 X -me ll=m~n{ll X -m; 11} (2) 
I 

During the learning process, the node that best 
matches the input vector X is allowed to learn, but in 
addition those nodes close to that node within a given 
Euclidean distance are also allowed to learn. The 
learning process is expressed as: 

where t is discrete time coordinate 
and hclt) is the neighbourhood function 

After the learning process has converged, the map 
will display the probability density function p(X) that 
best describes the entire input vector space. On 
completion, an average quantisation error of this map 
can be generated to indicate how well the map has 
matched the entire input vector set Xn. The average 
quantisation error is defmed as: 

E= fiiX -meW p(X)dX (4) 

Beside the average quantisation error, an individual 
quantisation error may also be used to measure how 
well any input vector matches the closest node /,. This 
is similar to equation (2). 

3. SOM DATA SPLITTING 

Split-sample validation is the most commonly used 
method for estimating the generalisation capability of 
a BPNN using the early-stopping approach [17). 
Here, a set of validation data that is not used in the 
training process is used to calculate the validation 
error. The stopping point in this method is suggested 
to be the point where the validation error starts to rise. 
This point also indicates that the generalisation ability 
starts to degrade. When training starts, the errors for 
both data sets will normally reduce. After much 
training iteration, the validation error normally starts 

to rise although the training error may continue to 
fall. The BPNN training process can be stopped at 
this point as further training will result in overfitting. 
A typical plot of the training and validation errors is 
shown in Figure 1. 

V olidation error 

I 
Optimal stopping point 

No. ofiteration 

Figure 1: Typical plot of the training and validation 
errors 

As the generalisation ability of the BPNN is highly 
dependent on the validation data set, the splitting 
method used is important. However, there are no rules 
to suggest the best method. Nevertheless, the 
validation data set should demonstrate two 
characteristics: ( 1) the validation set should be 
statistically elose to the training set, and (2) the 
validation error should indicate the generalisation 
ability of the fmal BPNN and it should be possible to 
use it as the stopping criteria for the training process. 

If U is the universal sample space of all the cases of 
data to be processed by the network, then the training 
set, TR should be contained in or equal to set U: 

(5) 

If TR follows the condition in equation (5), the 
validation set, V A, and testing set, TE, should a 
proper subset to the training set. That is: 

VAcTR (6) 

TEcTR (7) 

with the condition: 

VA nTE=0 

However, if the traditional random approach of data 
splitting is used, this may result in a worst case 
situation as illustrated by the following equations. 

TRcU (8) 

VAcU (9) 
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with the following conditions: 

l,'Rn VAn TE= 0, 
V A cr. TR, and 
TE cr.TR. 

(10) 

In this case, the statistical characteristics of the three 
data sets are all mutually exclusive, the training set 
does not cover all the sample space, and the 
validation and testing sets will not be able to give a 
fair indication of the generalisation ability of the 
network. 

In the proposed SOM data-splitting technique [6, 18], 
the available data are first classified into different 
clusters using unsupervised learning. If U is classified 
into C1 to Cn clusters, then U can be written as: 

U = { C, , Cz , C3 , .... , Cn } (11) 

If the training data set is selected from each one of the 
n clusters and the rest are left for testing and 
validation, then the conditions on equation ( 6) and (7) 
are satisfied. In this case, the training set will cover 
all the desired underlying cases. The validation set 
and testing set are subsets from the clusters from 
which the training set is selected. 

From the above, an important and crucial task is 
splitting the available data into training _and validation 
sets. The training set will give information on what 
the BPNN should learn and the validation set acts as a 
teacher to guide the BPNN such that it will learn the 
correct function. As the BPNN is based on a training 
set to obtain the underlying knowledge, therefore it 
should contain more data than the validation set. 

When obtaining the training set, there will be some 
environmental factors that affect the measurements. 
As a result, it is not possible to have an exact function 
that describes the relationship between X and Y. 
However, a probabilistic relationship governed by a 
joint probability law P(J.j can be used to describe the 
relative frequency of occurrence of vector pair (X, 
Y ,J for an n training set. The joint probability function 
P( J:? can be further separated into an environmental 
probability function P(p) and a conditional 
probability function P( 1}. Thus the probability 
function may be expressed as: 

P( v) = P(p)P(y) (12) 

The environmental probability function P(f.l) 
describes the occurrence of the input X. The 
conditional probability function P( 1} describes the 
occurrence of the output Ybased on the given input X. 
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A vector pair (X, 1? is considered as noise if X does 
not follow the environmental probability function 
P(f.l), or the output Y based on the given X does not 
follow the conditional probability function P(l}. 

The rule for splitting the available data into training 
and validation sets is that the training set should be 
statistically similar to the whole sample space. The 
validation set should also be statistically similar to the 
training set as it has to act as a teacher. This rule 
suggests deploying the SOM algorithm of the last 
section. SOM can be used as a nonlinear probability 
density function projection on the two-dimensional 
map. Therefore, in each node I the probability density 
function of the input vectors being mapped onto it 
should have a similar probability density function. 
This also implies that the input vectOrs that are 
mapped onto the same node should have similar 
relative occurrences as denoted by P(X). This P(X) is 
similar to the environmental probability function P(f.J) 
in equation (12). From the analysis of equation 12, the 
role of training the BPNN can be said to be a search 
for the conditional probability law P(l}. The 
formulation of the P(X) here has to be extended. 
Instead of mapping just the input vector X, both the 
input vector X and target vector Y are used in the 
learning of the SOM. A joint probability between X 
and Y is assumed and is denoted as P(X, }j. It can be 
further expressed as: 

P(X, Y) = P(X I Y)P(Y) = P(Y I X)P(X) (13) 

As equation (13) is similar to equation (12), it implies 
that the joint probability function density of a SOM is 
directly related to the joint probability function. With 
this, it can also be realised that the joint vectors of X 
and Y falling in the same node should have very 
similar statistical characteristics. 

The methodology for satisfying the splitting data rule 
has been formulated. The n available data sets that 
consist of X input vectors and Y output vectors are 
first used to train the SOM. After the map has been 
trained and individual quantisation errors have been 
generated, selection can be made. A data set is 
selected as validation data if it has a small 
quantisation error as compared to the other data sets 
in the same node. This will ensure that the validation 
set is a sub-set of the training set. However, for cases 
where there is only one data set in that node, it will be 
left in the training set. This is to ensure that the 
training set can cover the whole sample space of the 
available data and to ensure that the training set is 
always larger than the validation set. After all the 
available data has been split into training and 
validation sets, the BPNN can start to learn and the 
process is stopped by using the early stopping 
validation technique. 
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4. STATISTICAL COMPARISON 

The issue of evaluating an indication of the 
confidence level for the predicted properties in 
unknown cases is considered. The objective is to 
provide an indication of the usability of the trained 
interpretation model when it is used for any new data 
that may be statistically different from the training 
data. In cases where the indication shows that the 
unknown new cases are very different from the 
trained cases, the predicted results cannot be totally 
trusted. This will be useful in providing a confidence 
indication to the analyst. 

To perform the confidence level indication, a SOM is 
used to classify the training data to a pre-defmed two-
dimensional map. At the completion of this 
unsupervised learning stage, an average quantisation 
error is generated that gives a measure of the fitness 
of the training data in the resultant clusters. Any 
subsequent unknown input data to be applied to the 
prediction model are now mapped onto the trained 
SOM. An average quantisation error is generated that 
measures the statistical similarity between the 
unknown data set and the trained map. Comparing the 
average quantisation errors of the training data set and 
the unknown data set indicates the similarity. These 
values suggest to the users how similar or different 
are the trained and predicted data sets. It provides the 
user an assurance of the predicted output from the 
BPNN interpretation model. 

5. SOM FOR MODULAR 
NEURAL NETWORKS 

When there is a large volume of available training 
data, the Modular Neural Network (MNN) is 
proposed for analysis. The MNN is based on the Self-
organising Map (SOM) [8, 10], Learning Vector 
Quantisation (LVQ) [9] and BPNN [15]. However, an 
MNN [7] can only be used when the available 
training data is large. As compared to · the usual 
BPNN approach with its single network, the MNN 
employs a number of sub-networks. SOM and L VQ 
are used to classify the raw data. Several BPNNs 
corresponding to the number of classes obtained from 
the SOM are then trained for the purpose of 
prediction. Since the number of data to be handled by 
each sub-network is relatively small, the training time 
is significantly shortened. As the data that falls into 
the same sub-network will have similar 
characteristics, this effectively reduces the complexity 
of the function that the ANN needs to learn. Figure 2 
shows the block diagram of the MNN. 

An MNN is arranged into two major sections. The 
first focuses on classification. The second covers the 
prediction results of the MNN. 

SO M/ 

Input LVQ 

logs Classification 

Clasol 

BPNN 

Combine Peltophysicol 

Output prediction 

Figure 2: Block diagram of Modular Neural 
Network. 

An ANN is capable of learning any non-linear 
function from the available training data. However, if 
the available training data is large and complex like 
that of Figure 3, the underlying function may be too 
complex for a single ANN to cope with. This may be 
overcome by modularising the task as shown in 
Figure 4. If the data can be first classified before the 
ANN learning process, then the functions handled by 
each sub-section of a modular structure will be very 
much simpler compared to the whole training data set. 
Consequently, the function should be able to learn in 
a shorter time and better prediction results obtained. 

There are several ways of performing classification. 
However, a technique that can be done automatically 
and transparently to a human analyst is most 
desirable. SOM is selected as the best classification 
approach in designing this MNN as it uses 
unsupervised learning. It has the ability to learn and 
organise information without being given correct 
outputs for its inputs. A SOM network consists of two 
layers of nodes. Each output node is computed with 
the dot product of its weight vector and the input 
vector. The result will reflect the similarity between 
the two vectors. At the end of the training, the SOM 
will make use of its learning ability to arrange the 
available training data into a different cluster. After 
the SOM classification of the training data, 
supervised learning in the form of L VQ is employed 
to fme-tune the classification process such that it 
could be used for any unknown input data. L VQ is 
closely related to SOM, but uses the given 
classification information to defme the class regions 
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in the input space. In this case, SOM and L VQ will 
learn from the data and perform their own 
classification process. This removes the need for any 
human intervention in sorting data. 

Figure 3: Function handle by one BPNN 

Figure 4: Functions handle by MNN 

Since it is known that a relationship exists between 
the input vectors and the characteristics within the 
output data, an approach to determine that has been 
formulated. SOM is first applied to classify the input 
and output data. The classes obtained are then used to 
label the input vectors. The input vectors coupled 
with the output class labels are then applied to the 
L VQ algorithm. A number of BPNN networks 
corresponding to the number of classes obtained from 
the SOM are trained. After the classification process, 
the data fed into the different BPNN has similar 
characteristics. In this way, training of the BPNN is 
expected to take shorter time. 

The process is summarised in the following steps: 

Step 1: Normalise the input and output data. 
Step 2: Determine the number of classes required 

and apply the SOM algorithm to the input 
and output vectors. 

Step 3: Label the input vectors according to output 
classifications from Step 2. 

Step 4: Apply the LVQ algorithm to the normalised 
inputs and establish the network. 

Step 5: 

Step 6: 
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Prepare to train a few BPNNs, each 
corresponding to each class from step 2. 
Train each BPNN using the SOM data 
splitting validation approach mentioned in 
the previous section. 

Once the network is trained, new input data can be 
classified by applying the normalised data to the 
network. 

6. APPLICATIONS 

The following application examples are used to 
illustrate the usefulness of the proposed SOM data 
analysis approach. The authors have investigated 
these problems over the past few years. SOM has 
enhanced the performance of the data analysis model 
and improved the results in these cases. Further 
details and descriptions of the problems can be found 
in the referred papers. 

6.1 In Agriculture 

For a variety of reasons, Australian wheat varieties 
derive from four base varieties introduced in the 19th 
century. Cross breeding programs have lead to about 
180 varieties currently being registered, but due to 
these origins they are genetically very. similar. While 
the plants themselves can be physically quite 
different, the grains are almost identical. Even for 
experienced agronomists it is impossible to tell the 
variety of wheat from the kernel alone. 

There are circumstances, though, where it is 
important to be able to determine variety from a 
kernel. The most pressing is in quality control. 

Once wheats were sold in broad classifications such 
as bread, biscuit, industrial and feed. However, the 
trend in world markets is for customers to issue quite 
detailed specifications on what they require and seek 
a supplier who will meet those. In particular, each 
type of pasta and noodle tends to have its own 
specification. 

With increasing affluence, the demand for noodles is 
growing rapidly in Asia. This is a market of 
considerable interest to Australian grain growers, in 
part because many Australian wheats are very well 
suited to noodle production. No one variety of wheat, 
though, can meet a noodle specification, but an 
admixture of several can. Thus the marketing practice 
is to call in the quantities of each variety needed to 
meet the specification of an order, mix and then ship 
them. This raises a quality control problem, namely 
how to ensure that the grain supplied is of the correct 
variety and that the admixture is correctly formed. 
There are two solutions to this problem, each with 
some drawbacks [1, 5, 12]. One is to use chemical 
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analysis. That is relatively slow and expensive, but it 
is precise and can easily test bulk volumes. The other 
is to employ an automated system that uses statistical 
pattern recognition techniques to identify variety 
through shape analysis. 

To undertake such automated analysis, the grain 
kernels need to be presented individually to a camera 
in some common orientation. In the case of wheat, 
this is usually with the crease down. The kernel is 
imaged and a computer processes the image to extract 
the contour. Then various shape parameters are 
derived from it and used to arrive at a decision on the 
variety or some other aspect of the grain. 

Automated methods of grain recognition have been 
investigated in most of the world's leading 
agricultural nations. They have been applied not only 
to wheat, but also to rice, corn and barley, plus some 
oilseeds. Except in Australia, though, the visual 
differences between kernels of different varieties are 
quite apparent. Thus application of these automated 
systems is a convenience. Such systems have the 
advantage they may be deployed anywhere, but as 
they treat only one kernel at a time, a statistically 
uncertain result may occur if time is limited. 

The similarity of grain physical characteristics makes 
automated recognition of Australian wheats very 
difficult. SOM has been used to perform the 
classification task [5]. The input vectors are sample 
sets of shape features. Given a shape contour, 
moments may be computed and the principal and 
minor axes plus the centroid determined. These form 
a reference set for the shape measurements. A variety 
of shape features can be extracted, but experience has 
shown rays emanating from the centroid at regular 
angles, or aspect ratio measurements - the ratio of the 
width of the grain at set points along the principal 
axis to the length of that axis - adequately capture the 
information required. 

After the network has been trained with a selective set 
of data, the output node which gives the highest 
response to a specific class of wheat variety within 
the input training data sets is labelled to that class of 
wheat. When an output node gives the same response 
to two or more wheat varieties, its neighbouring 
nodes are taken into account and the majority rule is 
applied to determine the labelling for the node. 

The test outcomes indicate that SOM is able to 
classify up to two or three wheat varieties with a 
maximum accuracy of 96.5% and 88% respectively 
when the task is identifying variety in a group of four. 
However, when the test set increases to six, problems 
are encountered and there may be no classification. If 
the set exceeds about 10, then accuracy falls to 
around 40% [16] SOM's do not perform as well for 
this task as some other methods [13]. In spite of that, 

they have some attractions. When they converge they 
do so quickly, they are a learning network and they 
are easy to implement. This would suggest that a 
combination of SOM and other methods would be of 
some benefit in this application. This has yet to be 
investigated. 

6.2 In Resource Exploration 

Developing a petroleum reservoir demands a huge 
capital investment. The exploration process therefore 
has to be managed and controlled carefully. The 
initial phase normally involves a number of boreholes 
being drilled at different locations around the region 
believed to hold the reservoir. Well logging 
instruments are then lowered into each borehole to 
collect data typically at every_ 150mm or so of depth. 
These data are known in the industry as well log data. 
The next stage involves an intense process of 
analysing the available well log data in order to 
evaluate the reservoir's potential. 

In order to obtain an accurate picture of the physical 
characteristics of the well, actual rock samples from 
various depths are retrieved using a coring barrel. 
These samples are then sent to a laboratory and they 
are examined using various physical and chemical 
processes. Data obtained from this phase are known 
as core data in the analysis process. 

Two key issues in the reservoir evaluation of 
petroleum exploration using well log data are the 
characterisation of formation and the prediction of 
petrophysical properties such as porosity, 
permeability and volume of clay [14]. While a set of 
core data gives an accurate picture of the 
petrophysical properties at specific depths, it is a 
lengthy process and great expense is incurred in 
obtaining it. Hence only limited core data are 
available at selected wells and depths. The objective 
of well log data analysis is to therefore establish an 
accurate interpretation model for the prediction of the 
petrophysical properties for uncored depths and 
boreholes around that region. An accurate prediction 
is essential to the ultimate determination of the 
economic viability of the exploration and the 
production capacity of the particular well or region. 

However, the establishment of an accurate well log 
interpretation model is not an easy task due to the 
complexity of different factors that influence the log 
responses. This demands a high level of human 
expertise, experience and knowledge. 

A large number oftechniques have been introduced 
over the past 50 years with an intention to establish an 
adequate interpretation model. The way that well log 
interpretation is carried out has also changed due to 
developmenst in logging tools. The analysis process 
has also undergone substantial changes due to the 
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development and understanding of the physics of 
porous media and the rapid development of computer 
technology. Nevertheless, the derivation of a well log 
interpretation model normally falls into one of two 
main approaches: empirical and statistical. 

For the empirical approach, the unique geophysical 
characteristic of each region prevents a single formula 
from being universally applicable. In addition, as the 
number of parameters that the mathematical functions 
can handle is limited, it is also difficult to establish an 
accurate model. Statistical techniques lack universal 
capabilities and their successful application is an 
inverse function of the problem complexity. When the 
problem becomes too complex, the assumptions are 
more difficult to estimate correctly. Statistical 
techniques also limit the number of well log data that 
can be handled at the same time. With the increasing 
number of instruments and log data, it becomes 
difficult to apply the traditional statistical and 
graphical methods. 

BPNN has been the emerging technology in this field. 
A BPNN is suited to this application as it resembles 
the characteristics of regression analysis in statistical 
approaches. However, it performs analysis in a 
fundamentally different way from the traditional 
empirical and statistical approaches. BPNNs can be 
used to address most of the mentioned factors that 
could possibly affect the accuracy of the model. A 
BPNN does not require a prior assumption of the 
functional form of the dependency. It also offers a 
numerical model free of estimators and dynamic 
systems. In addition, BPNNs are able to model 
complex nonlinear processes with acceptable 
accuracy and have the ability to reject noise. 

The raw application of a BPNN may not provide 
reliable well log analysis. The three problems raised 
in the beginning of this paper are the major concerns 
for the application of BPNN techniques in this field. 
However, with the application of SOMs for data 
analysis in the manner outlined, these concerns can be 
eliminated. All the three proposed SOM approaches 
have been incorporated into the BPNN data analysis 
model, and research results indicate this leads to an 
increase in the reliability of the prediction [7, 3]. 

6.3 In Mineral Operations 

Hydrocyclones fmd extensive application in the 
mineral process industry where they are used for the 
classification and separations of solids suspended in 
fluids [2]. They are manufactured in different shapes 
and sizes to suit specific purposes. Hydrocyclones 
normally have no moving parts. The feed slurry 
containing all sizes of particles enters the 
hydrocyclone. Inside, due to centrifugal force 
experienced by the slurry, the heavier particles will be 
separated from the lighter. 
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After the particles suspended in the fluid are 
classified, they are discharged either from the vortex 
fmder as overflow or from the spigot opening as 
underflow. Due to the complexity of the separation 
mechanism in the hydrocyclone, the interpretation of 
the physical behaviour and forces acting on the 
particles is not clear. 

The performance of a hydrocyclone is normally 
described by a parameter known as d50. This 
parameter determines the classification efficiency. It 
represents a particular particle size reporting 50% to 
the overflow and 50% to the underflow streams. The 
separation efficiency of hydrocyclones depends on 
the dimensions of the hydrocyclone and the 
operational parameters. Examples of the operational 
parameters are flowrates and densities · of slurries. 
D50 is not a monitored parameter, but determined 
from separation curves known as tromp curves. They 
are used to provide the relationship between the 
weight fraction of each particle size in the overflow 
and underflow streams. 

In practical applications, the d50 curve is corrected by 
assuming that a fraction of the heavier particles is 
entering the overflow stream. This is equivalent to the 
fraction of water in the underflow. This correction of 
d50 is designated as d50c. The correct estimation of 
d50c is important since it is directly related to the 
efficiency of operations. Under normal industrial 
applications of hydrocyclones, any deviation from a 
desired d50c value cannot be restored ·without 
changing the operation conditions or/and the 
geometry of the hydrocyclone. Also, sensing the 
changes in d50c is a difficult task. It requires external 
interference by taking appropriate samples from the 
overflow and underflow streams. At the same time, 
lengthy size distribution analyses of these samples 
needs to be conducted. 

While hydrocyclones are used in the mineral 
processing industry for particle separation, an exact 
model of a hydrocyclone is difficult to derive due to 
their highly non-linear characteristics and the large 
number of parameters involved. As efficient operation 
of a hydrocyclone is important in improving system 
performance, it is essential that the model should be 
able to provide non-linear matching between the 
multi-dimensional system inputs and outputs. 
Although the collection of the data in this field is 
different compared to well log data analysis, they 
both fall into the same category of inferential data 
analysis problem. Therefore, the methodology used in 
the previous section can be duplicated and used in this 
field. Research results show that SOM methods can 
also increase the prediction reliability [4]. 
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7. CONCLUSIONS 

lbis use of SOMs offers advantages in framing the 
interpretation model in intelligent data analysis. 
SOM-based intelligent data analysis approach in three 
significant applications areas verifjes the value of the 
method. This paper has shown that SOM can assist in 
ensuring the generalisation ability of the BPNN by 
splitting the available data. SOM has also shown that 
it can give some kind of indication to the analyst on 
how similar is the testing data as compared to the 
training data. When the available data is large, the 
MNN that make use of SOM could generate a few 
BPNNs with each handling a small portion of the 
data. Together with other data-analysis tools, SOM 
has shown to be a useful approach to improve the 
performance of the data-analysis process. 
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Abstract 
The topology preservation of self-organizing feature 
maps is an important property which is used in many 
applications. Various qualitative and quantitative ap-
proaches are known for measuring the degree of topol-
ogy preservation. However, well received measure for 
determining the topology preservation are not presented 
yet. In this paper, we present new method for measuring 
the degree of topology preservation based on the masked 
Delaunay triangulation. The topology preservation is 
completed when the masked Delaunay triangulation co-
incides with the output network shape. We demonstrate 
the usefulness of this measure for various examples of 
data manifolds. This method is also applied to measure 
the degree of topology preservation of the topology rep-
resenting network by Martinez and Schulten. Through-
out various simulations this measure turned out to bring 
us reasonable degrees of topology preservation. 

1 Introduction 
The self-organization of a topology preserving map is 
had an interest in many persons as a central theme of the 
field of neural network and various algorithm [1, 2, 5] 
have been proposed. As for a topology preserving map 
various fields from the feature extraction to image pro-
cessing are studied. 

However a mathematical definition of topology 
preservation was unclear for long. Although many pro-
posal regarding measures of topology preservation have 
been done by many researchers [3, 4, 5] even henceforth 
these definitions are ba<;ed on the evaluations of the po-
sitions of neurons in the lattice and, on the other hand, 

noi figure of reference vectors and its masked Delaunay 
triangulation. 

In this paper a new method for measuring the topol-
ogy preservation was proposed [6]. The local topol-
ogy preservation rate is defined as the proportion of the 
nodes adjacent in the output network to the nodes adja-
cent to the node i in input data space. 

Experimental examples were carried out by measur-
ing the extent of topology preservation of various Koho-
nen networks and Topology Representing Networks and 
show the following: 

1. it is assumed that topology preservation is com-
plete,d when a form of the output network and the 
masked Delaunay triangulation that shows the ex-
tracted feature of input data manifold agree. 

2. our local topology preservation rate defined here 
shows that the Kohonen network with rectangular 
lattice is not able to reach a topology preservation 
for uniform distribution but the one with hexagonal 
lattice can reach it 

3. as a tool of feature extraction, the Topology Repre-
senting Network is more suitable than the Kohonen 
network because that in the Kohonen network the 
shape of lattice is fixed in advance and this point let 
the Kohonen network sometimes fail to adaptively 
extract the feature of arbitrary input data. 

The measure presented by Villmann et al [5] was de
fined based on the idea that the Kohonen network with 
rectangular lattice can reach a topology preservation for 
uniform input data manifold. This is the major different 
point from our definition. 

on the evaluations of their weight vectors only. 2 Self-Organizing Feature Maps 
and Topology Preservation To this algorithm that decides the topological struc-

ture with the form that reacts to the input called Topol-
ogy Representing Network was proposed in 1994 by 
Martinetz and Schulten [4]. They were attempting a 
rigid definition of the topology preservation in Topol-
ogy Representing Network by using the masked Voro-

2.1 Feature map of Kohonen network 
Let us consider the case in which a feature of input 
data v that is chosen from k dimensional space IJ?k is 
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expressed adaptively in n reference vectors which are 
taken in the same space. The nearest reference vector 
Wi * ( v) to input data v in Euclid distance is called 
the winner vector. This winner vector and plural vec-
tors which are in the topological neighborhood of this 
winner vector change so that they approach to v. The 
amount of modification of reference vector Wi is 

2.3 Topology preserving map 

The widely accepted definition of topology preservation 
does not exist yet. We consider that the thought to the 
topology preservation given by Martinetz and Schulten 
is adequate in direction. On the basis of the lattice A that 

for all i EA. (1) consists of n neurons a self-organizing feature map of 
Kohonen composes a topology preserving map MA. To 
neuron i (i EA) reference vector wi E M is assigned. 
A map MA = (!V A-+M, !V M -+A) is topology preserving 

The vicinity function hi•,i is the topological neighbor-
hood which decreases with time. 

2.2 Topology Representing Network by 
Martinetz and Schulten 

The procedure for constructing the connections between 
the unit i,j(i,j = 1, ... ,N) can be formulated as fol-
lows: 

(1) ac;sign initial values to the pointers Wi E RD, i = 
1, ... , N and set all connection strengths Cii to 
zero. 

(2) select an input pattern v E M with equal probability 
for each v. 

(3) for each unit i determine the number ki of units j 
with 

11 V- Wj 11<11 V- Wi 11 

by, for example, determining the sequence 
(io, it, ... , iN -1) with 

11 V- Wio 11<11 V- Wit 11< · · • <11 V- WiN-1 11 

(4) perform an adaptation step of the pointers Wi ac-
cording to the neural gas algorithm by setting 

(5) if cioit = 0 set cioit > 0 and tioit = 0, that is, 
connect io and il. If cioit > 0 set tioit = 0, that is 
refresh connection io - i1; 

(6) increase the age of all connection of i 0 by setting 
tioi = tioi + 1 for all j with Cioi > 0; 

(7) remove those connections of unit io the age of 
which exceeds T by setting Cioi = 0 for all j with 
Cioi > 0 and tioi > T ; continue with (2). 

if both the inverse mapping w A-+M from A to M and 
the mapping '\I1 M-+A from M to A are neighborhood 
preserving. These 2 maps are 

(2) 

Generally when the map w M -+A from M to A and sim-
ilarly the inverse map '\I1 A-+M from A to M are both 
a vicinity preservation map, MA is called a topology 
preservation. Accordingly these two vicinity preserva-
tion need to be calculated, to decide whether or not 
the self-organizing feature map is topology preserving. 
How much the topological relation between input and 
output is preserved rely to a selection of lattice struc-
ture A although it depends on the definition of a topol-
ogy preservation measure. The lattice structure, i.e., 1 
dimensional, 2 dimensional or the other type of lattice 
must be chosen as the supreme result is obtained ac-
cording to the feature of input data space M. 

However in many applications, because the feature of 
M is not known, what kind of lattice structure should be 
chosen is not obvious in advance. It is said generally that 
it must decide which lattice shows the highest topology 
preservation rate observing results obtained by using the 
various lattice structures. However the measure that de-
cides an extent of topology preservation as mentioned 
before have not been announced yet. But it is considered 
that the topology preservation is materialized automat-
ically with the stage that self-organization finished and 
in many cases the rectangular lattice is used. Because so 
far it is considered that the Kohonen network with rect-
angular lattice is able to attain a topology preservation. 
A method like the Topology Representing Network in 
which the lattice structure of network is decided adap-
tively in self-organizing manner is more desirable than 
the method in which some lattice structure is fixed in 
advance like Kohonen network for a tool of feature ex-
traction map. 
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3.1 

New Method for Measuring the 
Topology Preservation 

Vicinity relation of input data mani
fold 

It is assumed that input data are restricted to the limited 
k dimensional space M. When Kohonen network that 
has n neurons is formed in self organizing manner, ref-
erence vector Wi is obtained. In the Kohonen network 
the neuron that has a reference vector most close to in-
put data answers. The area of influence (receptive field) 
of each reference vector is conceivable the area where 
each neuron answers. In the field of data processing the 
figure of influence area is known as Voronoi figure that 
makes each reference vector a kernel point We assumed 
thatthe set of n reference vectors is given as follows: 

99 

This gives us adjacent relation of the masked Voronoi 
area (receptive field) making each reference vector a 
kernel point. If cwM) = 0 node i and j are nOt ad-

jOining and if cWM > = 1 nodes i and j are adjoining. 
The ma<;ked Delaunay figure for the case of k = 2 is 
called the masked Delaunay triangulation. 

3.2 Vicinity relation between nodes of out
put network 

The element C~A) of the connection matrix of network 
A on the side of output is 

·c.C~>={1, 
IJ o, 

for i and j are connected 
for i and j are unconnected. (9) 

The digital distance & A) ( i, j) between nodes i and j of 
network A on the output side means the smallest num-

W = (w;li = 1,2, . .. ,n). (3) ber of connections necessary to pass in order to travel 
from node i to node j. This is same even in the case 
that the digital distance d(DM)(i,j) between nodes on 
the masked Delaunay figure is calculated. 

According to the set W of reference vectors, the whole 
space of k dimension are divided depending upon which 
reference vector is the closest. This is called ao; Voronoi 
division. By using Euclid distance d(v, wi) between 
point v and reference vector Wi of k dimensional space, 
Voronoi area Vi of the i-th reference vector is defined as 
follows: 

for j =f:. i . (4) 

The Delaunay figure is also very important in the field 
of data processing. The element of adjacent matrix Cii 
is defined as follows: 

3.3 Topology preservation 
agreement of topological 
of input and output 

by an 
structure 

The primary information or feature of input data is 
given by values of reference vector which each neu-
ron ha'>. These values are determined in the process of 
self-organizing feature map. The secondary information 
about input data manifold is given by the vicinity re-
lation between reference vectors. The masked Delaunay 

for V; n V; =1= ~ 
for V; n V;=~ 

(5) triangulation cW M) expresses the compound of the pri-

We can not think with infinitely wide k dimensional 
space because input data are restricted in the limited 
space in Kohonen network actually. Accordingly the 
Voronoi figure of the top must be changed as follows: 

V;(M) ={v E Mld(v,w;) :$ d(v,w;)}, for j =f:. i. (6) 

The Voronoi figure considered in the limited space M 
not in infinite space !Rl: is called the masked Voronoi 
figure. Each masked Voronoi area is a closed set and 
compose complete division of input data manifold M as 
follows: 

(7) 

mary and secondary information about input data. We 
propose a mea'lure that we think a natural definition of 
topology preservation without unreasonableness. In this 
paper we adopt the idea that the topology preservation 
is completed when the masked Delaunay triangulation 
coincides with the shape of output network. 

3.4 Topology preservation rate 

According to the definition above, local topology preser-
vation rates of a neuron i are given by 

+ . - Hild(DM)(i,j) = 1; d(A)(i,j) = 1} (10) 
'r/J (z} - Hild(DM)(i,j) = 1} ' 

and 

_ . ~{jld(DM)(i,j) = l;d(A)(i,j) = 1} 
'rf; (z} = Hild(A)(i,j) = 1} (11) 

By connecting the kernel points whose Voronoi area are 
adjoining in the masked Voronoi figure, we can get a 
graph. This is called the masked Delaunay figure D M. 

Connection relation between nodes i and j are given be-
low: Here Hjld(A)(i,j) = 1} is the number of j that fills 

d(A)(i,j) = 1. Namely 1f;+(i} is defined as the propor-
(S) tionofthenodethatfillsd<A>(i,j) = lintheoutputnet-

work to the node that fills d(DM) (i,j) = 1 in a masked 
for ~(M) n V} M) ...t. ~ 

I J -r 
for ~(M) n y.(M) = ~ 

1 J 
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Delaunay figure when node i is fixed. From the defini- is the maximum neuron numbers of Kohonen Network 
tion the following holds: with 1 dimensional lattice which can attain the topology 

(12) 

If TjJ+ ( i) and '1/J- ( i) become 1.0 with all neurons we con-
sider that the form of mac;ked Delaunay figure of input 
data manifold and the form of output network topolog-
ically agree in other words the topology preservation is 
completed. When we want to check the topology preser-
vation rate globally , average topology preservation rate 
Wmean is used. 

n 

-w-~ean = Et/J+(i)Jn (13) 
i=l 

n 

-w-;ean = 2:: '1/J-(i)/n (14) 
i=l 

The topology preservation rate proposed here is appli-
cable to the topology representing network by Martinetz 
and Schulten straightforwardly. 

4 Computer Simulation on the 
Self-Organizing Feature map 

4.1 Calculation of a masked Delaunay tri
angulation 

Carrying out simulation of several Kohonen networks 
the local topology preservation rate and also an av-
erage topology preservation rate were measured. For 
the calculation of the receptive field, the Voronoi divi-
sion method proposed by Watanabe and Murashima [8] 
was used. Checking adjacent relation of each masked 
Voronoi area in the top the masked Delaunay triangula-
tion was obtained. 

preservation in spite of the dimensional conflict [6]. 

4.3 Kohonen network with rectangular 
and hexagonal lattice 

The variations of local topology preservation rate in 
the learning process of Kohonen network is shown 
for the case of the Kohonen network with rectangular 
lattice in Fig.2 and with the hexagonal lattice in 
Fig.3,respectively. In the early stage of self-organizing 
processs(t = 100, t = 1000) the local topology preser-
vation rates 1/J+ and 1/J- are very low but as the process 
goes on they rise gradually. Finally they both reach to 
1.00 for the cac;e of hexagonal lattice. But for the case 
of rectangular lattice 1/J- does not reach to 1.00 althogh 
TjJ+ goes to 1.00. Here the final stage of self-organizing 
process means that the number of iterations t reachs to 
45000. 

The learning resultc; of Kohonen network with rect-
angular lattice and hexagonal lattice for the two dimen-
sional input manifold are compared in Fig.4 and Fig.5. 
(a) is masked Voronoi partition, (b) is masked Delaunay 
triangulation and (c) is network. 

The average topology preserving rate 
w~ean :;:::: 0. 70, w;ean = 1.00 and W'~ean = w;ean = 
1.00, respectively. The input data manifold is assumed 
to be limited to the square area with uniform distribu-
tion. For this type of input, the well known learning re-
sult of Kohonen network with rectangular lattice is con-
sidered to complete a topology preservation at the end 
of self organization of learning process. However the 
topology preserving rate proposed here teach us that it 
means only the end of self organization but not the com-
pletion of a topology preservation. 

4.2 Kohonen network with 1 dimensional 4.4 Feature extraction by Topology Repre-
lattice and 2 dimensional input senting Network 

Input data manifold M is assumed to be limited to the The learning results of Kohonen networks with rectan-
square area of length 10 and height 1 and the Koho- gular and hexagonal lattice and topology representing 
nen network is assumed to have n neurons connected network for two dimensional and non-linear input data 
in 1 dimensional chain. So far it is considered that the manifold are shown in Fig.6,Fig.7 and Fig.8 ,respec-
dimensional conflict like this does not yields a topol- tively. The input data are assumed to be limited to a 
ogy preservation. However in this paper we can show square area but is not uniform. There are two big cir-
the case in which a topology preservation is obtained in cles in the square and input data do not fall on the two 
spite of the dimensional conflict. The learning results to circles. Three figures mean (a) masked Voronoi parti-
input data of uniform distribution are shown in Fig.l. In tion, (b) masked Delaunay triangulation and (c) output 
the cases of n = 100 and n = 50 the average topol- network, respectively. In the learning result of both Ko-
ogy preserving rates w-;tean = 0.43 and 0.74, respec- honen networks some reference vectors fall inside the 
tively, but in the case of n = 10, W";tean becomes 1.0. two circles where no input data come. On the contrary 
For each case W';ean = 1.0. This means that a topol- in the case of topology representing network there is no 
ogy preservation is completed for n = 10 but not for reference vector inside the two circles. This means that 
n = 50 and n = 100. This fact also teaches us that there the ability of vector quantization of Kohonen network 
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Figure 1: Learning results of Kohonen network with 1 dimensional lattice for two dimensional data manifold. For 
each case w;ean = 1.0. 

has some problems. The average topology preservation 
rates of two Kohonen networks with different type of 
lattice are w~ean = 0.55, w;ean = 0.98 and 'ili'~ean = 
0.94, w;ean = 0.91, respectively. The average topol-
ogy preservation rates of TRN are 'ili'~ean = 0.93 and 
~;ean = 1.00. 

As a tool of feature extraction we have to check the 
degree of vector quantization as well as the degree of 
topological preservation. The average topology preser-
vation rates above teach us that the degree of the topol-
ogy preservation attained by TRN is higher than that at-
tained by two type of Kohonen networks above. We can 

to the character "Y". Only in this case w~ean = 0.88, 
w;ean = 0.87. This means that the perfect topology 
preservation is not atainable because of the topologi-
cal conflict in shape between the 1-(iimensional lattice 
and the character "Y". In the other cases, '\l!~ean = 
w;ean = 1.0. These experimental results teach us that 
the Topology Representing Network is more suitable to 
extract the topological feature of characters by using the 
topology preservation [9] than Kohonen network with 1 
dimensional lattice. 

say that the degrees of topology preservation obtained S 
by our measure produce reasonable results. Conclusion 

4.5 Feature extraction of characters by at
taining the topology preservation 

We have reached the stage that we can show the exam-
ples of feature extraction of characters by attaining the 
topology preservation between input and output. Fig. 
1 teach us that the topology preservation between in-
put and output by Kohonen network with 1 dimensh-
ional lattice is attainable if the two dimensional input 
is restricted in very narrow area. We applied the Self-
organizing feature maps to the input character data "C" 
and "Y". The extracted data are shown in Fig.9. In these 
figures (a) are extracted features of characters for the 
case of Kohonen network with 1 dimensional lattice of 
15 neurons and (b) are for the case of Topology Rep-
resenting Network of 15 neurons,respectively. The per-
fect topology preservations have been obtained for all 
cases except for the case of Kononen network applied 

A topology preservation measure of a self organiz-
ing feature map was proposed. It judges that topology 
preservation is completed when the lattice structure of 
output neural network and the masked Delaunay trian-
gulation that means the extracted feature of input data 
manifold agree. Several topology preserving rates are 
measured for various self organizing feature map or 
the topology representing network. Throughout various 
simulations this measure turned out to be very rea'ion-
able as a measure of topology preservation. 
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Figure 3: Local topology Preservation rate in Learning process of Kohonen network with hexagonal lattice for two 
dimensional data manifold with uniform distribution. 
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Figure 4: Learning results of Kohonen net with rectangular lattice for two dimensional data manifold with uniform 
distribution.'I/J~ean = 0. 70,1/J:;;,ean = 1.00 
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Figure 5: Learning results of Kohonen network with hexagonal lattice for two dimensional data manifold with 
uniform distribution. 1/J;!;,ean = 'lj;:;;,ean = 1.00 
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Figure 6: Learning results of Kohonen network with rectangular lattice for two dimensional and non-linear input 
data manifold. '1/J~ean = 0.55, '1/J~ean = 0.98 
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Figure 9: Extracted features of characters by (a) Kohonen network with 1-dimensionallattice and (b) TRN for the 
characters "C" and "Y",respectively. 
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Abstract 
In this paper we propose a nonlinear neuron model 
trained with Least Mean Square Error Reconstruction 
(LMSER) principle as a general realization of Hebbian 
mechanisms and apply it to a cortical self-organization 
model, Laterally Interconnected Synergetically Self-
organizing Map (LISSOM), which is a biologically mo-
tivated self-organizing model for the simultaneous de-
velopment of topographic maps and lateral interactions 
in the visual cortex. In the LISSOM, the simple Hebbian 
mechanism for afferent connections requires a redun-
dant dimension to be added to the input and normal-
ization is necessary. Another shortcoming of LISSOM 
is that several parameters must be chosen before the 
LISSOM can be used as a model of topographic map 
formation. The Least Mean Square Error Reconstruc-
tion (LMSER) learning for a nonlinear neuron can be 
considered as an effective alternative to the simple Heb-
bian rule for the afferent connections. Our preliminary 
experiments demonstrate the essential topographic map 
property from the improved LISSOM model. 

1 Introduction 
Linear neurons trained with an unsupervised Hebbian 
rule can learn to perform a linear statistical analysis of 
the input data, as was first shown by Oja [8, 9], who 
proposed a learning rule based on a single neuron which 
finds the first principal component of the covariance ma-
trix from the input statistics. Later on, a number of re-
searchers have devised numerous neural network mod-
els which can find the first k > 1 principal components. 
In [13, 14], a principle called Least Mean Squared Er
ror Reconstruction (LMSER) wa') proposed for a similar 

purpose. It has been shown that for one-layer linear net-
works the LMSER rule performs the principal subspace 
analysis. Recently a similar optimization problem was 
studied in [4, 5]. We should note that all these studies 
are closely related to auto-encoders or auto-association, 
which was investigated as early as in [2]. 

In previous studies of auto-encoder type networks, 
the role played by an individual unit is addressed less. 
It is generally accepted that the Hebbian synaptic plas-
ticity is a universal principle,which states that the in-
creasing synaptic efficacy is proportional to the correla-
tion between pre- and post synaptic activity. One may 
wonder if Hebbian mechanisms beyond the most sim-
ple form could bring some advantages. From this con-
sideration, we investigate an alternative form of Heb-
bian learning, based on the LMSER principle. In other 
words, we propose LMSER as a general realization of 
the Hebbian mechanism for a nonlinear neuron model 
with sigmoidal activation. 

As an illustration, we further incorporate the nonlin-
ear neuron LMSER learning with a newly proposed cor-
tical self-organization model. As is well-known, the to-
pographic map is a ubiquitous property in many cortical 
areas by which nearby neurons respond to nearby re-
gions of the retina. Such retinotopic maps usually result 
from the self-organization of the afferent connections to 
the cortex, which is driven by external input. In the past, 
several self-organization models have been proposed to 
demonstrate the topographic map property, which are 
often based on predetermined lateral interaction, and fo-
cus on explaining how the afferent connections become 
ordered. Kohonen's self-organizing map (SOM) is a 
representative model [6, 7]. The critical factor in gen-
erating topology-preserving mappings with the SOM is 
the use of a neighborhood function for updating neuron 
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weights. As a result, neighboring neurons cooperate and 
specialize for similar input signals and the neuron lattice 
organizes into an orderly topology-preserving state. In 
SOM, how the lateral interactions are self-organized has 
not been addressed. Recently, many neuro-biological 
experiments have stressed the importance of the devel-
opment of lateral connections. Therefore, a plausible 
cortical map model must demonstrate that both afferent 
and lateral connections can organize simultaneously. 

In [10], a cortical self-organization model was pro-
posed toward the aforementioned goal, which is called 
LISSOM (Laterally Interconnected Synergetically Self-
organizing Map). In LISSOM, lateral and afferent 
connections self-organize cooperatively, and with suit-
ably abstracted visual input'i, LISSOM can model self-
organization of visual cortical structures, for example, 
the development of ocular dominance. Afferent con-
nections in LISSOM are adapted via Hebbian learning, 
in exactly the same way as the lateral connections. As 
such, the input to LISSOM must be normalized. An
other shortcoming of LISSOM is that several parame-
ters must be carefully selected beforehand, especially 
the lower and upper thresholds in the piecewise linear 
approximation of the sigmoidal activation. 

In this paper, we propose to improve the LISSOM 
model by applying the nonlinear neuron model with 
LMSER learning rule. Specifically, we take neuron non-
linearity as a continuous sigmoidal function bounded 
between 0 and 1, for example, q(t) = 1/(1 + e-flt), 
with a nonlinearity parameter f3 being dynamically 
adapted in the self-organization process. In the self-
organization process, the afferent connections are modi-
fied according the LMSER learning rule. Our prelim-
inary simulation results demonstrate the essential to-
pographic map property from the improved LISSOM 
model. 

2 Least Mean Square Error Re
construction (LMSER) Learning 
for a Nonlinear Neuron 

The essential aspect of self-association is the recon-
struction principle, which is embodied in a number 
of neural network models, for example, various auto-
associative memory models, the ART and BAM archi-
tectures [3], and has been studied in great length for the 
linear case [1]. As an optimization issue, there are many 
specific objective functions toward best reconstruction, 
among which minimal squared error is simple and of-
ten used. Consider a single-layer network architecture 
as shown in Figure 1, which has L input units and M 
output units, with L x M bottom-up connections W 
and symmetrical top-down connections wr. The col-
umn vector w(m) = [w1 (m),w2(m), .. · ,wL(m)jT 
represents the weights associated with the m-th out-

Figure 1: A forward-backward single layer network for 
auto-association. 

put unit, which has a post'iynaptic potential hm = Ef=1 w;(m)x; = xTw(m). Generally, a nonlinear 
transfer function I acts on the postsynaptic potential, 
yielding nonlinear activations y = [Yl> · · ·, YM ]T = 
I(WT x). We take I as a sigmoidal type with a value in 
the interval (0, 1], e.g., l(t) = 1+;_ 011 •• 

Denote :X: = Wy = W I(WT x), representing a re-
construction vector of the input data x from representa-
tion y, the learning in the auto-associator can be based 
on the following optimisation criterion: 

J(W) = j p(x)llx- xWdx 

= j p(x)llx- W I(WT x)ll2dx (1) 

where p( x) stands for the input distribution. 
Eqn (1) is a special case of the Least Mean Square Er-

ror Reconstruction (LMSER) learning principle studied 
in the papers [13, 14], and using stochastic approxima-
tion with gradient descent, a learning algorithm for the 
minimization of J(W) can be readily derived [13]: 

W(t + 1) = W(t) + J.'t[xeTW(t)y' + eyT] (2) 

where e = x-x is the reconstruction error, y' is deriva-
tives of y, and J.'t is a learning rate. 

If the network outputs are constrained to be linear, the 
features that are extracted by the LMSER rule in Eqn (2) 
spans the M -dimensional principal subspace. In nonlin-
ear cases, the sigmoidal nonlinearity results in competi-
tion among the neurons for firing with a given input and 
brings selectiveness among the neurons. 

Our motivation for studying the LMSER learning rule 
Eqn (2) is to apply it to a nonlinear neuron model and to 
consider it as a general realization of the Hebbian mech-
anism. More specifically, given random pre-synaptic 
inputs x 1, l = 1, · · · , L, weight vector w and output 
y = q(Ef::1 x,w,), Hebbian learning can be studied by 
a same criterion eqn (1). A nonlinearneuron's weights 
can be adaptively adjusted to solve the optimization 
problem, and a stochastic approximation approach wiU 
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lead to the following learning rule 

L 

w(t + 1) = w(t) + IJt(erY + 'IJ:e, L s,w,(t)) (3) 
1=1 

where '19 is the derivative of u, {} = ul('I;f=1 x1w1) and 
er = zr - x, = x, -y 2:1 w, is the reconstruction error. 

As a special case ofLMSERleaming eqn (2), eqn (3) 
claims best reconstruction as a general Hebbian mech-
anism for a nonlinear neuron. In previous studies of 
autoencoders, the role played by individual units is ad-
dressed less. On the contrary, our focus here is to 
study the nonlinear neuron model and the correspond-
ing learning algorithm (3) as building blocks in a neural 
network. 

3 Laterally Interconnected Syner
getically Self-Organizing Map 
(LISSOM) Model and An Its Im
provement 

In many sensory cortical areas, the response properties 
of neurons are ordered topographically: i.e., nearby neu-
rons respond to nearby areas of the receptor surface. 
The topographic maps result from the self-organization 
of afferent connections to the cortex, driven by external 
input [12]. Several neural network models have demon-
strated how the global topographic order can emerge 
from local cooperative and competitive lateral interac-
tions within the cortex. A representative model is Koho-
nen's Self-Organizing map (SOM) [7], in which the use 
of a neighborhood function for updating neuron weights 
is the critical factor in generating topology-preserving 
mappings. The neighboring neurons cooperate and spe-
cialize for similar input signals and the neuron lattice 
organizes into an orderly topology-preserving state. In 
SOM, how the lateral interactions are self-organized has 
not been addressed. Some other models similar to SOM 
are also based on predetermined lateral interaction and 
focus on explaining how the afferent connections be-
come ordered. The self-organized nature of the lateral 
interactions themselves has not been addressed in these 
models. 

Recently, a number of neuro-biological experiments 
have stressed the importance of the development of lat-
eral connections. Like the afferent connections, lateral 
connections are also self-organized. In other words, 
both afferent and lateral connections have to be demon-
strated simultaneously for self -organization in an appro-
priate cortical map model. Such a model of cortical self-
organization called LISSOM (Laterally Interconnected 
Synergetically Self-Organizing Map, [10, 11]) was de-
veloped with this goal. Lateral and afferent connections 
self-organize cooperatively in LISSOM, and with suit-
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Figure 2: Architecture of the LISSOM self-organizing 
network. The lateral excitatory and lateral inhibitory 
connections of a single neuron in the network are shown, 
as wen as the afferent connections. 

ably abstracted visual inputs, LISSOM can model self-
organization of visual cortical structures. For example, 
the development of ocular dominance columns can be 
modelled with 3-D inputs, where two components stand 
for the retinotopic coordinates and the thrid represents 
an ocular dominance value. In the resulting map, the af
ferent weights exhibit rough retinotopy and alternating 
patches of eye preference similar to ocular dominance in 
the visual cortex. The lateral connections predominantly 
connect neurons with similar ocular dominance, as has 
been observed in the primary visual cortex of strabismic 
cats. 

The architecture of LISSOM is shown in figure 2, 
which is a two dimensional N x N grid of neurons. 
In LISSOM, a neuron has a set of afferent input con-
nections (i.e, from the external input to the map) and a 
set of lateral input connections (i.e, from other neurons 
in the map). Each neuron has an initial response from 
a weighted sum of the activations through its afferent 
connections. The lateral interactions between the neu-
rons contribute to the response to reach an equilibrium. 
Then all the connection weights are modified. 

The afferent and lateral connections are organized 
through a self-organization process. At each training 
step, neurons start out with zero activity. The initial re-
sponse Yii of neuron (i,j) is based on the inner product 
of the input and weight vectors: 

YiJ = u(L Wij,h.Xh.) 
h. 

(4) 

In the original form of LISSOM, u is taken as a piece-
wise linear function, with low and high thresholds being 
carefully chosen beforehand. 

The response in (4) evolves over time through lateral 
interactions. At each time step, the neuron combines 
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(a) (b) 

Figure 3: The focusing effect from lateral interaction on 
an unordered network. (a). Before the exchange of ac-
tivation&, all the connection weights are random and the 
initial response is also random. (b). After the exchange 
of activations, the response at the center of the net be-
comes enhanced. 

external activation with lateral excitation and inhibition 
according to 

Yi;(t + 1} = u(L Wij,h(t)xh +'Ye L E~cl,iiY1d(t) 
h kJ 

The afferent input weights are modified according to 

As required by the simple Hebbian learning, the in-
put to LISSOM must be normalized. On the other hand, 
several parameters must be carefully selected before-
hand, especially the lower and upper thresholds in the 
piecewise linear approximation of the sigmoidal activa-
tion. In the following, we take a as a continuous sig-
moidal function bounded between 0 and 1, for example, 
u(t) = 1/(1 + e-.Bt), with a nonlinearity parameter {3 
being dynamically adapted in the self-organization pro-
cess. Specifically, at the start of learning, the dynamic 
range of u(t) is relatively large. A'> learning progresses, 
{3 becomes large and the dynamic range narrows. 

The afferent connections are modified according the 
LMSER learning rule: 

Wi;,n(t + 1) = wi;,n(t) + P.t(c;;,nWij,n(t)xnY~; 
+ Yiici;,h) (8) 

+ 'Yi L: Ikl,iiYkl (t)) (5) where cij,h = Xh - x11 = Xh - L;;,h Yi;W;;,n(t) is the 
reconstruction error. k,l 

where E~cl,ii is the excitation lateral connection weight 
on the connection from unit (k, l) to unit (i,j), I~cl,ii is 4 
the inhibitory connection weight, and y~c1 (t) is the activ-

Simulations 
ity of unit (k, l) during the previous time step. The con-
stants 'Ye and "fi control the relative strength of the lat-
eral excitation and inhibition. The activity pattern then 
quickly converges into a stable focused patch of activity, 
usually within a few iterations of eqn (5). 

Before learning starts, all the connection weights are 
random and the initial activity on the unordered net-
work lattice shows a random distribution, as illustrated 
in Fig.3(a). The repeated exchange of short-range exci-
tation and long-range inhibition enhances activity at the 
center and suppresses activity away from it. The focus-
ing of the response is demonstrated in Fig.3(b). When 
the network becomes organized, the initial activity bub-
bles become smoother and lateral interactions then fo-
cus the bubble. 

In each learning step, after the activity has settled, 
the connection weights of each neuron are then modi-
fied. The lateral weights are modified by a Hebbian rule, 
keeping the sum of weight<; constant: 

In the simulations, each neuron initially connects to it<; 
neighbors within distance d with excitatory lateral con-
nections and to all neighbors within a larger distance 
d' with inhibitory connections. In our experiment, we 
choose d = 5 for self-organizing a 10 x 10 LISSOM 
network and d = 10 for a 20 x 20 network. We also 
choose 'Ye = 0.9 and 'Yi = 0.9 as in [10]. As the self-
organization progresses, the neurons grow more nonlin-
ear. In our simulations, the sigmoidal nonlinearity pa-
rameter is dynamically adjusted from 0.01 to 1. In Fig-
ure 4, we demonstrate the self-organization of the affer-
ent input weights. The weight vector of each neuron in 
the 10 x 10 network is plotted as a point in the origi-
nal input space. Each weight vector is connected to it'> 
four immediate neighbors by a line. The resulting grid 
depicts the topological organization of the map. 

(t + 1) "fij,kl (t) + aLYiiYkl 'Yi. kl = 3
' Lkl 'Yii,kl(t) + aLYiiYkl 

The self-organization process of afferent connections 
in the improved LISSOM is quite similar to that in Ko-
honen's Self-organizing Map algorithm. However, in 
the SOM process, the maximally responding unit is cho-

(6) sen through global supervision, and adaptation neigh-
borhoods are reduced according to a predetermined 
schedule. In contrast, in the improved USSOM process, 
self-organization is set up on purely local rules without 
global supervision. The shape of the lateral interaction 
is automatically extracted from the statistical properties 
of the external input. 

where Yii stands for the activity of the unit ( i, j) in the 
settled activity bubble, the "fS are the lateral interaction 
weights (Ei;,kl or Ii;,k1) and a.L is the learning rate for 
lateral interaction (a.E for excitatory weights and a1 for 
inhibitory). 
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Figure 4: Demonstration of the self-organization of af
ferent connections. The network is trained with a 2-
dimensional input vector x, with elements uniformly 
distributed in { -1, + 1}. The random initial values is 
shown in (a). Three stages after 1000, 20000 and 30000 
iterations are illustrated in (b) (c) (d) respectively. 

5 Discussion 

The LISSOM model demonstrates how lateral interac-
tion and topological organization of cortical maps can 
be learned simultaneously from correlation in the in-
put information. The model is biologically motivated, 
and its predictions agree well with experimental obser-
vations on cortical development. LISSOM is potentially 
capable of explaining various aspects of lateral and af
ferent connection development on the cortex. USSOM 
has shown how ocular dominance and lateral connec-
tions develop simultaneously in the visual cortex. How-
ever, due to the lack of sufficient computer resources, 
we have not simulated the improved USSOM model on 
similar problems and we take these as our ongoing re-
search topics. We are also aware that lateral interactions 
are still adjusted by the bao;ic Hebbian learning in the 
improved USSOM and it will be interesting to investi-
gate whether the lateral and afferent connections could 
be adjusted under a unified learning rule. 
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Abstract 

Designing a prototype-based classifier involves three is-
sues: how to generate the prototypes, how many proto-
types to generate and how to use these prototypes for 
classification. We propose a comprehensive scheme for 
designing a prototype-based classifier. Self-Organizing 
Feature Map(SOFM) is used to generate an initial set 
of prototypes. Starting with this initial set a tuning 
algorithm produces a set containing an adequate num-
ber of prototypes. The tuning algorithm evaluates in 
each iterative step the classification performance of the 
prototypes using them in a nearest-prototype classi-
fier. Based on their performances prototypes may be 
deleted, merged, or split resulting in a new set of pro-
totypes. The new set of prototypes is retrained using 
SOFM algorithm with winner-only update. The final set 
of prototypes is used to design a nearest-prototype clas-
sifier. We tested our algorithm on several well known 
data sets and performance is found to be quite good. 
We applied our algorithm for classification of remotely 
sensed images and also obtained very good results. 

1 Introduction 

A classifier can be defined as any function V : ~P -t 
Ne, where Ne = { e; I i = 1, ... , c, e; E !Re} is the 
set of label vectors, c is the number of classes and 
every object is represented by a vector x E !RP. If 
V is a crisp classifier, e;s are basis vectors with 
components e;j = OVi =f. j and e;; = 1. If V is 

a fuzzy classifier then e;j 2: 0 and LJ=l e;j = 1. 
Designing a classifier involves finding a good V. V 
may be specified functionally, e.g., Bayse classifier, 
or as a computer program e.g., nearest neighbor 
(NN) cla.Ssifiers (crisp or fuzzy), prototype-based 
classifiers (crisp or fuzzy), neural networks etc. 

While designing a prototype-based classifier one 
faces three fundamental issues: 
• How many prototypes are to be generated? 
• How to generate the prototypes? 
• How to use the prototypes for designing the clas-
sifier? 

Depending on the schemes adopted to address these 
questions, there are a large number of classifiers. 
To illustrate these we discuss the simplest of them, 
the nearest-prototype classifiers with a single pro-
totype per class. The number of prototypes is sim-
ply the number of classes, i.e ., c = c. In this kind 
of classifier the prototype for a class is usually gen-
erated by taking the mean of the training data vec-
tors from that class. The third issue is commonly 
addressed by using the Euclidean distance function 
cS. A vector x E !RP is classified using the prototype 
set V= {v;, I; I i = 1, ... c, v; E !RP, l; E Ne}, where 
c is the number of classes and l; is the label vector 
associated with v;, as follows. 

Decide x E class i <=> Vv,0(x) = l; 
<=> cS(x, v;) ~ cS(x, Vj )Vi =f. j. 
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This simple scheme and its variants work quite well 
in many problem domains. However, such a clas-
sifier has been proved inadequate if the data from 
one class are distributed into more than one clus-
ters or more precisely, if the data from two differ-
ent classes cannot be separated by a single hyper-
plane, as demonstrated in the famous "XOR" data 
[1]. Therefore, for a generalized classifier design 
one must keep provisions for multiple prototypes 
for a class. 

As soon as one decides on using multiple prototypes 
for a class, deciding on the three issues concerning 
the prototypes becomes much more involved, but 
at the same time a lot of sophisticated techniques 
become available for dealing with them. Though 
these three issues can be addressed independently, 
there are some schemes in which the strategy used 
for answering one issue depends on the strategy 
used for dealing with other or a single strategy 
takes care of more than one issue. 

We now briefly review some commonly used 
schemes for addressing these issues. There is no 
"fulproof' method for determining the adequate 
number of prototypes required for the classifica-
tion job. The optimal number of prototypes re-
quired depends on both the inter-class as well as 
the intra-class distribution of the data. Commonly 
used procedures include using suggestions of a do-
main expert, using some clustering algorithm to 
find cluster centroids in the training data set and 
going for enough prototypes to represent the clus-
ters. However, most of the clustering algorithms 
(e.g. c-means algorithm) require the of number 
clusters to be supplied externally or to be deter-
mined using some cluster validity index . The k-nn 
algorithm (2], on the other hand, uses each data 
point in the training data set as a prototype. 

Given the number of prototypes there are many 
procedures for generating them; for example, clus-
tering algorithms like c-means algorithm [2], fuzzy 
c-means algorithm (3], mountain clustering method 
[4], etc. Am~ng others are learning vector quan-
tization (LVQ) methods, neural network based 
methods such as Kohonen's SOFM, random search 
methods, gradient search methods etc. Each 
method has its own advantages and limitations. 
Often more than one methods are used together 
for producing a good set of prototypes. However, 
for most of the cases the number of prototypes to 
be generated has to be supplied. 

Once the prototypes are generated, there are sev-
eral ways of using the prototypes in the classifier. 
To mention a few, in a nearest prototype classifier 
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they are used to classify a data vector x based on 
its distance from the prototypes. The data point is 
assigned the class label of the prototype closest to 
it. In a fuzzy rule-based classifier, each prototype 
can be used to generate a fuzzy rule to define a 
fuzzy rulebase (13]. This rulebase is then used for 
classifying the data. 

In our scheme we use Kohonen's self organizing fea-
ture map (SOFM) [5] algorithm to generate an ini-
tial set of prototypes. SOFM has the interesting 
property of achieving a distribution of the weight 
vectors that approximates the distribution of the 
input data. We exploit this property of SOFM for 
generating a small number (equal to the number of 
classes)of prototypes. Though we use labeled input 
data, the SOFM is trained without using the class 
information. When the training is over, the weight 
vectors are converted into labeled prototypes us-
ing the class information following a "most-likely 
class" heuristic. An iterative dynamic prototype 
tuning algorithm starts with this initial set of pro-
totypes. In each iterative step the classification 
performance of the prototypes are evaluated. Pro-
totypes are then deleted, merged with other proto-
types or split into several new prototypes depend-
ing on the evaluation results. The new set of proto-
types are ·retrained using SOFM algorithm. Thus, 
in each iteration a new set of prototypes with better 
classification performance is generated. The eval-
uation and tuning are repeated until the number 
of prototypes and the performance of the classifier 
stabilize. Finally, a nearest prototype classifier is 
designed with the terminal set of prototype gener-
ated by the tuning algorithm. 

Classification of multispectral remotely sensed im-
ages is one of the most active areas of research as 
well as application. Various methods are used for 
this purpose. To name a few, statistical methods 
[6], fuzzy set theoretic methods [7], neural networks 
[8] etc. Usually these image data have very com-
plicated distributions. We studied the effectiveness 
of the nearest prototype classifiers designed by our 
scheme for multispectral satellite images. 

2 Self-organizing 
Map 

Feature 

The self-organizing feature map (SOFM) is an algo-
rithmic transformation denoted here by A~oFM : 
RP -r V(Rq) that is often advocated for visualiza-
tion of metric-topological relationships and distri-
butional density properties of feature vectors (sig-
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nals) X = {x1, ... ,xN} in RP. SOFM is imple-
mented through a neural-like network architecture 
that is believed to be similar in some ways to the 
biological neural network. In principle X can be 
transformed onto a display lattice in Rq for any 
q; in practice, visual display can be made only for 
q :::; 3 and are usually made on a linear or planar 
configuration arranged as a rectangular or hexago-
nal lattice. In this article we concentrate on (m x n) 
displays in R 2 • 

Input vectors x E RP are distributed by a fan-out 
layer to each of the (m x n) output nodes in the 
competitive layer. Each node in this layer has a 
weight vector Wij attached to it. Let Op = { Wij} C 
RP be the set of m x n weight vectors. Op is (log-
ically) connected to a display grid 0 2 C V(R2 ). 

( i, j) in the index set { 1, 2, ... , m} x {1, 2, ... , n} is 
the logical address of the cell. There is a one-one 
correspondence between the m x n p-vectors Wij 
and the m x n cells ({i,j}),i.e., Op +----7 0 2 . In the 
literature display cells are sometimes called nodes, 
or even neurons, in deference to possible biological 
analogies. 

SOFM begins with a (usually) random initializa-
tion of the weight vectors Wij . For notational clar-
ity we suppress the double subscripts. Now let 
x E RP enter the network and let t denote the 
current iteration number. Find Wr,t- 1, that best 
matches x in the sense of minimum Euclidean dis-
tance in RP . This vector has a (logical) "image" 
which is the cell in 02 with subscript r. Next a 
topological (spatial) neighborhood Nr(t) centered 
at r is defined in 0 2 , and its display cell neighbors 
are located. Finally, Wr,t- 1 and the other weight 
vectors associated with cells in the spatial neigh-
borhood Nt(r) are updated using the rule 

Wi ,t = Wi,t-1 + hr;(t)(x- Wi,t-d· (1) 

Here r is the index of the "winner" prototype 

r = arg min{llx- w; t-111} (2) ..___._.... ' 

and 11 * 11 is the Euclidean norm on RP. The func-
tion hr; (t) which expresses the strength of inter-
action between cells r and i in 0 2 , usually de-
creases with t, and for a fixed t it decreases as 
the distance (in 0 2) from cell r to cell i increases. 
hr;(t) is usually expressed as the product of a 
learning parameter O!t and a lateral feedback func-
tion 9t(dist(r, i)) . A common choice for 9t is 
9t(dist(r, i)) = exp-dist,(r,i)/uf. O!t and Ut both 
decrease with time t. The topological neighbor-
hood Nt(r) also decreases with time. This scheme 

when repeated long enough, usually preserves spa-
tial order in the sense that weight vectors which 
are metrically close in RP generally have, at ter-
mination of the learning procedure, visually close 
images in the viewing plane. 

3 Generation of Labeled Pro
totypes 

We first train a one-dimensional SOFM using the 
training data, without using the class information 
of the input data. Initially the number of nodes in 
the SOFM is the same as the number of classes 
c. The motivation behind this is the fact that 
the smallest number of prototypes that may be re-
quired is equal to the number of classes. At the 
end of the training the weight vector distribution of 
the SOFM will reflect the distribution of the input 
data. These unlabeled prototypes are then labeled 
using the class information. For each of N input 
feature vectors we identify the prototype closest to 
it, i .e., the winner node. Since no class information 
is used during the training, it is only natural that 
some prototypes may become the winner for data 
from more than one class. For each prototype v; 
we compute a score D;j, which is the number of 
input data from class j to which v; is the closest 
prototype. Due to strong interaction among the 
neighboring nodes of the SOFM during the train-
ing some prototypes may be so placed that for no 
input data they become winners; i.e., D;j is 0 for 
all j.We reject such prototypes. For the remaining 
prototypes the class label C; of the prototype v; is 
determined as 

C; = arg maxD;j .....__._., 
j 

(3) 

The scheme will assign a label to each of the c 
prototypes, but such a set of prototypes may not 
classify the data satisfactorily. For example, from 
(3) it is clear that '£j"#i D;j data points will be 
wrongly classified by the prototype v;. Hence we 
need further refinement of the initial set of proto-
types Vo = {v1o,v2o, ... ,vco} C RP. 

3.1 Refinement of Prototypes 

A good set of prototypes must be capable of deal-
ing with class specific characteristics (such as class 
boundaries) of the data. The prototypes generated 
by the SOFM algorithm represent the overall dis-
tribution of the input data. So we need a strategy 
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to modify the initial set of prototypes V0 so that it 
enhances the performance of the classifier. This is 
an iterative scheme. 

On m-th iteration the prototype set Vm-1 from pre-
vious iteration is used to generate the new set of 
prototypes Vm. The labeled set of prototypes Vm-1 
is used to classify the training data and its perfor-
mance is observed. Let I1'i be the number of train-
ing data to which prototype v; is the closest one. 
Let S; = max;{D;;} = D;c,. Thus, when v; is 
labeled as a prototype for class C;, S; data points 
will be correctly classified by v; and F; = Li;tj D;; 
will be incorrectly classified. Therefore, 

and 
W; = L:nii· 

j 

Let X = { x1, ... , XN} be the set of training data 
and n; be the number of points from class j. Two 
retention parameters, global retention parameter 
a and class-wise retention parameter (3 are used to 
evaluate the performance of each prototype. Based 
on the result of the evaluation, different operations 
may be performed on the prototypes to generate a 
new set of prototypes. We use the following oper-
ations in our algorithm. 

Merging of a prototype with respect to a 
class: Let a prototype v; represent D;k training 
data from class k. To merge v; w.r.t. class k we 
identify v1 closest to v; such that C1 = k (i.e., v1 
also is a prototype for class k). Let X;j be the set 
of training data vectors from class j whose nearest 
prototype is v;. When we merge v; with v1 w.r.t. 
class k, v1 is updated according to (4), 

~ t1'Iv1 + LxeX;k x 
Vt- . 

Wz+D;k 
(4) 

Note that we do not say here, when to merge. That 
will be discussed later. 

Modifying a labeled prototype: A prototype 
v; is modified according to the following equation, 

(5) 

Splitting a prototype: A prototype v; is split 
into r new prototypes for r different classes ac-
cording to the following rule. For each of the r 
new prototypes, Vt, of class Ct we compute 

LxeXoc1 X 
VI= . 

Dw, 
(6) 
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The prototype v; is deleted. So after the splitting 
the number of prototypes is increased by r - 1. 

Deleting a prototype: The prototype v; is 
deleted and the number of prototypes is reduced 
by one. 

Now we are in a position to schematize the evalua-
tion and enhancement strategy for the prototypes 
as follows. 

Algorithm {Update Prototypes): 
m +-1 
Repeat until termination condition is satisfied 

For i = 1 to I V m-1 I 

If W; < aN and there is at least another 
prototype for class C; 

then delete v;. (Global deletion); 
/*If a prototype does not represent a reason-

able number of points, it fails to qualify to become 
a prototype. *I 

If W; > aN but D;; < f)Ni, Vj 
then merge v; for the classes for 
which D;j > 0, delete v;. 
(Merge and delete); 

/* The prototype represents reasonable num-
ber of points, but not reasonable number of points 
from any particular class so that it can qualify as 
a prototype for a particular class. But we cannot 
ignore the prototype completely. We logically first 
split v; into s prototypes v;1, v;2, ... v;8 , s ::; c, s is 
the total number of classes for which D;j > 0, and 
then merge Vij to its closest prototype from class j. 
v; is then deleted. * / 

If W; > aN and Dw, > f3Nc, 
but D;j < (3Nj for all j "f:. C; 

then merge v; with respect to all the 
classes other than C; for which 
D;; > 0 using (4) and modify 
v; using(5).(Merge and modify); 

/* The prototype represents points from more 
than one classes, however, the points from one class 
only are well represented by the prototype. Accord-
ing to our labeling scheme the prototype is labeled 
with the most represented class. Thus we merge v; 
with respect to the classes other than C; using (4) 
and then modify v; by (5). *I 

If W; >aN and D;; > f3N; for 
more than one class 

then merge v; w.r.t. classes for 
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which Dij < f3Nj by ( 4)and split 
Vi into new prototypes for the 
classes for which Dij > f3Nj by (5). 
Add these new prototypes to the 
new set of prototypes V m. 

(Merge and split); 
/* The prototype represents. points reasonably 

well from more than one classes. So we merge the 
prototype with respect to the classes whose data are 
not represented reasonably well and split the proto-
type into one for each class whose data are reason-
ably well represented by Vi. *I 

End For 

Vm= 
{V m-1 - { deletedprototypes)} U { newprototypes} 

Run SOFM algorithm on Vm with winner-only up-
date (i.e. no neighbor is updated) strategy. 

/* At this stage we want only to fine tune 
the prototypes. If the neighbors also are updated the 
prototypes again might migrate to represent points 
from more than one class. *I 
m~m+l 

End Repeat. 

For termination, we use de and dp to detect the con-
vergence of the algorithm in terms of rate of change 
of misclassification and number of prototypes. Let 
Em be the number of misclassifications for V m. The 
algorithm is terminated if 

(7a) 

and 

IIVm-11-IVmll ; 
IVm-11 <op. (7b) 

Where I V m-1 I is the number of prototypes in 
Vm-1· 
Thus the algorithm terminates when between two 
successive iterations both the number of prototypes 
and the number of misclassifications do not change 
significantly. 
For some data sets the algorithm may not converge, 
instead the number of prototypes may fluctuate 
with iterations while the rate of misclassification 
does not change appreciably. Such a condition may 
be detected by the number of prototypes for three 
successive iterations. For example, one can use .Q.P 

Data S1ze No. of rototypes No. of '7o Of 
Set 1mt1al .!""mal iterations Error 
Iris 150 3 7 3 2.66% 
Glass 214 6 28 7 22.89% 
Breast 569 2 5 9 10.89% 
Cancer 
Norm4 800 4 4 3 4 .0% 

Table 1: Performance of the classifier for different 
data sets. 

as defined bellow to detect the termination: 
I (IV m-2 I- I V m-1 I)- (I V m-1 I- I V m I) I /::,. 

I (I V m-2 1- I V m-1 I) I > P 

(8) 
The reason behind (8) is this 

I (I V m-2 I - I V m-1 I) ~~~ (I V m-1 I - I V m I) I 
but they differ in sign in case of non-convergence 
in terms of (7). Hence the left hand side of the 
8 is nearly 2 which cannot happen in case of con-
vergence. On termination (by (7) or (8)) if Em < 
Em- 1 we select Vm as the final set of prototypes 
else we select Vm-1 · 

4 Results 

We have used several well known data sets to test 
our algorithm, but we report here results for 4 data 
sets: Iris, Glass, Breast Cancer and Norm4. Iris 
data [9] have 150 points in 4 dimensions that are 
from 3 classes each with 50 points. Glass data [10] 
consist of 214 samples with 9 attributes from 6 
classes. Breast cancer [11] data have 569 points 
in 30 dimensions from two classes. The data set 
Norm4 [12) is a sample of 800 points consisting of 
200 points each from the four components of a mix-
ture of 4 class 4-variate normals. For these 4 data 
sets our reported results are obtained on the entire 
data using the computing protocol: 

a= f3 = 5%, Oe = 0.05, Op = 0.2 and .Q.P = 2. 
Table 1 summarizes the classification perfor-
mances. It is well known that classes 2 and 3 of Iris 
have some overlap and the typical re-substitution 
error with a nearest prototype classifier defined by 
3 prototypes obtained by some clustering algorithm 
is 15-16 (i .e., about 10% error with 3 prototypes) . 
Our algorithm terminated with 7 prototypes in 3 
iterations. The performance of the proposed sys-
tem with 7 prototypes is quite good resulting only 
2.66% error. 
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Breast Cancer data have been used in [11] to 
train a linear programming-based diagnostic sys-
tem by a variant of multisurface method (MSM) 
called MSM-Tree and about 97.5% accuracy was 
obtained. Breast cancer data of a similar kind have 
also been used in a recent study [13] with 74.0% ac-
curacy with 100 rules. Our classifier could achieve 
as low as 10.89% error with only 5 prototypes and 
it is quite good. 

High percentage of error for Glass data is possibly 
unavoidable, because a scatterplot (Fig. 1) of the 
two principal components shows that the data for 
class 3 are almost randomly distributed among the 
data points from other classes. In fact the points 
from class 3 (represented by +) are not visible in 
the scatterplot. In [13] the recognition score for the 
glass data is 64.4% i.e., about 35% error. Our clas-
sifier could realize more than 77% accuracy with 
28 prototypes generated in 7 iterations of the algo-
rithm. 
The performance on Norm4 [12] with only 4 proto-
types, i.e., one prototype/class is quite satisfactory 
too. In this case the SOFM based classifier could 
achieve up to 96% accuracy with only 4 prototypes. 

5 Classification of M ultispec
tral satellite Image Data 

Huge amount of information about the earth sur-
face is routinely generated using remote sensing 
techniques. Much of this digital information is in 
the form of images captured by satellite-based sen-
sors operating in different spectral bands. Analysis 
of such images form a major area of application for 
classification methodologies. Several methods are 
used for this purpose with varying degrees of suc-
cess [6, 7, 8]. In this paper we report the use of the 
NP classifier described above for the classification 
of a multispectral satellite image. 

The given image is of size 512 x 512 pixel cap-
tured by seven sensors operating in different spec-
tral bands from Landsat-TM3. Each sensor gener-
ates a 512 x 512 image with pixel values varying 
from 0 to 255. Figure 2 shows band 1 of the image. 
The 512 x 512 ground truth data give the actual 
distribution of classes of objects present in the im-
age. From these images we produce a labeled data 
set with each pixel represented by a 7-dimensional 
feature vector. Each dimension of a feature vec-
tor comes from one of the channel images and the 
class label comes from the ground truth data. The 
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frequency distribution of pixels of different types is 
given in Table 2. 

Classes No. of samples 
Forest 176987 
Water 23070 
Agriculture 26986 
Bare ground 740 
Grass 12518 
Urban area 11636 
Shadow 3197 
Clouds 358 
Total 262144 

Table 2: Classes and their frequencies in the images 
used . 

We randomly partition the data set into training 
and test sets. The training set contains 1600 sam-
ples, 200 samples from each class and the test set 
contains the rest of the data points. Thus the train-
ing set contains less than 7% of the data. For our 
experiments four such random partitions into train-
ing and test sets have been generated. Each train-
ing set is. used to design a NP classifier and then 
tested on the whole image. The performance of the 
classifier is summarized in Table 3. Table 3 shows 
that the best result on the test data yields 81.8% 
correct classification and the average classification 
performance is 79.47%. Figure 4 is the image rep-
resentation of the classification result while Fig. 3 
is the ground truth image. In both images, differ-
ent classes are represented by different gray values 
and they look alike. 

Set No. of Error Rate in Error Rate in 
No. Prototypes Training Data Whole Image 
1. 30 26.7% 22.2% 
2. 25 24.4% 23.0% 
3. 25 22.7% 18.7% 
4. 27 25.8% 18.2% 
Avg. 27 24.9% 20.53% 

Table 3: Classification performances of 4 NP clas-
sifiers designed using different training sets for the 
multispectral satellite image 

The same set of mliltispectral images has been used 
by Kumar et al. [14] in a comparative study using 
several classification techniques. The best result re-
ported by them using a fuzzy integral based scheme 
achieves a classification rate of 78.15%; i.e., an error 
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rate of 21.85% while our best result yields 81.8% 
correct classification. The average percentage of 
classification for our classifier (79.47%) is also bet-
ter than the best results reported by Kumar et al. 
[14]. 

6 Conclusions 

We proposed a simple but powerful approach of 
finding a set of reliable prototypes for a nearest 
prototype classifier. The algorithm tries to gener-
ate a small number of prototypes while at the same 
time tries to keep the error rate as low as possi-
ble. This is achieved by means of two opposing 
actions (1) splitting of prototypes and (2) deletion 
of prototypes. The former leads to an increase in 
the number of prototypes, with a view to ensur-
ing that class boundaries are taken care of; while 
the later decreases the number of prototypes by 
deleting prototypes which do not represent an ad-
equate number of data points. These two actions 
together try to ensure that there are enough proto-
types to represent the distribution of the data and 
each prototype represents a substantial number of 
data points. To achieve good generalization capa-
bility of the classifier the algorithm tries to place 
each prototype at the center of a dense set of points. 
This is achieved by retraining of the prototypes us-
ing SOFM algorithm with the winner-only update 
scheme at the end of each modification cycle. 

The results reported demonstrated the superiority 
of the proposed scheme. However, the process is 
sensitive to the choice of the parameters a and f3 
and to some extent on 6e, t5p and ~P. Further in-
vestigation is required to provide a guideline for 
selection of these parameters. 
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Figure 1: Scatterplot of the glass data in along two most significant principal components. 

Figure 2: Band-1 image (Mter histogram equalization) 
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Figure 3: The image reconstructed from the ground truth. The classes are represented by different shades 
of gray. 

Figure 4: The image reconstructed from one of the classification results. The classes are represented by 
different shades of gray. 
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This thesis is intended as a contribution to the theories and principles of active learning and 
dual control. It is an account of an investigation which essentially examines the problem of 
how a machine learning system can be designed so as to acquire useful data actively, i.e. with 
environment interaction and simultaneously perform cost-effectively. The primary aim of the 
research has been to evolve the general basis for developing an engineering solution for a 
self-designing system of the future. In other words, while developed theory and experimental 
investigations to substantiate the theory are presented in this dissertation, the learning system 
used herein is based on certain specific assumptions with a view to achieving a balance 
between extremely general theoretical abstraction and a practical method that addresses 
clearly-defined problem parameters. The outcome is a strategy of 'learning while performing' 
consisting of a set of algorithms directed to addressing a real world scenario such as an 
industrial manufacturing plant from which continuous data is available. 

Content 
The basic learning model used is the neural network function approximator trained by a 
supervised method. The overall theoretical framework is a system that is endowed with the 
capability of asking questions (querying) in order to obtain the most useful information from 
an environment such as a producing plant. Instead of modeling system behaviour with a 
state-space description, the emphasis is on significant input-output data gathered from a 
system with unknown internal behaviour (black-box). A locally-optimal or "greedy" strategy 
is used. Although a general theory for multidimensional systems has been developed the 
experimental studies are concentrated with a finite boundary, two-dimensional, continuous 
data domain. This is primarily for the purpose of easy visualisation of results and 
computational efficiency. The basic principle propounded is that the notion of dollar value of 
a particular output ought to be incorporated within the querying criterion. In the process of 
developing such a querying criterion a novel method of data subsampling/statistical jack-
knifing is applied to Seung and Freud's query-by-committee philosophy. This technique is 
demonstrated to be highly effective in gathering both significant and adequate data samples 
for accurately modeling functions with sharp transition points and nonlinear functions. An 
extension of the strategy for addressing noisy functions leads to derivation of an estimate of 
the distribution of the true label (output) for a particular input of the black-box. While such a 
distribution is closely related to the developed querying criterion for information gain, it is 
taken further ahead in the investigation and used in defining the expected value of a label as 
an exploitation objective - in a cost-benefit analysis perspective. A confidence interval on 
this expected value is then analytically derived. The size ·of the confidence interval 
determines the amount of exploration by the learner. Experimental studies with unimodal 
output value characteristics reveal differences in the performance of the proposed method 
upon monotonic and non-monotonic environments. Such performance is mostly based upon a 
long-term measure of yield experimentally computed within a particular finite querying 
boundary. Two overall approaches to examining the problem are studied - one uses the 
estimated distribution of a label to compute its expected value (called IMDV: indirectly 
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modeled dollar value), the other estimates expected values by applying the jack-knifed 
committee method directly to dollar value labels and is called a DMDV (directly modeled 
dollar value) algorithm. The inherent weakness of the second approach, despite its obvious 
computational advantage over the other, is pointed out. It is then demonstrated that a 
theoretically more sound but very computationally expensive strategy of combining the 
strengths of the IMDV and DMDV approaches can result in a technique known as the 
combined modeling of dollar values (CMDV). Finally it is discussed how the theoretical 
premise of a dual controller is inherent in querying philosophy proposed. This kind of dual 
control is observer-free and is contrasted with more conventional control methods. 
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Doctor of Philosophy 
Fast Asynchronous VLSA Circuit Design Techniques and Their 
Application to Microprocessor Design (1998) 
Shannon Morton 

Over the past decade a variety of asynchronous synthesis techniques have been 
proposed. The majority of these have been concerned with generating probably 
correct circuits with high reliability, whereas others have focussed on producing 
circuit with low power dissipation. However, in taking such approaches the resulting 
circuits are usually swamped with a large number of gates in the critical paths and are 
consequently inefficient in terms of speed. 

This thesis describes a collection of novel design techniques engineered for high speed 
operation (such as fast pipeline control circuits and pseudo self-timed computations). 
In addition, a new gate representation is proposed to better reflect their functionality in 
an asynchronous domain. As an illustration of these design techniques two 
microprocessors have been implemented: 

• ECSTAC is styled as a linear pipeline with a load/store architecture and a 8 bit 
data path and a 24-bit address path. It employs fast pipeline control circuits and 
utilizes some interesting asynchronous techniques for bypassing stages, controlling 
data hazards, and register fetching. ECSTAC has been fabricated using ES2's 
0.7f..tm DLM CMOS process and demonstrated a peak operating speed of28 Mips. 

• ECSESS is structured to take advantage of self-timed data dependent 
computations and to employ functional parallelism. It has a 32 bit data path and 
can provide for up to 32 single precision (16 double precision) functional units 
which interact directly with each other, thus enabling out-of-order execution and 
global results forwarding. Their operation is fully decoupled from branches and 
interrupts to minimize stalling. Emphasis has been placed on maintaining a high 
throughput to the functional units. It employs novel design techniques for rapid 
data hazard detection between units, PC updating, and decoupled branch 
evaluation and branch target determination. ECSESS has been simulated in 
VHDL with delays comparable to those of the 0.7Jlm standard cell library used in 
ECST AC, and demonstrated a peak operating speed of 181 Mips. 
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