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Connectionist-based Information Systems: Methods and Applications 

This special issue encompasses · selected, .:and extended papers in t,he :year 1998, ·from the 
ICONIP/ANZIIS/ANNES'97 joint conference held in November 1997, in Dunedin, New Zealand. 
The papers focus on intelligent information systems based on neural networks. Such systems are called 
connectionist-based information systems (CBIS). CBIS are built around neural networks that can learn from 
data, generalize on new input data, adapt to a changing environment, capture knowledge in their structures 
(e.g. rules, features, eigen-vectors), and run in a highly parallel mode. 
Several neural network models extensively mentioned in the literature to date are also well presented in this 
special issue. These are: multi-layer perceptrm1s·; self-organizing maps [1,2]; adaptive resonance theory [3]; 
fuzzy neural networks and neuro-fuzzy systems [4], to mention only a few. 
New neural network models are developing- some based on principles of biological brains [5]. 
CBIS have proved their capacity in a wide range of practical applications [6]. 
The first three papers of this issue represent new connectionist models for general use. 
Papers four and five present applications of self-organizing maps for pollen classification, oil classification, 
early diagnosis of skin cancer, and chemical analysis. 
Papers six and seven discuss the use and optimization of multi-layer perceptrons. 
Paper eight demonstrates the power of fuzzy neural networks for image registration CBIS. 
The issue of neural network performance when multiple neural networks are run on multiple platforms is 
discussed in paper 9. 
CBIS can incorporate different methods in one system in addition to the neural network methods [6] . Such 
methods are statistical methods, fuzzy logic methods, genetic algoritl:lms, chaos methods, and methods of 
rough sets. The latter is demonstrated in the last paper of the issue. . . 
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Evolving Fuzzy Neural Networks: Theory and 
Applications for On-line Adaptive Prediction, Decision 

Making and Control 

Nikola Kasabov 
Department of Information Science 

University of Otago, P.O Box 56, Dunedin, New Zealand 
Phone: +64 3 479 8319, fax: +64 3 479 8311 

nkasabov@otago.ac.nz 

ABSTRACT. 
The paper introduces one paradigm of neuro-fuzzy techniques and an approach to building on-line, adaptive intelligent 
systems. This approach is called evolving connectionist systems (ECOS). ECOS evolve through incremental, on-line 
learning, both supervised and unsupervised. They can accommodate new input data, including new features, new classes, 
etc. New connections and new neurons are created during the operation of the system The ECOS framework is presented 
and illustrated on a particular type of evolving neural networks - evolving fuzzy neural networks. ECOS are three to six 
orders of magnitude faster than the multilayer perceptrons, and fuzzy neural networks (trained with either the 
backpropagation algorithm, or with a genetic programming technique). ECOS belong to the new generation of adaptive 
intelligent systems. This is illustrated on several real world problems for adaptive, on-line prediction, decision making 
and control. 

1. Introduction 

The complexity and the dynamics of many real-world 
problems, in particular engineering and manufacturing, 
require using sophisticated methods and tools for building 
on-line, adaptive decision making and control systems. 
Such systems should be able to 'grow' as they work, to 
increase their knowledge and refine the model through 
interaction with the environment. 

Many developers and practitioners in the area of neural 
networks (NN), fuzzy systems (FS) and hybrid neuro
fuzzy techniques have enjoyed the power of these, now 
traditional techniques, when solving AI problems. 
Simultaneously, several difficulties have manifested when 
these techniques are applied to real world problems which 
include speech and image recognition, adaptive prediction, 
adaptive on-line control, intelligent agents. These tasks 
usually require flexible learning and dynamically adaptive 
intelligent systems (IS) that have 'open' structures and are 
able to process both data and knowledge. 

Seven major requirements (that are addressed in the 
ECOS framework presented later) are listed below [21]: 
An IS should be capable of: 
(1) Learning quickly from large amount of data therefore 
using fast training, e.g. 'one-pass' training. 
(2) Adaptation in both a real time and an on-line mode 
where new data is accommodated as it comes. 
(3) Maintaining an 'open' structure where new features 
(relevant to the task) can be introduced at a later stage of 
the system's operation, e.g., the system creates 'on the fly' 
new inputs, new outputs, new connections and nodes. 
(4) Incremental accommodation of all that is, and that will 
become, known about the problem, i.e. in a supervised or 

unsupervised mode, using one modality or another, 
accommodating data, rules, text, image, etc. 
(5) Learning and improvement through active interaction 
with other IS and with the environment in a multi-modular, 
hierarchical fashion. 
(6) Adequate representation of space and time in their 

different scales, with parameters to represent short- and 
long-term memory, e.g. age, forgetting, etc. An IS should 
be memory-based, where information is added, retrieved, 
deleted at any time of the functioning of the system. 
(7) Self- analysis in terms of behaviour, global error and 

success; to explain what it has learned and what it 'knows' 
about the problem it is trained to solve; making decisions 
about its own improvement. 

The above seven requirements have not been met in any 
one of the existing IS and connectionist models in 
particular, but some of these features have already been 
explored in three main groups of models: 

• constructivist, emphasising growth in the development 
of the NN structure [10,11,12,14]; 

• reductionist, emphasising 'fat' reduction from the NN 
[34,36,37 ,38, 17' 19,8, 15,30,33]; 

• knowledge-based NN, emphasising knowledge and rule 
manipulation in a connectionist structure 
[20,25,26,27,28,29,35]. 

The framework ECOS presented in [21,23] and the ECOS
based evolving fuzzy neural network EFuNN [22,24] 
belong to each of the above groups as they have the 
corresponding features. Significantly, they are examples of 
a new group of methods to be formed, the group of 
evolving Al. 
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2. Evolving Fuzzy Neural Networks 
EFuNNs 

2.1. A general description 

FuNN is a five layer fuzzy-neural network [25-30] (Fig. 1). 
EFuNNs are FuNN structures that evolve according to the 
ECOS principles. EFuNNs adopt some known techniques 
from [5-7,31,32] and from other known NN techniques, 
but here all nodes in an EFuNN are created during 
(possibly one-pass) learning. The nodes representing 
membership functions (MF), the fuzzy label neurons, can 
be modified during learning. As in FuNN, each input 
variable is represented here by a group of spatially 
arranged fuzzy input neurons to represent a fuzzy 
quantisation of this variable. For example, three neurons 
can be used to represent "small", "medium" and "large" 
fuzzy values of the variable. Different membership 
functions (MF) can be attached to these neurons 
(triangular, Gaussian, etc.). New neurons can evolve in this 
layer if, for a given input vector, the corresponding 
variable value does not belong to any of the existing MF to 
a degree greater than a membership threshold. A new 
fuzzy input neuron, or an input neuron, can be created 
during the adaptation phase of an EFuNN. 

The EFuNN algorithm, for evolving EFuNNs, has been 
first presented in [24]. A new rule node (rn) is created and 
its input and output connection weights are set as follows: 
Wl(rn)=EX; W2(rn) = TE, where TE is the fuzzy output 
vector for the current fuzzy input vector EX. In the "one
of-n" EFuNNs, the maximum activation of a rule node is 
propagated to the next level. Saturated linear functions are 
used as activation functions of the fuzzy output neurons. In 
the "many-of-n" mode, all the activation values of rule 
(case) nodes, that are above an activation threshold of 
Ahtr, are propagated further in the connectionist structure. 

2.2. The EFuNN supervised learning 
algorithm 

Here, the EFuNN evolving algorithm is given as a 
procedure of consecutive steps: 

!.Initialise an EFuNN structure with a maximum number 
of neurons and no (or zero-value) connections. Initial 
connections may be set through inserting fuzzy rules in a 
FuNN structure. FuNNs allow for insertion of fuzzy rules 
as an initialisation . procedure thus allowing for prior 
information to be used prior to the evolving process (the 
rule insertion procedure for FuNNs can be applied [ ]). If 
initially there are no rule (case) nodes connected to the 
fuzzy input and fuzzy output neurons, then create the first 
node rn=l to represent the first example EX=x1 and set its 
input Wl(rn) and output W2 (rn) connection weights as 
follows: <Create a new rule node rn to represent an 
example EX>: Wl(rn)=EX; W2(rn) = TE, where TE is the 
fuzzy output vector for the (fuzzy) example EX. 

2. WHILE <there are examples> DO 
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Enter the current, example xi, EX being the fuzzy input 
vector (the vector of the degrees to which the input values 
belong to the input membership functions). If there are new 
variables that appear in this example and have not been 
used in previous examples, create new input and/or output 
nodes with their corresponding membership functions. 

Rule (case) 
nodes 

Fig.l A block diagram of a simple EFuNN system 

3. Find the normalised fuzzy similarity between the new 
example EX (fuzzy input vector) and the already stored 
patterns in the case nodes j= 1 ,2, ... ,rn: 

Dj= sum (abs (EX- Wl(j)) I sum (W1(j)) 

4. Find the activation of the rule (case) nodes j, j=l:rn. 
Here radial basis activation function, or a saturated linear 
one, can be used on the Dj input values i.e. AI (j) = radbas 
(Dj), or A1(j) = satlin (1 - Dj). 

5. Update the local parameters defined for the rule 
nodes, e.g. age, average activation, as pre-defined. 

6. Find all case nodes j with an activation value Al(j) 
above a sensitivity threshold Sthr. 

7. If there is no such case node, then <Create/connect a 
new rule node> using the procedure from step 1. 

ELSE 
8. Find the rule node indal that has the maximum 

activation value (maxal ). 

9. (a) in case of "one-of-n" EFuNNs, propagate the 
activation maxal of the rule node indal to the fuzzy output 
neurons. Saturated linear functions are used as activation 
functions of the fuzzy output neurons: 

A2 = satlin (Al(indal) * W2) 
(b) in case of "many-of-n" mode, only the activation 

values of case nodes that are above an activation threshold 
of Athr are propagate to the next neuronal layer. 

10. Find the winning fuzzy output neuron inda2 and its 
activation maxa2. 

11. Find the desired winning fuzzy output neuron indt2 
and its value maxt2. 

12. Calculate the fuzzy output error vector: 
Err=A2- TE. 

13. IF (inda2 is different from indt2) or (abs(Err 
(inda2)) > Errthr) <Create a new rule node> 

ELSE 
14. Update: (a) the input, and (b) the output 
connections of rule node k=indal as follows: 
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(a) Dist=EX-W1(k); W1(k)=W1{k) + lrl. Dist, 
where lrl is the learning rate for the first layer; 
(b) W2(k) = W2 (k) + lr2 . Err. maxal, where lr2 

is the learning rate for the second layer. 

15. Prune rule nodes j and their connections that satisfy 
the following fuzzy pruning rule to a pre-defined level that 
represents the current need of pruning: 
IF (node (j) is OLD) and (average activation Alav(j) is 
LOW) and (the density of the neighbouring area of 
neurons is HIGH or MODERATE) and (the sum of the 
incoming or outgoing connection weights is LOW) and 
(the neuron is NOT associated with the corresponding 
''yes" class output nodes (for classification tasks only)) 
THEN the probability of pruning node(}) is HIGH 

The above pruning rule is fuzzy and it requires that the 
fuzzy concepts as OLD, HIGH, etc. are defined in 
advance. As a partial case, a fixed value can be used, e.g. a 
node is old if it has existed during the evolving of a FuNN 
from more than 60 examples. 

16. END of the while loop and the algorithm. 

17. Repeat steps 2-16 for a second presentation of the 
same input data or for ECO training if needed. 

2.3. The EFuNN simulator 

The EFuNN algorithm has several parameters for which 
values should be chosen such that the performance of the 
algorithm is optimised for a certain task. Fig.2 below 
shows the EFuNN simulator that implements the EFuNN 
algorithm and makes all the important parameters available 
to select a value. The simulator has the following options 

concerning the display modes of the evolving EFuNN 
architecture: 
• dynamical display of the nodes as the EFuNN system 

grows and shrinks; 
• display the Root Mean Square Error (RMSE) in the 

process of adaptive learning; 
• display the desired versus the approximated by the 

EFuNNdata 

2.4. Unsupervised and reinforcement 
learning 

Unsupervised learning in ECOS systems is based on the 
same principles as the supervised learning, but there is no 
desired output and no calculated output error. There are 
two cases in the evolving procedure: 
(a) There is an output node activated (by the current input 
vector x) above a pre-set threshold Outhr. In this case the 
example x is accommodated in the connection weights of 
the most highly activated case neuron according to the 
learning rules of ECOS (e.g. as it is in the EFuNN 
algorithm). 
(b) Otherwise, there will be a new rule node created and 
new output neuron (or new module) created to 
accommodate this example. The new rule node is then 
connected to the fuzzy input nodes and to a new output 
node as it is the case in the supervised evolving (e.g., as it 
is in the EFuNN algorithm). 

Reinforcement learning uses similar procedures as case 
(a) and case (b) above. Case (a) is applied only when the 
output from the evolving system is confirmed (approved) 
by the 'critique' and case (b) is applied otherwise. 

Fig.2. EfuNN Simulator. 
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2.5. Evolving fuzzy systems. Rule 
insertion and rule extraction. On-line, 
adaptive learning of fuzzy rules and 
membership functions 

A fuzzy system consists of fuzzy rules (where fuzzy 
variables, fuzzy predicates and fuzzy sets are used) and a 
fuzzy inference method. Evolving fuzzy systems are fuzzy 
systems in which the fuzzy rules evolve and change as the 
fuzzy system operates, thus adding new rules, modifying 
existing rules and deleting rules from the rule set according 
to changes in the environment (e.g., new data arrive 
regularly) . Evolving fuzzy systems have also their fuzzy 
variables, fuzzy membership functions and predicates 
varying as the system operates. 

A FuNN and an EFuNN in particular can be represented 
by a set of fuzzy rules through rule extraction techniques 
[25,28,29]. The fuzzy inference is embodied in the 
connectionist structure. In this respect an EFuNN can be 
considered as an evolving fuzzy system. The rules that 
represent the rule nodes need to be aggregated in clusters 
of rules. The degree of aggregation can vary depending on 
the level of granularity needed. Sometimes, for 
explanation purposes, the number of rules needed, could 
be as many as the number of the fuzzy output values (e.g., 
a rule for "No" class and a rule for "Yes" class for a 
classification task that uses just two output fuzzy values 
denoting "yes" and "no" class values). 

At any time (phase) of the evolving (learning) process 
fuzzy, or exact rules, can be inserted and extracted. 
Insertion of fuzzy rules is achieved through setting a new 
rule node for each new rule, such as the connection 
weights W 1 and W2 of this rule node represent the fuzzy 
or the exact rule. 

Example i: The fuzzy rule IF xi is Small and x2 is Small 
THEN y is Small, can be inserted into an EFuNN structure 
by setting the connections of a new rule node with the 
fuzzy condition nodes x1- Small and x2- Small to a value 
of 0.5 each, and the connection with the output fuzzy node 
y-Small to a value of 1. 

Example 2: The exact rule IF xi is 3.4 and x2 is 6] 
THEN y is 9.5 can be inserted in the same way as in 
example 1, but here the membership degrees to which the 
input values xl=3.4 and x2=6.7 belong to the 
corresponding fuzzy values are calculated and attached to 
the connection weights instead of values of 0.5. The same 
procedure is applied for the fuzzy output connection 
weight. 

Changing MF during operation may be necessary to 
. refine system performance, e.g., it is defined that instead of 
three MFs, the system should have five MF. In traditional 
fuzzy neural networks this change is not possible, but in 
EFuNNs it is possible, because an EFuNN stores in its Wl 
and W2 connections fuzzy exemplars. These exemplars, 
can be defuzzifyied if necessary at any time of the 
operation of the whole system, and then used to evolve a 
new EFuNN structure that has, for example, five MF rather 
than three MF for the input 
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variables, and three rather than two, MF for the output 
variable. The idea is illustrated on fig. 3. 

Fig.3. Changing the number of MF in EFuNN from 3 MF to 5 
MF is achieved through defuzzifying the membership degrees 
stored as connection weights in the first EFuNN structure, and 
finding the membership degrees of the obtained real values to 5 
MF for the new EFuNN structure, before this structure is 
evolved. 

3. EFuNNs for adaptive, 
time-series prediction, 
making and control 

on-line 
decision 

Application of ECOS for on-line, adaptive time series 
prediction, decision making and control. 

3.1. A general scheme of using ECOS 
and EFuNNs for on-line, adaptive 
prediction, decision making and control 

A general block diagram of an adaptive, on-line decision 
making system is given in fig. 4 [22]. It consists of the 
following blocks: 
• Pre-processing (filtering) block (e.g.; checking for 

consistency; feature extraction, calculating moving 
averages, selecting time-lags for a time-series). · 

• EFuNN block; it consists of modules that are 
continuously trained with data (both old, . historical 
data, and new incoming data). 

• A rule-based block for final decision - this block takes 
the ECOS outputs and applies expert rules. The rules 
may take some other input variables. 

• Adaptation block - this block compares the output of the 
system with the desired, or the real data, obtained over 
certain period of time. The error is used to 
adjust/adapt the evolving modules in a continuous 
mode. 

• Rule extraction, explanation block - this block uses both 
extracted from the evolved modules rules, and rules 
from the final decision making (DM) block to explain: 
(1) what the system currently 'knows' about the 
problem it is solving; (2) why a particular decision for 
a concrete input vector has been made. 

The general architecture from fig. 4 can be used for 
solving the following tasks: 
• On-line financial data analysis and stock prediction 

[3,4,9]; 
• Adaptive process control [1,15,25]; 
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• Adaptive, intelligent agents [39]. 
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Fig. 4. A block diagram of an intelligent, adaptive, on-line 
system for prediction, decision making and control 

3.2. Applying ECOS for adaptive, on-line 
time series prediction 

A case study problem is taken here to illustrate the 
potential of the ECOS and the EFuNNs _for on-li~e 
adaptive prediction and control. The problem IS to ~red1ct 
a waste water flow coming from three pumps mto a 
sewage plant (see [25] for a description of the problem and 
theWWW: 
http://divcom.otago.ac.nz:800/com/infosci/KEUhome.htll_l 
for the data set). The flow is measured every hour. It IS 

important to be able to predict the volume of the flow as 
the collecting tank has a limited capacity (in this case it is 
650 cubic meters) and a sudden overflow will cause 
bacteria, that clean the water, to be thrown away. As there 
is very little data available before the control system is 
installed and put in operation, the control system has to be 
adaptive and learn the dynamics of the flow as it operates. 

Here one EFuNN, that has 4 inputs, namely F(t), F(t-1), 
MA12h(t) and MA24h(t), and one output, F(t+l), is 
evolved from the time series data that consists of 500 data 
points. The evolved EFuNN has 397 rule nodes (Sthr=0.9; 
Errthr=0.05; lr=O; no pruning applied). The MSSE over a 
test set of the last 100 data points is 0.0068 (normalised 

data is used) - see fig.5. The longer the EFuNN evolves 
over time (more time series data points are used) the better 
the predicted value for next hour water flow is. 

It is seen from fig.5 that in the beginning the EFuNN 
could not generalise well on the next hour flow, but after 
learning (accommodating) about 400 data points, it 
produces a generalisation that is much better than the 
generalisation on the same test data when a fixed structure 
MLP is used that had 5 inputs, two hidden layers with 6 
nodes in each of them, and one output, trained with the BP 
algorithm for 20,000 epochs (MSSE=0.044, see [25]). The 
EFuNN required 4 orders of magnitude less time for 
training per example at average, than the MLP. 
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Fig. 5. An EFuNN is evolved from the flow F(t), the previous 
hour flow F(t-1), the moving average 12 hours MA12h(t) and the 
moving average 24 hours MA24h(t) data. Here the real values 
F(t+l) and the predicted by the evolving EFuNN for one hour 
ahead are plotted as the EFuNN evolves step by step through the 
time-series data. 

3.3. EFuNN-based embedded systems 
and adaptive intelligent agents 

EFuNNs can be used as embedded intelligent tools in a 
piece of hardware, or as small intelligent agents that 
operate in a distributed environment. The agents can learn 
in a life-long mode, always adapting to new data, 
extracting knowledge, communicating with other agents. 
Such embedded, or agent-based systems can be used in 
numerous applications. Examples include mobile robots, 
stock data analysis, where thousands of EFuNN-based 
agents follow certain time series and communicate 
prediction results, climate prediction, plant and process 
control. 

4. Conclusions and directions for 
further research 

In spite of the advantages of ECOS and EFuNNs when 
applied to on-line, adaptive learning, there are some 
difficulties that should be addressed in the future. These 
include finding the optimal values for the evolving 
parameters, such as the sensitivity threshold Sthr, the er:or 
threshold Ethr, learning rate lrl and lr2, and the forgettmg 
rate. Second, pruning of fuzzy rule needs to be made 
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specific for every application, thus depending on the 
definition of age and the other fuzzy variables in the 
pruning rule. One way to overcome the above problems is 
to regularly apply genetic algorithms and evolutionary 
computing as optimisation procedures to the ECOS and 
EFuNN structures [16,38]. 

Evolving connectionist systems could be considered as a 
new AI paradigm. They incorporate the following AI 
features: learning; reasoning; knowledge manipulation; 
knowledge acquisition; adaptation. This sets new tasks for 
the ECOS future development that are relevant to the 
current AI methods and systems, such as implementing in 
ECOS non-monotonic and temporal reasoning, optimal 
dimensionality spatial representation, meta-knowledge and 
meta-reasoning. More theoretical investigations . on the 
limitations of ECOS are needed. 

This paper presents an application of the ECOS 
framework and the EFuNN model for building on-line, 
adaptive learning systems. Real problems have been used 
to illustrate the potential of this approach. Several 
applications of ECOS and EFuNNs are currently under 
development: adaptive speech recognition; financial 
applications; multi-modal information processing and 
integrated auditory and visual information processing; 
intelligent agents. ECOS and EFuNNs have features that 
address the seven major requirements to the next 
generation neuro-fuzzy techniques presented in section 
one. New implementations of ECOS are anticipated based 
on the brain-like computing approach [2]. 
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Abstract 
Traditionally artificial neural network design was based 

on the mean firing rate model of a biological neuron. In 
this paper we briefly review approaches based on single 
action potentials. Then we describe a self-organizing 
neural network based on a spiking neuron model. We show 
how this network of laterally connected spiking neurons 
self-organizes into a topological map in response to 
external stimulation. Two unsupervised, actlvzty
dependent, instantaneous learning rules for .adjusting the 
synaptic efficacies are introduced and analyzed in the 
paper. The first rule is based on the postsynaptic 
contribution of the presynaptic neuron, while the second, 
called temporal correlation rule is based only on the time 
difference between the pre- and post-synaptic neuron 
spikes. Applying the latter of the two learning rule rules 
results in a well-segregated map, whereas applying the 
former rule the complete separation is achieved only when 
the inputs are spread apart. In both cases the overall 
behavior of the network is similar: the afferent connections 
from non-active input neurons die-off and the lateral 
connections gradually restrict themselves into one of the 
regions of the formed map. We also show an analogy 
between our temporal correlation learning rule and 
Kohonen s winner-takes-all learning rule. 
Keywords: Spiking neurons, self-organization, synaptic 
plasticity 

1 Introduction 
In choosing an artificial neural network one has to 

answer a few basic questions. How close should the 
neuron model be to its biological counterpart? To what 
extent simplifying assumptions can be made? What is the 
goal of modeling? 

In this paper we answer some of these questions by 
focusing on time and its role in information processing. In 
this respect we first have to consider how much 
information is conveyed by an action potential. For 
example, each action potential could represent a single bit 
of information, or one bit of information can be spread 
over many action potentials so that information per pulse is 
very small [9]. 

The first recordings of a sensory neuron activity showed 
that the spike frequency of a neuron is related to the 
intensity of the stimulus [16]. From that observation to 

-oescribing the neuron activity by the average firing rate 
was just a natural step. If one takes into account other 
phenomena, like the effect of noise, spontaneously 
generated spikes, etc., this approach seems to be well 
justified. 

Recent biological evidence [3, 7, 15] has shown that 
biological neural systems use exact spike times or the 
length of interspike intervals to encode information. In 

many situations fast reaction of the system is required [ 17] 
so that there is no time for temporal averaging. This leaves 
single spikes, synchronized activity in populations of 
neurons [4, 5], and other still unknown mechanisms as 
alternatives to explore. 

The time aspect has been usually disregarded in the 
standard approach to artificial neural networks. In all 
standard models the output of the neuron does not depend 
on time, as it is usually interpreted as the mean firing rate, 
a time averaged quantity. In our model the temporal 
information is taken into account by using spiking neurons, 
and by using time-dependent mechanisms for synaptic 
plasticity. 

2 Neuron models 
Biological neurons output a series of action potentials 

(electric pulses) in response to stimulation. These action 
potentials are the most relevant elements used in modeling 
neurons. Depending on the way they are described, the 
neuron models fit into one of two categories: mean firing 
rate models and spiking models. The most widely used 
model is the mean firing rate model (based on the average 
number of pulses emitted by a neuron in a time interval); it 
is also the simplest one to describe in mathematical terms. 

Networks of spiking neurons, on the other hand, must 
consider the spike forming mechanism, the methods of 
transmission, and the interactions between the spikes, 
which make them much more difficult to describe. 

There are many other elements of biological relevance 
such as the compartmental geometry or the channel 
variables involved at the synapse. However, the inclusion 
of all these elements would make networks of such 
neurons extremely difficult to simulate on serial machines. 

2.1 Firing rate models 
All neuron models share some common features: they 

have multiple inputs and one output representing the 
activity of the neuron. The standard approach in modeling 
a neuron is to describe its activity by a real number 
denoting the mean firing rate of the neuron. Counting the 
number of action potentials emitted by a neuron in some 
time interval (typical time window range is of the order of 
seconds) and dividing it by the length of the interval gives 
the mean firing rate of the neuron. The dependence of the 
output of a neuron on the value of its inputs is called 
activation function. The output y; of a postsynaptic neuron 
i is the weighted sum of the incoming activity xj of all its 
presynaptic neurons through the activation function: 

(1) 

where the coefficient wij denotes the synaptic efficacy of 
the synapse between j and i and is adjusted by some 
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learning rule. Usually, the activation function f(.) is either 
a threshold function or a sigmoid. Equation (I) defines the 
rate model of neural activity as used in most standard 
approaches. 

Time dimension can be added to firing rate model 
described by Equation (1). One approach is to discretize 
the time and interpret Equation (1) as a mapping from one 
time step to the next [5]: 

(2) 

Another possibility is to turn Equation ( 1) into a 
differential equation by introducing a time constant -r [5]: 

dy· I 1:-1 =-y · +f( W··X·) dt I 1) } 

(3) 

The time constant -r can be interpreted as the membrane 
time constant 1:=RC where Rand Care the resistance and 
capacitance of the neuron. 

2.2 Spiking models 
The next step in modeling a biological neuron· is to 

consider the fact that communication between neurons 
takes place through spikes. The spiking neurons are 
characterized by a membrane potential E and a threshold 
Th. When the membrane potential reaches the threshold, an 
action potential (spike) is produced. Membrane potential 
dynamics and spike transmission description give rise to 
different models. 

In biological neurons a spike is generated by a strong 
depolarization of the membrane potential when it reaches 
the threshold. Immediately after the generation of a spike 
the neuron cannot respond to any stimulation for a short 
period of time called absolute refractory period, and then 
only to a very strong stimulation, for another time interval 
called relative refractory period, during which the 
potential rebounds. Once a spike is generated it travels 
along the axon and, at the synapse locations, a postsynaptic 
potential (with either excitatory or inhibitory effect) is 
transmitted to the postsynaptic neuron. These postsynaptic 
potentials are then spatio-temporally integrated and they 
affect the postsynaptic neuron membrane potential. 

In the currently used models, the postsynaptic potentials 
(PSP) are described in different ways but regardless of the' 
model used a synaptic efficacy (weight) is always 
associated with each synapse. These weights are 
considered to be plastic, and the process of learning is 
associated with their modifiability. The simplest PSP is 
described as a delta function: 

psp (t • t; ) = <5 (t; ) (4a) 

where t; is the time of firing of presynaptic neuron. The 
effect is an instant jump in the membrane potential of the 
postsynaptic neuron. The next representation is that of an 
instant jump and an exponential decay: 

t- f . 
psp(t,t;) == exp(---') 

' 
(4b) 

where 1: is a time constant. More realistic models include 
the alpha function [ l ]: 
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Figure 1. Normalized PSPs. 

t-t . t-t. 
psp(t,t.) =--' ·exp(---') 

z 'Z 'Z 
(4c) 

and the double exponential function [1] with different rise 
and decay time constants: 

psp(t,t;)= · exp(---' )-exp(---) (4 ) 1:,1:! [ t-t· t-t; l d 

1:,-1:1 1:, "t 

Computer generated representations of these postsynaptic 
potential models are illustrated in Figure 1. 

2.2.1 Integrate and fire models 
In firing rate models all relevant information is assumed 

to be contained in the mean firing rate. In networks of 
spiking neurons we consider single spikes of single 
neurons as the essential information. 

The integrate-and-fire neuron is the first realistic model 
..-- of its biological counterpart. This is done by modeling the 

membrane as a RC circuit, which realizes a simple 
integration of input currents. R and C represent the 
resistance and capacitance of the membrane. When the 
membrane potential E(t) reaches a threshold Th the neuron 
fires and a spike is generated. Between two spikes the 
change of the membrane potential is described by the 
differential equation of the equivalent RC circuit: 
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,dE =-E+R (l'Y"+l'xt) 
dt 

(5) 

where r=RC is the membrane time constant. The currents 
["'"-"" and r-n describe the synaptic and respectively external 
input~ The synaptic input for neuron i is given by the 
equation: 

(6) 

where the sum is taken over all neurons which are 
presynaptic to neuron i, wij is the synaptic efficacy of the 
synapse between neuron j and neuron i, and tj denotes the 
firing time of neuron j. 

The steady state solution of equation (5) represents the 
membrane resting potential. The dynamics described by 
equation (5) drives the potential exponentially to the 
resting value modulated by the sum of incoming synaptic 
and external currents. 

The standard description of the integrate-and-fire model 
is the linear differential equation (5). It describes the 
dynamics in a RC circuit with constant t: =RC. In real 
neurons both R and C have intricate voltage dependence, 
since ion channels open and close as a function of the 
membrane voltage and /or the ion concentration. 

2.2.2 Ion channel model 
Another category is represented by models based on the 

description of ionic mechanisms similar to the one 
employed by Hodgkin and Huxley [6] underlying the 
initiation and propagation of action potentials in the giant 
axon of a squid. The membrane model is based on the 
equivalent electrical circuit of Figure 2. Writing the 
current flow equilibrium equation we obtain: 

(7) 

where g1 is the leak conductance, 8K and 8NtJ are the active 
(voltage dependent) potassium and sodium conductances, 
and C is the membrane capacity. The potential E0 is the 
membrane resting potential, and EK, and ENa represent the 
reversal potentials of the respective ionic currents. 
Actually, Hodgkin and Huxley determined a formula to 
calculate gk and 8Na based on experimentally measured 
values. 
If we add to the previous equation external current 

and/or synaptic current we obtain a simplified neuron 
description. More elaborate models take into consideration 
the dendritic tree, the soma, and the axon individually. 
Thus, the models become more accurate but at the same 
time more complex and harder to simulate in networks 
comprised of such neurons. 

3 Neural network model 
In designing an artificial neural network three components 
must be defined: the functional unit that describes the 
artificial neuron, the topology of the network of such 
neurons, and the synaptic plasticity (learning rules that 
modify the weights associated with the connections). 
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Figure 2. Membrane equivalent circuit. 

3.1 Spiking neuron 
The neuron model that we chose for our network is 

somewhere in between the integrate-and-fire model and 
the ion channel model. We use as a computational unit a 
modified version of MacGregor' spiking neuron model 
[11, 12]. The properties of the spiking neuron are defined 
by four state equations. These are the equations for 
transmembrane potential generator, refractory properties, 
threshold accommodation, and a spiking variable: 

dE -E+(SC+G1 ·(Et -E)+G; ·(E; -E)+G, ·(E, -E)) 

dt 
~-·· 

dT,. _ -(7;.-ThO)+C*E 

dt Tu. 
dq _-G1 +B*S (8) 

dt T,t 

{
1 if E?:.I;. 

S= 0 otherwise 

where E is the transmembrane potential, Th is the time
varying threshold, G~c is the potassium conductance, SC is 
the external current input, Ek is the membrane resting 
potential, G; and G~ are the synaptic conductances, E; and 
E. are the synaptic resting potentials, T _,. is the memorane 
time constant, Tho is the resting value of the threshold, 
parameter Ce [0,1] determines the rise of the threshold, T,h 
is the time constant of decay of the threshold, parameter B 
determines the amount . of the postfiring potassium 
increment , Tgk is the time constant of decay of Gk and S is 
the spiking variable, which takes the value 1 when the cell 
fires and 0 otherwise. In the model individual EPSPs and 
IPSPs that result from changes in the synaptic 
conductances are modeled by alpha functions with 
different time constants T. and T; : 

t t 
g,(t)= k ·- ·exp(--) 

T, T, 
(9) 

t . t 
g;(t) = k·- ·exp(--) 

T; T; 
Here k is a normalizing constant equal to e (the natural 
logarithm base). 
Summing the contributions of all EPSPs and IPSPs at time 
t we obtain the total excitatory and inhibi[Ory synaptic 
conductance changes: 
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Lateral inhibitory neighborhood 

Afferent excitatory neighborhood 

Figure 3. Network topology. The inhibitory neighborhood is indicated with a light shade and has a radius 
of 6. The excitatory neighborhoods have a radius of 4 and are indicated with a dark shade. 

G.(t)= L wek ·gtk(t) 
keV, 

G; (t) = L wil · g ;1 (t) 
le V; 

(IO) 

where w, and w; are the excitatory and inhibitory synaptic 
weights, and V. and V; are the sets of excitatory and 
inhibitory presynaptic neurons. The fact that excitation and 
inhibition are mediated through different neurotransmitters 
and receptors allows us to model the EPSPs and IPSPs 
with different time constants, and explains why the resting 
potentials for the two types of synapses are different. 

3.2 Network topology 
The network model consists of two layers of 

interconnected neurons: an input layer that corresponds to 
receptors, and an upper layer that corresponds to cortex. 
Stimulation is conveyed to the cortical layer through a 2-
dimensional input layer of receptor neurons. The role of 
these neurons is to transform the stimuli presented as input 
currents into spikes that are further relayed to the cortical 
layer [14]. 

The cortical layer is also organized-as a 2-dimensional 
(16xl6) array of neurons. Within this layer the neurons are 
laterally connected through excitatory and inhibitory 
connections. The architecture of the network is shown in 
Figure 3. 

3.3 Synaptic plasticity 
The weight adaptation process is activity-dependent and 

instantaneous. The flrst rule we propose is a direct 

adaptation of the Hebbian rule with normalization used in 
the firing-rate models wk+I =( wk+aA yA x)!llwk+III. Here 
the modification of the weight at iteration k+l is 
proportional to the dot product of the activity of the 
neuron described by its output y, and the input x 
representing the output activity of the projecting neurons. 
In our approach the activity is not described any longer by 
the average number of spikes but by single spikes and by 
the PSPs they transmit to other neurons. Therefore, as 
input, instead of x we consider the sum of all PSPs 
projected onto the neuron and the output y becomes the 
spiking variableS from Equation (8). Modification of the 
weights of a neuron takes place every time it fires (S = 1). 
The afferent input weights and the excitatory and 
inhibitory lateral weights are modified according to the 
same rule: 

where Kii is the post synaptic potential at the synapse 
between neuron j and i at the time of firing, expressed as a 
conductance change as in Equation (9), et is the learning 
rate and V; is the presynaptic vicinity of neuron i. This 
type of adjustment, which will be further referred to as the 
modified H ebb's rule strengthens the correlated activity 
and then distributes the changes through normalization. It 
depends on the temporal order [2], respecting causality 
and at the same time it quantifies this cause-effect 
relationship. 
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Figure 4. Correlation value C00rr for tcorr =5 IllS and 
y=0.5. 

The other type of synaptic plasticity we propose is also 
implemented as Hebbian type learning. More precisely, 
whenever a neuron fires the connection strengths of all 
presynaptic neurons that excited it are modified according 

to the formula: 
where wy(t) is the synaptic efficacy from neuron j to i, a is 
the learning rate, Cctm is the correlation value, and tif is the 
time elapsed between the firing of neuron j and the firing 

t2 

ccorr = (1 + y) exp(-k-~-)- y (13) 
tcorr 

of neuron i. The correlation is given by: 
Here tif = ti is the time passed since the last firing of neuron 
j ( t; =0 ), y is the maximum value for the decay and 
k=ln(l +1/y) is a scalar which assures that the zero crossing 
of Ccorr takes place at tcorr· We will refer to this rule as the 
temporal correlation rule. Figure 4 depicts the dependence 
of Ccorr on time, for y = 0.5 and tcorr = 5 ms. Figure ·4 shows 
that if the correlation value is positive, the synaptic 
efficacy increases and if it is negative, the synaptic 
efficacy decreases. This type of dependence has some 
experimental basis [13]. An example best explains the 
process. In Figure 5(a) we consider three neurons: two 
presynaptic (j and k) and one postsynaptic (i). Figure 5(b) 
shows their activity. Resetting to zero their time reference 
indicates the time of firing for each neuron. At t;=O neuron 
i fires. On the horizontal axis a thick line indicates tcom the 
interval (in our case 5 rns) for which presynaptic neurons 
firings would increase the synaptic strength. In the 
example shown presynaptic neuron j fired 2 msec earlier (tj 
= 2) within the positive correlation interval, and thus it 
increased its strength with neuron i. The smaller the time 
difference, the bigger the increase. If the firing is outside 
the interval the neuron decreases its strength, which is the 
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neuron 1 

(a) 

neuron j neuron k 

neuron i 

t 

tic=<J 

Figure 5. A three neuron circuit exemplifying the 
synaptic plasticity. (a) the circuit; (b) the activity of the 
neurons. 

case of neuron k. If the firing occurs close to the interval 
the decrease is smaller. This rule is competitive as neurons 
that fire within a time interval are rewarded and the other 
neurons are penalized. Note, that the rule is time-order 
dependent. For two neurons, pre- and post-synaptically 
connected to each other, the order of spiking is essential, 
since one connection will be strengthened and the other 
will be weakened depending on" which neuron finis first. 
This type of synaptic plasticity can be employed for all 
four PSPs representations, whereas the modified Hebb rule 
cannot work using the delta function described by 
Equation (4a). 

One of the problems encountered in networks of spiking 
neurons is the initial value of the connection weights. 
There is a relationship between the initial receptive field 
dimension and the weights initialization in case of 
normalization. The bigger the receptive field area the 
smaller the weights and bigger the number of relatively 
synchronized presynaptic neurons firings necessary for 
triggering activity in the postsynaptic neuron. We 
addressed this problem by randomly-choosing the weights 
within 33% of the unifomt value 1/n, where n is the total 
number of neurons in the receptive field. In addition, when 
changing the dimension of the receptive field, the 
normalizing constant is modified so that the influence of a 
neuron remains similar. Introducing the normalizing 
constants the synaptic contributions described by Equation 
(I 0) become: 
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Figure 6. The resulting three regions when the inputs 
were spread apart (a), and adjacent (b). The shaded 
areas indicate the position of the inputs. 

G.(t)='laLWek ·gek(t)+17tLWet ' 8et(t) 
keV0 leV1 

G;(t)='7; L Wim ·gim(t) 
me V, 

where Va is the afferent excitatory neighborhood, V1 is the 
local excitatory neighborhood, vi is the local inhibitory 
neighborhood, and the inverses of Tla• Tf1, and T]; are the 
normalizing constants of afferent excitatory, local 
excitatory and local inhibitory neighborhoods respectively. 
The values T/a= 1.5, T/1= 1:: and T/;= 1, were determined, so 
that initially without any learning, approximately 25% of 
all neurons in the upper layer fire at least once during a 
stimulation cycle 

4 Experiments 
Our basic experiment shows how the receptive fields and 
weights of neurons change in response to input activity. 
Input signal was taken to be of Gaussian shape, with 
values above the threshold necessary to trigger firings in 
the stimulated neuron. The input neurons were stimulated 
directly using external current given by the se term in 
Equation (8). The values ot the parameters used in the 
simulation are given- in the Appendix. The stimulated 
neuron responds with an increased firing frequency to 
increasing values in the se term, but the relationship is not 
linear_ Different regions of the input array were stimulated 
with the same Gaussian-shaped signal. The network was 
stimulated for a total of 2000 cycles. Each cycle consisted 
of random presentation of the input signal to one of the 
regions for a period of 40 msec followed by a cool-off 
period of another 60 msec, for a total of 100 msec per 
cycle. The cool-off period served two purposes: to check 
that the network still worked in the stability region, and at 
the same time to allow for latent activity even after the 
stimulation was removed. At each time step the afferent, 
lateral excitatory and lateral inhibitory connection weights 
were adjusted by using either Equation (11) for case 1, or 
Equation (12) for case 2. 

4.1 Case 1 
The stimulus was defined as 5x5 region in the input layer. 
Two experiments were conducted in which three input 
regions were stimulated according to the protocol 

0.015-
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(a) 

····-- . 

0 0 

.. . .. . 

0 0 

(b) 

Figure 7. Receptive fields of (a) neuron (11,8) with 
spread inputs, (b) neuron (6,10) with adjacent inputs. 
Top row: initial weights; Bottom row: final values. 

explained above. In the first experiment the three input 
regions were far apart, and in the second they were 
adjacent as shown in Figure 6. 

4.1.1 Afferent connections 
Initially, the "cortex" neurons have an afferent receptive 

field somewhere between 7x7 and 13xl3, depending on 
their closeness to the edge of the array. During the process 
each neuron gradually adjusts its afferent weights towards 
the active neurons in the input layer. As a result the top 
layer is divided into three regions. In the first experiment 
all neurons, even those with afferent receptive fields 
spanning two or all three stimulated input regions, 
developed a preference toward one region only. Thus the 
resulting regions in the top layer were completely 
separated. In the second experiment, many neurons kept 
their connections with more than one input region. In 
general, the magnitude of the weights indicates which 
input region activates more often the respective neuron. 
Figure 7 depicts the evolution of the afferent weight 
profile of some neurons. 
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Figure 8. Lateral excitatory connection of neuron (8, 11 ). 
Top: spread inputs; Bottom: adjacent inputs. 

The number of consecutive stimulations of the same 
input region was not a factor. Care was taken that every 
three cycles all input regions were stimulated, which 
meant that an input region could not be stimulated more 
than two times in a row. 

4.1.2 Lateral connections 
The lateral connections started out with receptive fields 

between 7x7 and 13xl3 for excitatory connections and 
between 13xl3 and the entire cortical layer of 16xl6 
neurons for the inhibitory connections. Again, there were 
differences between the two experiments. In the frrst 
experiment both types of connections gradually restricted 
their influence to neurons within one region only. Thus, 
depending on their initial spread, they were completely 
confined to a region. Complete separation in the three 
regions is shown in Figure 6(a). In the second experiment 
the neurons also restricted their influence but their local 
receptive field could span more than one region. In this 
case the three-formed regions in the top layer have fuzzy 
borders as shown in Figure 6(b) with dotted lines. 

The lateral connection weights became relatively equal. 
This was due to the fact that close neurons within the 
same region acquired almost identical afferent connections 
and, as a result their activity became similar. In the second 
experiment, when the input stimulated regions were 
adjacent, the lateral connections of the neurons at the 
border spanned more regions but within each region their 
values became leveled. Figure 8 shows the lateral 
connections for the same neuron in both experiments. 

4.2 Case 2 
In this case the temporal correlation rule described by 

Equation (12) was used to accomplish the synaptic 
plasticity. 

4.2.1 Non-overlapping input regions 
Using the temporal correlation rule we analyzed the 

same network. For a better comparison between the two 
cases, we started out with the same initial connection 
weights and followed the same order of presentation of 
inputs. Although the behavior was relatively similar, in 
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Figure 9. The resulting three regions using the temporal 
correlation rule. (a) all inputs equally stimulated and (b) 
regions 2 and 3 more often stimulated. The shaded areas 
indicate the position of the inputs. 

both experiments described in Case 1, the resulting 
regions in the top layer were completely separated. Figure 
9(a) shows the mapping in the simulation using adjacent 
inputs. All neurons gradually restricted their afferent fields 
to one of the input regions as exemplified in Figure 10. 
Similarly, the lateral connections confined themselves into 
the newly formed areas. Removing the condition that 
every three cycles every input must be stimulated, and 
allowing different numbers of stimulations of the inputs 
affects only the dimensions of the formed areas. As 
expected the ilreas corresponding to input regions more 
often stimulated become larger as shown in Figure 9(b). 
. In another experiment, following the same procedure, 

the number of input regions was increased to four and 
arranged next to each other. The results are shown in 
Figure 11. Again the network evolved, by restricting the 
afferent and local connections, "into four completely 
segregated regions. It can be concluded from these 
experiments that when the input regions do not overlap the 
network forms completely separated areas corresponding 
to the inputs. 

4.2.2 Overlapping input regions 
Next, th~ behavior of the network with overlapping 

input regions was examined. First we considered a small 
degree of overlapping, the 5x5 input regions having just a 
row or column in common (20% of input neurons). The 
same protocol was employed as previously, with three 
input regions. This time, although the network divided 
into three areas, the afferents were not totally separated. 
The profile of the afferent weights for neurons from the 
three areas is shown in Figure 12. It can be seen that the 
neurons share common input. The surprising result is that 
the local connections are completely confined into the 
newly formed areas. It is like the separation is being done 
not only in space but also in time. Increasing degree of 
overlapping to two rows or two columns ( 40% of input 
neurons) resul~d in a network with all neurons sharing the 
same afferents coming only from the common neurons. 
Thus the network responds only to the common input. 

Varying some of the parameters of the model, as given 
in the Appendix, influenced the process but did not change 
the overall behavior of the network. The notable changes 
were in the speed of the self-organization and in location 
of the borders between the regions. 
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Figure 10. The profiles of the same three neurons presented in Figure 6 obtained by using the temporal correlation 
learning rule of Equation (12). 
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Figure 11. Receptive fields of neurons (5,5), (5,11), {11,5), and (11,11) from the four formed regions . 
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Figure 12. Overlapping inputs. Profiles of neurons (5,5), (5,11) and (11,8). 
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4.2.3 Observations 
Examination of the map formation process allows 

making the following observations. From the shape of the 
Ccarr function we see that for positive values. the smaller 
the time difference between the spikes of two connected 
neurons the more the increase in the synaptic weight 
which, in turn, will make the time difference even smaller 
next time. It can be stated that the objective of this rule is 
to minimize the time difference between the spikes. 
Minimizing the time difference, on the other hand, means 
synchronizing the activity of the neurons. Under this 
interpretation we can go even further and state that tcorr 

defines the capture ·zone within which the neurons can 
acquire synchrony. This could make our temporal 
correlation rule applicable for pulse-coupled neural 
networks [8]. 

An interesting analogy can be made between the learning 
rule as used in the Kohonen's Self-Organizing Map (SOM) 
network, using the winner-takes-all rule, and our temporal 
correlation rule. Kohonen introduced a neighborhood 
function to define spatial relationship between neurons. 
Let us recall that the SOM network has no lateral 
connections. Kohonen's topological neighborhood function 
is usually defined in terms of the radius surrounding the 
winning neuron. The learning starts with a large radius 
value and decreases with the number of iterations. In our 
temporal correlation rule we can define Ccon- as a temporal 
neighborhood function with tcorr as the t~mporal radius. 
Under this interpretation one can consider ·icorr as a time 
function. Then the learning process would start with a 
large temporal radius and as the learning proceeds this 
temporal radius decreases. 

5 Conclusions 
In the paper we presented a network of laterally 

connected spiking neurons. We have shown how this 
network, endowed with synaptic plasticity, can self
organize in response to input stimuli. Two types of 
learning rules have been proposed in the paper. One for the 
adaptation process is based on the postsynaptic 
contribution of the presynaptic neuron . (as a direct 
extension of the Hebb 's rule), and the oilier is based on the 
temporal correlation between the pre- and post-synaptic 
neuron spikes. Both rules are time-order dependent. The 
results show that in general the rules behave similarly and 
give similar map organization. This may be explained in 
part by the inherent time-correlation present in both rules. 
Still, there were some notable differences as shown in the 
examples. The temporal correlation rule proved to be more 
adaptable and more effective in map segregation. 

Map formation takes place through a process of 
competition among the neurons from different developing 
regions, and cooperation among the neurons belonging to 
the same region. Neurons tend to become more responsive 
toward certain input and gradually increase- this selection 
through cooperation with similar neurons. In case of the 
temporal correlation rule this orientation can be described 
as the evolution toward minimizing the time difference 
between pre- and post-synaptic neuron spikes, with the 
effect of synchronization. We have shown. through the use 
of the temporal learning rule that the idea of spatial 
neighborhood can be extended to temporal neighborhood. 

Appendix 
·Simulation parameters 
Dimensions of the layers: 

- input layer 16x 16 neurons 
-"cortex" layer 16x16 neurons 

The initial connection range: 
- afferent = radius of 6 
- lateral excitatory =radius of 6 
- lateral inhibitory = radius of I 2 

Correlation time: 
- lcorr = 8 rnsec 
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For the spiking neuron the following values were used in 
simulations; in parentheses the typical range is given. 

c = 0 ( 0 ... 1) 
B = 20 ( 2 ... 30) 
Tmem = 25 msec ( 5 ... 30) 
Tgk = 3 msec (0.5 ... 10) 
Tth = 25 msec ( 10 ... 40) 
Tho - 10 m V ( 5 .. . 20) 
Et = -10 mV (-20 ... -5) 
E; = -lO mV (-20 ... -5) 
Ee = 70 m V (50 ... 80) 
T; = 2 msec 
Tc = 8 msec 
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Abstract 

This paper proposes a feedback neural network for eigen-structure extraction of a positive semi-definite matrbc and 
shows it's stability and real-time eigen-decomposition computation ability. This neural network can arrive at its steady 
state in the magnitude of the circuit's time constant. The output voltage of the network at the smallest energy state is just 
the eigenvector of the network's connection strength matrix: corresponding to its smallest eigenvalue. By appropriate 
matrix transformation, we can further extract the other eigen-parameters ofthe matrix. Both the theoretical analysis and 
the computer simulation results show that the proposed network can extract the eigen-parameters of a matrix in real time. 
Keywords: neural network, eigen-decomposition, stability, convergence, real time computation 

1. Introduction 

The matrix eigenparameters' decomposition problem is 
not only very important to the theoretical researches, but 
also has important significance to many practical 
applications such as auto-control, signal processing, 
radar, communication and so on. In particular, the real
time matrix eigen-decomposition is required in many 
actual application domains, but this task is very difficult to 
be implemented by the modern digital computer system 
with V on Neumann structure. 

During the last decade, many researchers are 
increasingly interested in the study of the artificial neural 
network (ANN). The ANN is mainly characterised by its 
adaptiveness, self-organisation, non-linear network 
processing and parallel processing121. By use of its massive 
parallel information processing capability, the ANN 
plays very important roles in many applications such as 
combinatorial optimization, linear and non-linear planning, 
computation of matrix inversion, and matrix eigen
decomposition, et ai.P- 101. 

In recent years, many eigen-decomposition methods 
have been proposed from the viewpoint of energy function. 
Mathew et at.l51 gave a G-N method and Yang!IIJ proposed 
a PAST method, for matrix eigen-computation through 
optimization techniques. Kung and Diamantaras14l 

presented an APEX algorithm and ChauvinPl gave a 
penalty function method for extracting eigenvector of 
covariance matrix in recursive mode. These two methods 
are only used for feed-forward linear .neuron, and must 
also modify the connection strength of the network 
repeatedly. The authors recently also gave two network 
methods to calculate the minimum eigenvector and 
eigenvalue, and all other eigenvector and eigenvalues of a 
positive definite or semi-definite matrixl6•7•81, 

This paper proposes a new feedback ANN structure for 
solving the eigen-structure decomposition of a positive 
semi-definite matrix which is able to be directly used as 

the network's connection strength matrix without any pre
processing. 

2. A Novel Neural Network 
Structure 

The architecture of the proposed neural network can be 
shown in Figure I. It consists of four parts which are 
called as, respectively, main net (denoted by MN) and 
secondary net I, 2, 3 (for short, SN I, SN2, SN3, 
individually). 

y (t) 

Figure 1 the architecture of the proposed neural network 
with four subnets (Namely, MN, SNI, SN2, and SN3) 

It can be seen from figure I that the main net is 
consisted of N neurons with monotonically increasing and 
continuous activation function denoted by g; ( u) for i-th 

neuron. The u;(t) and vi(t) are the input voltage and 
output voltage of i-th neuron, respectively. C i is the input 
capacitor of i-th neuron. 

There are also N neurons in SNI. The v9l (t) is the 

output voltage of j-th neuron in SNI in which the 
activation function of each neuron is a amplifier with 
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constant gain k/ , that is to say it's every neuron in the 
subnet is a admittance amplifier. 

The MN's output voltage v j {t), multiplied by the 

connection strength d ij between the i-th neuron of SN 1 

and the j-th neuron of MN, is input to the i-th neuron of 

SNl, and then its produced input current is dijv j(t), 

where D = { d iJ!i . J = 1,2 ....• N } is a N x N 
matrix that is called as connection strength between SN 1 
and MN of the Net, which is required to be a positive semi
defmite matrix. So the output of i-th neuron of SN 1 is 
given by 

N 
V p) ( t) = k 1 L d ij V j ( t) (1) 

j=l 
The SN2 consists of three layers, which includes N+2 

neurons. The first layer has N neurons whose function is to 
take the square of its input. The second layer has only one 
neuron that performs summation function with a bias of -1. 
The third layer is also one neuron which is an admittance 
amplifier with constant gain k2. Therefore, the output !3 (t) 
of the SN2 can be written as 

f3 ( t) = k 2 Ctl V 1 ( t) - 1) (2) 

The SN 3 consists of two layers whose first layer and 
second layer haveN neurons, respectively, each of which 
has two input terminals. Each neuron of the first layer 
performs the multiplication of its two inputs and the 
neuron of the second layer performs the summation of its 
two input terminals . So, the output of SN3 can be 
presented as 

v~3) (t) = v}l) {t) + ~(t) vi {t) (3) 

Since the output vP) (t)of SN3 multiplied by 
constant connection strength -k is input to the i-th neuron 
ofMN and according to Kirchoffs theorem, we have 

d U · (t) 
C,· ' =-kv<,3>(t) dt (k>O) (4) 

Substituting Eqs.(l)--(3) into Eq.(4) and simplifying, we 
can obtain 

du;(t) [ N ] 
C; = -k [3(t)v;(t)+k 1 :L duv j(t) 

dt J= I 

(i=/ ,2, ... ,N) (5) 
This set of differential equations of Eq.(5) defines the 

dynamics of our proposed new feedback neural network. 

3. The Stability of the Net 

In order to prove the stability of the proposed neural 
network, we define the energy function for the net as 
follows 

N 
E(t) = :Lv;(t)vf!>ct)+~2(t) 

i= 1 
(6) 

By substituting Eqs.(l) and (2) into Eq.(6) and using 
the matrix notation, we obtain 

E ( t) = k 1 V T DV + k ~ (V T V - 1 r (7) 

where V(t) = [v 1(t),v 2(t), .. . ,v N(t)]r. T is a vector 
transpose symbol. 

Since the matrix D is positive semi-definite matrix, i.e. , 

v T D v ~ 0, and k 1>0, k 2 >0, so energy function has 

lower bound, i.e., E(t)>o. (8) 
To prove E(t) decreases monotonically, we 

differentiate Eq.(6) with respect to time t. Meanwhile, by 
considering Eqs.(l)-(5) and making a number of 
derivatives, we obtain 

~;t) = -2k7e;[gi-1( v;(t))r ·[ d~;t) J (9) 

Since C; >0 and g;1(e} has the property of 

monotonous increment, therefore each term in Eq.(9) is 
nonnegative. So the net energy defined by Eq.(7) indeed 
decreases monotonously, i.e., 

dE (t) 
-d-,- ~ 0 (10) 

According to Lyapunov's stability theorem and Eqs.(8) 
and (10), we can deduce that our proposed feedback NN is 
stable under the energy function definition of Eq.(6) and 
has an unique energy minimal point to be reached as the 
network goes into its steady-state. 

4. Eigen-parameters' Extraction 

4.1. The Extraction of The Smallest 
Eigenvalue and lt's Corresponding 
Eigenvector of A Matrix 

In order to find the minimum eigenvalue and its 
corresponding eigenvector of a matrix R (which must be a 
positive semidefinite matrix) , we use R as the connection 
strength matrix D of the net shown in Fig. 1, and then we 
have following theorem. 

Theorem 1: If we assume R be a positive semidefinite 
matrix and be directly used as the connection strength 
matrix D of our proposed neural network, the eigenvalues 
of R are, in decreasing order of magnitude, 

AJ ~ A2 ~ .. -~AN· and ~i (i=l,2, ... ,N) is an 
orthonorrnalised basis consisted of a set of eigenvectors, 
then 

(i). The net can go into its steady state from any 
initial state at magnitude of the circuit time constant. 

(ii). RV (oo) =AN V (oo). 
(iii). j3( oo) =-AN I 17, where 7J is a positive 

constant. 

(iv). jjv (oo)ll = Jl- ;to/r,. 
The proof of theorem 1 is refer to [Tan and He, 1995]. 

Here we only give some notes. 
Statement (i) of theorem I means the net can arrive at its 

stable state in one multiplication operation (at magnitude 
of the circuit time constant) in terms of the massive 
parallel information processing capability of the feedback 
neural network. From this perspective, we say our 
proposed neural network can perform the eigen
decomposition of a matrix in real time. 
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The second statement of the theorem means while the 
net arrive at the steady state, the output voltage vector of 
the main net of Fig. 1 is just the minimum eigenvector of 
connection strength matrix R which is mapped as the 
connection strength matrix without any pre-processing. 

The third statement (iii) says that the output of the SN2 
is just the minimum eigenvalue of R multiplied by a 
constant. 

Statement (iv) means, for choosing TJ , it is required to 
know the value of minimum eigenvalue. Since ')....N will 
not be known a priori, we suggest the following practical 
lower bound 

Tr(R) ( 11 ) 
Tf > N 

In many practical applications, if we choose 

1J >> Tr(R~, then the obtained steady-state output 
eigenvector of the main net is approximately a 
normalised one. 

4.2. The Extraction of Its Other Eigen
parameters 

From the preceding subsection and [6], we have 
known that the output voltage vector of the main net is just 
the eigenvector respect to minimum eigenvalue of matrix 
R after the network settle down. Therefore the minimum 
eigenvalue and its corresponding eigenvector of the matrix 
can be easily determined by the proposed network. One 
question is quite natural: how to fmd the other 
eigenparameters (i.e., the other eigenvalues and their 
corresponding eigenvectors rather than minimum ones, 
respectively) of the R ? To tackle this problem, we have a 
theorem as follows 
Theorem 2: If a new sequence of matrix R J 

(j=1,2, ... ,N) is created from matrix R in the following 
way, 

(12) 

and further assume A.{ ( i=J,2, ... ,N, j=l,2, ... ,N-l ) be the 
eigenvalues of R J in decreasing order of magnitude. 

Then, we have ;,.,f.N = A. J• (j=1,2, ... ,N). 
PROOF: 

Since 
N 
I 1· 

i= 1 I' 

N T 
L: A. · e · e · and Tr (R) i=J I-!-! 

R 

by substituting them into Eq. (12), we have 

N T N[ l TN·T 
R1 = LA-;!:;!:; +. I Tr(R)- A; !:; !:; = LA-f !:; !:; (13) 

i=l r=N-j+l i=l 

v={~r(R;. ) i=N-j+~N-j+2, .. ·,N. 
where /ri ,~ i=l;2,··;N-j. (14) 

Therefore, from Eqs.( 13) and (14 ), we conclude that the 
minimal eigenvalue and its corresponding eigenvector of 
the new matrix R 1 is just the (N-j)-th eigenvalue and its 

corresponding eigenvector of the data covariance matrix R 
in ascending order, respectively. D 

To decrease the residual computation to construct the 
matrix R J, we can calculate it recursively, in this way, 
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R 1 = R 1_1+L1R1 (15) 

~ R1 = [Tr(R)- AN-J+d!:N-J+t!:~-J+I (16) 
wherej=1,2, ... ,N and Ro = R. 

5. Simulation 

In order to justify the mathematical analysis and 
outcome of preceding sections and the real time eigen
decomposition ability of the neural network, we make a 
computer simulation for the following data covariance 
matrix: R=[l.4178, -0.1407, 0.2416, -0.1982: -0.01407, 
0.3490, -0.1199, 0.0984: 0.2416, -0.1199, 1.0297, -0.1689: 
-0.1982, 0.0984, -0.1689, 0.6980], which is used as the 
connection strength matrix of the neural network 
illustrated in figure 1. 

The minimum eigenvalue and eigenvector of R 
calculated by the theoretical computation method are 
Amin = 0.3094, 

V min =(0.0722, 0.9778, 0.0987, -0.1699f, 
In the computer experiment, as we choose 17 = 500, 

simulation computation results of our proposed network 
are given by 
/L1=1.6346, ;t2=0.9309, ;t3 =0.6143, ;t4 = 0.3099, 

v; =( -0.8408, o.I532, -0.4425, o.2724)1', 

v; =(-0.1523, -0.1173, -0.3222, -0.9269f. 

v; =(0.5148, o.0796, -0.8312, o.1942f, 

Y.; =(0.0726, 0.9774, 0.0983, -0.1701f. 
The evolutionary trajectories of the every component 

of MN's output v; corresponding to second small 

eigenvalue ).,3=0.6143 are plotted in Figure 2. 

~(t) vjl) 
·1 !----:::::--~~==~~===:=s=~ 

0 20 40 60 so 100 120 140 
(a) time(ns) 

0.5 
y(t) 

---- Vjt) 
" / 
~ 0 

~ 

~ 
Vjt} > 

.0.5 ~(t) 

·1 
0 20 40 60 80 100 120 140 

(b) time(rs) 

Figure 2 the trajectories of the networks'· output 
corresponding to the second small eigenvalue with (a) 

random initial state and (b) fixed initial state 
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It is shown in Figure 2 that each component of the 
output of the MN can approach their respective theoretical 
value in hundreds of nanoseconds regardless of its initial 
states. Table 1 gives some values of the network's outputs 
corresponding to Figure 2 in several initial steps. From 
this viewpoint, we say the proposed network in this paper 
can implement the extraction of the eigenstructure of a 
data covariance matrix in real time as long as it is used as 
the connection strength matrix .. 

t(nS) vdt) vz(t) v3(t) V4(t) 

0 0.0000 0.0000 0.0000 0.0000 
10 0.3055 0.0472 -0.4933 0.1152 
20 0.4297 0.0664 -0.6938 0.1621 
30 0.4802 0.0743 -0.7753 0.1811 

...... ... ... ... .. . 
100 0.5147 0.0796 -0.8311 0.1941 

... 
Table I the calculated values ofthe mttlal steps of the 
MN's output voltage vector corresponding to the second 

small eigenvalue of the data covariance matrix 

6. Conclusion 

In this paper, we have proposed a novel neural network 
to solve the eigen-decomposition problem of a matrix in 
real time. It benefits from the dynamic evolutionary 
character of coupled nonlinear network The network is 
very suitable for the applications in which the processing 
time is critical. Therefore, the neural network, in particular, 
the feedback interconnected artificial neural network and 
the like, will play very important roles in many 
applications[sJ which require real-time signal processing in 
the future. 
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Self-organising neural networks: their application to 
"real-world" problems 

A. W.G. Duller, School of Electronic Engineering & Computer Systems, University of Wales, Bangor, 
Dean Street, Bangor, Gwynedd. LL57 1 UT, UK. A.Duller@sees.bangor.ac.uk 

Abstract 
This paper discusses the use of a variety of self organ

ising neural networks to salve industrial and other "real
world" problems. In particular an application within the 
oil industry dealing with the classification of fluorescence 
spectrograms from crude oil samples, an image processing 
application in which microscopic pollen is classified far use 
in climate change studies and ail exploration analysis and 
finally an application related to aiding the early diagnosis of 
skin cancer. All of these tasks are currently performed man
ually but results are time consuming to obtain and are often 
inaccurate. Three self organising neural networks are con
sidered, the Self-organising Feature Map, an ART network 
and a self-training, deformable template matching neural 
network called ~lSE . The operational characteristics 
of the networks are discussed with particular reference to 
the "real-world" applications. 

1 Introduction 
This paper discusses the advantages, disadvantages and 

problems associated with applying self organising neural 
networks to industrial and other "real-world" problems. 
The specific networks discussed are the Self-organising 
Feature Map [l] (SOFM), an ART network [2] and the 
~lSE network [3]. Three specific applications are used 
to explore and discuss the implementational issues. The first 
is an application within the oil industry where fluorescence 
spectrograms from crude oil samples are classified [4]. The 
second is in palynology (the study of pollen) where the anal
ysis of microscopic pollen has been used to estimate the con
tribution of tropical land clearance to global climate change 
[5]. The third is an application to aid in the early diagnosis 
of skin cancer (6]. All three tasks are currently performed 
manually but results are time consuming to obtain and are 
often inaccurate and subjective. In all cases the data to be 
classified has considerable variability within each class and 
any useful solution has to deal robustly with this variation. 
In addition it is a requirement that a minimum amount of 
user input is required in terms of application specific knowl
edge. 

2 Fluorescence fingerprinting 
2.1 The problem 

Total Scanning Fluorescence (TSF) is a chemical analysis 
tool which is used in geochemical survey for natural seepage 
and for oil-base pollutants. Interpretation of the 3-D fluores
cence spectra or fingerprints involves clustering followed by 

classification of the clusters. Manual interpretation is sub
jective and laborious and data volume can cause problems 
for classical statistical tools. 

Fluorescence spectra are used to characterise and iden
tify crude oils based on the composition of the aromatic hy
drocarbon fraction. The data analysis objective is to group 
and classify large numbers of spectra that are acquired in 
geochemical survey, each spectrum consisting of a large 3-
dimensional data array (see figure 1). Unsupervised learning 
is required because the oil class identities and class structure 
are not known a priori. 

The objective of the work was to enable clustering of 
batches of whole TSF spectra and then to suggest identi
ties (classifying) for the clusters using any relevant reference 
spectra. The intention being to automate repetitive tasks but 
not to de-skill the geochemical interpretation which will in
evitably require the consideration of a geochemist. 

,,.._ 

Fi&- 1. A typical total scanaiDg flnorogram (TSF) 

2.2 The techniques used 
The Self-Organising Feature Map (SOFM) and Adaptive 

Resonance Theory (ART) networks were chosen for trials be
cause they both match the task requirements in terms of per
forming unsupervised classification but have very different 
operational characteristics. In particular the ART2a variant 
was used since it provides a rapid steady state version of 
ART2 (throughout the remainder of the paper ART will refer 
to ART2a). 

The data set used in the trials consisted of 40 TSF spectra, 
the relatively small number being chosen so that a reason
ably accurate manual clustering could be performed. 

2.3 Testing Protocol 
To compare results obtained from soFM and ART net

works, the same numbers of clusters were generated using 
each method. Using ART, the number of clusters cannot be 
specified directly but required successive trials, varying the 
vigilance parameter each time. SOFM allows the number of 
clusters to be specified directly, although not all clusters will 
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necessarily be populated. Results were generated with 8, 14 
and 20 clusters 

The performance of the neural networks was assessed in 
terms of the speed and accuracy with which it was able 
to emulate the clustering achieved by an experienced geo
chemist (Figure 2). 

Fig. 2. MBDual dusterina of data presented as contour plots 

The results in terms of the clustering achieved for a num
ber of configurations are given in tables 1 and 2. The SOFM 

class order is meaningful in the sense that neighbouring 
classes are more similar to each other than those further 
away. This is not the case with the ARf classes. In order to 
better compare the neural network clustering and the manual 
clustering the class prototypes were processed using a non
linear mapping method [7] which produced a 2D scatter plot 
of the class prototypes. This procedure takes a series of N
dimensional vectors and maps them to a lower dimensional 
space, in this case to 2D. This allowed the "distances" be
tween clusters to be visually assessed. The disadvantages of 
using such a mapping procedure are that it often appeared to 
underestimate the accuracy provided by the neural network 
and in some cases the processing time was excessive. 

The cluster configurations achieved by neural network 
analysis of the 40 test spectra are illustrated in the cluster 
lists shown in table I. Overall the results are promising: the 
cluster solutions agree reasonably well with those produced 
manually by an experienced geochemist (Figure 2) and the 
cluster solutions are geochemically meaningful. 

Both neural networks identify the effects of sample con
centration in the sample series (28, 27, 29), and (9, 7, 8). 
The most concentrated (severely quenched) samples, 29 and 
8, are outliers at the opposite end of the map to the most di-

ARf 

0: 1, 4, 10, 14, 15, 16, 17, 19, 24, 25, 26, 32,33 
1: 0, 12, 13, 38,39 
2:20,22,28 
3: 8 
4:29 
5: 5, 6, 7, 11, 30 
6: 2,3,18,21,23,27,31,34,35,36,37 
7:9 
SOFM 

0:8,29 
1: 5, 6, 7, 11, 30 
2:0,13,38,39 
3: 
4: 1, 4, 10, 14, 15, 16, 17, 19, 24, 25, 26, 32, 33 
5: 2, 3, 12, 23, 31, 34, 36, 37 
6:18,20,21,27 
7:9,22,28 

Table 1. Comparison of ARf BDd SOFM clustering with 8 classes 

20classes 14 classes 
0: 18,27 0:20,21 
1: 10, 14, 15, 16, 17, 19 1:0,4,10, 15,25,26,32,33 
2:21 2: 18, 23, 27, 31, 34, 35, 36, 37 
3: 1 3: 5, 6, 7 
4: 20 4: 9 
5:5, 6, 7 5: 8 
6: 2 6: 22,28 
7: 8 7:2 
8:23.31,34,36 8: 13, 38,39 
9: 13, 38,39 9: 11,30 
10: 12 10:3 
11:0,4,25,25,32,33 11: 1, 14, 16, 17, 19,24 
12:29 12: 29 
13: 11,30 13: 12 
14: 22 
15: 9 
16: 24 
17: 28 
18: 35, 37 
19: 3 

Table 2. ARf dasslftcatloo showlog the evolotioo of classes 

lute members of the series, samples 28 and 9. 
Subtle differences are apparent in the cluster member

ships derived by SOFM and by ART. For example in the 8 
cluster SOFM solution, samples 8 and 29 are in the same clus
ter whereas in the homologous ARf result they each form a 
separate cluster. Cluster configurations achieved by SOFM 

and ARI' also differ noticeably. The geochemical signifi
cance of these differences is unclear but the initial impres
sion is that the SOFM result may be more meaningful. 

Ambiguities in the neural network clustering process are 
apparent in the series of results for each network type. The 
ARf network nearest-neighbour relationships between indi
vidual samples changes as the number of clusters changes 
(Tables 1 and 2). For example, samples 10, 14, 15, 16, 17 
and 19 are in a single cluster at the 20 cluster solution, are 
split between two clusters in the 14 cluster solution, and re
converge in the 8 cluster solution. 
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The basic conclusions of this work were that although the 
processing time for the SOFM was considerably greater than 
for ARTand on-line training is not possible with SOFM the 
results from the SOFM were preferred by the user over those 
produced by ART. The comparison was made difficult due to 
the differences in the definition of "distance" or "similarity" 
between the two networks. Despite the advantages of on
line learning and fast execution due to the small number of 
passes through the data set required, AIITWas felt to be in
ferior to SOFM in this particular application. This is almost 
certainly attributable to the mandatory normalisation of data 
and the angle based similarity measure of ARTboth of which 
are thought with hindsight to be unsuitable for this type of 
data. The results from the SOFM were considered to be of a 
quality sufficient for use by geochemists. 

3 Palynology 
3.1 The problem 

A problem which is common to both climatic studies and 
work performed by oil companies is the identification of mi
croscopic pollen either from sediment samples or core sam
ples. This is a very time consuming process and an auto
mated system is required which is able to robustly and con
sistently classify various types of pollen. One of the prob
lems with this type of recognition is the great variability of 
the pollen even within one type due to the 3D nature of 
the pollen (see figure 3). This work makes use of a self
organising neural network called ~lSE , which was de
signed for robust object recognition of images. The method 
used by ~lSE of building a set of deformable templates 
in a self-organising way is ideal for such an application. 

Fig. 3. Examples of three types of pollen 

3.2 The PARADISE network 
The fARADISE 1 neural network was originally designed 

for the recognition of static hand gestures [8] but later work 
demonstrated its ability to classify arbitrary shapes [3][9]. 
The network derives architectural aspects from the mam
malian biological visual system, providing a basis for in
herent deformation invariant object recognition. It shares 
some of the aspects of the Neocognitron [ 1 0] and the Feature 
Recognition Network [11] whilst being simpler and more 
general purpose. The architecture is structured around a hi
erarchy of three processing layers, each devoted to a specific 
processing function; feature extraction, pattern/template de
tection and pattern integration. The network can be used in 
a self-organising or supervised mode, both in an on-line or 
off-line situation. 

It uses a method based on creating small templates (Pat
tern Detection Modules) which are responsible for identify
ing the important features of an object. The identification is 

1 PAttern Recognition Architecture for Deformation Invariant Shape En
coding 

177 

then made on the basis of linking several of these templates 
together in a classification layer. The network has a three 
layer architecture: 
1. The Feature Extraction (FE) layer. 
2. The Pattern Detection (PD) layer. 
3. The Classification (C) layer. 

The Feature Extraction layer 

The FE layer consists of a single layer of FE planes. Each 
plane extracts a certain type of feature from the input im
age. For pollen detection four FE planes were used to ex
tract horizontal and vertical lines at two frequencies. These 
frequencies were chosen by examining the lines extracted 
from pollen images at a number of frequencies and choos
ing those which generated the most information. 

The Pattern Detection layer 

This layer builds up a set of templates from the features 
produced in the FE layer. Due to the relatively small size of 
these templates, they can often be reused to represent parts 
of many objects. The templates are generated automatically 
during training and the network architecture makes them ro
bust to small translations and deformations. 

The Classification layer 

Having created the templates the object is represented us
ing a number of the templates, this information being en
coded using links to a classification cell in the classification 
layer. Thus, each class of objects is represented by a classi
fication cell. When subsequent objects are presented to the 
network the existing classes are examined to see if a suffi
ciently good representation already exists, if not a new class 
is created. 

3.3 The Network Dynamics 
Training the Network 

When training the network on an unrecognised input the 
following steps are taken: 
1. Calculate the FE planes to produce an activation map. 
2. Scan the activation map for an area whose average acti
vation is greater than the training threshold. 
3. H there is such an area, create a new PDM over that area. 
4. Repeat 2 and 3 until no new areas found. 
5. H less than the minimum number of PDMs has been 
found, delete them and discard the image as rubbish. (Not 
enough activation.) 
6. Create a new classification cell and connect it to the new 
PDMs. 

Pattern Recognition 

When attempting to recognise an image the following 
steps are taken: 
1. Calculate the FE planes to produce an activation map. 
2. Calculate the responses of all the PDMs. 
3. Calculate the responses of the Classification Cells. 
4. Find the highest activated Classification Cell. 
5. H activity is less than classification threshold then image 
is not recognised. 
6. Otherwise, test whether object is sufficiently well recog
nised (hypothesis test) 
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7. If hypothesis test fails, inhibit the Classification Cell and 
goto4. 
8. Otherwise, recognise the image as belonging to the Clas
sification Cell. 

Network parameters 

There are a number of parameters which can be set to 
control the type of recognition which is performed by the 
network. The majority can be set using heuristics and gen
erally stay fixed for a given application. Once these are set 
the "classification threshold" parameter is used to determine 
the degree of match that is required between the input object 
and the internal template model. 

I'A.RADisE classes vs. "real world" classes 

The Pp.RAI>ISE network automatically generates new 
classes and templates (if required) when an unfamiliar ob
ject is presented to it. 1n order to make a "real world" clas
sification the network must be told which "real" or meta
classes to associate with the ~ISE classes in a super
vised learning session. This training can be performed at 
presentation time or after the network has been trained on a 
large number of images. The second approach is preferable 
as a user can view all of the objects associated with a class 
and make a swift judgement as to the nature of the class. 
With the first method the user must identify each object in
dividually, a time consuming task. This approach however 
would allow the network to perform an analysis of the rela
tionship between the ~ISE classes and the "real world" 
classes and is useful for testing purposes. Any classes con
taining mixes of real world classes could be subjected to 
further examination using a second Pp.RAI>ISE network with 
greater discriminating power. 

3.4 PARADISE results 
1n this application an initial screening process using a 

low discrimination I'A.RADISE network differentiates between 
pollen and non-pollen objects. This network used sub
sampled images to speed up the process and the classifica
tion threshold was set such that 100% of non-pollen would 
be rejected at the price of discarding a percentage of the 
pollen. 1n tests ~ 80% of pollen was retained which repre
sents a far higher percentage than would be possible using 
manual identification. 

The network was trained on-line to classify 177 objects 
which resulted from the initial discrimination process. A 
number of representative classes are shown in figure 4 where 
each column of images represents a single class and those 
at the top produce the highest recognition outpu!, those at 
the bottom the lowest. As noted before there is a consider
able amount of variation in the visual appearance of pollen 
even within a single type and this means that more than one 
I'A.RADISE class is needed to represent each type of pollen, 
e.g. the first two columns represent the same type of pollen. 
This is not a problem since labelling of each class must be 
done after the initial training phase. Once the labelling has 
been performed the network can then identify pollen grains 
while still being able to create new classes if the objects pre
sented are not sufficiently well represented by the existing 
classes. It is worth noting that where there are missclassifi-

Fig. 4. Sample l},.RADISil classes using three pollen types 

cations they tend to be at the bottom of each column indi
cating that the match to the class is not particularly good. 

The training set which produced these results was taken at 
random from microscope slides. However, when the system 
is in use for this particular application it is envisaged that a 
number of "reference" examples of each required class will 
be used as an initial training set. It has been shown in [9} 
that the classification ability of the I'A.RADISE network can be 
improved and the number of classes generated, reduced if 
this approach is taken. Due to the on-line learning capabil
ities of the network this does not preclude the creation of 
new classes at a later date if the initially chosen examples 
did not provide the "universal" set of required objects. 
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4 Skin Cancer Diagnosis 
4.1 The problem 

This application is based on work to develop an aid to skin 
cancer diagnosis [6] and as part of this, work has been un
dertaken to measure the disruption or otherwise of the nor
mal skin patteming which is present over most of the human 
body. Disruption of the normal skin line patterning is impor
tant as it is indicative of a cancerous lesion. 

For an image of a lesion together with surrounding skin 
(figure 6 top left) the skin patteming is highlighted (figure 
6 top right) and the image is divided into a set of overlap
ping sub-images. For each of these sub-images a function 
is calculated which measures the strength of skin lines at a 
range of angles between 0 and 1r, this produces a profile of 
the skin line patterning in the sub-image. Neural networks 
were introduced into this problem as the profiles produced 
using this processing are difficult to evaluate manually and 
therefore a classification method is required. The result that 
is required from the classification is to determine whether 
the position of the lesion can be identified simply by exam
ining the skin patteming. If the lesion can be differentiated 
from surrounding skin then the assumption is that skin pat
tern disruption has occurred. Which in turn suggests a can
cerous lesion. 

4.2 The techniques used 
The two networks used were SOFM and ART2a. The SOFM 

used a one dimensional array of output neurons. For both 
types of network the output is displayed as an image in 
which the class number for each profile is displayed as a dif
ferent intensity. In both cases the results are displayed using 
randomised intensities to clearly show the different regions 
(see figure 5 bottom left which shows an ART result with 4 
classes). 

In order to show the general character of the classification 
results an artificial image was created (figure 5 top image) 
representing highlighted skin-lines. For each of the two neu
ral networks two versions of the classification are given, one 
with the parameters used when the techniques were applied 
[6] (figure 5 left) and one with parameters which produce a 
similar number of classes for each method (figure 5 right). 
The visual interpretation of this artificial image is that there 
are a small number(:::::: 9) of coherent areas ofpatterning. As 
can be seen the ART classification, even with a higher vigi
lance than is necessary, produces large classes representing 
the areas with similar patteming and the extra classes are 
used to represent the interfaces between regions. SOFM on 
the other hand breaks up the large regions using a number of 
classes to represent each, which produces a result which is 
hard to interpret. In this particular instance 9 classes would 
be optimal but this figure is data dependent and for "real" 
skin images the 32 classes represents the best compromise. 

For lesions which produce skin line disruption both SOFM 

and ART produce results which are acceptable for this ap
plication. The major difference comes for benign lesions. 
Figure 6 shows the results for a benign skin lesion where 
no disruption should be visible. The ART classification only 
contains 2 classes, with one class representing most of the 
skin and the lesion and clearly these classes do not mark out 
the lesion boundary which is result that is required. 
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Fig. 5. Top: Original image. Middle: left, SOFM with 32 classes, right 
SOFM with 16 classes. Bottom: left ART with 4 classes, right ART 
with 14 classes 

Fig. 6. Top: left, Original image, right highlighted skin-lines. Bottom: left 
ART with 2 classes, right SOFM with 32 classes 

a confusion of classes which is difficult to interpret. 

4.3 Evaluation 
The generally poor performance of the SOFM classifica

tion method in this application may relate to the way in 
which the network responds when all of the profiles are sim
ilar. Not only does SOFM require that the number of classes 
be pre-specified, but the network will use more of these 
classes to represent profile types which have a greater den
sity of observations. This property has a number of conse
quences in terms of the analysis of skin pattern profile data. 

An image composed largely of undisturbed skin will re
sult in large numbers of similar profiles together with a few 
anomalies. The similar skin profiles then form a large den
sity in the data set and the SOFM classification will respond 
to this by allocating a large number of classes for the rep
resentation of these essentially similar profiles. This leaves 
relatively few classes which will model a large range of the 
anomalous profiles. The division of similar skin areas and 
the grouping together of infrequent profiles even where they 
are relatively different leads to classification images that are 
difficult to interpret visually. 

In an initial calculation method of the profiles [6] no pre
processing was performed and for these profiles the built-in 
normalisation within ART produced unusual classifications. 
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Profiles that were essentially flat, indicating no clear detec
tion of any skin patteming, were being stretched so that ran
dom noise was being identified as real patteming. In view of 
this, application specific noise reduction and normalisation 
had to be introduced into the profile calculation method to 
remove the unwanted effects of those built-in to ART. 

5 Discussion 
The obvious common theme with the networks used is 

that they are self -organising and this has the advantage that 
the end user does not have to define the output class for each 
of the input data items. This can be seen as both an advan
tage and a disadvantage since it reduces the overhead of data 
preparation but gives far less control over the final solution 
than using supervised learning. In an application in which 
the human classification process is not well understood this 
lack of control is an advantage since the user cannot over 
influence the learning process. However, it is still possible 
with unsupervised networks to have some influence over the 
solution that is learned by providing a "good" priming set of 
training examples which can be used to produce the initial 
classes. The ability to learn on-line then allows the network 
to produce the answer "Unknown object or pattern". This 
scenario is not possible with the SOFM. 

A difficulty which was highlighted in this work is that 
practical problems often require magnitude information 
which is present in the input data. This meant that the im
position of normalisation on the input data produced output 
classifications which did not accord with a users perception 
of similarity. In addition the type of normalisation used by 
ART is not always appropriate even where some fonn of nor
malisation can be used. 

6 Conclusions 
The advantages of using self-organisation are mainly as

sociated with not having to "label'' the training data. In ad
dition, if networks such as ART or ~lSE are used then 
the ability to learn incrementally and add new classes when 
required is extremely valuable. The disadvantages are that 
prospective users often view the self-organising nature of 
these networks as providing insufficient control over the so
lution, however, the fact that supervised labelling must be 
performed with all of these methods should be seen as an 
advantage since it forces the end user to assess the quality 
of the solution that has been produced. 

Visualisation of the results is extremely important and is 
not an aspect of the solution process which should be ig
nored or left to the end of a project. Good visualisation can 
provide the end user with reassurance and an insight into the 
type of solution that has been provided. 

The applications discussed have been approached in a 
way which does not attempt to completely de-skill the 
recognition process but to remove much of the mundane task 
of performing the first few ''passes" through the data. In all 
of the applications discussed the final labelling of classes 
still has to be performed by a highly trained person but they 
are presented with the data in a form that allows this process 
to be performed relatively easy. 

7 Acknowledgments 
The work on fluorescence spectrograms was undertaken 

for Conwy Valley Consultants, Llandudno, UK, and their 
help in providing data and geological interpretation of the 
results is gratefully acknowledged. 

References 
[1] T Kohonen, E Oja, 0 Simula, A Visa, and J Kangas. Engineering 

applications of the self-organizing map. Proc. IEEE, 84(10):1358-
1384, 1996. 

[2] G.A. Carpenter, S. Grossberg, and D.B. Rosen. ARr 2-A: An adap
tive resonance algorithm for rapid category learning and recognition. 
Neural Networks, 4(4):493-504, 1991. 

[3] D.S. Banarse and A.W.G. Duller. Vision Experiments with Neu
ral Deformable Template Malching. Neural Processing Letters, 
5(2):111-119, 1997. 

[4] A.W.G. Duller, R.S. Hatton, B.T. Wells, and A. Barwise. Applica
tion of neural networks in crude oil fluorescence fingerprinting. In 
B. Braunschweig and B.A. Bremdal, editors, Artificial Intelligence in 
the Petroleum Industry 2, pages 139-158. Editions Technip, 1996. 

[5] I. France, A.W.G. Duller, H.F. Lamb, and G.A.T. Duller. A compar
ative study of model based and neural network based approaches to 
automatic pollen identification. In Proceedings of British Machine 
Vision Conference, pages 340-349, 1997. 

[6] A.J. Round, A.W.G. Duller, and P.J. Fish. A comparison of skin pat
terning feature analysis methods for lesion classification. In Proceed
ings SPIE Conference on Medical Imaging, pages 202-210, 1998. 

[7] J.W. Sammon. A non-linear mapping for data structure analysis. 
IEEE Trans. on Comp., c-18(5):401-409, 1969. 

[8] D.S. Banarse and A.W.G. Duller. Defonnation invariant pattern clas
sification for hand gesture recognition. In Proceedings of IEEE In
ternatioNJl Conference on Neural Networks, pages 1812-1817, June 
1996. 

[9] D.S. Banarse and A.W.G. Duller. Defonnation invariant visual object 
recognition: Experiments with a self-organising neural architecture. 
Neural Computing and Applications, 6(2):79-90, 1997. 

[10] Kunihilco Fukushima and Taro Imagawa. Recognition and segmen
tation of connected characters with selective attention. Neural Net
works, 6:33-41, 1993. 

[Ill Basil Hussain and M. R. Kabuka. A novel feature recognition neural 
network and its application to character recognition. IEEE Transac
tions on Pattern ANJ/ysis and Machine Intelligence, 16(1):98-106, 
1994. 

Spring 1998 Australian Journal of Intelligent Information Processing Systems 



181 

Applications of Self-Organising Maps to a Chemical Analysis 

Heizo Tokutaka1
, Kikuo Fujimura1

, Kazuyuki Iwamoto1
, K. Obu-Cann1

, Satoru Kishida1 and Ka
zuhiro Yoshihara2 

1Department of Electrical and Electronic Engineering, University ofTottori, 4-101 Koyama, Tottori 680, Japan 
tokutaka@ele.tottori-u.ac.jp 
fujimura@ele.tottori-u.ac.jp 
i wamotoh@ ele. tottori -u.ac.jp 
kwaw64@ hotmail.com 
kishida@ ele. tottori-u.ac.jp 

2National Research Institute for Metals 1-2-1, Sengen, Tsukuba, 305 Japan 
kazuhiro@nrim.go.jp 

Abstract 
Self-Organising Map (SOM) method which was devel
oped by T. Kohonen [1] has been applied to some prob
lems of chemical analysis using AES, XPS, and XRD 
(X-ray Diffraction) data. Using a 2-dimensional SOM, 
the items that are described qualitatively by linguistic 
expressions can be explained more quantitatively by the 
position of the spectral data on the SOM togethe~ ~ith a 
grey level expression. Furthermore, the composttlon of 
an unknown sample can be determined very precisely by 
the SOM that has been constructed using the spectra from 
samples of known composition. Thus SOM is a very 
important tool for data mining in chemical analysis. 

1. Introduction 
During thel970s, T. Kohonen [1] developed the Self
Organising Maps (SOMs) that simulate the brain function. 
SOMs are a kind of visible neural network that has made 
significant impact in many research fields [2,3]. One of 
the characteristics of his network is its ability to trans
form multidimensional data into a 2-dimensional SOM. 
SOMs were first used as an information-processing tool 
in the fields of speech and image recognition. Soon, the 
visualisation characteristics of SOM attracted many re
searchers in other fields [1]. Walker [4] has shown a 
pioneering work using neural networks for chemical 
multi-image analysis, where SOM was found to be more 
suitable in handling large dimensional problems than the 
usual back-propagation method. With SOMs, it is pos
sible to distinguish the difference between similar and 
dissimilar information in a 2-dimensional SOM by the 
introduction of a technique [1] that illustrates the magni
tude of the distance between the units in a SOM by a grey 
level expression. 

Recently, T. Kohonen has published the computer pro
grams SOM~PAK through which the usual SOM can be 
constructed, and L VQ (Learning Vector Quantisa
tion)_PAK through which the data that belongs to the 
same or similar classes can be classified. These codes are 
available from the Internet address (http: 
1/nucleus.hut.fi/nnrc/nnrc-programs.html). In this paper, 
SOM_PAK is fully utilised. 
The SOM_PAK code has been applied to chemical 

spectroscopic data derived from Auger electron spectros-

copy (AES), X-ray photoelectron spectroscopy (XPS) 
and X-ray diffraction (XRD). For each kind of spectro
scopy the SOM was built using the abscissa of AES, XPS 
and XRD spectra as the multi-dimensional description of 
the shape of each spectrum. Thus, a single vector in a 
1,000-dimensional space describes a spectrum containing 
measurements at 1,000 different energies. The units of 
the components of these vectors are typically 1 e V in AES, 
0.1 eV in XPS and 0.1-degree diffraction angle in XRD. 
The SOM method has been applied here to some AES, 
XPS and XRD data as well as to a more quantitative 
interpretation of AES data from CoNi alloys. In the latter, 
sets of CoNi alloys whose compositions are known are 
used to construct a SOM. The data from one CoNi set is 
used as tentative test data. After SOM learning, the 
composition and the spectral shapes of the test data and 
the identified SOM unit are compared. 

In section 2, the SOM algorithm that is used is briefly 
reviewed. Section 3 illustrates the application of SOM to 
AES, XPS, and XRD. Finally, section 4 discusses the 
attempts of SOM at Chemical data mining. 

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 hu
man brain, Kohonen [I] developed the following equa
tion: 

Consider· the information processing ability that the pre
sent neuron cell (node) i possess at timet as mi(t) and x(t) 
an input signal. At time t, the cell learns this input signal. 
During the next time (t+1), it has an information proc
essing ability of mi(t + I) which is close to the input 
signal. If x(t) is ann-dimensional input vector, then x(t) 
is expressed as x(t)=[~I> ~2 , ... , ~0 ]. mi(t) which is an n
dimensional reference vector is also expressed as 
mi(t)=[f..lil, f..li 2 , ... , f..linJ· hci(t) is a neighbouring function. 
Neighbouring cells surrounding the reference vector mi(t) 
also learn the input vector together with mi(t). Further 
more, t=O, 1, 2, ... are discrete time co-ordinates. 
If an n-dimensional input vector is presented to the SOM 
network, the reference vector in the network, which is 
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closest to the input vector, is selected as the best-matching 
node "winner" and its information processing ability is 
denoted by m0(t). Prior to learning, a large reference area 
surrounding the winner is selected as a neighbourhood 
region. The reference unit vectors in this neighbourhood 
region N0 (t) as well as the winner mc(t) learn the input 
vector x (t) following eq.l. This is a typical cycle of the 
learning process. Another cycle oflearning starts when the 
next input vector is presented to the SOM network. Here, 
the size of the neighbourhood region is reduced as com
pared with the last learning case. Thus, the learning contin
ues until the very last learning, where only the win-ner is 
trained by the input vector. 

2.2 Determination of the parameters in 
SOM_PAK 

SOM_P AK is constructed following the algorithm in 2.1. 
The SOM learning process is composed of 2 steps - a rough 
learning L1 and a detailed learning L2. In each learning, 
the total number of learning cycles can be defined in 
advance. For data mining in SOM, the composition fre
quency distribution of the units in the SOM is expected to 
be as smooth as possible to include any compositions which 
are not included in the input data. In this case, over learning 
is not necessary. Learning is terminated only with L1 
appropriate learning cycles. The learning coefficient in 
eq .1 is selected as a linearly decreasing function of by: 

hci(t) = a(t) = a
0 

(1- tIT), (2) 

where a0 is the initial value, t is the present learning cycle 
and T is number of the learning cycle for which learning 
should be terminated. Other types of decay function for 
a can be chosen if needed. 
There are two types of neighbourhood functions in 
SOM_P AK. The bubble and the gaussian. The bubble has 
the shape of a cylinder. When the radius of the bubble is 
chosen, all the nodes within the radius are considered as a 
neighbourhood. However, in the gaussian choice, even if 
the radius is chosen, only the nodes selected by a gaussian 
probability can act as a neighbourhood. For this experiment, 
the neighbourhood function is bubble and the number of 
nodes contained in the neighbourhood reduces linearly as in 
eq.2. 

3. Applications of SOM to the problems 
of chemical analysis 

3.1 Some applications of SOM maps to 
full scanned AES (Auger Electron 
Spectroscopy) data 

The energy steps on the horizontal axis of the AES data of 
Fig. 1 are considered as dimensional units and the vertical 
axis, signal values. Binding energy of AES data of 
Fig.lfrom 20 eV to 982 eV by 1 eV division are considered 
as dimensional units, each spectrum is a 963-dimensional 
input vector and the normalised signal values between 0 and 
1 become signal magnitudes. SOM is constructed using a 

grey scale. The darker the grey the greater the distance 
between the nodes. From Fig. 2, CoNi alloys are 
systematically grouped from Ni 100% to Co 100%. Cu is 
next though there is quite some distance between them as 
shown by the grey level. Ag and Au groups follow respec
tively as shown in the SOM of Fig.2. 

1 ··· ···························•••·······••·•······••····················································· ·················· 

0.8 

., 
-~ 0.6 
a; 

~ 0.4 
c: 

0.2 

0 ~~~~~===~ 
20 120 220 320 420 520 620 720 820 920 

kinetic energy [eV] 

Fig.1 All AES data of 15 materials from 20 to 1,000eV. 

AU_STND o o AU_0102 o o CU_OIOO o o CoiOONiO 

• Co75Ni25 • 

• Co50Ni50 • 

o AG_OI03 o 

o, o Co25Ni75 

AG_0104 o o AG_STND o o CoONiiOO o 

Fig. 2. 2 dimensional Forced SOM map of 15 materials 
from AES data of Fig. 1 where STND is the abbreviation of 
standard. 

Conventionally, Auger spectra have been interpreted by 
subtracting the background and/or separating the main peak 
from several smaller peaks. The present method considers 
only the spectral shape as an information source. 

3.2 Characteristic analysis of High-Tc 
super-conducting oxides using SOM 

SOM was also applied to XPS data using the same approach 
as discussed above. The surfaces of single-crystal, ceram
ics and thin films of Bi based high-Tc super-conductors are 
cleaned by heating and the impurities removed. The state of 
cleanliness is assessed by a reduction in the XPS signal of 
oxygen (02). The result is shown in Fig. 3. The binding 
energies on the horizontal axis are considered as 300 points 
or 300 dimensions. The signal values on the vertical axis 
are normalised to values between 0 and 1 and used as the 
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signal magnitudes. The cleaved surfaces of single crystals 
are heated to 400° C and are considered as a standard clean 
surface whose XPS signal of oxygen(02) is shown in Fig. 4. (b)cA 

j Sc.eok A aoo"C 

:§ A 700"C 
"§ 600"C 

~ A600"C 
~ :ex m"C ) R ~ 200"C 

A O"C 

(c)Thinfilm },J_sc.eok 

_/}.,\_soo"C . ~"' 
I _1ri)!t: :~ 
·f : ~"C 
~ I 300"C 

~>: 
540 530 520 540 530 520 540 530 520 

Binding Energy (eV) Binding Ene~gy (e V) Binding Ene~gy (eV) 

Fig. 3. Changes of 0-ls XPS (X-ray Photoelectron Spec
troscopy) spectra from Bi-based single crystals, ceramics 
and thin films during thermal annealing process. 

Using this standard, SOM is drawn as in Fig. 5. Fig.3 
identifies three different peaks. These are high-right, split 
and high-left peaks. After SOM, these three groups are 
clearly shown surrounded with dark grey valleys as shown 
in Fig. 5. It is interesting to note that the group of high-right 
peaks consists of the heat-treated clean surfaces. 

• 

slng-200 

183 

Single crystals is the closest group of oxides to the standard 
sample which is cleaned at 400° C. Ceramics follow next. 
For thin films, the heat-treated samples at 700 and 800° C 
are arranged next to the ceramics. However, oxides that 
belong to the double peak and high-peak form groups by 
their shapes. Within these groups, the oxides are not 
arranged according to · their level of cleanliness, heat 
treatment, or types of oxides. It is concluded that surface 
impurities affect SOM classifications more than material 
characteristics, because there are impurities left on the 
surfaces of the samples of the groups with the double peak or 
high-left peaks. 

0 
.,..; 

400°C lh rll 
!=: 
0 
d 
H 

"0 0.5 0 
N 

.,..; -l'd 
8 
1-< 
0 z 

540 535 530 525 
Binding Energy ( e V) 

Fig. 4. A standard 0-ls XPS (X-ray Photoelectron Spec
troscopy) spectra from Bi-based single crystal which is 
heated and cleaned at 400° C for 1 hour. In the figure, se
peak means the 0-ls XPS peak from Single Crystal. 

film-800 • 

rnm -7 00 

cera-800 • • 

• • • 

ce re-600 • cera-700 

• • • • 

cera-500 

slng-6&0 • 

slncg-8DO • • • • 
Fig. 5. A SOM classification map of Figure. I, where 0-ls XPS spectra from the air-cleaved Bi-based single crystal surface 
which is annealed for lh at 400°C are used as a standard and indicated as 400°C-lh 
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3.3 Some attempts of applying SOM to XRD 
(X-ray Diffraction) data 

SOM was applied to results of XRD data from thin film. 
The experimental data of XRD is shown in Fig. 6. Sam
ples 1 and 2 are the usual experimental data from thin 
films. XRD results from 2212 (80K phase) and 2223 
(llOK phase) which are finely identified single crystal 
thin films are used as standard. It can be easily under
stood from the figure that Samples 1 and 2 are not 2212 
(80K phase), since the fourth peak (around 22.SOC) does 
not fit to these Samples. The obtained SOM is shown in 
Fig. 7. As shown in the figure, 2212 (80K phase) is 
surrounded by a deep grey level. 
Furthermore, it can be stated that both Samples 1 and 2 
are not 2212 (80K phase). However, both Samples 1 and 
2 are close to 2223 (llOK phase) due to the thin grey 
level. Sample I is closer to 2223 (l10K phase) than 
Sample 2. Even though the resistance-temperature (R
T) experimental results have not been included in this 
article, it should be noted that interpretation from the 
SOM of Fig. 7 agree quite well with the R-T experimen
tal results . 
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• • (80K) • 

• • • • 

• • • 

• 

• • 

2223· • 

(11 OK) • 

• • • • • 
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• • 

• 

• • 

• • 

• 

0.9 -- --2212 80K 

,e. 0.8 
-2223 llOK 
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'I 
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Fig. 6. XRD (X-ray Diffraction) patterns of Bi-based thin 
films . In the experiment, the films which are approxi
mately single-phases of 110K phase (2223) and 80K 
phase (2212), are used as standard. 
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Fig. 7. A SOM classification map of Fig. 6 
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Fig. 8 SOM on 20X30 units using 5 kinds of CoNi Alloys (Ni 0,25, 50, 75, 100%). Large filled circle is unit with best match 
spectra of Co45Ni55 alloy. 

4. Quantitative Chemical Data Analysis 

SOM was applied to chemical data mining using AES 
data of Fig.1. Large backgrounds, which increase in the 
higher energy region, are subtracted linearly in order-to 

... 
..., .. 
N 0 . 6 

i 

raise the LMM signal sensitivity for CoNi alloys. The 
energy steps are considered as dimension units. Known 
compositions of 6 CoNi alloys in Fig. 1 are considered as 
new dimensions between 0 and 1. CoNi50% alloy for 
example, has a dimension of 0.5 

.. 0 . 4 
o ····· ·· best IIBt eh unit (N 55 . 26%) 

"' -Co45Ni 55 
o. 2 

590 640 690 740 790 840 890 
kinetIc energy [ eV] 

Fig. 9 Comparison between learned unit and original data of Co45Ni55. 

N ol'malised composition values and AES signals ( { AES 
signal -Min AES} which are normalised by the differ-

ence between maximum and mmtmum AES signals) 
become new signal values. Five samples of Ni 100, 75, 
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50, 25 and 0 % of CoNi alloys are used as input signals. 
After SOM learning, all units are compared by the fol 
lowing error function (Err): 

n 

Err= L,.Cxi- m;)2
, (3) 

j=l 

where ""j and ffl;· are the j-th component value of the 
n-th dimensional input data and i-th unit respectively. 
Using eq.3, the 5 input data are compared with all the 
600 units . All labelled positions in the SOM are deter
mined by the minimum values of eq .3. 
Co45Ni55 is used as test data where the composition is 
assumed to be unknown. Using eq.3, all 600 units are 
compared with Co45Ni 55 %spectra data. The unit with 
the lowest value of eq .3 is identified as the closest unit. 
For this experiment, the closest unit was 55.25% shown 
in Fig .8. The actual spectrum and learned spectrum of 
Co45Ni55% are compared in Fig.9, with an error margin 
of 0.3%. Thus, the composition of the spectrum can be 
determined using the above described method. SOM can 
therefore be used for data mining in chemical data analy
SIS . 

5. Conclusion 

SOM by Kohonen was first applied to the problems of 
chemical analysis. In the examples of Co-Ni alloys 
shown in Fig. 8, the composition labels and unknown 
spectra can be estimated from unknown spectra and 
indicated labels, respectively. 
In chemical spectral data analysis, details of spectra and 
composition analysis can be carried out using methods 
that consider the physical meaning of the spectra [ 4]. The 
main advantage of SOM is that multidimensional input 
data can be sorted and made visible on 2 dimensional 
SOM map. In section 4 where SOM is applied to chemi
cal data mining of CoNi alloys shown in Fig. 8, the com
position of the spectra can be determined precisely. 
Furthermore, if a spectrum of incomplete data or char-

acteristics is placed on the grid, the missing information 
can be determined from the information that has been 
assigned (extrapolated) to the empty grid during the 
learning process. Usually, results such as Figs. 3 and 6 
are logically described by language. However, the intro
duction of SOM to Figs . 5 and 7 enables us to make the 
above results more visible and describe them more 
quantitatively. Thus, the introduction of SOM to chemi
cal analysis allows us to explore a new development from 
which we expect future progress. 
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This paper describes an investigation into the use of Genetic Algorithms (GAs) to modify Artificial Neural Network 
(ANN) architectures and parameters for the estimation of rainfall and temperature profiles. Artificial Neural Networks 
are becoming important tools in a wide variety of meteorological applications, however the success of the networks is 
hampered in many cases by the large number of potential input variables available, as well as the selection of the 
network's parameters and architecture. Genetic Algorithms were used in this study to automate the process of 
reducing the input vector size, selecting the network 's parameters including momentum, learning rate, epoch size and 
initial weights, as well as evolving the network's architecture. This technique was conducted in three stages. The first 
stage investigated the trade-off between reduced input vector size and peiformance. The second stage used these 
results to evolve numerous sets of input vectors to produce high peiforming neural networks with reduced input vectors. 
The third stage combined the input vector reduction technique used in the second stage, with an evolution of the 
parameters and architecture of the neural network. The results demonstrated that a significant decrease in vector size 
was achieved while maintaining the peiformance of the networks. 

Figure 1. GMS Satellite IR image. 

This article represents an extension of the work presented in ICONIP'97 Proceedings. 
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1 Introduction 

There are many meteorological applications which 
require accurate estimates of rainfall on a variety of 
temporal and spatial scales. These include climate 
monitoring, drought detection, severe weather and flash 
flood warnings, river monitoring and control as well as 
use in numerical weather prediction (NWP) model 
initialisation and verification. Also agricultural activities 
including crop growth and production are extremely 
reliant on rainfall amounts [2][9]. Forecasters at the 
Australian Bureau of Meteorology currently use a number 
of methods to assist them in making an estimation of the 
rainfall. Gauges and radar estimates are the most 
important and conventional while satellites are used in 
areas with little or no coverage by conventional means. 
Due to the strong correlation between the frequency of 
cold cloud-top temperatures and rainfall rates observed at 
the surface, several satellite rainfall algorithms have been 
developed which employ infrared brightness temperatures 
measured from the Geostationary Meteorological 
Satellite (GMS) [9]. 

Brightness temperatures from the earth and atmosphere 
are measured using the TIROS Operational Vertical 
Sounder (TOYS) instrument. These observed TOYS 
radiances are then used to retrieve temperature and 
moisture profiles. Some conventional methods used for 
this include linearising of the Radiative Transfer Equation 
(RTE), Least Squares Regression and Statistical 
Regularisation. These methods involve matrix algebra 
and are iterative, making them very computationally 
intensive [14]. 

The success of neural networks for meteorological 
applications is very sensitive to the selection of input 
parameters. The potentially important data available for 
the estimation of rainfall and temperature includes 
infrared and visible satellite readings, ground 
measurements, humidity, wind speed and wind direction 
at many different pressure levels in the atmosphere. The 
use of an extremely large input vector would make the 
training of a neural network considerably more difficult. 
Also the computational cost of a large input set would 
cause time delays for an application area which would 
need to run in real time. Numerous methods have been 
used to reduce the size of the input vector to a neural 
network. These include correlations between candidate 
input parameters and the modelled parameter, schematic 
analyses, Accumulated Error Index (AEI) techniques and 
the use of expert advice [4][16]. Some of these methods 
are subjective and do not measure the multivariate 
dependencies present in the system. Genetic algorithms 
have been used to reduce the input vector size of a neural 
network [11][13]. Kupinski, et. al. [13] applied genetic 
algorithms to the field of digital mammography where a 
large number of inputs were available. The GA selected a 
subset of input features which would maximise the 
performance of a ·neural network for the classification of 

legions. The chromosomes in the GA were represented as 
a variable length structure and the GA successfully 
demonstrated a reduction of the input vector down to a 
range of between 10 and 20 inputs. GAs have also been 
used to genetically determine architecture and parameter 
selection. Results demonstrated that networks with 
genetically determined parameters and architectures were 
found to learn faster and with a reduced performance error 
[5][12][17]. 

Genetic algorithms were used in the rainfall and 
temperature estimations study as they are efficient and 
robust search algorithms with the capability to search the 
very large space of input combinations, parameters and 
architectures to produce high performing and efficient 
neural networks [10]. 

2 Neural Networks and Genetic 
Algorithms for Meteorological 
Applications 

Artificial Intelligence techniques are becoming 
increasingly used as tools to assist forecasters in a wide 
variety of meteorological applications. Clarke and Canas 
[7] investigated the suitability of neural networks and 
genetic algorithms for spectral identification. Neural 
networks were trained on the spectral data with seven 
outputs corresponding to the number of spectra to be 
distinguished. The neural networks demonstrated accurate 
predictions, even in the presence of large amounts of 
noise. The GA performed accurately without the presence 
of noise and also provided additional information with 
regard to each spectrum. The authors suggested that in an 
operational system, a combination of both methods 
utilising the strengths of each, could be used. Smith [18] 
trained a neural network to estimate leaf area index from 
satellite observations. He reported an error of less than 
30% and found that this method was less sensitive to 
initial guesses of the parameters than other techniques . He 
recommended the use of GAs in mapping the decision 
boundaries. 

Alien and LeMarshall [1) demonstrated that neural 
networks can be successfully applied to the forecasting of 
rainfall. The neural networks investigated used between 6 
and 126 different RASP model data variables as inputs. 
On a set of test data over 665 days, neural networks 
achieved a 70 - 74 % accuracy on forecasting whether a 
particular 24 hour period was a rain/no-rain day. Choi et 
al [6] investigated the genetic derivation of a neural 
network's input vector for rainfall and temperature 
estimations. Their results demonstrated a reduction in the 
input vector of up to 50 % while maintaining an 
improved or relatively stable level of performance. The 
GA was able to generate reduced input vectors that 
performed well without the explicit use of problem 
domain knowledge. 
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The focus of the investigation described in this paper was 
to genetically derive a neural network which will have a 
reduced input vector size and an optimised architecture 
and set of parameters. The trade-off between reduced 
input vector size and performance will be investigated, in 
order to produce a network with a smaller input vector 
capable of a high level of performance. In stages 1 & 2 
this was done with fixed network parameters and 
architecture. In stage 3, the genetic derivation of the input 
vector was combined with the evolution of the networks 
architecture and parameters. 

3 Experimental Design 

The experiments were conducted on two sets of data, one 
being used to estimate the occurrence of rainfall, and the 
other to estimate the temperature at each of ten different 
pressure levels. Experiments were done in 3 stages: 

Stage I: Neural network input vectors were genetically 
evolved while varying a parameter (k) in the fitness 
function of the GA. The size of the k parameter 
corresponds to the emphasis on reducing the input vector 
size. An appropriate k value was determined as a result of 
the examination into the trade-off between reduced input 
vector size and performance. 

Stage 2 : The k value derived from stage 1 was used to 
evolve several sets of input vectors which were used to 
train, test and validate individual neural network solutions 
to both problems. 

Stage 3: The model was further extended to include 
genetically derived architecture, parameters and input 
vector of a neural network with the k value derived in 
stage 1. 

3.1 The Data 
3.1.1 The Rainfall Data Set 

The rainfall data was derived from a sample of the data 
from numerous sites across the eastern coast of Australia 
over two 3 month periods (August- October 1994, 1996). 
Observations of 3-hourly rainfall were made at 127 
synoptic stations 4 times per day (0.00, 6.00, 12.00, 
18.00). 10 X 10 pixel arrays of GMS visible and infrared 
data (spatial resolution of 5 km) centered on the location 
of the station and the middle of the 3 hour period were 
collected. Meteorological factors derived from the 
Australian Regional Assimilation and Prognosis (RASP) 
model analysis and forecasts were similarly interpolated 
in time and space. Model data inputs used were multilevel 
EW and NS wind components, vertical velocity, 
temperature and relative humidity at ten pressure levels 
(1000, 900, 850, 700, 500, 400, 300, 250, 200 and 150 
hPa), as well as surface pressure, lifting index, 1000-
5000 hPa geopotential thickness, the total totals index, the 
forecast convective, non-convective and total rainfall 
amounts, and the station elevation (3]. 

3.1.2 The Temperature Data Set 

The temperature data were readings taken by the TOVS 
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instrument in the NOAA12 satellite in 1995. This 
instrument has a 20-channel High Resolution Infrared 
Sounder (IDRS) and a 4-channel Microwave sounding 
Unit (MSU). Infrared sounding of 30 km horizontal 
resolution were supplemented with microwave soundings 
of 150 km horizontal resolution. The infrared and 
microwave readings provide a complete global coverage of 
vertical temperature and moisture profile data every 12 
hours at 60 km spacing [14]. 

3.2 Input Vector Reduction for a Fixed 
Neural Architecture (Stages 1 and 2) 

Two investigations were carried out starting from a fixed 
neural architecture. The first (Stage I) was to determine 
the effect of varying the components and weightings of the 
GA's fitness function. The second (Stage 2) was to use the 
form of the fitness function indicated as best in Stage 1, in 
a more concerted attempt to reduce the size of the input 
vector for the given architecture. 

3.2.1 The Fixed Neural Architecture 

The number of neurons in the hidden and output layers 
were fixed, while the number of input neurons were varied 
by the GA. The fixed architecture for each application was 
determined by trial and error as a promising candidate. 

Rainfall Data Temperature Data 
Architecture 62- 10-2 23 - 10- 10 
Trials 10000 10000 
Momentum 0.9 0.4 
Learning Rate 0.1 0.1 

Table I. Fixed neural network parameters. 

3.2.2 The GA Architecture 

A GA with population size 50, crossover rate 0.6 and 
mutation rate 0.001 was run through 20 generations. 
Each individual in the population consists of a number of 
bits which can each take the value of 0 or I. A value of 1 
indicates that the input forms part of the network's 
architecture, whereas a value of 0 indicates that the input 
is disabled. The rainfall estimation chromosome consisted 
of 62 bits corresponding to the 62 inputs, whereas the 
temperature estimation chromosome consisted of 23 bits. 

3.3 Evolution of a Three Layer Neural 
Architecture 

Stage 3 of this study evolved the full 3-layer architecture. 
This involved genetically determining the number of input 
neurons as well as the number of hidden neurons, the 
learning rate, momentum, epoch size and initial weight 
size. 

A chromosome in stage 3 will contain the following 
genes. 
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Genes Description M in Max 
value value 

INP Input vector (as in stage 0 1 
(62,23) 1&2) 
HID Hidden layer neurons 1 16 
LR Learnin~ Rate 0.05 0.8 
MOM Momentum 0.2 0.9 
EP Epoch size 1 32 
IW Initial weights +0.01 +0.32 

Table ll. The chromosome structure. 

The maximum and minimum values for the parameters 
have been selected to be consistent with heuristics 
discussed in neural network literature [15][19][8]. All 
GAs used the elitist strategy and started with a 
chromosome of all 1 's in the input vector component of 
the initial population. This ensures that the minimum 
standard reached was that of having all inputs enabled. 

3.4 Fitness Functions 
The fitness function was based on two alternative 
assessments (A & B) of the success of the networks. 
Method A included the percentage of correct predictions 
achieved while method B included the RMS error of the 
neural network. The fitness function, which also included 
the number of inputs, is as follows: 

where 

n 

FR = ER+ kR L Z; 
i=O 

R ={A, B), 
n = No. of inputs 
EA = Percent correct (test + training data) 

Correct if ltarget- actual I< m 

(1) 

where m= 0.4 (rainfall), m= 0.4 (temperature) 
E8 = RMS error (test + training data) 
FR = Fitness using genetic method R 
kR= Constant using genetic method R 

-2.0 ~ kA~o. 0 ~ k8 ~ 0.01 (rainfall) 
-2.0 ~ kA~O. 0 ~ k8 ~ 0.01 (temperature) 

Z;= Binary choice input (0 - Off, 1 - On) 

The range of values of kR were chosen in order to assess 
the network performance with the use of fewer inputs. 

4 Results and Discussion 

The results used to plot Figures 2 & 5 were derived by 
varying k from 0 to -2 in 0.2 decrements. For each value 
of k the percentage correct is the average derived from 
five genetic algorithms run with different random seeds. 

4.1 Rainfall Data 

Stage 1 

Figure 2 demonstrates the variation in percentage correct 
with kA. At kA=-0.4, the network achieved its maximum 
performance of 81.83% (17 inputs). As kA was decreased, 
the input vector size reduced to 10, however the 
performance deteriorated. 

Perfonnanee of Rainfall Data 

0 -0.4 ·0.8 -12 ·16 

kA 

-2 

Figure 2. % Correct versus kA values for rainfall 
validation data. 

The non-genetic network achieved an average 
performance on the valjdation data of 81.25% (62 inputs). 
The genetic solution at kA=-0.4 reduced the input vector 
size from 62 to 17 whilst increasing the percentage correct 
performance by 0.78 %. The results of the RMS Error 
versus k8 indicated that a value of k8 = 0.004 achieved the 
minimum RMS error of 0.2896 (14 inputs). Compared to 
the non-genetic network's average of 0.2925 (62 inputs), 
this demonstrates a reduction in theRMS error of 0.29 %. 

Stage 2 

Using the derived values of kA=-0.4 (percentage correct) 
and k8=0.004 (RMS error) from stage I, 4 GAs were run 
for each method and the average results presented in Fig. 
3 and 4. The genetic solutions reduced the input vector 
size to an average of 17 (percentage correct) and 13 (RMS 
error). As can be seen from the graphs, there was no 
significant decrease in performance of the networks and in 
some cases the performance actually increased with the 
reduced input vector. 

%Correct of Genetic &:Non-Genetic 

84 

~ 82 

8 80 
C.l 78 
l-e 

76 

Networks __ , ____ ~ 
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Figure 3. Average percentage correct for rainfall data. 
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RMS Error of Genetic & Non-Genetic 
Networks 

.. 0.32 ,----==--------, 
0 
~ 0.3 

~ 0.28 

a: 0.26 
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No. of Inputs 

•Train 
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DVaUdation 

Figure 4. Average RMS Error for rainfall data. 

The inputs genetically derived using the percentage 
correct fitness function are shown in Table m. Two inputs 
which appeared in all derived input vectors are 20 and 21. 
These correspond to the vertical velocity at the highest 2 
pressure levels in the atmosphere which are generally 
regarded by meteorologists as having a major influence on 
the rainfall. 

Selected Inputs No. of Inputs %Correct 
Non Genetic (all inputs) 62 81.25 
2,3,8, 13,20,21 ,22,25,39,40,4 17 81.00 
2,48,49,55,58,59,62 
2,4,5,9, 10, 19,20,21,25,42,44, 17 81.83 
49,51 ,52,56,58,59, 
3,5,9, 10,20,21 ,22,25,30,32,3 18 82.33 
3,42,43,44,52,55,59,60 
1,3,5,11 ,20,21 ,30,33,39,40,4 17 82.33 
1,42,44,49,52,55,61 

Table m. Genetically derived input vectors for rainfall 
data. 

Stage 3 
In stage 3, the number of hidden nodes, momentum, 
learning rate, epoch size and initial weights were evolved 
in combination with the input vector. The values of k. = -
0.4 and kb = 0.004 derived from stage I were used in the 
fitness function. 

Percentage correct 

No. of Train Test Validation 
inputs 

Non-Genetic 62 83.2 78.57 81.25 

Genetic I 17 81.76 78.57 81.89 
Genetic 11 18 82.07 78.05 81.33 

Table IV. Non Genetic, Genetic I & Genetic 11 
performance. 

Where: Genetic I = Stage 2 technique 
Genetic 11 = Stage 3 technique 

Results from Table IV demonstrate that evolving neural 
network parameters, architecture and initial starting 
weights together with the input vector (Genetic I) 
achieved a performance similar to the stage 2 technique 
(Genetic 11). The performance on the training data was 
slightly improved, while the performance on the test and 
validation data was slightly down. As the Genetic I 
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technique only evolves the input vector while using a 
heuristically chosen set of parameters and architecture, we 
would noonally expect an improved performance when 
we also evolve the architecture and parameters as in the 
Genetic 11 technique. It appears that this has resulted in 
the network becoming too data specific reducing the 
generalisation capabiiTties of the network. It is possible 
that a reduced emphasis placed on the performance on 
the training data in the fitness of the GA may result in an 
improved performance on the test and validation data. 

Archi lecture Learning Momentum Epoch Initial 
Rate Weights 

18-10-2 0.5 0.8 23 0.17 

Table V . Architecture and parameters of high 
performing neural network. 

The values in Table V demonstrate an example of the 
genetically derived architecture and parameters for a high 
performing network with the rainfall data. The parameters 
derived during the genetic process demonstrated some 
interesting trends. The momentum values evolved were 
in the high end of the range (0.7- 0.9) while the evolved 
learning rates varied between (0.35 - 0.55). The majority 
of hidden layer node numbers varied between 7 and 10 
supporting the initial exploration and choice of the fixed 
architecture for stages 1 and 2. There appeared to be no 
significant trends in the epoch size and initial weights 
evolved. The momentum values derived were consistent 
with the typically high values stated in literature, while 
the learning rates evolved were higher than values quoted 
in literature [19][20][21]. 

4.2 Temperature Data 

Stage 1 

Figure 5 demonstrates the variation in the performance 
with different kA values. The performance of the networks 
increased as the kA value was decreased to -0.8. This 
corresponded to a reduction of the input vector size from 
23 to 8 inputs. As the kA value was increased, the input 
vector size reduced further but there was a drop-off in 
performance. The performance of the non-genetic 
network on the validation data was 89.30%. This 
represented an increase in performance by the genetic 
network of 2.14 % at kA = -0.8. 

Performance of Temperature Data 

92

~-- - l il 90 ,, 
!: 

~=~ 
0 -0.4 -0.8 -L2 -L6 -2 

kA 

Figure 5.% correct versus kA values for temp. validation. 
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Using the results of the RMS Error versus k8 , a value of 
k8 =0.006 was chosen as a good compromise between 
performance and size of the input vector. The RMS error 
of 0.1534 was an improvement of 4.30 % over the non
genetic RMS error of0.1603. 

Stage 2 

Figure 6 demonstrates the average performance of the 
genetically derived networks compared to the non-genetic 
networks. Using the percentage correct fitness with a kA 
value of -0.8, the genetic process demonstrated an 
improved performance of 1.95% on the validation data, 
while the input vector reduced in size from 23 to 8. 

z 
11 .. c; 

o/o Correct of Genetic&: Non-Genetic 
Networks 

92 

90 •Train 
88 !3Test 

u 86, DVaUdation N 
84 

8 23 
No. of Inputs 

Figure 6. Average percentage correct for temp. data. 

Table VI shows the sets of inputs derived using percent 
correct and kA=-0.8 in the fitness function. The 
comparison with the non-genetic result of 87.89% 
demonstrated that reducing the input vector has the 
potential to actually improve the performance of the 
network. The input that appeared in almost all genetically 
derived networks was 21. 

This input corresponds to the reading of the third 
microwave channel which is generally regarded by 
meteorologists as being more significant than microwave 
channel I but of equal significance to channels 2 and 4. 

Selected inputs No. of Inputs %Correct 
Non Genetic (all inputs) 23 87.89 
0 1 3 7 9 20 6 89.69 
45101113151721 8 88.52 
0 1 2 56 11 13 16 21 22 9 89.69 
I 0 11 13 14 17 21 22 7 91.44 

Table VI. Genetically derived input vectors for 
temperature data. 

Stage 3 
Table VII demonstrates that evolving neural network 
parameters, architecture and initial weights together with 
the input vector outperforms the genetic method used in 
stage 2. The validation data gives an accuracy of93.97% 
which has shown an improvement over the Genetic 1 
method by 4.13 %and the non genetic method by 6.56 %. 
It should be noted also that the number of inputs averaged 
approximately 7 which indicates a reduction in input 
vector size of approximately 70% from the original 23 
inputs. 

Percentage Correct 
No. of Train Test Validation 
inputs 

Non-Genetic 23 88.59 86.55 87.41 

Genetic I 8 91.46 91.07 89,84 

Genetic II 7 96.31 94.95 93.97 

Table VII. Non Genetic, Genetic I & Genetic II 
performance. 

Architecture Learning Momentum Epoch Initial 
Rate weights 

9-10-10 0.05 0.4 I 0.09 

Table VIll . Architecture and parameters for high 
performing network. 

The values in Table VIII demonstrate an example of the 
genetically derived architecture and parameters for a high 
performing network with the temperature data (again 
providing support for the choice of the fixed architecture 
for stages 1 and 2). The network parameters evolved in 
the GA process showed that the learning rate was 
consistently evolved as a low value of approximately 0.05 
while the momentum tended to be fairly low with values 
in the range 0.2 to 0.4. The low learning rate is consistent 
with heuristics discussed in the literature, however values 
for momentum of 0.2 to 0.4 are well below the typically 
quoted value of 0.9 in the literature [8][19][22]. The 
epoch, initial weight values and number of hidden nodes 
appeared to show no definite trends. 

5 Conclusion 

The three stage process used in this paper involved 
investigating the trade-off between a neural network's 
performance and reduced input vector size, and combining 
this with a genetic evolution of the network's architecture 
and parameters. The results indicate that the three stage 
genetic process has the potential to significantly reduce 
the input vector size while maintaining the performance 
of the networks. Stage I results demonstrate the 
importance of investigating the trade-off between input 
vector size and performance. In each case the network's 
performance improves as the input vector reduces in size 
until it reaches a certain threshold value. Beyond this 
threshold, the network's performance begins to 
deteriorate. Determination of this threshold, as indicated 
by the k value, is critical for the success of the following 
two stages. Stage 3 results on the rainfall data showed 
that the input vector was genetically reduced from 62 to 
18 while continuing to demonstrate a high level of 
performance. Results on the temperature data 
demonstrated a reduction in input vector size from 23 to 7 
while the network's performance on the validation data 
actually improved by 7.02 % from the non genetic 
method. Future work will involve further investigation of 
these and other aspects of this technique on a number of 
data sets with large input vectors. 
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Abstract - This paper describes an intelligent neural expert system for loading overhead power transmission lines. The 
system is used to evaluate the thermal rating and temperature rise of power transmission lines. An artificial neural 
network (ANN) was trained for the prediction of hourly or instantaneous values of the irradiance dependent on 
astronomic and meteor-climatic conditions. The developed intelligent system can be used to assist operators in loading 
power transmission lines in different operating and weather conditions. 
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1 Introduction 

ln recent years, expert systems, artificial neural networks 
and fuzzy set theory have been successfully applied in 
power systems [1-3]. This paper describes an intelligent 
system developed to aid a power system operator in 
emergency conditions, particularly under overloading of 
power transmission lines. In general, to clear an overload, 
an operator has to solve the following actual problems [4] : 

• identification of the overloaded element and 
determination of the permissible loading time; 

• selection of the necessary remedial actions for clearing 
overloads; 

• execution of the selected actions; 

• permanent condition monitoring of the overloaded 
equipment and, if required, revision and adjustment of 
the remedial actions to be taken. 

The accurate determination of the permissible overloading 
duration allows power system operators greater t1exibility 
in decision making and in choosing suitable remedial 
actions . From an operator's point of view the most 
hazardous overloads are these which occur on the tie 
power transmission lines connecting different subsystems. 
Therefore, it is vital to examine factors setting a limit on 
the loading time of these lines. 

2 Current and Thermal Ratings of 
Overhead Conductors 

The loading capacity of power transmission lines is based 
on the maximum permissible conductor temperature that 
should be maintained within a safety limit. In most cases, 
this value is determined by the conductor ground 

clearance. The loading capacities or thermal ratings of 
power transmission lines are specified in terms of current , 
or MV A at nominal voltage limits. These ratings are 
applied by power system operators for particular system 
loading conditions, typically based on seasonal normal and 
abnormal load levels. The thermal rating can be described 
as a function of conductor temperature, ambient 
temperature, wind velocity, elevation, ground reflection 
and solar radiation [5, 6]. 

In transmission power systems, load currents during and 
following system disturbances may reach values well 
above the steady-state thermal rating of the line. Such 
conditions may be safe for some period of time . This time 
can then be used to perform the generation rescheduling or 
load shedding. Therefore, it is necessary to determine how 
long a conductor can carry an overload without exceeding 
its maximum permissible operating temperature. 

The er loss of the conductor is dissipated in the form of 
heat to the surrounding atmosphere. Under steady state 
conditions of wind velocity, ambient temperature, solar 
radiation and electric current, the following heat-balance 
equation can be applied [7]: 

( 1) 

or 

(2) 

where I is the loading current, (A); qc is the convected 
heat loss, (W/m); qr is the radiated heat loss, (W/m); qs is 
the solar heat gain, (W/m) and r is the ac resistance of 
conductor, (nlm). 

When the conductor current increases, the conductor 
temperature does not rise instantaneously, but increases 
along a curve determined by the current, the properties of 
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the conductor and ambient conditions. The increase in 
resistive heat gain can be Written as an additional heat .6.P 
in the heat balance equation. The additional heat input 
will raise the conductor temperature over time until the 
conductor temperature reaches a new value such that the 
heat balance equation is again satisfied. The heat balance 
equation can be expressed as follows: 

(3) 

Assuming that the time interval, .6.t, is less than I 0 sec, the 
conductor heats adiabatically, absorbing the extra heat .6.P. 
Under such conditions the conductor temperature 
increases by .6.8. The conductor temperature increase can 
be expressed as follows [8]: 

(4) 

or 

1'19 = L\P t-.t I (m·s) = [(F-r + q5 - qc- qr) I (m·s)]·L\t (5) 

where m is the conductor unit weight, (kg/m) and s is the 
specific heat of conductor, (J/kg °C). 

A new conductor temperature can be calculated as 

(6) 

Values of the temperature dependent variables r, qc, qr at 
temperature Snew can now be calculated and used to 
compute t-.9 for the next time interval .6.t. The process is 
continued until the entire rating period has been 
accumulated. The final value can then be compared with 
the maximum permissible operating temperature of the 
conductor. 

3 Development of the Neural 
Expert System 

The neural expert system is used to determine the 
maximum current which a conductor can carry during a 
short period of time following a system disturbance 
without exceeding the maximum permissible operating 
temperature. The ANN component of the system 
developed employs a Generalised Delta Rule network for 
determining the instantaneous solar irradiances [9]. The 
Leonardo expert system shell facilitates interactions with 
the neural networks, the conductor database and the 
external programs. The block .diagram of the neural expert 
system is shown in Figure 1. The inference engine links 
the rules given in the knowledge base and the associated 
condition input by the user with the data given in the 
conductor database in order to solve a problem. The 
knmvledge base is represented by a set of IF-THEN rules 
and consists of 38 rules. 

The conductor database includes all relevant data (i.e. 
conductor diameter, conductor resistance, conductor unit 
weight, specific heat, etc.) for different conductors. The 
data are represented . in the form of a spread sheet. The 
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external programs are written in the C programming 
language. 

I Conductor l Database 

' 1 
I Inference Engine 

I 
I User Interface I 

I Neural Network I 
T 

Knowledge Base 

I If - Then rules I 
I T Expert System Shell _j 

( User ::> 
I External programs I 

Figure 1. Block diagram of the neural expert system for 
loading of power transmission lines. 

These programs are mainly used for computing the 
quantities of heat, adjusting the resistance for temperature 
changes, and manipulating input/output data to the 
knowledge base of the expert system [ 10, 11]. 

The loading capacity of a power transmission line depends 
on the solar heat received by a conductor. The values of 
solar radiation vary over a very large range, and depend 
upon location, season, and local time. Moreover, direct 
solar radiation is determined by the cloud factor and 
atmospheric transmissivity . Therefore, daily or hourly 
values of solar radiation are not constant and different 
thermal ratings of a conductor should be applied for 
different times (month, day and hour). 

According to current practice in Australia, the values of 
1000 Wlm2 and 750 W/m2 for direct solar radiation are 
considered for summer and winter noon conditions. 
However, these values are actually unsuitable for 
determining instantaneous thermal rating of overhead 
conductors because there is a great difference in intensity 
of solar radiation within Australia, for example in Hobart 
and Darwin. In order to determine the real-time values of 
solar heat gained by a conductor, it is necessary to 
calculate the instantaneous hourly values of the direct and 
diffuse radiations for different astronomic and meteor
climatic conditions. To solve this problem, a new method 
which employs the ANN · and regression best-fitting 
techniques is introduced. 

The hourly average solar irradiations on a horizontal 
surface can be predicted in terms of the maximum hourly 
average irradiance, the time of the day and the day length. 
The hourly average solar irradiance, q(r), can be predicted 
at a local time, t, as shown in [ 12]: 

(7) 

(8) 

(9) 
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t0 = (ts + r,.)/2 is the midday time; ts is the sunset time; t,. 
is the sunrise time; td is the length of the day; q0 is the 
maximum hourly value of solar direct/diffuse irradiance on 
a horizontal surface acquired at midday time. 

The regression coefficients A0, A 1 and A2 are determined 
using the calculated va).ues of the hourly average 
irradiation for each month and then a least squares fitting 
technique. 

Figure 2 shows a typical 3-Iayer feed-forward Generalised 
Delta Rule network that is used in the neural expert 
system. The nodes in the input layer receive input signals 
from the input pattern and directly pass the signals to the 
nodes in the next layer. The cloud factor (C) and 
coefficient of ground reflection Albedo (F) are taken as 
the inputs to the neural network. 

Input 
Pattern 

c 

F 

Input 
Layer 

j 

Hidden 
Layer 

Output 
Layer 

Output 
Pattern 

Max ldir 

Max ldiff 

Figure 2. Architecture of the ANN. 

There are two nodes in the output layer which provide the 
normalised values of the maximum direct and diffuse 
irradiation (occurring at midday) of the month. In addition 
to the input and output layers, we need one or more hidden 
layers. The nodes or neurons in the hidden layer take 
signals from the input layer and send their outputs to the 
nodes in the output layer when computations within the 
nodes have been completed. 

For each neuron j in the hidden layer, the neuron output is 
given by 

(\0) 

where Bj is the threshold for the parameter node and B0 

determines the abruptness of the transition. The total input 
signal to a neuronj in layer i, 

(11) 

The training process of the neural· network comprises 
changing weights 'w' and threshold 'B' so that to minimise 
the total system error function defined as follows [ 13] : 

( 12) 

where tk is the desired output of the node in layer k and Ok 

is the actual output. 

The convergence property of the Generalised Delta Rule is 
affected by the number of neurons per hidden layer, 
learning rate and momentum. This study uses one hidden 
layer with four neurons. The network was trained with 12 
training input vectors (for 12 months), each vector 
consisting of 198 neurons. The neurons are arranged in 2 
columns of 99 rows (for 0 ~ C ~ l and 0.1 .s; F .s; 0.9, in 
step 0,1). The components of the weights vectors 
associated with each neuron were randomly initialised 
between- 0.5 and+ 0.5. 

4 Neural Expert System 
Evaluation 

The knowledge system was evaluated against the test 
results of different outdoor test conditions . Figure 3 
shows the temperature - time characteristic for conductor 
19/.116" Copper for a period of 12 minutes in an outdoor 
test (cloudy sky) carried out at the Hydro-Electric 
Corporation of Tasmania (HEC) laboratory. Figure 4 
shows the temperature - time characteristic for Drake 
conductor for a short period of 15 minutes in an outdoor 
test (sunny sky) given in [14]. As can be seen from Figure 
4, the calculated curve closely matches the test curve. It 
indicates that the knowledge system also fits the outdoor 
test adequately. However, there is a small difference 
between the calculated curve and the test curve shown in 
Figure 3 . The test curve inconsistency might be caused by 
the variable conditions of wind speed and ambient 
temperature during the test. 

1 9 /. 11 6" Copper 
31.5,-------------------, 

~ 

~ 

~ 33.5 
0> 
0 
0 

~33.0 

• c 
.2 32.5 
0 
c • a. E 32.o 
• 1-

31.5 

Outdoor test: (cloudy sky) 

wind= 0.75 m/s, elevation= 50 m . 
ambient = 23 'C, emissivity = 0.23 ! 

initial current = 400 A 
initial temp = 31.2 •c 
final current = 550 A 
final temp = 34 ·c 

3t~ .J..o ------.---..---.,----.-----r----tt2 

10 

Time - minutes 

Figure 3. Temperature - time characteristic for 
conductor 19/ 0.116" 
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Figure 4. Temperature - time characteristic for conductor 
Drake (outdoor) 

5 Case Studres 

A 110 kV subsystem of the HEC power system, shown in 
Figure 5, is used to demonstrate an application of the 
neural expert system for the short-time thermal rating 
evaluation of the Palmerston - Norwood transmission line 
for the loading condition following the outage of the 
Palmerston-Trevallyn transmission line during a summer 
day in December. 

44.3 + j13.7 44.3 + j13.7 

Norwood t t Norwood t 81.8 + j25.3 45.3 + j10.4 
(244A) 34.4 + j6.1 (449 A) 

Palmerston Palmersto 
(a) (b) 

Figure 5. The HEC power system: initial (a) and final (b) 
conditions. 

This section includes two parts. In the first part, the effect 
of clouds is neglected by using the default values. of solar 
radiation. In the second part, the calculated values of 
instantaneous hourly solar radiation are used to take into 
account the influence of cloud cover. 

5.1 Default Values of Solar Radiation 

For the conditions described in Figure 6 and default values 
of 1000 w/m2 and .100 w/m2 for the direct and diffuse 
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radiation respectively, the steady state thermal rating of 
. the Palmerston-Norwood transmission line is 302 A. 
Following the outage of the Palmerston-Trevallyn line, the 
current in the Pa1merston - Norwood transmission line 
increases from 244 A to 449 A (149% of the steady state 
thermal rating). As shown in Figure 6, this overload can 
be allowed for only 1.9 minutes. This conclusion 1s 
displayed on the screen as shown in Figure 7. 

Copper 19/0.116", 19 strands 
10

1 \ ___ ___ _ _ _______ ____ , 

E • 
;:: 

'3 

1.9nin 

OJnditions 

wnd = 0.5 m's, elev<mm = 700 m 
erriS!Mty = 0.6, ldr = 93 Wlsq. ft 

mtliert = 25 oc 
initial ClJilert =244A 

iritial terrp = 44.5 oc 
final ourrent = 449 A 

finaltEJTp = 49 oc 

~±,---r---~.,~,-~~----5~00---~--~"' 
350 450 550 

Curr en! - amperes 

Figure 6. Short time ratings for Palmerston - Norwood 
line. 

LEONARDO (c)l986-1990 Creative Logic Ltd. Knowledge Base: CONDUCT 

EXPERT SYSTEM 

for Short-Time Thermal Rating of Transmission Lines 
Conclusion 

Conductor type: 19/ 0.116" Copper 

Operating condition: 

elevation (m): 760 

wind (m/s): 0.5 

Conductor temperature: 

initial ("C): 44.5 

Conductor cunent 

emissivity: 0.6 

ambient ("C): 25 

final ('C): 49 

initial (A): 244 final (A): 449 

Steady state thermal rating (A): 302 

Permissible overload duration (min.): 1.9 

Tvpe any key to see the next screen 

Figure 7. Conclusion screen. 

5.2 Calculated Values of Solar Radiation 
For a steady condition of wind velocity and ambient 
temperature, different steady state thermal ratings can be 
imposed on the Palmerston-Norwood transmission line 
depending on the cloud condition (0 ~ C _$ I). Figure 
8 demonstrates a significant effect of the cloud condition 
on the thermal rating of overhead lines. As shown in 
Table I, it takes only 0.4 minutes for the conductor 
temperature to reach its maximum design temperature at 
49°C (the limit being determined by the conductor ground 
clearance) with a clear-sky condition (C = 0). 
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Figure 8. Temperature - Time characteristic for 
Palmerston - Norwood transmission line. 

Remarks C=O C=0.7 C=l 
Max. design temp. (°C) 49 49 49 
Initial temp. (°C) 47.8 43.8 39.1 
Steady state rating (A) 261 316 368 
Time to reach 49°C (min) 0.4 2.1 4.8 

Table I. Results of the studies for different cloudy 
factor (Albedo= 0.23) 

But for a very cloudy condition (C = 1 ), this overload can 
be held for 4.8 minutes. Figure 9 and Table II show the 
results of the study for different operating times (9:00h, 
12:00h, and 16:00h) at the wind and ambient condition 
described in Figure 8. As can be seen, the lowest values 
of the thermal rating and overload duration should be 
expected at midday (say 12:00 h) when the solar heat 
gained by the conductor is maximum. 

6 Conclusions 

The neural expert system for determination of short-time 
ratings and temperature rise of transmission lines was 
developed. This system combines an expert system and 
artificial neural networks. The expert system is used to 
facilitate interaction between the conductor database, 
external programs and neural networks. The artificial 
neural network employs a 3-layer feed-forward 
Generalised Delta Rule network to determine the 
instantaneous solar irradiance. The network was trained 
with 12 training input vectors, each vector consisting of 
198 neurons. The neurons were arranged in 2 columns of 
99 rows. The components of the weights vectors 
associated with each neuron were randomly initialised 
between -0.5 and +0.5. 

The neural expert system can be successfully used to assist 
system operators in power transmission line loading for 
various operating and weather conditions. It also assists 
the operators to determine the permissible duration for the 
conductor overload. 
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Figure 9. Short-time ratings for Palmerston- Norwood 
transmission line. 

Remarks 9h 12 h 16 h 
Max. design temp. (0 C) 49 49 49 
Initial temp. (°C) 41.2 43.8 39.5 
Steady state rating (A) 346 316 364 
Time to reach 49°C (min) 3.3 2.1 4.5 

Table 11. Results of the studies for different operating 
time (Albedo= 0.23, C = 0.7) 
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Abstract 
This paper offers a novel strategy for evaluating points generated by an automated image registration system. Commonly, 
candidate correspondences are evaluated based upon their mapping precision, which provides a measure for how well 
points fit a surface model; however, overall mapping precision yields no information about the 'goodness' of an individual 
correspondence for representing the same object space entity. Evaluation of the corresponding points is phased here in 
terms of supervised pattern recognition. In this manner, the candidate image-to-image correspondences are evaluated 
directly with respect to their suitability to belong to the set of 'good matches'. It is shown that this evaluation method is 
sufficiently flexible to be incorporated into existing automated image registration systems. 

1 Introduction 
Automated image registration is the process of developing 
a set of corresponding points between two images. Once 
the set of points is created, the image-to-image transfor
mation parameters can be determined to mosaic the images 
into a common coordinate frame. With automated image 
registration, a unique pattern is unknown prior to process
ing £11. Most often, one image is assigned as the map, 
which is defined here as the target image, and the other 
source image, which has an undetermined relative posi
tion, is registered the target image. In conventional photo
grammetric terms the images would be the left and right 
photographs of a stereo model (Figure I) and the process is 
called relative orientation. 

Figure 1: Image Registration Problem: from l2l 

Image registration is required for multisensor fusion, 
change detection, three-dimensional reconstruction and 

object recognition. The technology for automated image 
registration is applied to a variety of disciplines such as 
topographic mapping, environmental monitoring, medical 
diagnosis, motion detection, and robot tracking l3l. Manual 
photographic image-to-image registration techniques have 
existed since before the Second World War and are still in 
use. Manual photographic techniques are precise and ro
bust. Point-to-point registration is performed by an op
erator using specialised equipment. However, this process 
is labour intensive and time consuming even for a small 
number of image-to-image correspondences, between 10 
and 20. With the enormous amount of image data cur
rently being generated, techniques must be developed to 
analyse data in an automated, or semiautomated, fashion to 
minimise processing costs and to prioritise datasets. 

The remainder of this paper is organised in the following 
manner. Section two provides an overview of the current 
processing philosophy for automated image registration 
and identifies those functions that are used within this re
search. Section three identifies the limitations of the cur
rent processing model and offers a solution to minimise 
these problems. Section four reviews the characteristics of 
neural networks and fuzzy logic to support automated im
age registration. Section five outlines how the hybrid 
fuzzy neural networks are applied to minimise mapping 
errors in an autonomous fashion. Section six and seven 
contain the results, discussion, and conclusions. 

2 Current Processing Philosophy 
Currently, there exist six major processing steps for solv
ing the automated image registration problem. These are: 
1) segmenting of the imagery; 2) identifying image fea
tures and extracting characteristic attributes; 3) searching 
the images for candidate correspondences; 4) locally 
evaluating the candidate features; 5) globally evaluating 
the image transformation parameters; and 6) refining the 
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search space. Each step is defined below and the specific 
function used at each stage is identified 141. 

Segmentation is the process of dividing an entire image 
into individual entities or sub-images 151. Segmentation 
reduces the search domain for image features of interest; 
however, it is not by itself a method for identifying them. 
The features of interest are identified within the individual 
image segments. The segmentation process determines the 
maximum number of points available for matching. Seg
mentation is performed to extract regions or the boundaries 
between them. 

For this research, the images were segmented using area 
segmentation. Area segmentation is extremely fast. The 
images were divided into rectangular local windows. The 
size of the windows determines the number of available 
points generating correspondences. 

Feature extraction is performed to identify and character
ise features of interest from the image segments 161. The 
goal is to produce noise tolerant, low dimensional, and 
robust attribute vectors that uniquely characterise physical 
entities. Attributes are extracted either directly from the 
raw pixels or transformed image data such as edge infor
mation. The extracted attributes are the inputs for the local 
evaluation stage between the corresponding source and 
target image features. Regardless of the attributes selected, 
the data structures of the inputs and outputs remain the 
same. 

A 

Figure 2: Search (A) and Roving (B) Windows within 
Image 

An interest operator was used here for feature extraction. 
Within each segmented window, a smaller roving window 
was created. The roving window defines a neighbourhood. 
The roving window scan each segmented window for fea
ture attributes (Figure 2). The position where the highest 
value of the interest operator occurs is defined as the inter
est point. The pixels in the neighbourhood of the interest 
point are used as the attributes for local evaluation. The 
Moravec 171 interest operator was used. A threshold was 
incorporated in this system to avoid areas of low contrast 
and low spatial frequencies. 

Searc/1 strategy is the method for developing correspon
dences between the source and target images 141. The two 
most common search strategies are local, which was used 
here, and global searching. For the local search, the source 
image is segmented then search window is defined on the 
target image using an estimate of the transformation pa
rameters. The other method of searching is to extract fea-
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tures of interest from both the source and target images 
independently. In this case, all possible combinations of 
candidate correspondences exist to some degree. For the 
latter, fewer features of interest are extracted with more 
attributes computed per feature of interest. 

Once the search strategy has identified corresponding fea
ture vectors, local evaluation determines their suitability 
for the point to join the set of 'good matches' [81. Local 
evaluation is performed to determine the similarity be
tween the source and target image features of interest. For 
most automated image registration systems, local evalua
tion is performed with deterministic model-based func
tions. As each candidate pair is only one example, there is 
insufficient information to compute a large number of co
efficients to define an individually unique acceptance re
gion in the feature space. For this work, local evaluation 
was performed by the statistical cross correlation coeffi
cient. 

Global evaluation assesses the set of 'good matches' [9J. 

For most global evaluation techniques, the image-to-image 
transformation parameters are evaluated for spatial integ
rity rather than the individual correspondence's member
ship to the set of 'good matches'. For mapping precision, 
those correspondences that fall outside some spatial 
threshold based upon these model parameters are elimi
nated. This global constraint yields no information about 
quality of the points. This research assessed the suitability 
for fuzzy neural networks to globally evaluate the set of 
'good matches'. At this stage, the novel approach to 
evaluate the set of'good matches' is applied. 

Because image features of interest are selected in an 
autonomous fashion, the confidence in solution is devel
oped through model refinement. The refinement strategy 
is the method of improving the estimates of the image-to
image transformation parameters [IOJ. Most refinement 
strategies can be divided into two basic methods and are 
directly related to the functions chosen for the search strat
egy. The first method is to assume that the corresponding 
point position is fixed and those points that fall outside a 
given tolerance threshold are eliminated. The other strat
egy is to assume that correspondences are fixed and the 
positional parameters among the correspondences may be 
adjusted. 

Figure 3: Coarse-to-Fine Refinement (Pyramid Structure) 

A coarse-to-fine, or pyramid, refinement structure has been 
used extensively in area and feature matching and applied 
here 131. With the pyramid structure, the spatial resolution 
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is reduced at each level of the pyramid. At the highest 
level, the coarsest resolution (Figure 3), the initial match
ing is performed. For this case, the coarsest resolution 
constrains the matching problem in two ways. First, the 
largest or most general brightness changes are described in 
this image; so, the image noise is minimised, which in turn 
limits the resolved disparity. Second, the matching area is 
a fraction the size of the initial images. At this level, the 
fewest number of pixels require matches. To provide an 
initial estimate of the transformation parameters, the 
matching is the least constrained and boils down to a clas
sification problem. At the lower pyramid levels, the trans
formation parameters constrain the search area. The trans
formation parameters are refmed with increased resolution 
at each level, which improves the location of the object 
space elements. Redundancy insures robust solutions. 
Again, the transformation parameters only estimate some 
model of the object space surface and not how well the 
corresponding points relate to each other. 

Figure 4: Intermediate aerial images (pyramid) 

The system has a number of parameters, which are tune
able to generate the densest point matrix with the fewest 
errors. These are: 1) the size of the search window. The 
search window is applied to both the source and to target 
image to determine the maximum number of points avail
able; 2) the size of the roving window. The roving win
dow also determines the number of attributes for the cross 
correlation coefficient [91; and 3) the local and global 
evaluation thresholds. 

3 Limitations and Solutions for 
Automated Image Registration 
and Gross Errors 

3.1 Limitations 
According to 111 1, a successful automated image registra
tion system should have the following characteristics; 
faster than manual relative orientation, generate a denser 
matrix of correspondence points, provide equal or higher 
mapping precision, and be invariant to application. The 
registration problem is constrained by several attributes. 

These are 1) that for each source image point, a single cor
respondence exists on the target image; 2) that objects may 
only occupy a single position at any point in time 1121; and 
3) for many systems, the object space is continuous and 
smooth 111. 1 

Area segmentation is likely to generate ambiguous image 
regions, which have low spatial frequency. For example, 
the cross correlation coefficient from sections of two blank 
pieces of paper is high; however, the confidence of the 
positional accuracy is quite low 1151. Choosing the subi
mage size has some interesting implications. The goal is 
to choose a window large enough to have a stabilising ef
fect but small enough to accurately render the object 1161. 
For this system, the search area parameters were selected 
and reviewed for precision in an iterative manner. 

Figure 5 Ambiguous Points: 1) Edge ambiguity along the 
edges of the walls (white arrow); and 2) Area ambiguity 

within the ceiling and right walls (black arrow). 

Gross errors are defined as ambiguous points and false 
matches. Traditionally these areas are avoided by setting a 
large threshold during the feature extraction stage. Large 
thresholds do not take into account all types of spatial am
biguity. Specifically, points acquired along a linear edge 
generally have high values for most high frequency attrib
utes; however, the position of a point along the edge is 
ambiguous (Figure 5). Empirically, ambiguous edge 
points can be determined by finding places with high at
tribute values and a nearly perfect similarity. Ambiguous 
homogeneous areas have low attribute values with nearly 
perfect similarities. 

1 Some registration algorithms allow for a discontinuous object 
space but required multiple local transformations 1131 or require 
elaborate photogrammetric techniques 1141. 
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Figure 6: False Matches with Figure 5 can be seen at the 
square on the extreme right wall. In Figure 5, the false 

match points found are on the left side of the square, here 
they are on the right (black arrow). 

False matches (Figure 6) occur when the individual image 
feature measures exceed a given threshold to merit being a 
feature of interest. Also with false matches, the similarity 
between the two corresponding features falls within a 
given tolerance. Unlike ambiguous matches, false matches 
have similarities that are considerably less than optimum. 

3.2 New Processing Philosophy 
To overcome these limitations, a new global evaluation 
technique should to be applied to the set of candidate 
matches. This new evaluation technique identifies gross 
errors; thus reducing the local evaluation threshold to 
search for the existence of features of interest rather than 
their magnitude [171. 

With the majority of the automated image registration 
systems, the candidate correspondences are generated us
ing a relatively simple deterministic model that is spatially 
constrained. There are obvious advantages to the current 
processing techniques. They are computationally efficient, 
as only a single measure of similarity is computed. Con
ceptually, this processing paradigm is faulty. The analyst 
requires measures that the candidate correspondences do in 
fact represent the same feature. The current global evalua
tion techniques only provide the analyst information that 
the points chosen in space produce transformation pa
rameters in a similar manner as other candidate correspon
dences within some tolerance threshold. 

I suggest that an additional global evaluation stage be in
corporated into the current processing chain. The new 
global evaluation stage assesses points based upon their 
suitability to belong to the set of 'good matches'. The ad
vantages are that this evaluation stage could be added into 
most automated registration systems independent of the 
processing philosophy. The additional evaluation stage 
adds a data integrity check, an external evaluation for the 
data suitability and direct measures the suitability of the 
data as a match. 
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4 A Suitable Correspondence 
Evaluation Function 

The automated image registration problem requires that the 
discriminant functions be developed quickly. Due to its 
automated nature, the selected pattern recognition algo
rithm must be unlikely to fall into a local minimum. For 
each candidate pair, the system has already extracted at
tributes from the source and target image areas and the 
similarity measure between them. 

Automated image registration extracts data without a 
known confidence that the candidate image feature belongs 
to the set of 'good matches'. The set of 'good matches' 
has an unknown distribution that varies with the selection 
of attributes and image quality. The set has a variable 
number of examples. As such stochastic rather than de
terministic algorithms are reviewed. 

4.1 Neural Networks 
As a universal approximator, neural networks are capable 
of learning any function to a given accuracy over a limited 
decision space P81. Supervised training tunes the net
work's weights. After initialisation to small random val
ues, these connection weights generate unique mappings 
between inputs and desired outputs [191. Neural networks 
are not constrained by different magnitude ranges for at
tribute data. 

As the name implies, neural networks are composed of a 
large number of simple computational units. Each com
putational unit responds to stimuli. The response is char
acterised by 3 factors: 1) its method of operating on multi
ple stimuli; 2) minimum threshold; and 3) activation func
tion for responding to the stimuli. As a network, these 
simple processing units essentially perform a steepest de~ 
scent minimisation [201. 

With the feed-forward architecture used here, input attrib
utes are passed through the hidden layer(si to the output 
classes. The generalised delta rule [21) is applied where 
difference between the calculated response and the target 
response is computed. Then, the network weights are ad
justed by propagating backwards from the output to the 
input layer minimising the error at each stage. Hence, this 
algorithm is called feed-forward backpropagation. The 
number of input and output nodes is determined by the 
application. The analyst chooses the number of hidden 
nodes prior to processing (Figure 7). 3 

2 Figure 7 and Figure 14 only show a single hidden layer; how
ever, architectures with two or more hidden layers have been 
successfully implemented. Also, these networks have a single 
output, but networks with multiple outputs are common. 
3 The number of hidden nodes roughly equates to the order of the 
polynomial function if a least-squares analysis was applied. 
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Figure 7: Neural Networks 

The real power of this process comes from the non-linear 
response of the individual computational units, nodes 
(Figure 8). Typically, the Euclidean dot product between 
the input signal and the node weight is used to amalgamate 
the multiple inputs [221, i.e. a weighted average of all the 
incident impulses and the current energy of the node. The 
bias is required in the numerical sense to determine the 
offset to the hyperplane defined by the target discriminant 
function. 

Bias 

Y y = .r(~ W;X; +bias) 
i-0 

Figure 8: Integration function at an individual node. 
From 1191 

Once the value of the node's response to the integrated 
signal is determined, its activation is calculated. The acti
vation determines 1) if the node should fire provided some 
minimum threshold has been reached; 2) the magnitude of 
the firing; and 3) the sign, or direction, of firing. The most 
common activation function is the sigmoidal function 
shown in Figure 9. The sigmoid is a very smooth continu
ous timction that is always increasing. Mathematically. 
these qualities make it quite usefull231. 

F() 1 
x =l+e"" 

-1 

Figure 9: Sigmoid activation function. From 1191 

Each labelled training example estimates the output func
tion with some degree of precision. The effect that each 
individual training example has on the network weights is 
tempered by sample confidence. The learning rate con
strains the network's stability I plasticity dilemma 1231. 
Likewise, the momentum from previous updates is incor
porated into the current updating for the specific nodes 
(Figure 10). The most common error functions arc gradi
ents where the slope of the error surface is determined. 
The downhill direction and magnitude arc calculated. 
Therefore, the higher the momentum, the fimction be
comes less sensitive to the local minima in the error sur
face. The lower the learning rate. the less sensitive the 
function is to any individual training event. Values for 
learning rate and momentum are chosen empirically be
tween 0 and 1 . 

TJ == learning rate a = momentum 8 = error tcnn 

Figure 10: Updating network weight formula 

Unlike statistical algorithms. neural networks arc sensitive 
to overtitting. Several techniques have been applied to 
minimise the ovcrtitting problem by setting a threshold to 
the connection weights, dynamically adding or pruning the 
number of hidden nodes 124 1, and iteratively testing the 
system with independent data 125 1. Other experiments have 
been pcrfom1ed to minimise the computational burden by 
optimising the learning rate and momcntun1 1261 and using 
optimised training set 1271. 

4.2 Fuzzy Logic 
Fuzzy logic is not a connectionist approach nor does it 
operate in an inductive manner. Fuzzy logic is a method 
of processing imprecise data and/or make decisions in un
certain environments. Fuzzy logic is represented by fuzzy 
rules in the form of predicate logic. In predicate logic. 
individual labelled input vectors do not exist; rather, the 
relationship among fuzzy acceptance regions in the feature 
space are pointers to approximate outputs in the form of IF 
I THEN statements (Figure 11 ). Unlike formal predicate 
logic where the proposition or antecedent is either true or 
false , fuzzy logic may have any value in the continuous 
domain (false. true) including crisp nominal and numeric 
values 128 1. 
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Figure 11: Fuzzy Membership Functions 
Note: 5 input memberships functions; vl =very low, l = 

low, m =medium, h =high, and vh =very high. 

As with the other pattern recognition algorithms, fuzzy 
inferences are applied to the example's attribute vector for 
labelling l29l. For large systems, multiple rules with multi
ple antecedents are possible. These may be arranged by 
weighting the rules. To obtain a crisp output, the fuzzy 
output is defuzzified. There are several techniques for 
amalgamation and defuzzification of fuzzy values based 
upon the areas contained under their component member
ship functions (Figure 12 and Figure 13). 

m 

B= :Lw1 B~ 
} =I 

B = output from the whole rule base 
B 1 =output from rule j 

w 1 =degree of uncertainty of rule .i 

Figure 12: Fuzzy Rule Amalgamation or Defuzzification 

Fuzzy rules are unlike the other algorithms since the rela
tionships between input and output nodes are created by 
expert opinion l301. Expert opinion is subjective. The gen
eration ofthe rules is time consuming. The generated rules 
separate output classes by developing boundary surfaces. 
The locations of these boundary surfaces vary with the 
selected output labels. As such, fuzzy rules are not gener
ated for a given output label but the boundary between 
acceptance regions. So, fuzzy rules require a large amount 
direct operator intervention for each application. Together 
with the fact that the exact relationships between inputs 
and outputs is unknown for most pattern recognition exer
cises, limits the use of fuzzy rules and inferences. 

r···························· ............................................ : 
: i 
1 If A then B __..... B', .....:::• 1 

X,>A~ lfA lhenB __..... B',w~~ i 
. IfA tb B ~0~B (Defu:r.zilicatio ....... yJ 

I hfA.:.:B =::~w/ I 
~ ....................................................................... .i 

Figure 13: Fuzzy System Architecture [311 

4.3 Fuzzy Neural Networks 
Since the goal is to develop an automated measure of the 
'goodness' of an individual candidate correspondence, 
hybrid fuzzy neural networks were used. Fuzzy neural 
networks an1algamate fuzzy logic's ability to process ap-
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proximate reasoning, low computational burden and 
~daptabili~y with neural network's generalisation c~abili
tles, learrung from examples, and robustness to noise. Ide
ally, fuzzy neural networks minimise the possibility of 
~ailing into a local minimum due to fuzzy logic's capabil
Ity to search a large portion of the feature space and mini
mise the number of iterations required. 

Neural networks have the capability to model imprecise 
data and ill-defined processes; however, they can not by 
themselves model uncertainties and qualitative language 
[J21. Collectively, the advantages minimise fuzzy logic' s 
requirements for subjective expert knowledge and neural 
networks high computational burden during its search for 
an optimal solution. Hybrid fuzzy neural networks in
crease the non-linearity among inputs and outputs. In 
many cases, they train faster, generalise better, and provide 
a higher mapping precision than conventional neural net
works [291. Because of these strengths, fuzzy neural net
works were chosen as the additional global evaluation 
function. 

Real values 
input 
layer 

Condition 
{Fuzzification) 

layer 
Bias 

Rule Action Real values 
(Hidden) (Defuzzification) outpUt 

layer layer layer 
Bias 

Figure 14: Hybrid Fuzzy Neural Networks 

Fuzzy neural networks mainly differ in their operating 
parameters, these are summarised by [291 based upon the 
type of fuzzy rules implemented, type of inference method 
implemented, and the mode of operation. A diagram of 
the fuzzy neural network used here is given in Figure 14. 
This algorithm was developed at the University of Otago 
and is called FuNN. The input layer represents crisp input 
attributes at each node. The condition layer is a fuzzy 
predicate, which is this case has been fuzzified using the 
standard triangular membership functions. The activation 
to each of these nodes represents a membership degree .. 
The rule layer consists of either encoded expert opinion or 
an anticipated rule acquired during training. The strength 
of the FuNN is the ability to encode and extract rules that 
the network has learned. The strength of the rule is a 
function of the total domain knowledge and can be evalu
ated after training in context to its significance. The action 
layer represents the fuzzy memberships for the output la
bels. The fuzzy labels at the action layer are defuzzified at 
the output layer. 
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5 Application of Fuzzy Neural 
Networks to Automated Image 
Registration 

For this application an additional supervised approach is 
developed autonomously. The training data is generated 
from the set of candidate correspondences after the local 
evaluation stage. The output labels are 'good matches' and 
'gross errors' (defined below). After the global evaluation 
stage, the points are suitable for estimating the image-to
image transformation parameters. 

The fuzzy neural networks were trained by synthetic data. 
The training data consisted of two parts. To generate the 
acceptance region, the source image points were mapped 
onto itself with an added noise parameter. The rejection 
region was generated by mapping the source image points 
onto other source image points. These techniques insured 
that the characteristics of similar and different points were 
learned based upon actual image data. Additionally, the 
entire range of images was evaluated independently and 
autonomously. The evaluation data was the candidate cor
respondences between the source and target images. The 

Name Number of Candidates 
Candidates RMS (pixels) 

Aerial 1083 0.519 
Hallway 179 8.938 

Hallway - Gaussian 156 15.821 
NoiseRMS= I 

Hallway - Gaussian 297 0.692 
Noise RMS = 10 

Hallway- Gaussian 259 0.714 
Noise RMS = 100 

generated discriminant function provided individual mem
bership degrees for each candidate. The two attributes 
were the difference between the source and target image 
area's Moravec values and the cross correlation coefficient 
between them. 

All of the images were single-band, 8-bit, grey-level data. 
Five different datasets were derived from two image pairs; 
aerial and hallway. The aerial images were a scanned aer
ial photogrammetric stereopair with 60% overlap. The 
object space was smooth and continuous (Figure 4). The 
hallway scene was donated by the University of Bonn and 
contained repetitive image features and some minor dis
continuities (Figure 5 and Figure 6). The hallway scene 
was degraded with Gaussian noise using 1, 10, and 100 
digital number for the noise variance. 

6 Results and Discussion 
Table I shows the change in the source-to-target mapping 
precision before and after the hybrid fuzzy neural network 
evaluation. The RMS error is presented for relative com
parison before and after the 'goodness' evaluation for 
comparison. 

Total Points FinalRMS Comments 
(pixels) 

1033 0.518 . 
140 5.536 Few candidates 
124 1.074 Minor Noise Addi-

tion 
249 0.735 Noise Exceeds 

Threshold 
226 0.738 Low Spatial Fre-

quency Ambiguities 

Table I: Relative Precision Before and After Gross Error Detection 

The evaluation stage passed a dense matrix of points 
throughout the overlap area, ensuring that the generated 
transformation parameters would represent the entire 
overlap area. In each dataset, the system identified and 
removed most gross errors. The remaining gross errors 
were mainly due to occluded features or discontinuous 
locations in the object space. Differences in complexity 
reduced point density. In the noise induced hallway im
ages, the noise exceeded the fixed threshold. Correspon
dences were generated in ambiguous areas. Future sys
tems must develop a dynamic threshold to noise. 

The system parameters varied both among applications and 
at different pyramid levels. Slight changes in these pa
rameters provided substantial changes in the density of the 
correspondence matrix. The size of the roving and search 
windows varied from 3 and 5 pixels to 12 and 16 pixels 
respectively. A wide range of values was reviewed for 
each dataset. 

The new global evaluation function allows the analyst to 
set lower thresholds for the feature extraction and target 
identification stage. As expected, the lower threshold in
creased the number of candidate correspondences. The 
additional candidate correspondences increased the train-

ing set size for the fuzzy neural networks that globally 
evaluated the set of 'good matches'. However, the larger 
training set improved the network's ability to discriminate 
gross errors from good matches. 

7 Conclusions 
This system has shown how the interaction between design 
requirements and system attributes will produce a fast effi
cient automated image analysis system. The limitations of 
the system were tested based upon the design assumptions. 
Future work will focus on the generation of fuzzy infer
ences to speed the matching process. Also, the current 
matching process was in the source-to-target direction 
only. In the future, a reverse direction check will be ap
plied to improve the correspondence point density. 
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Abstract: The parallel features of Neural Networks (NN) are well-known, but are not used to full 
advantage. This paper shows how we can use these features, translating them into fine, medium and 
coarse grain parallelism, that is portable on a parallel environment. We will discuss the structure 
and projection of a NN on a generalized scalable shared memory multiprocessing system (SSMM) and 
in a parallel virtual machine (PVM) environment. We also present a low level tool for NN, based 
on class structure, that makes use of UNIX system share-time parallel tools, in order to create a 
parallel working NN. In this case we show how a parallel implementation of aNN is possible even 
if the hardware is a non-parallel machine and how, by simply using parallelism and Unix shared 
mechanisms, we obtain a speed increase during the convergence process. 
We use a few example cases for implementation and tests, starting with classical Artificial Intelligence 
problems to real-life applications, like signal filtering and stock exchange prediction. 

1 Introduction 

Although the training of NN s is very time
consuming, at present most of the NN appli
cations are written as sequential programs 
on sequential machines. This is mostly due 
to the costs of parallel hardware and to the 
specific nature of existing NN chips, that re
quire a certain type of network architecture. 
It is also due to the degree of specialization 
of the NN experts, who are mostly concerned 
with training algorithm optimizations (see, 
e.g., [17]) and do not sufficiently consider 
what the hardware, as parallel machines, or 
a PVM environment, can offer. Still, the hu
man brain, which has about 1011 neurons, 
each with about 103 - 104 connections, is 
based on massive parallelism, and so the par
allel solution is a natural trend for NNs. 

Furthermore, being restricted by the hard
ware doesn't have to mean to be restricted 
in the software design, and the very popular 
UNIX system is an ideal environment for the 
development of a flexible and parallel tool, 
in the sense of parallelism given by the time
sharing mechanism. 

In tllis paper we will show how the par
allel features of a NN can be exploited in or-

der to increase both speed and flexibility of 
the resulting net. Such a system is especially 
useful for on-line applications, where the re
action speed of the system and its flexibility 
play a great role. 

The simulations are performed for two 
classical example problems, the N queens 
problem and the N colour map problem, and 
two real-life problems, the filtering problem 
and stock exchange forecasting. We compared 
the NNs' training results with and without 
parallel features and showed that, by using 
parallelism, we can produce a speed increase 
even in the case of a Unix simulation. We 
also explain why this speed increase occurs. 

The paper is structured as follows: first 
we review efforts made in the field of par
allelism by other researchers and the cur
rent trends. Then we present a target par
allel environment for the NN, and the map
ping of the NN over this environment (sec
tion 2). We will also consider the modifica
tions in communication that such an envi
ronment will induce, in section 3. In section 
4 we will discuss a similar mapping for the 
PVM environment, and the deviation from 
the initial model, as well as communication 
problems and network delays. Next we will 
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describe a simulation mapping of NN par
allelism on the Unix environment (section 
5). Section 6 briefly describes the consid
ered applications. Finally, in section 7 we 
will present the results and comments and 
then we will draw some conclusions. 

2 Parallelization 

Although, as mentioned above, a large part 
of the NN commm1ity is mainly concerned 
with algorithmic improvements of NNs (see, 
e.g., [1], [3]), some researchers are working on 
enhancing NNs' performance by using paral
lelization (e.g., [4], [7), [11 ), [22)). The ap
proaches used are: special purpose hardware, 
mapping of NNs on regular topology com
puters or mapping NNs on general purpose 
parallel computers([22)). 

Depending on the approach used for par
allelization the parallel features exploited are 
different. Many authors consider it to be use
ful to collect the parallel features of NNs and 
exploit them on general purpose parallel ma
chines, as well as to construct user-friendly 
interfaces ([14]). In tllis way, researchers can 
smoothly transfer from sequential machines 
to optimized parallel systems. 

Among specialists, the belief is gradu
ally being established that a combined par
allelism of several features is to be preferred, 
especially when dealing with large size prob
lems ([18], [23)). Some authors find as much 
as six levels of parallelism that can be ex
ploited for NNs ([20]): training session, train
ing example, layer level, neuron level, weight 
level and instruction level pamllelism. 'frain
ing session and example parallelism are based 
on the parallel feeding of input data (and cor
responding outputs), either in batch mode, 
or in a one-by-one fashion ( [17], [20)), but 
are not characteristic for the inten1al par
allelism of the NN. The weight level paral
lelism is interesting, as it reflects the paral
lelization of synapses of the brain and the 
possible delays within these connections. If 
we presume that these information transfers 
occur instantly, we are left with three types 
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of parallelism, will eh we will consider further 
on. 

h1 the following, we will introduce a par
allelization method based on a combination 
of the mentioned three types of parallelism, 
also referred to as fine, mediwn and coarse 
grain parallelism. Such an integrated paral
lelization, which is our final goal, is a current 
trend ([21)). First, we give a target parallel 
system on which parallelism can be optimally 
exploited for our NN. Then, we present the 
method for each grain parallelism. Further
more, we explain a simpler but still effective 
parallelization scheme on a PVM environ
ment by workstation clusters. 

We started by collecting common features 
of NN s, and developed a tool that incorpo
rates them, as follows: we built classes of 
neurons, with their weights, connections, in
ternal and external activation function and 
output values. Since these kind of features 
were implemented in approximately similar 
ways by other authors(see, e.g., [7], [11]), we 
will not go into further details here. 

2.1 Parallel System Environment 

To parallelize our NN efficiently, the newest 
parallel computer architecture should be as
sumed. A scalable shared memory multipro
cessing (SSMM ) system ( fig.1) can be a. 
good example for the best parallelization of 
our NN. 

As the name says, SSMM is a shared mem
ory parallel computer with a hierarchical con
figuration to be scaled. The SSMM architec
ture is found in [9] or [15), for example. 

h1 our example architecture shown in fig.1, 
the system consists of N processor clusters 
and a global memory system com1ected by 
a global network. Each processor cluster is 
constructed by n processors and a local mem
ory system connected by a local network. 
The global network should be an intercon
nection network while the local network can 
be a simple bus network. 

Each processor of the system can access 
any part of the global memory while the local 
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Figure 1: Example of Scalable Shared Memory Parallel Computer 

memory can be accessed by the processors 
which are in the same processor cluster. We 
also assume each processor is a SuperScalar 
ruse processor with m function units. 

2.2 Multi-Grain Parallelization 

Here we detail the three levels of parallelism 
for our NN from the viewpoint of granular
ity. The coarse level can be viewed as a layer 
oriented parallelism in a pipelining fashion. 
The middle level is neuron parallelism which 
takes advantage of the fact that each neuron 
in the same layer can be calculated indepen
dently. The fine level, synapse level paral
lelism, is based on the computational char
acteristics of NNs: dot product. 

The coarse grain parallelism can be pro
cessed at processor clusters and global mem
ory level on the global network of the exam
ple architecture: each processor cluster cor
responds to one layer of our NN. The mid
dle level is suitable for processors and local 
memory: each processor does the indepen
dent calculation of each neuron. The fine 
level can be represented as Instruction Level 
Parallelism (ILP) which makes an efficient 
use of function units on the SuperScalar Pro
cessor. 

2.3 Layer Level ( coarse ) Paral
lelism 

Layer level parallelism implies a dimension 
N for the exploited parallelism, where N is 

the number oflayers in aNN. We will hereby 
show the construction of such a parallel struc
ture. 

We define an elementary block NN, con
sisting of 1 input and 1 output layer. When 
a new layer is needed, we will simply add 
a fully independent NN. This fact allows a 
separate processing of the two weight-sets, 
as well as a flexible design of the net. The 
deletion or addition of a new layer doesn't 
influence the computations done by the pre
ceding or following layers, so that the calcu
lus is transparent. 

This idea is valuable from the construc
tional point of view, for generating, even with 
the simplest trial-and-error technique, differ
ent networks for different types of problems. 
The same algorithm can be applied on vari
ous nets during the net construction proce
dure. 

2.4 Neuron Level ( medium) Par
allelism 

The exploited parallelism here is of dimen
sion n, where ni = ki * n, ni - the number of 
neurons in layer i aJ.ld ki - is a coefficient. By 
defining a neuron class, a neuron becomes an 
independent item. In order to really function 
without any influences from other neurons in 
the same layer, some hardware support is re
quired. The ideal working conditions are the 
following: 
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• in a layer, all neurons are executed in 
parallel 

• each neuron has a processor allocated 

This hypothesis permits us to make the 
preliminary observation that we don't need 
more processors working at one time, than 
there are neurons in a layer. 

In a layer, weights are local but the in
puts can be shared by all neurons in the same 
layer. Comparing the amount of time for 
communication of the input with the overall 
calculation time of each neuron, the sharing 
overhead should be reasonably low. There
fore, the neuron level parallelism requires a 
shared memory mechanism of low memory 
latency. 

In the example SSMM architecture shown 
in fig.1, the shared memory mechanism can 
be achieved at individual processor clusters: 
each processor in the same processor cluster 
takes care of ki neurons, and the input to the 
layer i is shared by all the processors in the 
same processor cluster through shared local 
memory. 

2.5 Instruction Level ( synapse, fine) 
Parallelism 

Here, the dimension of exploited parallelism 
is m, considering m as the number of existing 
scalar units. 

Usage of parallelism on Super Scalar 
ruse processors: 

We assume that the processor element of 
the parallel computer is a Super Scalar RISC 
processor. Here, we can exploit ILP as well 
as layer oriented parallelism and communi
cation-computation overlap. 

sl s:l s:f 
j:Jutterl: Cm(i-l,i) (1) Cp(i) (1) Cm(i,i+l) 

Buffer2: Cm(l-l,i) (2) Cp(i) 

Bufferl: Cm(i-l,i) 

Buffer2: 

Table 1: 2- buffermg parallel optimization 
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Since the calculation in each layer is dom
inated by dot products, it is very easy to ap
ply software pipelining techniques to make 
full use of several scalar units of the Super 
Scalar RISC processors. 

. Example optimization for pipelined 
processor clusters: 

Let's consider the following paralleliza
tion optimization, for the NN: h1put, NN 1, 
NN 2, ... , NN N, Output (aN-layered NN). 
The parallel computer is made of N proces
sors connected. by a network (shared/ distri
buted memory .type). Let the communica
tion latency between Processor i and j be 
Cm(i, j). Let the computational time of NN 
i be Cp(i). The following technique is valid 
if Cp(i) ~ Cm(i,j). In processor i, the ba
sic procedure order is: Cm(i- 1, i), Cp(i), 
Cm(i, i + 1). Here, by using "double buffer
ing" and asynchronous communications the 

. ' 
resulting optimization is as follows. 

In the initial state (s1), there is no over
lapping, just reading data 1 from processor 
i - 1. In s2, the computation of data 1 and 
the reading of data 2 from processor i - 1 
are overlapped. In s3, the writing of data 1 
to processor i + 1, the computation of data 
2, and the reading ofdata 3 from processor 
i-1 are overlapped. We obtain a (read/ com
pute/ write overlap) parallelism of dimen
sion three. Therefore, together with the N 
(pipelined) parallelism ( N -layer), the total 
parallelism is 3 * N. For such a paralleliza
tion to work the number of required commu
nication ports is greater than 1. Namely, this 
method is not valid for, e.g., a bus netw~rk. 

This combination of coarse ( layer), me
dium (communication/ computation overiap) 
and fine (ILP) grain parallelism achieves the 

s4 S ;) so 
(1) 

(21 Cm(i,i+l) (2) 

(3) Cp(i) m Cm(i,i+l) (3) 

Cm(i-1 i) (4) Cp(i ) (4) Cm (i,i+l ) (4) 
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ma.ximmn performance. 
The overall parallelism is: 3 * N * n * m. 

3 Communication 

As could be seen, the multi-grain paralleliza
tion has, different communication character
istics for each level. Synapse level requires 
intra-processor, namely inter-function units 
of the superscalar processor communication. 
This is achieved by using register files in the 
processor. Neuron level requires inter-pro
cessor communication in the same processor 
cluster. In this case, the local shared mem
ory must be used. The layer level requires 
inter-processor cluster communication. This 
is possible by using global shared memory 
in the example architecture. It can also be 
implemented by sending messages in loosely 
coupled parallel computers such as worksta
tion clusters or the PVM environment (see 
4). In general, the amount of communication 
and required computation must be carefully 
considered to achieve the maximum perfor
mance. 

4 PVM mapping 

In a PVM environment, one of the main prob
lems is the communication, in respect of com
munication delays, as PVM can function as a 
message passing parallel computer. A busy 
network and a free network cannot be ex
pected to perform in a similar way. 

The PVM environment has no shared me
mory. A shared memory can be simulated, 
but if it is actually based on message passing, 
delays are unavoidable. An alternative solu
tion is making a copy of the available data 
locally, on each processor (computer) in the 
PVM net. 

The problem that appears here is that in 
this case only batch processing can be taken 
into consideration, as iterative data reloads 
lead finally to the same communication over
load. There has to be a fine tuning between 
the speed gain from the parallelization, and 

the slower convergence rate that is obtained 
due to the batch processing (see [17]). 

Neurons can be easily divided among pro
cessors in the PVM environment, in the same 
way as described in 5.2 for simulated UNIX 
processors. An alternative to that is weight 
division among processors, as in weight level 
parallelism (see 2). 

ILP parallelism can be introduced during 
the broadcasting of actualized information, 
by parallelization of broadcasts and internal 
computations. 

Another type of parallelization that is ex
tremely suitable for the PVM environment is 
the training example ( and the related layer 
level - ) parallelism or the training session 
parallelism. Different sessions or input ex
amples can be activated easily on different 
machines to reduce the learning time, and 
then results can be shared and weights actu
alized accordingly. 

5 Unix simulation mapping 

5.1 Software parallelism 

In Unix there is no real parallelism but only a 
time-share mechanism. This taken into con
sideration, the following parallelization sim
ulation was performed. 

For layer design, a layer class was con
structed. The fields of the class are: type of 
the contained neurons, a list of neurons be
longing to the layer and their number. We 
use a type for the neurons, in order to allow 
a neuron to perform different types of com
putation, beside the classical weighted addi
tion. This is an extended concept of neuron, 
viewed as an elementary processor, that can 
perform only one simple operation. 

After defining the neuron class, a neuron 
becomes an independent item. In order to 
really fm1ction without any influences from 
other neurollS, it can have, generally speak
ing, a UNIX process (or thread) allocated to 
it. We will discuss later on about how re
strictions, like a limited number of processes 
per user, can slightly change this 1 : 1 distri-
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bution. 
For input and output between these inde

pendent processes, UNIX offers several tools, 
from which we sele<:ted the shared memory, 
that can be reached by different processes 
(here, neurons) simultaneously or sequentially. 
In order to have a correct traffic of data, we 
also have to set some rules: for instance, a 
neuron can read from several locations (from 
all its inputs), but can write only in one (its 
own output). 

In this way, a neuron is completely inde
pendent, unaware of the processing of other 
neurons, working parallel to other neurons. 
Also, the input data doesn't have to be copied 
locally for each neuron, thus saving memory 
space. 

share memory 

I I I 

wr\tei neuron• 

•••• 

I I I 

• 
read 

Figure 2: The shared memory role in the 
neuron to neuron communication: a neuron 
writes in only one location, but can read from 
several others. 

5.2 Hardware simulation: Proces
sors 

Due to the fact that on a real parallel system 
the number of neurons in a layer may be very 
large compared with the number of given 
processors, the compromise solution of divid
ing the neurons between the existing proces
sors was considered. Therefore, · we define the 
optimum sharing key as the total number of 
neurons that have to be active at a given 
moment of time, divided by the given pro
cessors. 

Because there is only one layer that is ac
tive at one time, all the neurons contained in 
that layer have to be divided, as uniformly 
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as possible, by the total number of proces
sors. In order to limit the computational ef
fort and to minimize, therefore, the amount 
of data transmitted between the processors, 
the processors will contain only the informa
tion about the neurons of each layer that 
they will process. 

To give free way for further developments 
and to design a software that is as hardware 
independent as possible, the parallel proces
sors have been simulated on the UNIX ma
chine by a class processor, that contains: the 
identifier of the processor; for each layer, the 
list of neurons activated by the processor; and 
semaphores ' information for synchronizing 
with the other processors. 

In order to have good results with the 
job division among the different processors, a 
correct communication mechanism has to be 
implemented between the component parts. 

6 The problems 

6.1 TheN queen's problem 

TheN queen's problem is a derivate of the 
8-queen problem, that states: place 8 queens 
on a chess-board, so that no queen attacks 
any other queen. It has been proved that this 
problem has a solution, but this is not the 
purpose of this study. The N queens problem 
is a generalisation of the 8-queen problem, 
that requires the placing of N queens on a 
N xN size chess-board. 

6.2 TheN colouring map problem 

This is a problem that comes up every time 
when a geographical map has to be drawn: 
different countries on a map can be coloured 
in the same colour, but countries with a com
mon border have to be drawn in such a man
ner that they can be distinguished from one 
another, so they have to be coloured differ
ently, which leads to the N. different colours. 

Of course, from the above an optimiza
tion problem can be immediately deduced, 
namely what the minimal amount of colours 
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is, to draw a map. It has been proved that 4 
colours are enough. 

6.3 TheN filtering problem 

One of the problems that is associated with 
digital signal transmission for audio signals 
of high resolution and for high speed data 
transfers is the necessity of equalisation of 
the attenuation and phase characteristics on 
the entire scale of the interesting frequencies 
during data transmission. 

This problem was experimented upon and 
studied at the Technical University in Lyn
gby, Denmark, in the laboratory of professor 
Hans Gaunholt, and was based on a con
tract with the German mail service. The 
solution to this problem consists of the us
age of FIR digital filters (Finite Impulse Re
sponse), with complementary characteristics 
compared to the characteristics of the trans
mission media, in order to correct the global 
transmission properties of the system. 

The filter coefficients can be also com
puted with the help of aNN. N is here the 
filter dimension. 

db1<m (a) mm grc!Atm (b) mm 
0.4 y 0.4 

3 0.6 30 

~~ 
0.8 20 ~:: ~ 
0.9 

1.4 

1.4 10 ~ ~ 

10 15 kHz 10 15 kHz 

Figure 3: The filtering problem: atenuation
frequency and phase-frequency characteris
tics of the transmission cables proposed for 
analysis by the Gennan Post Company to the 
University of Technology in Lyngby, Den
mark 

6.4 The stock exchange forecast
ing application 

The development of prediction tools is, ac
cording to (13) one of the "basic subjects 

in science". Moreover, forecasting of time
series is a challenging task which attempts 
to find the rule/mechanism behind the data 
generation. However, in such cases, there 
is always the question of the predictability 
of the data, in other words, if the data is 
fully deterministic, therefore predictable, or 
fully random, therefore unpredictable, or, as 
in most cases, somewhere in-between. 

Many functions in economics can be rep
resented as TS. We studied the TS of Stock 
Exchange events ([5]), that, according to some 
authors (see [2), [6]), can be forecasted with 
some accuracy using NN. According to other 
authors, though, TS are chaotic events, that 
have the particular property of changing their 
mechanism, if the present mechanism is found 
out (as stated by the perfect market hypoth
esis). This is true if we consider that, if all 
the participants at a stock trading possessed 
similar forecasting tools and acted in conse
quence, the whole structure of buy/ sell could 
change. But as different agents act driven by 
their own private theories, but more impor
tantly, as information is not transparent and 
available to all market participants, or often 
arrives with a delay, we can assume that the 
process is not influenced only by one theory. 

There are three ways in which a NN can 
make predictions upon a TS: the NN can 
find rules/functions, make predictions in a 
fixed window of time-values, or learn from 
any number of past values and predict any 
number of future values. 

The inputs can be: the predictable data, 
the predictable data and other economical in
fluence factors or only economical influence 
factors. 

7 Simulation results 

In this section we present the results obtained 
in training and using NNs for the problems 
described above, by using the parallel fea
tures shown in section 2. Simulations were 
performed in the Unix system environment. 

Spring 1998 Australian Journal of Intelligent Information Processing Systems 



215 

300 300 300 

- average value 

200 

':: tt-Ht-l t-ll 
56789101112 H ~1~1~1~0~9~8~7~6~5~4--- H 2 3 4 5 6 7 8 9 10 H 

~ ~IUCoetJ~I p. '4tl ....... " 

(a) (6) (c) 

Figure 4: The scope of the iteration times for different problem dimensions (N) for (a)- the 
queens problem, (b)- the map colouring problem, (c)- the filtering problem. 1 iteration is 
approximately 1 second; the convergence is achieved with classical error energy functions, 
with column, line and diagonal restrictions for (a), neighborhood restrictions for (b), and 
infinite norm Lyapunov function for (c) . 

7.1 First results 

In the above picture (fig. 4), the time re
quired till convergence (till solution occurs) 
is depicted on the Oy axis, and the dimension 
of the problem, N (the number of queens, the 
number of used colours or the dimension of 
the input-output signals for filtering), is on 
the Ox axis. 

For each N, several tests were performed 
and are represented in the figures as domain 
arrows. That is, results for each N cover 
the interval between the minimwn and max
imum value indicated by the double-pointed 
arrow. 

The energy functions and the output func
tions are some standard functions for the given 
problem, with exception of the filtering prob
lem, where we used a Lyapunov (infinite norm) 
based type of energy function. The optimiza
tion of these functions is beyond the scope of 
this article. 

7.2 System extension 

In order to regulate the transfers between 
neurons, layers, processes and simulated pro
cessors, we used a coordinating master-slave 
mechanism. The slave is the one perform
ing all the computations, while the master, 
in short, is setting the time and dealing with 

scheduling. 
The extension that we made was to have 

not only one slave, but any free number of 
slaves. The master process assures the gen
eral coordination of the actions taken by these 
slave processes. 

The advantage obtained by this method, 
besides a better structuring of the problem, 
is the fact that, by being independent pro
grams, the slave processes can run from dif
ferent accounts on the same UNIX machine, 
so that the total amount of parallel working 
processes can be increased. 

This enlarged number of working processes 
can be useful on machines that set limits to 
the total number of proceBSes that a user can 
run at one time. From one account of a nor
mal user there can run, at a given moment 
of time, at most 50 processes (this nwnber 
depends on the mode in which the system 
settings have been chosen by the system ad
ministrator, but generally speaking, this is 
the number of processes allowed per user). 
In the case of parallel running of slave pro
grams on two or more accounts we will have a 
total amount of processes of: no. of accounts 
where slave processes run * 50. 

The slave processes are independent pro
grams, that can run apart from one another. 
The next step, which is very easy to make, 
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Figure 5: The iteration times for the same problems as in fig.4, with two slaves working on a 
busy station. The quota of shared time is increased and leads to a better convergence time. 
The busier the network, the greater that time-difference optimization can get. 

is for the slave processes to run on differ
ent machines, using more than one processor, 
and turning the network into a multiproces
sor environment. This can be done by using 
the already existent PVM environment, as 
described in section 4. 

The communication between master and 
slave is assured by the message queue facil
ities of the UNIX system, that are grouped 
in another class, that contains fields such as 
maximum length for transmission, timeout 
interval, message queue identifier, receiving 
and sending buffers. 

As can be seen in the following figure (5), 
by increasing the number of parallel work
ing, independent slave programs, the conver
gence time is getting shorter. This is due to 
the fact that all processes on a UNIX ma
chine get a certain interval (time-share) to 
work, and then the time-sharing mechanism 
passes the token to another process. By hav
ing many processes working independently 
for the same goal, the general amount of time 
shares in pursuit of that goal is increased. 

Moreover, the convergence time becomes 
even shorter, if these programs run from dif
ferent accounts on the same machine, due 
to time-sharing mechanisms between users. 
Also, on systems with a fixed number of pro
cesses per user the total nwnber of processes 
working can be doubled, tripled, a.s.o. (de
pending if we use 2 accounts, 3, or more). 

This reduced iteration time can be viewed 
in fig. 5. The axes of the figures have the 
same meanings as those of fig. 4. 

The differences in average iteration time 
that we obtain by adding only one slave more 
were between 5 - 15% iterations ( approxi
mately 5-15 seconds), which means, if com
pared with the maximal iteration time, an 
optimization of 6- 15% of the global aver
age iteration time. 

7.3 The results of the forecasting 
problem 

We present here the convergence results of 
the parallel implemented forecasting prob
lem. We used a. Lya.punov based energy func
tion (see details in [5]). 

Fig.6 contains a. learning example of 10 
input and 10 output data. Therefore, out 
of 10 daily input stock exchange values, 10 
daily output values were to be learned. The 
weight matrix dimension had a 10x10 = 100 
member dimension. The continuous, zig-zag 
line on the left side of the graphical chart 
shows the past (or input) data., while on the 
right side, the desired outputs for Supervised 
Learning and the prediction can be seen. The 
prediction is normally displayed by a dotted 
line, while the desired outputs are displayed 
by a continuous line, just like the inputs, but 
here, with "0" error, the two outputs over-
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6 

Figure 6: A "perfectly" trained net 

lap, and therefore, a single line is visible. The 
program here displays the learning of the cor
respondence of 10 past prices with 10 future 
prices. The outputs are scaled from 0 to 1 
( Oy axis), and the time (days) is represented 
on Ox. 

8 Conclusions 

We have shown in this paper that shifting 
towards parallelization is a natural process 
that should be followed by NN researchers, as 
the human brain also makes good use of mas
sive parallelism. We have furthermore pre
sented the advantages that can be obtained 
by this parallelization and showed that anum
ber of researchers already work towards this 
goal. In this context we have discussed the 
main tendencies among parallelization tech
niques for NN and detailed the types of par
allelizations used. We have also briefly in
troduced some difficulties that appear when 
parallelizing NNs and also indicated some 
ways of avoiding them. 

Furthermore, we described an ideal par
allelization and presented the solution of NN 
mapping over a general parallel architecture, 
for generalized parallel computers, and then 

for the PVM environment and for the UNIX 
environment (simulation). 

For the UNIX simulation, a low level im
plementation tool for NN was built, based 
on parallel design and on the UNIX system 
shared resources. It was shown how the par
allel NN features can be integrated into the 
UNIX environment. Also, the advantages 
of simulated parallelism over sequential pro
gramming (one process programming), even 
in the shared-time UNIX system, were ex
plained. 
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Abstract 

The rate of induction of labour (IOL) is increasing, despite no obvious increase in the incidence of the major indications. 
However the rate varies widely between different centres and practitioners and this does not seem to be due to variations in 
patient populations. The.lOL decision-making process of six clinicians was recorded and examined using hypothetical 
scenariqs presented on a computer. Several rules were identified from a rough sets analysis of the data. These rules were 
compared to the actual practise of these clinicians in 1994. Initial tests of these rules show that they may form a suitable set 
for developing an expert system for the induction of labour. 
Keywords: Rough Sets, Obstetrics, Knowledge Acquisition 

1 Introduction 

Induction of Labour (IOL) is a medical procedure using 
drugs and minor surgery that causes a pregnant woman 
to give birth within the next few hours. It is used when 
there are reasons (indications) that the pregnancy should 
not continue for much longer. Still, to intervene or not is 
a question obstetricians are increasingly finding it 
difficult to answer. Thus, although they have an 
overriding duty to each mother and baby to take all 
reasonable steps to avoid tragedy, unnecessary 
intervention is costly, inconvenient and possibly 
dangerous. However, the risks of adverse outcome 
without interventions have reduced in recent years but at 
the same time, the methods of intervention are becoming 
safer and easier. Should one recommend intervention or 
not? 

Studies of hospitals in New Zealand [3], and Finland [2), 
have noted the very large variations in the rate of IOL 
between hospitals and between clinicians. In many areas 
the rate of IOL is increasing and it is widely believed 
that the present rates are excessive[4]. Unfortunately, 
definitive guidelines to good practice are lacking and 
this leads to variations in policy within and between 
institutions. Attempts have been made to compare the 
decisions of different clinicians by using a 'standard 
primipara' [1). However this approach, although 
valuable in showing differences between institutions, has 
problems dealing with different populations and does not 
reveal the reason for these differences. In this project, we 
investigated how clinicians make the decisions (see 
section 2), how rules are derived from· analysing 
responses to imaginary examples using rough sets (see 
section 3) and how such rules could then be applied to a 
database of real examples (see section 4). Section 5 
provides the results and section 6 some discussion and 
proposals for future work. 

2 Decision making in IOL 

2.1 Source of the data 

The AMSIS (Auckland Maternity Service Information 
System) database has been in use at the National Women's 
Hospital (NWH) Auckland since the early 1990's. A large 
amount of data for ea<:;h birth was entered into the database 
and this includes information on gestation at delivery, reason 
for IOL and most other relevant clinical information relating 
to pregnancy and its complications. The rate of IOL has been 
increasing at NWH for the 10 years previous to the year that 
we had study data for. · 

Reason For IOL Percentage of Mothers 
Pre-Eclampsia (GPH) 5.98% 
Post Dates 6.02% 
IUGR (Small baby) 3.15% 
Antibodies 0.16% 
Diabetes 0.59% 
Haemmorage 0.23% 
Unstable Lie 0.10% 
Death of Fetus 0.42% 
Spont. Rupture of Membranes 2.36% 
Reduced Movements 0.24% 
Abnormal Heart Rate 0.11% 
Abnormal Ultrasound 0.05% 
Decreased Liqour 0.38% 
Maternal Distress 0.50% 
Fetal Abnormality 1.43% 
Other 1.20% 
Not Induced 77.06% 

Table 1: Reasons for inducing labour 

We selected all the births at NWH in 1994 (8800 cases) and 
from it, extracted the reasons given for IOL (Table 1). 
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2.2 Clinical Explanation 
The majority of these indications account for a very 
small number of inductions. In addition, apart from the 
first three indications (Pre-Eclampsia (GPH), Post
Dates, IUGR), the criteria for induction are obvious, and 
the decisions made quickly . However for Pre-Eclampsia 
Post-Dates and IUGR there is thought to be a wide 
variation in opinion, so we decided to concentrate on 
these. Pre-eclampsia also known as gestational 
proteinurea and hypertension (GPH) is a disease where 
the mother begins to have high blood pressure and 
protein in her urine. If left untreated it can lead to 
eclampsia where the mother will start to have fits and it 
may eventually lead to death of mother and baby. The 
cause is uncertain and the treatment is basically to try 
and reduce the symptoms and get the baby born. We 
conclude that blood pressure, proteinurea (amount of 
protein in the urine) and gestation (number of weeks of 
pregnancy) are the relevant information for the 
clinicians. Post dates refers to pregnancy that takes 
longer than normal (40 weeks). Over 42 weeks, there is a 
strong consensus that the baby should be born to avoid 
complications. Between 40 and 42 weeks there is a great 
deal of debate and controversy about the correct time for 
induction. Gestation is the important indicator here. Intra 
Uterine Growth Retardation (IUGR) means that the 
baby's growth is slower than it should be inside the 
womb. It has many possible causes but most of them 
involve a reduced blood flow to the baby and immediate 
delivery is the best solution (since the baby is not getting 
bigger, there is no advantage to it being left in the 
womb). Fetal growth, biophysical profile and gestation 
are the important information for monitoring this 
condition. 

2.3 Relevant Data 
From the above analysis, we concluded that the most 
important information when deciding to induce or not is 
information on: blood pressure, proteinurea, gestation, 
Fetal growth, and biophysical profile. The inductions 
carried out for indications other than Pre-Eclampsia 
(GPH), Post-Dates, and IUGR (7.79% of the 1994 
patients) are ignored in this study. Table 2 shows the 
units of these parameters and the range of possible 
values for them. 

Information Required 
Blood pressure 

Protein urea 

Gestation 

Fetal growth 

Units 
mmHg systolic/diastolic 

dipstick units 

weeks 

empirical 

3 Method of Investigation 

To investigate the IOL decision-making process by 
clinicians, experts in the field were asked to create 20 
difficult or borderline cases i.e. those where the decision is 
not clear-cut and in which either decision would be within the 
range of acceptable clinical practice. All these cases have at 
least one abnormality present i.e. one of the five key 
parameters identified in Table 2 will be outside its normal 
range. We constructed a model of the IOL decision making 
process (Fig. 1) to assist us in the design of the scenarios. 

Other information (such as name of patient and non
significant past history) could also be accessed to provide a 
more realistic feel to the experiment but they were not 
relevant to this study and were not included in the analysis. 
Six clinicians took part in the experiment and each was given 
15 out of the 20 cases at random. They were encouraged to 
make a decision for all cases within seven minutes. The 
computer recorded the information they revealed and their 
decision. Each subject was tested with an experimenter sitting 
next to him/her, and each was allowed a practice run with 
dummy data that was not recorded. 

4 Analysis 

4.1 Assumptions 
In Table 2 we have indicated how the values of the 
parameters relate to the clinical state of the Mother-to-be. 
For example, a woman with a blood pressure of 1401100 is in 
a worse state than one with a blood pressure of 120/80. We 
postulated that if a clinician was prepared to induce a patient 
with one set of parameter values in our test scenario then he 
or she would induce all women with the same or worse 
values (i.e. >=). Similarly if the decision is not to induce then 
we would expect that the subject would not induce all women 
with the same or better values (i.e. $;). However, it is possible 
that the clinician has inadvertently 

Range (best to worst) 
70/50 to 220/150, 110/70 to 130/90 normal. 

nil to++++. 

normal (38-41) below 38, less is worse, above 
41 the greater number of weeks is worse. 

Good, progressive but on fifth percentile, no 
growth for two weeks. 

Biophysical profile e~irical 8/8 CTG reactive to 0/8. 
Table 11: Information identified as relevant to IOL decision-making 
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Overall Model for Decision Making in Induction 

Weak Association Strong Association 

• Fetus Viable BP High 

Poor Fetal Growth 

• l 
PU High 

IUGR Induction 

Figure 1 The model used for constructing Scenarios 

Figure 2: The User Screen 

revealed data that is not altering their decision - for 
example the blood pressure may be revealed but 
although high (i.e. 'worse' than normal) it is the lack of 
fetal growth and the gestation that impels the clinician to 
induce. We needed some way to correct for this 
possibility. 

4.2 Rough Sets 
The ,Rough sets technique was developed in the early 
1980's [5] and has been used for a large number of 
machine learning applications that involve knowledge 
discovery from databases [6]. In particular, rough sets 
have already been used in the field of obstetrics to 
identify pregnancies that may end prematurely [8]. 

Rough sets theory is based around the analysis of a decision 
table, which contains a set of attribute -value pairs, and a 
conclusion. The technique is well described in [6], and 
involves creating a reduct of the possible rules from the rules 
that could be derived from a particular decision tlJ,ble, by 
removing rules that are indistinguishable from others in their 
effect. A number of techniques have been used for rule 
creation using the rough sets technique (for example [8]). 

Our technique involves constructing a set of rules from a 
decision table (see section 4.3) and calculating the minimum 
and maximum rate in which these rules are satisfied (see 
section 5). The minimum rate is obtained by including all the 
cases which are actually induced and which the rules will 
also suggest induction. The maximum rate is obtained by 
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Blood Proteinurea BPP Fetal Growth Gestation Decision 
Pressure 

Not Revealed Not Revealed Not Revealed No Growth 36 Induce 
140/95 ++ Not Revealed Not Revealed 37 Induce 
120/85 Not Revealed 8/8 On 5th 35 Don't Induce 

percentile 
Table Ill: Example of a Decision Table 

The Induce rules generated are: 
a) Induce IF Gestation Worse than or equal to 36 
b) Induce IF Fetal Growth Worse than or equal to No Growth 
c) Induce IF Gestation Worse than or equal to 36 AND Fetal Growth Worse than or equal to No Growth 
d) Induce IF Blood Pressure Worse than or equal to 140/95 
e) Induce IF Proteinurea worse than or equal to++ 
f) Induce IF Gestation Worse than or equal to 37 
g) Induce IF Blood Pressure worse than or equal to 140/95 AND Proteinurea worse than or equal to++. 
h) Induce IF Blood Pressure Worse than or equal to 140/95 AND Gestation worse than 37 
i) Induce IF Proteinurea worse than or equal to++ AND Gestation Worse than 37 
j) Induce IF Blood Pressure Worse than or equal to 140/95 AND Proteinurea worse than or equal to++ AND Gestation 
Worse than 37 

The don't induce rules: 
k) Don't Induce IF Blood Pressure Better than or equal to 120/80 
I) Don't Induce IF Proteinurea Better than or equal to++ 
m) Don't Induce IF Gestation Better than or equal to 35 
n) Don't Induce IF Blood Pressure better than or equal to 120/80 AND Proteinurea Better than or equal to++ 
o) Don't Induce IF Blood Pressure Better than or equal to 120/80 AND Gestation Better than or equal to 35 
p) Don't Induce IF Proteinurea Better than or equal to++ AND Gestation Better than or equal to 35 
q) Don't Induce IF Proteinurea Better than or equal to++ And Gestation Better than or equal to 35 AND Blood Pressure 
Better than or equal to 120/80. 

Figure 3:Example of the Development of rules 

including all the cases which are actually induced or 
where the rules will suggest induction. This gives us an 
estimation of the range of possible values of the 
outcome. A good set of rules is one that will produce a 
range, which is comparable with the actual rate (i.e. the 
rate of the clinicians themselves). 

4.3 Rule Production 
Table Ill shows some of the data obtained from the 
experiment. From it, the program obtained two decision 
tables for each clinician, one consisting of those with an 
'induce' response and the other with a 'Don't induce' 
response (these tables are not shown). Rather than 
attempt to create a reduct from indistinguishable rules at 
this point we generated all the possible rules from the 
decision table and then removed those that contradicted 
each other from the 'induce' and 'don't induce' set. By this 
means we hoped to prevent the production of spurious 
rules, while still producing a reasonable number of rules 
from a small decision table. 

From each 'induce' table we generated a set of 
rules of the form: 

'Induce if <parameter name> is worse than or equal 
to <parameter value>' 

For each revealed parameter and each possible 
conjunction of them. We then did the same for 'Don't 
induce' table but in this case the rules are of the form: 

'Don't induce if a <parameter name> is better than or 
equal to <parameter value>' 

The rules obtained from table Ill are shown in Figure 3. The 
analysis uses the 'Induce' set but the 'Don't induce' set is 
examined to see if any of the rules contradict the rules in the 
'Induce' set and these contradicted rules are removed from 
the final rule - set. This is done by removing all 'Induce' 
rules where there is a 'Don't Induce' rule with the same 
parameters that have equal or worse values than the original 
rule. In the example given, rule (m) conflicts with both rule 
(a) and (f) because 35 weeks is worse than 36 or 37, (I) 
conflicts with (e) because both have Proteinurea ++, (p) 
conflicts with (i) because Proteinurea ++ is the same for both 
and 37 weeks is better than 35. After removing these rules, 
we are left with rules (b), (c), (d), (g), (h) and (j). The extent 
to which rule reduction took place for each subject is shown 
in table IV. 

4.4 Rule Creation 
An example of the rules produced for one clinician is shown 
in appendix 1. We tested a total of six clinicians and the 
number of rules produced is shown in table IV. 

4.5 Rule Application 
We wished to compare the 'actual' IOL Rate of each subject 
for the indications we studied (IUGR, Pre-eclampsia, and 
Post-Dates) with the rate that would have occurred if the 

Spring I998 Australian Journal of Intelligent Information Processing Systems 



223 

Subject Number of "Induce" rules Number of "Don't Induce" 
Rules 

Before Reduction After Reduction Percentage reduction 
1 62 52 16.13% 162 
2 8 8 0.00% 156 

3 92 69 25.00% 77 
4 97 87 10.31% 108 
5 37 32 13.51% 52 
6 140 112 20.00% 64 

Table IV: Number of Rules generated and the Rule reduction 

Subject Maximum Rate Minimum Rate Actual IOL Rate 
ofiOL ofiOL 1994 

I 31.34% 2.34% 23.3% 
2 43.12% 6.01% 13.3% 
3 29.40% 3.57% 17.3% 
4 36.92% 2.96% 19.4% 
5 34.62% 4.65% 12.5% 
6 33.43% 2.52% 21.0% 

Table V: Results 

rules that we had generated had been used. Each of the 
subjects had been responsible for the management of a 
number of patients (48-434 mean 205 total 1231) at 
NWH in 1994, and this, along with the induction 
decision for each patient, is recorded on the AMSIS 
Database. We extracted the relevant parameters for each 
of these patients under their care. Those patients induced 
for reasons other than our indications were removed 
from the patient database. We then calculated the 
'actual' rate of induction for the relevant indications in 
1994 for each subject. The rules obtained above are then 
applied to the relevant patient database. 

5 Results 

The "Induce" rules were applied to the 1994 dataset and 
the results are shown in table V. All the subjects found 
the experiment interesting and all agreed that the 
scenarios presented were realistic and most of them were 
not trivially easy to decide upon. The time limit of seven 
minutes was generally found to be too short and all the 
subjects were allowed longer to complete the set, 
although this time only extended to 20 mins or so. 
The subjects in this study all had a higher rate of IOL 
than the general rate in NWH. This would be expected 
because all the clinicians were specialists who deal with 
patients who are more likely to have clinical problems 
than the general population. None of the subjects had an 
actual induction rate in 1994 outside the range of the 
predicted rate, where all the rates refer to patients 
induced for the three major indications. However the 
predicted ranges are much wider than would be 
acceptable for use in an expert system. 

6 Discussion and Future Work 

6.1 Discussion 
Knowledge acquisition is often described as a bottleneck in 
the development of expert systems. It is especially difficult 
where there is genuine disagreement between experts in the 
field and also complex and. unstated relationships between the 
variables that are used in the decision. The field of IOL is 
particularly difficult to study because of the wide variation in 
severity of presentation, and the differing population groups 
that individual clinicians serve. A scenario-based system 
allows the clinician to make decisions in a way that is similar 
to their normal practice, rather than having to declare their 
knowledge in a knowledge engineering sense. We believe 
that this technique allows normally undeclared rules to be 
discovered. An added advantage here is that every expert has 
the opportunity to make decisions on the same patient group, 
so that there is no bias due to differing populations. 
The rough sets technique is often used for knowledge 
discovery from databases but it can be used in any situation 
where a decision table can be constructed. It has an advantage 
in that the decision table can produce a set of comprehensible 
rules. The fact that this technique produces a lower and upper 
approximation of the true value allows a degree of 
uncertainty to be represented, which was relatively large in 
this case. 
The rules that are generated by clinicians could be applied to 
a database of 'standard' mothers, or one that reflects their 
patient populations to obtain a standard rate of IOL. A 
combination of these rules may be of use in drawing up 
guidelines for the use of IOL, and for the development of an 
expert system. 

6.2 Future Work 
We are currently investigating other means of deriving a set 
of rules from the data obtained using the rough sets method. 
We are especially interested in using domain knowledge to 
study those rules which comply with the textbook view of the 
physiology and pathology of labour, and those which do not. 
We also wish to apply a number of other machine learning 
and rule extraction techniques to a training set of the AMSIS 
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database for 1995 and compare the result with the rules 
produced by the scenario system. The rules produced by 
all these methods can then be used more objectively to 
compare the induction rates between clinicians at NWH. 
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Appendix 1 
Rules for induction derived for one of the subjects 
Key 
DBP= Diastolic Blood Pressure (mrnHg) 
BPP=Biophysical Profile 
PU= Proteinurea 
FG= Fetal Growth 
Gest =Gestation (weeks) 
1. Induce if DBP>=60and BPP worse than or equal to 

6/8 and PU worse than or equal to Nil and FG worse 
than or equal to on fifth centile. 

2. Induce if PU worse than or equal to Nil and FG 
worse than or equal to on fifth centile and Gest 
>=42 

3. Induce if DBP>=60and BPP worse than or equal to 
6/8 and FG worse than or equal to on fifth centile 
and Gest >=42 

4. Induce if BPP worse than or equal to 6/8 and FG worse 
than or equal to on fifth centile and Gest >=42 

5. Induce if DBP>=60and FG worse than or equal to on 
fifth centile and Gest >=42 

6. Induce if FG worse than or equal to on fifth centile and 
Gest>=42 

7. Induce if DBP>=60and BPP worse than or equal to 6/8 
and PU worse than or equal to Nil and Gest >=42 

8. Induce if BPP worse than or equal to 6/8 and PU worse 
than or equal to Nil and Gest >=42 

9. Induce ifDBP>=65 
10. Induce if DBP>=60and BPP worse than or equal to 6/8 
11. Induce if PU worse than or equal to Nil and Gest >=42 
12. Induce if DBP>=65and PU worse than or equal to +and 

FG worse than or equal to on fifth centile and Gest >=40 
13. Induce ifBPP worse than or equal to 6/8 and Gest >=42 
14. Induce if DBP>=60and PU worse than or equal to Nil 

and FG worse than or equal to on fifth centile and Gest 
>=42 

15. Induce if DBP>=60and PU worse than or equal to Nil 
and Gest >=42 

16. Induce if DBP>=65and BPP worse than or equal to 8/8 
and Gest >=40 

17. Induce if DBP>=65and BPP worse than or equal to 8/8 
and PU worse than or equal to +and FG worse than or 
equal to on fifth centile and Gest >=40 

18. Induce if DBP>=65and PU worse than or equal to+ 
19. Induce ifDBP>=60and Gest >=42 
20. Induce if PU worse than or equal to Nil and FG worse 

than or equal to on fifth centile 
21. Induce if DBP>=60and BPP worse than or equal to 6/8 

and PU worse than or equal to Nil 
22. Induce if DBP>=60and FG worse than or equal to on 

fifth centile 
23. Induce if DBP>=60and BPP worse than or equal to 6/8 

and FG worse than or equal to on fifth centile 
24. Induce if DBP>=60and PU worse than or equal to Nil 

and FG worse than or equal to on fifth centile 
25. Induce if BPP worse than or equal to 6/8 and PU worse 

than or equal to Nil and FG worse than or equal to on 
fifth centile 

26. Induce if DBP>=65and BPP worse than or equal to 8/8 
27. Induce if BPP worse than or equal to 8/8 and FG worse 

than or equal to on fifth centile and Gest >=40 
28. Induce if Gest >=40 
29. Induce if DBP>=65and Gest >=40 
30. Induce if BPP worse than or equal to 8/8 and Gest >=40 
31. Induce if DBP>=60and PU worse than or equal to Nil 
32. Induce if PU worse than or equal to +and Gest >=40 
33. Induce if DBP>=65and BPP worse than or equal to 8/8 

and PU worse than or equal to +and FG worse than or 
equal to on fifth centile 

34. Induce if FG worse than or equal to on fifth centile and 
Gest>=40 

35. Induce if DBP>=65and BPP worse than or equal to 8/8 
and PU worse than or equal to +and Gest >=40 

36. Induce if DBP>=65and BPP worse than or equal to 8/8 
and FG worse than or equal to on fifth centile and Gest 
>=40 

37. Induce ifPU worse than or equal to +and FG worse than 
or equal to on fifth centile and Gest >=40 

38. Induce if BPP worse than or equal to 8/8 and PU worse 
than or equal to +and FG worse than or equal to on fifth 
centile and Gest >=40 
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39. Induce if DBP>=60 
40. Induce if BPP worse than or equal to 6/8 and PU 

worse than or equal to Nil and FG worse than or 
equal to on fifth centile and Gest >=42 

41. Induce if BPP worse than or equal to 8/8 and PU 
worse than or equal to +and Gest >=40 

42. Induce if DBP>=65and PU worse than or equal to 
+and Gest >=40 

43. Induce if DBP>=60and BPP worse than or equal to 
6/8 and PU worse than or equal to Nil and FG worse 
than or equal to on fifth centile and Gest >=42 

44. Induce if DBP>=65and FG worse than or equal to 
on fifth centile and Gest >=40 

45. Induce if DBP>=60and BPP worse than or equal to 
6/8 and Gest >=42 

46. Induce if BPP worse than or equal to 8/8 and PU 
worse than or equal to +and FG worse than or equal 
to on fifth centile 

47. Induce if DBP>=65and BPP worse than or equal to 
8/8 and PU worse than or equal to+ 

48. Induce if DBP>=65and FG worse than or equal to 
on fifth centile 

49. Induce if PU worse than or equal to +and FG worse 
than or equal to on fifth centile 

50. Induce if DBP>=65and BPP worse than or equal to 
8/8 and FG worse than or equal to on fifth centile 

51. Induce if BPP worse than or equal to 8/8 and FG 
worse than or equal to on fifth centile 

52. Induce if DBP>=65and PU worse than or equal to 
+and FG worse than or equal to on fifth centile, 
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knowledge is pre-processed in to a form suitable for evaluation by the fuzzy logic inference 
engine. 

This thesis begins by examining the concepts of fuzzy logic and explores how they can be 
applied in a parallel processing domain. This includes the representation of fuzzy rules, and 
how the rule-base is pre-processed. Some additional aspects are examined and new operators 
proposed. 

An algorithmic structure is developed for the expert system. The inference engine for the 
system uses fuzzy logic principles, and parallel processing algorithms for inferencing are 
developed. The processing is performed on the INMOS Transputer, and the inferencing 
algorithm is realised in the Occam 2 programming language. 

The software package that has evolved from this research is collectively called TransFuzien. 
This software, together with the associated hardware, has been developed to perform rule
based fuzzy logic inferencing. TransFuzien comprises two parts. The first part is written in 
C++, and runs under Microsoft Windows on a IBM Personal Computer (PC), and the second 
part, which is written in Occam 2, runs on a Transputer target system. The former part 
performs the data pre-processing necessary to configure the inference engine that executes 
on the Transputer target system. 

TransFuzien's graphical user interface is described, together with various features of the 
system, which includes the ability to select various inferencing strategies via the graphical 
user interface. 

Aspects of the processing are addressed, and key issues are identified. Specialised electronic 
hardware has been developed to facilitate data exchange between the expert system and 
peripheral systems. Finally, a number of case studies are presented that apply the expert 
system developed herein. The results from these studies show that the objectives of this 
research have been achieved. 
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Extensive psychophysical and the more recent neurophysiological data from single cellular 
recordings suggest that selective attention and memory guided processing are some of the key 
properties of the primate visual brain that endows it with cognitive visual abilities that have 
not yet been matched by traditional artificial intelligence nor by the .current artificial neural 
network models of learning and pattern recognition. Most neural network models of object 
and pattern recognition either ignore the mechanism .of selective attention or are based on 
feedforward processes that ignore the role of the feedback pathways and the established 
memory, which therefore limits their application to simple visual scenarios. 

This thesis proposes a neural theory, Selective Attention Adaptive Resonance Theory, and a 
neuro-engineered solution to selective visual attention, memory guided processing and 
illumination invariant recognition of complete (unoccluded) but distorted 2D shapes of 3D 
objects in cluttered visual images. We propose a family of modulated competitive neural 
layers and neuroengineering design principles for the design of multi-layered competitive 2-D 
neural circuits whose stability and success depends on feedforward-feedback interactions. The 
proposed feedback pathways and the top-down modulatory processes simultaneously 
supervise and stabilise the circuit dynamics, selectively retune the signal transmission gains 
and the filtering characteristics of the lower layers to enable unsupervised learning and 
recognition of 2D shapes obtained from unoccluded 3D objects in cluttered images. We 
propose neural circuits and networks that are capable of self-regulated attentional learning, 
selective attention and memory guided processing, autonomous detection of 
novelty/familiarity, distortion and illumination invariant recognition of familiar 2D shapes 
of real objects in cluttered images. 

We conclude that flexible design principles that are based on feedforward-feedback 
interactions in a closed-loop real-time competitive neural circuit whose modulatory 
mechanisms can dynamically retune the signal transmission gains and the cellular receptive 
field profiles at various stages of processing overcomes some of the problems and limitations 
that are faced by the rigid architecture of the current artificial neural networks. The neuro
engineering design principles, mechanisms and circuits as proposed in the thesis provide a new 
and robust method for solving some of the most difficult problems in visual object 
recognition that are currently not well handled by the state-of -the-art artificial neural 
networks and the more conventional computer vision systems. These design principles also 
open new avenues for further research into more advanced modelling of cognitive and 
perceptual real-time artificial neural systems that use selective information processing. 
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Doctor of Philosophy 
Edge Detection and Enhancement Using Shunting Inhibitory 
Cellular Neural Networks (1998) 
Carmine Pontecorvo 

This thesis describes the application of shunting inhibitory cellular neural networks to the 
problems of edge detection and enhancement. Edge detection is needed in many mammalian 
and computer vision systems to reduce the vast amounts of incoming data to a relatively 
small number of features. Shunting inhibition describes the nonlinear interactions between 
sensory cells, and has been used to explain many nonlinear visual phenomenon as found in 
the mammalian visual system. A cellular neural network (CNN) is a grid of locally 
connected, nonlinear parallel processing elements, able to process information in both space 
and time. CNN with shunting inhibition as the nonlinear interaction are referred to as 
SICNN. 

This thesis begins with a general investigation of recurrent and feedforward SICNN systems. 
By linearising the feedforward SICNN using perturbation analysis, the frequency and impulse 
response characteristics are derived and its response to random (noisy) inputs is investigated. 
We also discuss how the SICNN can be designed to perform edge detection, and how the 
factors of the output and the SICNN parameters affect the performance. 

Following this, we investigate how the SICNN parameters can be chosen to max1m1se edge 
detection performance given some optimality criteria. The SICNN weight distribution 
affects the edge detection performance, in particular the edge standard deviation and the hit 
rate. Hence an optimal weight distribution is derived using constrained optimisation to 
simultaneously optimise a number of criteria, namely the statistical measures of hit rate and 
edge standard deviation. 

We also derive the SICNN decay factor which gives zero bias in the 1-D edge detection 
performance, which also optimises the hit rate and edge standard deviation. For input edges 
with multiplicative noise, this optimal decay factor is zero, but for additive noise, it is 
proportional to the noise standard deviation and the sum of weights. The constant of 
proportionality is empirically derived and tabulated for various weight distributions for both 
1-D and 2-D synthetic edges. The SICNN performance with a number of different nonlinear 
activation functions is also investigated 

Next we investigate a number of postprocessing methods for the SICNN output. Most of the 
methods involve the combination of the outputs of different SICNNs to improve the edge 
detection performance. The edges in the SICNN output are tracked as the neighbourhood 
size and the width of the weight distribution are slowly reduced, resulting in an improvement 
in the 1-D and 2-D edge detection performance. 

The outputs of SICNNs with different weights and thresholding schemes are combined to give 
significant improvement in the performance, particularly for 1-D edges. The outputs of 
SICNNs with reversed weight distributions are also combined to improve the performance, 
especially for edges with small contrast. Finally, by examining the number of edges in the 
local neighbourhood of each edge pixel, spurious edges which may arise from noise can be 
eliminated resulting in improved performance. 

Having designed and otpimised the SICNN for edge detection we compare it to a number of 
standard edge detectors on both synthetic 1-D and 2-D images, as well as real 2-D images. 
The results indicate that the SICNN has better performance than the linear operators, 
particularly for inputs with multiplicative noise and on real images with both multiplicative 
and additive noise. 
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Finally, we look at the edge enhancement capabilities and properties of the SICNN. We 
investigate a number of different enhancement measures, and propose a new measure for step 
edges, called the Edge Enhancement Product (EEP). The EEP measures not only the edge 
enhancement, but also the difference in the background intensity levels of the step edge. 
When solving for the SICNN steady-state, the solution can be found using an iterative 
approach using a recursive sequence. The SICNN decay factor that maximises the EEP after 
1 iteration ofthe sequence is derived and was shown to be the largest for different number of 
iterations. Thus, the output after 1 iteration is always used for image enhancement. The 
EEP is also used to find optimal parameters for other edge enhancers when the value of their 
parameters is not clearly defined. Finally, we compare the enhancement of both synthetic 
and real images using the SICNN and a number of standard edge enhancement techniques, and 
show that the SICNN is in general superior to the others, particularly for inputs with 
multiplicative noise. 
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