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Samenvatting 

Eén van de doelstellingen van het Anesthesie diepte project in de Vakgroep Medische Elektrotechniek 
(EME) faculteit Elektrotechniek van de Technische Universiteit Eindhoven, is het ontwerpen van een 
automatisch meet en verwerkings-systeem voor Evoked Potentials(EP). De EP is een electrischereactie 
op een externe stimulus. Voor het automatisch verwerken van de EP is het noodzakelijk dat de 
karakteristieke componenten van het patroon on-line worden herkend. Dit verslag is een rapportage 
van een eerste onderzoek naar de mogelijkheid voor automatisering van deze patroonherkenning door 
middel van een Neuraal Netwerk. 
Aan de hand van een literatuur onderzoek zijn verschiltende typen neurale netwerken bekeken. Vanuit 
dit onderzoek en de specifieke kennis die al beschikbaar was omtrent de EP applicatie is een keuze 
gemaakt voor het Multi Layer Perceptron(MLP). Met behulp van het MLP zijn drie verschillende 
structuren ontwikkeld, welke getest zijn op een gesimuleerd EP probleem. Aan de hand van deze 
resultaten is één van deze structuren verder ontwikkeld en getest op het patroonherkennings probleem 
van realistische evoked potentials. 
We concluderen dat een aantal onopgeloste problemen de mogelijkheden van het MLP beperken. 
Echter, bij goed gebruik van het MLP kunnen deze problemen omzeild worden, waardoor we onder 
andere in staat zijn de patroon herkenning van evoked potentials te automatiseren. 

Naast de conclusie dat de capaciteit van het MLP sterk beperkt is, is gebleken dat bij goed gebruik 
het Multi Layer Perceptron oplossingen kan bieden voor een categorie tot nu toe onopgeloste 
problemen, waaronder het evoked potential probleem. 



Summary 

One of the aims of the anesthetic depth research at the Division of Medica) Electrical Engineering of 
the Eindhoven University of Technology is the development of an automatic processing system for 
Evoked Potentials (EP). The EP is an electrical response to an external stimulus. Automatic processing 
of the EP requires on-line recognition of the characteristic complexes of the patterns. This report deals 
with a first study whether a Neural Network can be made capable for performing this pattem 
recognition. 
SeveraJ types of neuraJ networks have been the subject of a literature study. From this literature study 
and specific knowJedge of the EP application, a choice is made for the Multi Layer Perceptrou (MLP). 
Three different structures are developed and tested on a simulated EP problem. From the results of this 
test, one structure is submitted to a further development and tested on the pattem recognition of 
realistic evoked potentials. 

Use of the MLP shows practicallimitations. Yet, proper use of the MLP can contribute to the salution 
of a category of problems, which are unsolved so far. Pattem recognition of evoked potentials is one 
of the problems that can be solved with the help of neuraJ networks. 
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1 Introduetion 

At the Division ofMedical Electrical Engineering ofthe Eindhoven University ofTechnology, research 
is divided into four main subjects : 
-Ultrasound measure methods. 
-Development of instrumentation for handicapped persons. 
-Servo anesthesia project. 
-Anesthetic depth project. 

The aim of the anesthetic depth research is to develop a neurophysiological messurement metbod for 
anesthetic depth. To achieve this aim we need to find physical measurable parameters which correlate 
with anesthetic depth. 
One physical measurable signal, of which there is a strong indication that there is a correlation with 
anesthetic depth, is the Auditory Evoked Potential(AEP) [CLUI, 1990]. The AEP is the electrical 
response of the central nervous system to an auditory stimulus. 
The EP is extracted out of the Electroencephalogram(EEG). The anesthetic depth project tries, among 
other things, to develop an automatic processing technique for the AEP. For this purpose it is 
necessary that the characteristic complexes appearing in every Evoked Potential are recognized on-line. 

Until this day the recognition of complexes is a task fora human expert who does the recognition off
line. 
In this report a first research is described on the question whether an Artificial Neural Network (ANN) 
can be made applicable for this task. 

The renewed interest for Neural Networks arises from the following three points : 

-In 1986 David Rumelhart described the Back Propagation Rule (BPR), which allowed practical usage 
of the Multi-Layer Perceptton (MLP), the neural network used most at this moment. 

-Thanks to the developments in the computer industry, simulations of neural networks take less time 
for less money than before. Nevertheless, a simulation still is factors slower than a parallel hardware
implementation of a Neural Net. 

-The first experimental, small, Hardware Neural Nets have been developed. According to predictions 
of several scientists in this field, the first big Hardware-implementations are expected to appear on 
the market in about three to six years. 

Chapter 2 of this report is an introduetion to the theory of neural networks. In that chapter a number 
of possible neural networks are presented, and the operation of these networks is explained. Chapter 
3 deals with three possible structures for tackling the EP problem. These structures are tested on the 
simulated evoked potential problem in Chapter 4. From this test the most suitable network will be 
chosen to be tested on the realEP problem (Chapter 5). Finally, in Chapter 6 a number of conclusions 
and recommendations are summarized, so that further investigation on the EP application with neural 
networks may take the right course. 
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l Neura) Networks 

2.1 Introduetion 

As mentioned before, tbe power of our computers is still increasing. 
The computer bas enormous application areas, for example safe and fast storage of information and 
making fast and precise calculations. However, tbere are problems wbicb tbe classica} von Neumann 
machine cao solve bardly or oot. For example Non-Polynomial problems, pattem recognition, classifier 
and clustering problems. The latter problems are precisely tbe problems in wbicb a buman being is 
extremely good in solving. Therefore tbe step to Artificial Neural Networles is a logical one. A 
development of an ANN structure is always inspired by tbe (buman) brain, either direct or indirectly. 
Thus, tbe field of cognitive sciences bas been and still is a great help for tbe development of Artificial 
Neural Networks. A common aim of tbe total Neural Network research is to get a tooi wbicb cao 
handle as mucb as possible problems tbat require a 'buman-problem-solving' tecbnique. 
The brain bas otber favourable features besides tbe interesting application field. One of tbe most 
important ones is tbe robust bebaviour of tbe brain. Many neurons in tbe brain can be eliminaled 
witbout forgetting a tbing. We also want to implement tbose features in an ANN. 
Wben explaining tbe operatien of an ANN one is somelimes inclined to use psycbological terms. In 
my opinion tbis bas to be done very carefully because of tbe following two reasons: 

Wben using a tooi we do not only want tbe tooi to perform tbe task, but we also want to know wby 
it operates tbe way it does. For wben we understand tbe opera ti on of tbe tooi, we can precisely predict 
wbat kind of task can and cannot be performed. 

Wben we have proved tbe eperation of an ANN on a specified problem witb pure mathematica! 
models and calculations, we may come in a position of enbanced understanding of tbe human brain. 

The best neural network is tbe human brain. It would be an ideal situation if we were able to 
understand tbe operatien of the brain. We are bowever still a long way from that situation. 
The following three items can be seen as tbe foundations of tbe functioning of the brain. 
They play a significant role in building an ANN. 

-The neuron, tbe building block of the brain. 

-The conneetion structure of the neurons. 

-The "leaming algorithm" of the brain. 

We will see that the way of imptementing these three items in an ANN strongly depends on tbe 
application of that ANN. 
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The Neuron 

The human brain consists of about 1011 neurons. We know that there are several kinds of neurons, 
nevertheless we see that all the neurons consist of the following three parts : 

The dendrites are the inputs of the neuron. The number of dendrites depends on the kind of neuron, 
in a range of 1,000 to 100,000. 

The soma is the centre of the neuron, bere all the dendrites come together. 

The axon is the output of the neuron. One neuron bas a single axon. The axon however, splits into 
a number of branches, so that it can become an input of many other neurons by transmitting its signal 
on the axon toa dendrite of another neuron through a synapse. 

So, if we build an ANN we have to use a simpte processing unit based on the biological neuron, with 
many inputs and one output. The central question is bow the biological process in the soma can be 
translated into the algorithm of the ANN. Fora long time scientists tried to describe the processas 
a mathematical equation. There are a lot of problems to be solved before we totally understand the 
biological process in the soma. One thing we know for sure is that it is strongly non-linear. 

The processing unit presented below is called the perceptron. This is the processing unit used most 
in Neural Networks nowadays. 
The two most important assumptions are a fully deterministic behaviour of the neuron and the division 
of the process in a linear and a non-linear part. 

Every input is multiplied with a certain weight. 
A weight cao be seen as a representation of the 
conneetion strength between two neurons. The 
weighted inputs are linearly added with each 
other and with the bias to form the total sum. 
This sum enters the second part of the 
perceptron. That part is the non-linear 
component which produces the output Y of the 
perceptron. 
Two possible non-linearities of the perceptron 
are presented below. 
The first one is the Hard limiter or Binary 
function. The second one is the Sigmoid 
function which is described by the following 
equation: 

Y( SUM ) = -=---1~= 
l+e-NL•SUH 

(2 .1) 

Where NL is the rate of non-linearity. 

X1 

X2 

Xn 

t 
y 

0 sum 

SUM-+ 

+ 
y 

The big advantage of the sigmoid function is the FIG. 2.1 : The Perceptron. 
mathematica} ease of the function as we will see 
later on. 
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The difference in output range of tbe two non-tinearlties is functional and can be explained from tbe 
practical applications of tbe two non-linearities. 

The coonection structure of the neurons. 

The number of inputs of a biologica) neuron is large. Wbat is tbe structure of the connections ? 
Wben one takes a first look at the brain, one is inclined to say that this structure is completely chaotic. 
On the other band there are several very structured mechanisms, such as reflex arcs, which are 
responsible for fast human responses. 
We can also see that tbere is a topological dependency : 
The ebanee of a neuron being connected with a neigbbouring neuron is larger tban tbe chance of a 
neuron being connected with anotber neuron tbat is not in the direct neigbbourhood. 
A lot of unanswered questions remain about tbe conneetion structure of the neurons. But even if we 
bad all tbe answers, we would still not be in a position to simulate tbis complex conneetion structure 
because we cannot use an ANN with sucb enormous number of nodes. This does not mean that we 
cannot leam from tbe brain at this point. It does mean however that tbe demands issued by the 
application of an ANN, play a significant role in tbe choice of the interconnection structure. 

The learning algorithm of the braln. 

At birtb, the structure of the neurons in a human heing's brain is full-grown. Every day many neurons 
die, but none of tbem will be replaced. Where do bumans store all the knowledge tbat they gather? 
It is well accepted that tbis knowledge is stored in the conneetion strengtb between tbe neurons. But 
how does it get there, bow do we leam ? 
The Hebbian rule gives us an answer to that question : Wben an axon of cell A is near enougb to 
excite a cell B and repeatedly or persistently takes place in firing it, some growtb process or metabolic 
change takes place in one or both cells such that A's efficiency, as one of the cells fuing B, is 
increased.[Hebb, 1949) 
Although this rulenever bas been proved, the central thougbt still stands. 
Translated for a perceptron (Fig. 2.1) the rule becomes : 

Wbere X; and YJ are the outputs of two perceptroos and ll W iJ is tbe change in the conneetion 

weight between those two perceptrons. 
Most ANN's use some kind of adaptation of this rule. 

2.2 The Llnear Associator 

From several matbematical point of views the Linear Associator (L.A) can beseen as a predecessor 
of tbe Neural Networks. The L.A. performs a Multi Variabie Regression Method. The matrix W 
contains the regression coefficients. When tbe input vector x is presented to tbe L.A, tbe output vector 
y becomes: 
y=Wx 

A number of input veetorscan be presented to the L.A. ,these veetors are stored in the matrix X. The 
matching target veetors of these input veetors are stored in the matrix T. Strang[1986] proved that tbe 
optimum setting of the weigbts can be calculated with the pseudo-inverse : 
W=TX• 
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This optimum setting is calculated according to the criterium of minimizing the total sum of squared 
errms. The regression coefficients can be calculated because of the total linearity of the L.A. 

2.3 The Hopfield Net 

The Hopfield net is a net with a fully connected structure. This means that each node is connected 
with every other node in the net. A conneetion between node i and node j bas a specific weight W1J. 

The weights are symmetrie; WIJ=W;. In most cases, the net uses nodes with binary inputs and outputs, 
so we can regard each node as a perceptrou with a Hard-Limiter non-linearity (Fig. 2.1). 

J2 Jn 

0 0 

Xî X2 Xn 

FIG. l.l : A Hopfield Net 

Figure 2.2 presents a Hopfield net with n nodes, each node P bas an input X and an output J. 
Sometimes, the Hopfield net is called a zero-order machine because of the fact that it is totally 
interconnected. Another very important feature of the net is that the conneetion weights are initially 
set to a specified value, and that they do notchange after this initial setting. 
This setting of weights is completely according to the Hebbian rule. A number(M) of patterns is 
presentedat the input of the net. When the inputs of the nodes Xi and Xj are the same (both 1 or -1) 
the conneetion weight between Xi and Xj is increased with 1, in the other case the weight is decreased 
with one. This is done for all pairs of nodes (i<>j) and over all the patterns : 

lf-1 

w11=I: x 1 ,"x1,s for i" i (2.3} 
••O 

The patterns are stored in the Hopfield net by initializing these weights according to (2.3). It can be 
seen how these pattems are stored in the net by taking a look at the Energy function of the net : 

(2. 4} 
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After iniûalizing, the weights do not change, thus the energy E is a function of N parameters (N 
inputs). Por each stored pattem the energy function E comes toa minimum. In Figure 2.3 we see a 
possible energy function, for illustration purposes we brought the dimension back from n+l to 2. On 
the vertical axis we have the energy E and on the horizontal axis we have the parameters Xl to Xn. 

t 
E 

PAT2 

[X1 ,X2, ..•• Xn] --+-

FIG. 2.3 : An Energy function. 

After the weights of the Hopfield net are initialized, a nother pattem can be presented to the net, which 
does not have to be a stored pattem. At t=O the output is taken over from the input : 

Ji(t=O)=Xi. (2.5) 

Now we let the network iterate until it reaches a stabie output (convergence). 

(2.6) 

Where fis the Hard-Limiter non-Iinearity. 

Since the iteration processis searching fora minimum Energy(E), there are two possibilities : 

- The network does find a minimum energy, but the output pattem associated withit is nota stored 
pattern. There are several techniques for trying to keep the network out of these local minima, the 
Annealing theory is one of them.[Kir et al, 1983] · 

• The network converges to a stored pattem. 
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This last possibility is the situation we want to have, because then the Hopfield net works like an 
Associative Memory. We have stored M patterns in the net. When presenting another pattem, the 
network 'searches' for the most similar stored pattem. Thus, aftera pattem is stored in the net noise 
can be added to the pattem or a part of the pattem can be thrown away and the net will still recognize 
it as the original pattem. 
It may be clear that when two stored pattems are very similar, it is hard to distinguish tbem. 
Preferably, all pattems should be orthogonal, in that case the distances between the 'pattem' minima 
(Fig. 2.3) are maximaL But even if the patterns comply with the orthogonality rule, there is a restricted 
number of pattems that can be stored in a Hopfield net with n nodes. Hopfield showed experimentally 
that problems arise if M>0.15n (saturation) [Hop, 1985], but the limitations of the capacity can also 
be derived theoretically [Mül et Rein, 1990]. 

2.4 The Perceptron 

The perceptrou (Fig. 2.1) was proposed by Rosenblatt[1961]. The Perceptrou is trained in a supervised 
way; during training inputs and the matching desired output (target T) are presented to the perceptron. 
When a presented input pattem belongs to class A, the target-output of the perceptrou can be defined 
asl. 
The input weights are changed proportionally to the product of the input and the output error. The 
output error is the difference between the real output and the target. 
This rule is called the Delta Rule : 

(2.7) 

The sigmoid function is the non-linearity used most for perceptrons. 
lf we use a hard-limiter, the non-linearity can be seen as a decision; when the sommation of the 
weighted inputs is positive, the output is 1, and when it is negative the output is 0. The point at which 
the sommation exactly equals zero is a function of the inputs and is called the decision function. 
Changing the weights transfers the decision function. 

Minsky and Papert[1969] proved that the 
perceptrou had strong limitations. They showed 
that the perceptrou could only divide the output 
classes by linear hyperplanes. Thus, a 
perceptrou with two inputs can only separate 
class A from class B by a straight line. In 
Figure 2.4 we see the problem, a Hard Limiter 
non-linearity is assumed; on one side of the 
decision line the output is equal to 1 and on the 
other the output is 0. 

We see that the perceptrou cannot solve the 
problem totally, it can only search for the best 

t 
X2 

possible solution. FIG. 2.4 
perceptron. 
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2.5 Multl Layer Perceptron 

2.5.1 Introduetion 

Fora long time it was known that a Multi layer Perceptrou (MLP) could form more complex decision 
regions. The problem was that one did not know how to train these networks. So one was not able to 
train the MLP forming the decision regions itself. 
A mul ti layer perceptton consistsof an input layer,an output layer, and a number of bidden layers. The 
bidden layers and the output layer are built of perceptrons. That is why we call an MLP with one 
bidden layer a two layer perceptron. In some other literature such a MLP is called a three layer 
perceptron. The name Mul ti layer Perceptton suggests that a layer buildof a number of elements, one 
of which is presenled in Fig. 2.1, is a perceptron. However, we call one such a single element a 
perceptron, so according to our definitions the right name would be Multi layer Perceptrons. 
Each layer of the MLP reeeives inputs 
from the preceding layer only. First, 
the outputs of the perceptroos in the 
first layer are computed. These outputs 
are the inputs of the following layer, 
so the outputs of that layer can be 
determined. With these successive 
calculations the outputs of the MLP 
are computed (Forward Calculation 
(FC)). Fig. 2.5 shows a two layer 
perceptrou with five inputs and five 
outputs and tbree bidden nodes. 

2.5.2 The Back Propagation Rule 

Y1 

FC 

X1 

OUTPUT 

Y2 Y3 Y4 

X2 X3 X4 

INPUT 

FIG. 2.5: A two Layer Perceptron. 

Y5 

BP 

X5 

The conneetion weights are initialized with small random values. The conneetion weights between the 
bidden layer and the output layer can be trained according to the Delta rule. The problem is bow to 
train the conneetion weights in the preceding layers. A solution to the problem was introduced by 
Rumelban[1986] with the Generalized Delta rule or the Back Propagation Rule (BPR), which we will 
derive as briefly as possible. For more details about the rule I refer to [Rum et al, 1986]. 
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Tbe desired situation is that the output of the MLP equals the target. One tries to reach this situation 
by minimizing the following energy or cost function: 

(2. 8) 

p denotes the presented pattern. 
j denotes the index of the output node. 

Tbus, the energy function is the quadratic sum of the errors over all the output nodes. Tbe error of an 
output node is defined as the difference between the desired value (target 1) and the ac·tual value (Y). 
We cao also take another energy function bere. For instance, if we do oot only want the output to 
match with the target but we also want to do this with conneetion weights as small as possible we 
have to introduce some kind of function of the conneetion weights in the energy function. 
We want the MLP to classify more than one pattem, so we subsequently present the MLP a number 
of input pattems with their matching targets (the training set). The energy then becomes : 

(2. 9) 

Tbe essential thought of the Generalized Delta Rule is that the change of a weight is proportional to 
the descent of the Energy as a function of that weight : 

(2 .10) 

Thus, the network is searching for a minimum of the energy function by adapting the weights with 
a step size depending on the shape of the energy function. 

Tbe right hand side of equation 2.10 cao be divided into two parts : 

éJEP _ éJEP éJSUMpJ 

~ a SUMPJ a wiJ 
(2 .11) 

The first part is the change in energy due to a change in the total linear sum of perceptron j when 
pattem p is presented. The second part is the change of that sum due to a change in the weight from 
perceptron i to perceptron j. The second part of the right hand side of equation 2.11 cao be written 
as: 

(2 .12) 

Which is trivia) when we realize that SUM is the linear summation of all the weighted inputs, so the 
change of SUM as effect of a change in weight is the matching input. 
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We can define the first pan of the right hand side of 2.11 as : 

oEP --Ö 
asuNP1- pj 

Therefore, we can rewrite (2.11) as : 

Combining equation 2.10 and 2.14 yields : 

(2.13) . 

(2 .14) 

(2 .15) 

Where, T] is a constant parameter with a value between 0 and 1, which is called the leaming rate. 

ö is computed by separating the left hand side of equation 2.13 into two parts : 

(2 .16) 

The second pan is the derivative of the non linearity function : 

YP1=f(SUMp1 ) ~ oYpJ =f' (SUM ) 
asuMPJ PJ (2 .17) 

The first pan follows from the definition of the energy (2.8) : 

(2 .18) 

The Generalized Delta for an output becomes : 

(2.19) 

This equation for ö can only be used when perceptron j is an output, because no target is present for 
a bidden perceptron (bidden unit). The error of a bidden unit is defined as the weighted summation 
of the deltas in the layer above (Back Propagation Rule). The weights used for this back propagation 
are the same as the weights used in the forward calculation. For a bidden unit the Generalized Delta 
is: 

(2.20) 
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This equation can also be derived with the chain rule, which will not be done bere [Rum et al, 1986]. 
Equation (2.17) showsus that the bard-limiter non-linearity is unusable for the training of a MLP, 
because the derivative of the hard-limiter is zero everywhere except at the point where SUM equals 
0, there the derivative is infinite. As said before, an advantage of the sigmoid function is the 
mathematical ease with which the derivative of the sigmoid function can be calculated : 

(2.21) 

The training procedure is determined by equations (2.15),(2.19), (2.20), and the choice of the non 
linearity. The only degree of freedom is the value of the leaming rate. If the leaming rate is zero 
leaming is tumed off, if the leaming ra te is set to one, we know forsure that the leaming process will 
become instable. The leaming processcan be improved by introducing the momenturn (a) in equation 
(2.15) : 

(2.22) 

The momenturn introduces a filter-mechanism, when sequentia] weight-changes are in the same 
direction the new calculated weight-change is increased else it is decreased. 
A leaming algorithm which searches for a minimum of the energy function is obtained. There is no 
guarantee that the networkwiJl converge to the global minimum (where every output is 'almost' equal 
to the target). A metbod for protecting the network from converging to a local minimum is starting 
with large values of the leaming rate and momenturn and slowly decrease them during training. 
However, this metbod can only be seen as a makeshift and does not always give good results. 
Techniques for setting and adapting the leaming parameters to optima) values may be deduced from 
conventional numerical analysis [Pow, 1987]. 

The first profound studies to the answer of the question under which circumstances a Neural Net 
converges to the global minimum have started, but general results don't have to be expected yet, 
because the problem is very complex and totally depends on the training set. [Hir, 1987][Mic, 1989] 

We present a Multi Layer Perceptron a set of input-output pairs (training set). When the MLP bas 
found the global minimum, it compotes the correct matching output when an input from the training 
set is presented. We can also present an input that was not in the training set. If the MLP bas made 
a good generalisation, then in this case too, it will compote the correct matching output. 
To ensure the MLP makes a good generalisation, two factors are very important : 

- The training set. When a specific feature according to which a decision bas to be made is not or 
hardly represented in the training set, we cannot expect that the MLP willleam to make a decision 
according to that feature. The training set bas to be representative for all patterns that can be inputs . 

• The dim.ensions of tbe MLP. The number of bidden nodes is related to the complexity of the 
problem. Wben there are more bidden nodes than stricûy necessary, the MLP will adapt the weights 
according to features wbich are typical for the training set but not for the entire problem. 
The following section deals with a definition for the complexity of a problem and the related number 
of bidden nodes. 
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2.5.3 The number of Hidden Nodes for a Multi Layer Perceptron 

A perceptrou can only divide classes by linear hyperplane's. A two layer MLP can form far more 
complex decision-regions. We will not discus the question bere, what kind of decision-regions a two 
layer MLP can make exactly. Let us assume that the classification problem in concern can be done 
by a two layer MLP. An important question is how many bidden nodes are needed to do the 
classification. The answer to the question is given by Mirchandani[1989], who showed that there were 
three connected parameters, namely : 

H : The number of bidden nodes. 

d : The inputspace dimeosion (the number of input nodes). 

M : The number of linearly separable regions in the input space. This can be equal to the number of 
output classes, but in practice it is always larger because one class consists mostly of more than 
one separable region. 

Fig. 2.6 shows a classification 
problem for a two-dimensional 
input space, two output classes 
(white and shaded), and about 26 
linearly separable regions. 

FIG. 2.6 :A Classification Problem. 

In a d-dimensional input space, the maximum number of regions that are linearly separable using H 
bidden nodes is given by : 

tl 

M(H,d)= E (H) 
t..O k 

where ( ~)-=0 for H<k (2.23) 

This formula is based on the fact that the bidden nodes form the decision boondarles and the output 
nodes form the actual decision regions. 
The relation between the three parameters can be of great help when building or simulating a MLP 
for a classification problem. The problem however is that for complex problems the number of 
separable regions is very hard to estimate. 

There is a lower and an opper boundary for M : 
M can never be smaller than the number of output classes. 
M can never be larger than the number of patterns in the training set. 
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In practice, determination of M bas to be done empirically. 

A three layer MLP can form arbitrarily difficult decision regions. Lipmann analyzed the question how 
many bidden nodes are needed fora classification problem with two output classes (1 output node) 
[Lip, 1987]. He concluded that the number of biddennodesin the second layer could besmaller than 
the number of disconnected regions in the input space but had to be larger than three times the number 
of bidden nodes in the first layer. 

2.5.4 Advantages and dRdvantages of the MLP 

As said in the introduction, it is of high importance that a tooi does not only manage the job but that 
one also knows exactly the circumstances under which the tooi works. 
It can be analyzed exactly what kind of 'input space distri bution' classification problems a specified 
MLP can manage. However, the most important reason for trying to solve a classification problem 
with a Neural Net is that one doesn 't know the input space dis tribution ! 
The MLP bas a very general applicable training algorithm, the Back Propagation Rule. A disadvantage 
is that we are not yet able to calculate the optimum leaming parameters for the BPR algorithm on a 
training set. 

Another disadvantage is the problem that arises when simulating a MLP. In that case the parallel 
woricing of the MLP is necessarily converted into sequential working. This means that the training 
algorithm takes a very long time, proportional to the dimensions of the MLP. 

2.6 The simulated annealing theory 

The MLP as wellas the Hopfield net are dealing with a kind of optimization problem. One possible 
optimization technique is to formulate an Energy function that confarms with the optimization criteria, 
and change the variables such that this Energy function reduces. This is called the gradient descent 
technique. The great risk when only allowing the energy functions to decrease is that the system can 
fall in a local minimum. But it is hard to formalize where an increase of the energy function is 
allowed. 
Kirkpatrick introduced an optimization technique which does not exclude a temporary increase of the 
energy function. This technique is based on the physical analogy of the annealing process : To find 
a very low energy state of a metal, the best strategy is to melt it and then slowly reduce its 
temperature. 
The technique is called the simulated annealing theory [Kir et al, 1983]. 

When implemenring the theory on a Hopfield net, the difference in energy between the situation that 
the output of an unit is 1 and that the output is 0 is calculated. The probability that the output of the 
unit will become one is equal to : 

(2.24) 

AE is the difference in Energy in the situation that the output is 1 and the situation that the 

output is 0. The parameter T is an analog for the temperature, which will decrease during the process. 
This local rule leads to the following distribution function : 
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(2.25) 

Which equals the Boltzmann distribution function. 
The probability depends on the difference in energy between the two global states a and B and does 
not depend on the shape of the energy function. 
The annealing theory is not applicable on a MLP in the original form, but there are several ways of 
imptementing an adaptation of the theory on a MLP. Two of them are described briefly : 

The training of the MLP is based on the changing of the weights according to the gradient descent of 
the energy function. A kind of annealing theory can be introduced, by adding a normally distributed 
noise factor to the calculated change of weight. The varianee of that distribution can be made 
proportional to the individual change of weight, and will have to decrease during training. 

Another possibility is to start with an almost Iinear function for each perceptron, and increase the non
Iinearity during the training process. 

Y(SUM)== l 
1 +e -Nt.SUM 

(2.26) 

In the case of the sigmoid function this leads to a small starting value for NL and an increase of the 
parameter NL during training. Although this technique does not mathematically match with the 
simulated annealing theory, experiments have pointed out that the consequences of the application of 
one of the two techniques are similar, namely avoiding the network from converging to a local 
minimum. Another common consequence of both techniques is that the training procedure takes far 
more time. Therefore, it is wise to use one of both techniques only when they are really needed. 

2. 7 Competltive leandng 

A competitive leaming machine consists of n layers, each layer bas m clusters. A node is connected 
with the nodes in the preceding Iayer with positive weights W;J· 

Ot.ITPUTS OF ON: CLUSTER 

aoccitetory connectiOI'l& 

INPUT NODES 

FIG. 2.7 :A competitive learning structure. 
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The total amount of weights to node j is fixed : 

(2.27) 

During training the weights to node j are changed, but equation 2.30 remaiDs valid. 
Nodes in one cluster are conneeled by negative weights. The inhibitions in a cluster are such that only 
one node in that cluster can be active, "the winner takes aU" [Rum, 1986][Carp and Gros, 1988][Koh, 
1988]. 

The most general leaming rule is: 

if j loses on stimulus k 
(2.28) 

if j wins on stimulus k 

g is the leaming rate of the training. 
eik is one if node i is active and zero otherwise. 
Dt is the number of active units in the layer of node i. 

The competitive leaming algorithm is fit for unsupervised leaming, although it cao also be applied as 
an algorithm in a supervised surrounding. A very strong link can be seen between the problem and 
the structure of tbe net, because in every cluster there are a number of nodes, which represent features 
or parameters, that exclude one another. 
For example in one clusterthereare a number of nodes that all represent a specified colour. Wben the 
forward calculation in the net points out that 'node blue' bas a large value, this is a reason to decrease 
the value of 'node green', because an object cannot begreen and blue at the same time. This jusrifles 
the negaûve weights in a cluster. When these natura) contrasts are present in a problem, that problem 
cao be a good appticaûon for the competitive leaming algorithm. But every feature cao be translated 
in a contrast by introducing a node that represents the presence of the feature and another node that 
represent the absence of the feature. Th is approach can have some advantages, because bothnodes cao 
have a non zero value at the same time in spite of the fact that the nodes inhibit eacb other. If the 
problem is tackled in the right way, we can say something about the sureness that a feature is present 
and independently say something about the sureness that the feature is absent. 
When in an early stage of the training procedure inhibitions are too strong, there is a risk that an 
incidental event in the early stage of training becomes structural and leads to wrong decisions. 
Therefore, it is recommendable to increase the inhibitions during training. 

2.8 The Adaptive Resonance Theory 

We have seen several structures of Artificial Neural Networks, but none of them resembles the 
structure of the brain. The fact that the brain structure is too complex and too hard to onderstand does 
oot meao we caooot use very simplified modelsof the brain to build a ANN. Grossberg and Carpenter 
[1988, 1989] put a lot of effort in trying to model the structure of the brain in an ANN. They were 
the first who separated the Long Term Memory(LTM) from the Short Term Memory(STM) in tbe 
structure of an ANN. The net learns unsupervised and uses the Adaptive Resonance Theory (AR1). 
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In Fig. 2.8 the global structure of the ART system (the control 
part is omitted) is presented. The input pattem is presenled to 
the Short Time Memory field F1. Mter normalization, the input 
pattem is distributed through the LTM traces to the STM output 
field F2. Here the class is calculated which is most Jikely to 
contain the input pattem. The ART structure is a Feedback 
netwerk, because this winning class is calculated back through 
the LTM to F1, which causes a sort of prototype of the chosen 
class. In F1 the 'distance' between that prototype and the input 
pattem is calculated. When the distance is too large, the process 
restarts after disabling the unsatisfying class. This process 
repeats until a satisfying class is found (in that case the input 
pattem is being classified in that class) or none of the classes 
is satisfying (in that case a new classis made which at that time 
only contains the presented input). In both cases the information 
is stared by adaption of the LTM. 
The structure of the ART system is of great interest, because of: 

-lts unsupervised character. 
-The separation of STM and LTM. 
-The two directions of information processing in the LTM. 

LTM 

STM F2 

INPUT 
PATTERN 

LTM 

FIG. %.8: A global ART structure. 

Another feature of the ART system is that it works with prototypes of classes. One can argue about 
the fact whether this is a disadvantage, but it is eertaio that it makes the system less flexible because 
a lot of classification problems have classes without prototypes. 

%.9 Kohonen's self-organlzlng feature maps 

Kohonen bas done a lot of research on the possibilities and impravement of associative memory [K.oh, 
1972]. He also developed a class of Neural Networks wbich has interesting properties, the self
organizing feature map [Koh, 1988]. 
During the training of a feature map an output is made sensitive for one specified input pattem. Tbat 
input pattem is the prototype input pattem for the class of input patterns tbat 'fires' that output after 
training. 
The most important feature of Kohonen's approach is that the leaming rule uses the topological 
neighbourhood of the output nodes. This is based on the following assumption : wben an input pattem 
fires an output node and another input pattem fires the output node next to it, the two input patterns 
are alike. 
The fact that themapis self-organizing means that it leams unsupervised, just the input vector X is 
presented and the target is oot. 
The training algorithm uses the topological neighbourhood of the output nodes. The output nodes can 
be arranged in any desired dimension. In Fig. 2.9 and 2.10 two possible neighbourhood functions for 
output nodes are presenled for the two dimensienat case. 
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FIG. 2.9: Circular two dimensional topological 
neighbourhood. 

0000000 
0000000 
000000 
o o o[Q]o o 
000000 
0 0 0 0 0 0 c5N2 
0000000 1 

FIG. 2.10 : Rectangular two dimensiontll 
neighbourhood. 

As indicated (in Fig. 2.9 and 2.10) the neighbourhood decreases during training. Each input node is 
connected with every output node. When an input pattem is presented, the 'distances' of the weight 
vector to that input pattem are computed for every output node j: 

11 

dl·E<xi-wty (2.29) 
;.1 

dj is the distance of the weight vector to input pattern. 

Only the weights of the nodes in the neighbourhood of the output node with the minimum distance 
are trained according to the following rule : 

(2.30) 

The weight vector to one output node represents the prototype-input-vector of the class denoted by the 
output node in question. Under specified conditions the distribution of these weight veetors converges, 
during training, to the density function of the input pattems [Koh, 1988]. A set of conditions under 
which this will not happen is given by Hecht-Nielsen. He a lso describes a metbod for extension of the 
conditions under which a good training convergence takes place [Hec, 1989] 
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3 Possible neural network structures for pattem recognition on evoked potentials 

3.1 Introduetion 

The first ideas for Anificial Neural Networles date from the late forties early fifties, but because of the 
intense renewed interest it can be regarded as a relative new science. A lot of effort is being put in 
the research for ANN's by several people. However, the solving of a scientifically interesting problem, 
which is hard to solve with a conventional approach, is only very sporadically tbe result of such a 
research. 
In our case the correspondence with another technique applied on the Evoked Potential, namely 
Adaptive Filtering is important [Wee and Mar,1978; Tha,1987; Wid and Win,1988; Vaz and Tba,1989] 

INPUT 
Xk -~~ DELAY ..,_?""!..t DELA Y 1--r---

OUTPUT 

TARGET---' 

FIG. 3.1 : Adaptive Filtering. 

Fig. 3.1 indicates that the Adaptive Filter can be approached as a linear perceptron. The task of such 
a filter is to suppress the noise. The operation of the filter is based on the assumption that the change 
of noise (as a function of the time) is Caster than the Castest changing of the EP. At the optimum 
setting of the weights, the power of the noise in the output is brought to a minimum without 
transformation of the EP. Uncini et al. did an investigation to the possibility of improving the features 
of the filter by applying a MLP network [UNC et al, 1990]. They used a network with 10 input nodes, 
6 bidden nodes, and 1 output node (comparable with Fig. 3.2) and did some experiments with stylistic 
EP's. These experiments showed that the ANN obtained better results, under these circumstances, than 
the classical filter techniques. 
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Tbere is a difference between the filtering problem and 
our problem which bas great impact on the approach 
of our problem. 
This difference is that we have to work on-line, but we 
don't have to workin real time. The fact that the data
points are stored in memory gives us more freedom 
for operations on the EP. 
For example, the Uncini network (Fig. 3.2) uses the 
same weights for the first 10 data-points of theEPas 
it does forthelast 10 data-points, although the features 
of EP and noise can be different at both time sections. 
We have all the data points at our disposal at the same 
time and can adapt all the weights independently. 

3.2 Structures used. iD the tests 

3.2.1 Introduetion 

FIG. 3.2: A MLP filtering approach. 

Chapter 2 dealt with several ANN's structures. Astrong conneetion between the nature of the problem 
and the kind of network structure was noticed. An important question which bas to be answered when 
imptementing an ANN on a specific problem is : Wbat kind of input and output signals does the 
problem require? When this question is answered, the input and output layer structure are fixed. In 
al most all cases there will be more than one answer to the question, therefore experiments are required. 

TheEP's that are the subject of investigation consist of 300 input data points(60ms). Two possibilities 
for presenting the input data to the network are : 

-Every data point can be represented as an analog value, in this case we have 300 input nodes. 

-The EP can also berepresentedas a matrix with 300 columns and a number of rows, depending on 
the required accuracy. The input nodes are binary, in one column only one input node can have the 
value one, this node indicates the value of theEPat that column. 

Tbe second proposal results in a large number of input nodes, without bringing in more information 
or promising a more precise calculation. That is why the first proposal is the most suitable approach 
to the problem. 

The output nodes have to indicate where a panicular complex in the EP appears. It is trivial that the 
time-value bas to be represented inslead of the amplitude of the EP, because with the second one we 
cannot uniquely define the complex. The possibilities of presenting this time-value result in three 
network structures, which are interesting for funher investigation. Tbe structures will be used for the 
recognition of one complex. 
A common algorithm is desired for the three structures, so that the structures can be compared 
afterwards. Tbe MLP configuration is chosen for all three structures. Since the MLP is the most used 
algorithm for solving practical pattem recognition problems it seemed to be an obvious choice. 
However, research on other neural network algorithms wiJl be required. 
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3.2.2 The Independent ProbabUity structure 

As many output nodes as there are input nodes can be used for the presentation of the complex. In that 
case the target pattem will consist of a number of nodes with the value one, that number is equal to 
the number of complexes we want to detect. The other nodes have target value zero. 'Ibis approach 
allows the possibility of using the neighbour-principle as used by Kohonen. 
The base of the Independent Probability structure is a standard two-layer MLP as presented in Fig. 2.5. 
The MLP is trained with the Back Propagation Rule, as described insection 2.52. Three remarkscan 
be made in relation to the underlying application of the BPR. 

1) All the pattemsof the training set are presented to the MLP. For each pattem and each conneetion 
the desired weight-change is calculated according to the BPR. These connections are not directly 
adapted with the weight-changes but the weight-changes are first added over all presented patterns. 
This kind of training is called the batch version of the BPR. The batch version takes care of a more 
gradual training compared with the conventional BPR. 

2) In the used algorithm the parameter POS is introduced. This parameter influences the calculation 
of the output errors : 

errout=target-output if target=O 
errout=POS*(target-output) if target=l (3.1) 

With the parameter POS there is a possibility to make the network more sensitive or less sensitive to 
the node with target value 1. 

3) Another parameter is the window-width W. With this parameter the topological neighbourhood, as 
used by Kohonen, is introduced. Fig. 3.3 illustrates the use of the window-width (VL denotes the 
complex which bas to be detected). 
The output nodes between VL-W and VL+W have the target value 1, thus a uniform window is 
applied. It is also possible to use a non-uniform window. The purpose of the window parameter is to 
use the fact that two patterns of which the latendes of component V are near, are more alike than two 
patterns of which these latencies are more different. 
The intention is to decrease the window-width during training in a way comparable to the training of 
the Kohonen's self-organizing feature maps. (see Sec. 2.9) 
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FIG 3.3: The use of the parameter W, in the Independent Probability structure. 

Summarized, the following parameters are available : 

POS 

w 

n,a : The learning rate and the momenturn (sec. 2.5.2). 

H : The number of bidden nodes. 

NL : Perceptroos are used with the sigmoid non-linearity (equation 2.1), the parameter NL is of high 
importance for the operation of the network. When NL is small the network operates like a 
linear associator, when NL is too large the risk that perceptroos make wrong irreparable 
'decisions' increases. 

After successful training, the value of each output node corresponds with the probability that the 
latency of the complex of the presented EP equals the index of the output node. 
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3.2.3 The discrete output structure 

Another option is to represent the time on which a complex appears as a discrete value, only one 
output node is needed for one complex. 
Tbis structure leads to a relative small net which leads to faster simulations. However, it is the 
question whether this configuration achieves the desired accuracy. The number of input nodes equals 
the number of samples of the EP. The number of desired bidden nodes depends on the complexity of 
the problem. As many output nodes are needed as the number of complexes that have to be detected. 

Tbe bidden nodes use the sigmoid non-linearity. The output nodes are linear, because this corresponds 
with the presentstion of the latency as a discrete value. 
In comparison with the standard MLP, there is one extra parameter in this structure, namely the second 

leaming ra te. Tbe structure uses two leaming rates, one for the first layer( fJ ~ and one for the second 

layer( f'J~· lf only one leaming rateis used the leaming processcan slow down when for one layer 

the leaming parameter is too small, while it cannot be increased for the other layer. 

y 

FC BP 

Xî X2 ··························· ................. ,,. Xn 

Fig 3.4 : Configuration of a MLP with a discrete output. 

Fig 3.4 shows a MLP with one discrete output node. Thus, this network can be trained for recognizing 
one complex. 
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3.2.4 The binary output structure 

Another possihle output presentation is to 
present the target as a hinary value. Figure 3.5 
shows how a classification can he made at 
different levels with this configuration (L0-1.3 
for 16 inputs). Each level consists of a 
perceptron or a MLP ( denoted as NN in Fig. 
3.5) which bas a hinary output. lf the target 
equals 1, the component is in the second part of 
the input pattem, if the target equals 0 it is in 
the first part. The targets are presented at the 
outputs in Fig 3.5. The part in which the 
component is expected to he, is passed to the 
perceptron or MLP of the next level. Thus, the 
numher of inputs is halved in comparison with 
the perceptron of the preceding level. Mter the 

0 
0 
0 
0 
0 
0 
0 
0 NN 0 1 
0 
0 
0 
0 
0 
0 
0 

LO 

last level there is only one input left, if at each 
Fig. 3.5 : Binary output structure. level the right decision is taken, this input node 

complies with the component (denoted with V 
in the figure). The targets of the succeeding levels equal the hinary representation of tbe latency of 
the component, the target of the first level is the Most Significant Bit and the target of the last level 
is the Least Significant Bit. 
At each level normalization of the input pattem sets the mean value to zero and the power of the input 
pattem to one. 

x x- 1 
1 - power 

.a-1 

~ xk 
mean=~ 

n 

.a-1 

power=~ X: 

(3. 2) 

(3. 3) 

In comparison with the two other structures, this implementation of the hinary output uses far more 
knowledge of the prohlem. Namely, the structure implements a model of thesearching algorithm used 
by a human expert. An expert in the recognition of EP components, initially sees the total pattem and 
then gradually transfers bis attention to a small part of the pattem, in which the component is expected 
to he. 

23 



4 Testing the network structures on the simulated evoked potenUal problem 

4.1 Introduetion 

In the previous chapter three ANN-structures, which can be used for the EP application, were 
described. This chapter is a report of an empirica! study on the performance of the structures. Each 
structure was investigated in order to discover as much as possible about the impact a specified 
parameter (degree of freedom) bas on the behaviour of the network. 
The simulations of the structures were written in the C program language, souree files are kept at the 
Division of Medical Electrical Engineering of the Eindhoven University of Technology. 
First the simulated EP problem, used for testing the network structures, is discussed in section 4.2. 
Section 4.3 deals with a pre-investigation on the desired number of bidden nodes. Section 4.4 explains 
the contents of the training and test sets that were used for the testing of the three network structures 
(section 4.5, 4.6, 4.7). 

4.2 The simu1ated evoked potentlal problem 

The neural network was applied to recognize the typical cornponents in the Auditory Evoked Potenrial 
(AEP). Fig. 4.1 shows an AEP. 

0.25-
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12 24 36 48 60 
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FIG. 4.1 : An Auditory Evoked Potential. 

lt is the task of the neural network to recognize the cornponents 111, V, NO, PO, Na, Pa. 
Tests on the network structures were restricted to the first part of the EP which contains the brainstem 
components lil and V. Research on brainstem auditory EP's (BAEP) is done by, among others, 
Grundy [GRUN, 1982]; Fig. 4.2. and Table 4.1 show some of the results of this research. 
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FIG. 4.2 : Brainstem Auditory Evoked Potential. 

mponent 

2.800.19 
3.750.17 
4.890.23 
5.620.23 
7.140.29 
6.260.25 

meao 

Using this infonnation, stylistic EP's were made. The first 6.4 msec of the EP's were simulated, this 
is done with 64 samples. A normal distribution of the latency of the components with a standard 
deviation of 2.4 times the standard deviation from table 4.1 is assumed. 
The meao amplitudes of the components I, 11, 111, and IV are 1.2, and the meao amplitudes of In, Iln, 
llln are -1.2, all with a standard deviation of 0.5. The meao amplitude of V equals 2.2 with a standard 
deviation of 0.95. 
The model that is used for the stylistic evoked potentials first places the components according to the 
given distribution of the components. After tbis, the components are connected by straight lines. A 
possible stylistic evoked potential is presenled in Fig. 4.3. 
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FIG. 4.3 : Stylistic Evoked Potential. 

Tbe task for each ANN was to recognize component V. The latency of this component is represented 
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as the value VL (integer, 0<=VL<::63). 

4.3 Tests on the number of hidden nodes 

In section 2.5.3 it became clear that the minimal number of bidden nodes depends on the number of 
separable regions in the input distribution (M). Also, it was noticed that this number of regions is an 
unknown parameter for more difficult classification problems (including the problem discussed in this 
section). To get more information about the desired number of Hidden nodes (H) empirica} research 
was performed. The research was done by measuring the generalisation score for several number of 
bidden nodes. Some measurements were repeated several times for precision purposes and to make 
an estimation of the standard deviation of the presented value, which is called the typical error. 
The pattemsin the training and test sets were made according to the model presented insection 4.2. 

Two outputs 
A training set of 75 patterns was formed with only two possible values for VL (56 or 57). Two output 
nodes were used, if VL equals 56 the target value of the first node equals 1, while the target value of 
the second equals 0. In the other case the target value of the second node equals one. One bidden node 
was used. After 1150 iterations an energy minimum was reached. After that, a test set of 100 patterns 
was presented to this net. The score on this set was 93%. lt can be concluded that this problem can 
be solved with one bidden node, so M equals two, which equals the number of output classes. 

Four outputs 
The same test was done on the problem with four possible outputs (VL is 55,56,57 or 58). In Table 
4.2 the results of the test with two, three and four bidden nodes are given, the results of the Linear 
Associator (LA) (Sec. 2.2) are also presented in this Table. 

training-set tesf.Set 
2H-MLP 98% 79% (:t4%) 
3H-MLP 100% 85% (:t4%) 
4H-MLP 97% 70% (:t4%) 

LA 96% 78% (:t2%) 

Tab. 4.2 : Bidden node test for four output classes. 

The number of training iterations is not given because it strongly depends on the training parameters. 
The number of iterations alone, does not give any information. The typical error of the test-set score 
is estimated by 4%. Table 4.2 shows that the MLP with the three bidden nodes gives the best results. 
However, it cannot be concluded that the number of separable input regions (M) of this problem is 
Jarger than 4 (the number of output classes). On the contrary, the good results scored with the Linear 
Associator give reason to believe that the MLP with two Hidden nodes theoretically is capable of 
solving this problem. 
This supposition is proved by using the perceptron configuration with 2 outputs and coding the target 
as a binary sequence : 

55 0 0 
56 0 1 
57 1 0 
58 1 1 
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With the use of this configuration, a percentage score is achieved of 100% on the training set and 93% 
on the test set. The fact that the 2H-MLP only scores 79% is due to a significant problem of the MLP 
which is encountered at this stage : 

In Section 2.4 it was seen that the non-linearity enables the perceptcon of makinga classification. In 
spite of the fact that the sigmoid function is a more smooth non-linearity, we still want to classify. 
Thus, after training, output values of bidden nodes have to be in the neighbourhood of either 0 or 1. 
The situation occurred that a bidden node bas an output value in the neighbourhood of 0.5. 

Fig. 4.4 illustrates why this situation contributes 
to a pore generalization. A change of SUM in 
the neighbourhood of 0.5 results in a large 
change of the output Y, while a change of SUM 
in the neighbourhood of 1 results in a small 
change of the output Y. An output of 0.5 is 
more sensitive to small input changes than an 
output of nearly 1. Generalization demands 
insensitiveness to small input changes. 
That is why a final output value of '1' or '0' is 
a demand for making a good generalization. 

Eight outputs 

AY1 

1' 
y 

FIG 4.4 : Sensitivity of two different areas of the 
Sigmoid function. 

The same test was repeated with eight possible outputs (53-60), the training set and test set contain 
150 pattems for the MLP's, fortheLA both sets contain 400 patterns. 

Training-set Test-set 
3H-MLP 96% 65% ( 4%) 
4H-MLP 95% 78% (4%) 
5H-MLP 100% 74% ( 4%) 

LA 93% 83% (2%) 

Tab. 4.3 : Hidden nodes test for eight output classes. 

The good results of the Linear Associator, give reason to believe that this problem can be solved with 
a three Hidden Nodes MLP. The best generalization for the MLP is obtained however with four 
Hidden Nodes. 
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-The most important condusion that can be deduced from this test does not directly concern its initial 
goal. This condusion is that an output of a bidden node not always converges to '0' or '1'. Under 
these circumstances the network does not make a good generalization. 

-In section 2.S.3 a lower and an upper boundary for the number of separable input regions M, are 
mentioneet It can be concluded from this test that, for the simulated EP problem, M is close to the 
number of output classes. 

4.4 Training and test sets for testing the network structures. 

With the model of section 4.2 a training set (TRAINSE1) is formed to train the network structures. 
A training set of 30 pattems was made, one of those pattems did not comply to the rule that the 
latency of V had to be smaller than 64. So, 1RAINSET contains 29 pattems. 
After training, network structures were tested with seven different types of test sets. 
The same model of section 4.2 is used to form TESTSETl, with this set we want to measure the 
generalization score of the trained network structures. 
The forming of TESTSET 2-4 is based on the same model, except that several kinds of noise are 
added to measure the noise sensitivity. The pattemsin TESTSET2 and TESTSET3 are superimposed 
with white noise, while the pattems in TESTSET4 are superimposed with non-white noise. 
TESTSET S-7 are formed to measure the scale invariancy. The varianee on the latency of the pattems 
in TESTSETS and TESTSET6 is increased in comparison with the model of section 4.2. The pattems 
in TESTSETI have an increased varianee on the amplitude of the components. 

TESTSETl contains 29 pattems made according to the same rules as the patterns in 1RAINSET. 

TESTSET2 includes 22 patterns of the same shape as the pattems in 1RAINSET superimposed with 
normally distributed white noise with a varianee of 0.25 (SIN = 11 dB). 

TESTSET3 is the same as TESTSET2 with SO pattems and SIN = 8 dB (noise varianee 0.3S). 

The SO patterns in TESTSET4 are superimposed with noise of the following form : 
y o=(9x.,..4+44xD•3+69x.,..2+84xD-1 +89xll +84xD+l +69xD+2+44xll+3+9xD+4)/S01 
x1 is normally distributed, SIN= 7.5 dB. 
The time-correlation is sucb that tbe mean frequency of the noise is in the same order as the mean 
frequency of the pattem, whicb is the worst-case. 

TESTSETS contains SO pattemsof tbe same sbape as tbe pattemsin tbe 1RAINSET, except for tbe 
latency of the components, wbich are distributed with a standard deviation of 1.5 times the standard 
deviation used in 1RAINSET (1.43 on V and 0. 7S on the other components ). 

The 25 patterns in TESTSET6 are the same as the pattems in TESTSETS except the latency of each 
component is limited to besmaller than the expected value (which is presented in Table 4.1). This 
limitation is introduced because the distribution of VL in TESTSETS is asymmetrie, due to tbe fact 
tbat a component had to be excluded from coming before tbe preceding component. 

TESTSETI contains 25 pattems, the standard deviation of the amplitude of those pattems is two times 
the standard devîation used in TRAINSET. 
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4.5 Testing the Independent Probability structure 

Tests are done to investigate the influence of the parameters. A classification is considered to be 
correct if the index of the output node with the largest value (Probability) camplies with the latency 
of V. 

Parameter H 
The Independent Probability structure was tested in the most simplified version. The parameter POS 
was equal to one and the Window W was equal to zero. 
The number of output classes is 64. In practice however, the component V is always in the last part 
of the EP (16 samples). Therefore the minimum number of bidden nodes is equal to 4. The network 
was trained with TRAINSET and tested with TESTSETl. 

4H-MLP 
5H-MLP 
6H-MLP 
7H-MLP 
8H-MLP 

lOH-MLP 

TESTSET1 
34% 
38% 
41% 
38% 
28% 
31% 

Tab. 4.4 :Bidden node test on the Independent Probability structure. 

The obtained scores on TESTSET1 are that low that further testing on TESTSET2-7 is oot of any 
interest. There are a number of reasoos to give for the bad generalisation : 

-The first reason is the problem that was already encountered at section 4.3, namely the fact that the 
outputs of the Hidden nodes do oot always converge to one of the stabie values (0 or 1). 

-Another difficulty for the MLP, in this configuration, is that the majority of the output nodes have 
a target value which is always zero (because of the fact that component V does oot appear in the first 
part of the EP). Therefore a large part of the output nodes does oot take part in the coding of the 
output classes, while they do take part in the Back Propagation of the output errors. Thus the weights 
in the first layer are also changed according to errors that are less important to the coding of the 
classes. 

-A more or less camparabie problem is encountered at the input of the MLP, the samples of the first 
part of the EP contain little information about component V. However, the BPR will assign input 
weights to those samples proportionally to the meao value of such a sample. 

-We have about 16 output classes, while the number of patterns in the training-set is 29. Increasing 
the number of training patterns will improve the generalisation. However, the other reasons, 
contributing to the bad generalization, will strongly limit the impravement that cao be obtained by 
an increased number of training patterns. 
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Parameter NL 
In the next simulation the influence of the non-linearity was investigated. A MLP with six bidden 
nodesis trained for several values of NL. 

NL 

0.1 
1 
10 
100 

score on TESTSET1 

31% 
38% 
45% 
48% 

Tab. 4.5: Test on the non-Iinearity for the Independent Probability structure. 

It cao be seen that increasing NL bas a positive influence on the generalization. This is due to the fact 
that a more non-linear sigmoid function increasingly forces the output of the bidden node to converge 
to '0' or '1 '. 
A disadvantage of increasing the non-linearity is that it makes the MLP more sensitive for getting 
caught in a local energy minimum. One consequence of this is that the range of the random initial 
weights bas to be decreased, it is better to stan with outputs in the neighbourhood of 0.5. Another 
consequence is that training bas to be done more carefully, and thus will take more time. 

Parameters POS and W. 
The energy (equ. 2.8, 2.9 and 3.1) of the system equals : 

E=:E L errout!.1=:E L R!.1< TP.1-YP.1) 2 WITH RP.1=POS if Tpj>YP.1 
p j p .1 (4 .1) 

ELSE RP.1=1 

From Fig. 3.3 caobeseen that 2W+1 output nodes have a target value 1, while the other output nodes 
have a target value 0. Initially the outputs are in the neighbourhood of 0.5, this gives an energy of 
approximately : 

(4. 2) 

Where pis the number of pattemsin the training set. If all of the output nodes converge to zero the 
energy equals : 

E =p* ( 2W+l) *POS2 
:ret:o (4. 3) 

If POS is too small E.ro << E;ait• all the output nodes converge in the direction of zero. When POS 
is chosen such that E_., = E.ait• the output nodes are withhold from collectively converging to zero. 
Several tests are done conceming the parameter POS. As expected, proper use of the parameter 
accelerated the training. However, it bas no influence on the generalisation. 

Parameter W integrates information of patterns with nearly the samelatendes of component V. The 
purpose of W is impravement of the generalization. Tests on the parameter W were not executed, 
because as cao be concluded from Table 4.4, the generalization problems are not due to a Jack of 
interference between 'neighbouring' targets. 
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4.6 Testing the discrete output structure 

A classification of the discrete output structure is considered as correct if the output falls within the 
precision with which a target can be denoted. Measurements were repeated several times to make an 
estimation of the standard deviation, which is called the typical error. 

A bidden nodes test was done on the discrete output structure with a non-lineacity of the bidden nodes 
of 1 (NL=1). 

4H-MLP 
5H-MLP 
6H-MLP 
7H-MLP 
8H-MLP 

10H-MLP 

TESTSET1 
33% 
52% 
59% 
60% 
55% 
41% 

Tab. 4.6 :Bidden node test on the discrete output strocture. 

Typical errors of the values in Table 4.6 areabout 6%. Table 4.6 shows that tbe MLP makes an 
optimum generalization with 7 bidden nodes, although the difference in results between 5 and 8 bidden 
nodes is not notable. 
The influence of the non-lineacity was tested witb a MLP with 7 Hidden nodes. 

NL 

0.01 
0.1 
1 
10 
100 
500 
1000 

score on TESTSET1 

59% 
53% 
60% 
63% 
58% 
49% 
36% 

Tab. 4. 7 : Test on the non-linearity for the discrete output structure. 

Typical errors of tbe values in Table 4. 7 a bout 6%. This means that the measured influence for 
NL<500 is not notable. Only for NL>500 tbe generalization results decrease considerably. The sligbt 
influence in the range 0.01<NL<500 is due to the single linear output node. A bidden node value 0 
(or 1) bas only an effect on one output node. The small density of connections in the second layer, 
makes it easier to forma binary code in the bidden layer. 

The discrete output structure is tested with H=6, NL=10 and TESTSETl-7. 

As can be seen this structure makes a better generalization than the Independent Probability structure. 
This impravement is due to tbe fact that the codes formed in the bidden layer are almost binary. 
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The structure shows good invariancy to adapted noise (TESTSET 2-4). TESTSET 5-7 show that the 
structure does not have a great scale invariancy. Improving generalization and scale invariancy can 
easily be achieved by enlarging the number of patterns in the training set. 

The target representation as a discrete value shows attractive properties, which make it an interesting 
subject for further investigations. 

4. 7 Testing the binary output structure 

Because the classification of the simulated EP is a relative simple prablem, the binary output structure 
was first tested with at each level a perceptran. TRAINSET and TESTSETl-7 were used. Results are 
presented in Table 4.9 : 

Table 4.9 shows a considerable impravement of the results, compared with the other two structures. 
This impravement is mainly an effect of the division in severallevels. The score on TESTSET2 shows 
that the network bas a eertaio insensitivity to noise, but this noise insensitivity is limited (TESTSET3). 

The network shows a good scale invariancy (TESTSETS-7). A test was done to examine whether noise 
insensitivity impraved if the network was trained with noisy patterns (TESTSET3) instead of 
TRAINSET. 

TESI'SET3a is made according to the same rules as TESTSET3. 
The impravement of generalization for TESTSET3a, compared with the generalization for TESTSET3 
in Table 4.9, is not notabie because of differences due to the variability of the training process (6%) 
and the variability with which TESTSET3 and TESTSET3a are made. The scores of the other sets 
deteriorate or remaio the same. Adding noise to the training patterns does not lead to a structural 
improverneut of noise insensitivity. 

The results achieved with this network follow fram the phased 'searching' for the component V. At 
the first level (LO) a global estimation is made. For each following level the precision increases. 
However, it can occur that at an early level precise decisions are required. 
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This eventuality is presented in Fig. 4.5 The 
component V is almost in the middle of the 
pattem. This situation requires a precise decision 
at a 'global' level. 

I!II!II!II!IBI!II!II!II!II!II!!IIJI!II!IBB 
N'I.1T N:XES 

FIG. 4.5 : Critica! situation for the binary output 
structure. 

The FunneJ aJgoritbm tackles this problem : 
At each level the decision is made whether V is in the first or in the second half, as in the binary 
output structure, however only a part of the half in which V is not expected to be is discarded. The 
remaining nodes are passed to the following level. The array NUMDIS contains the number of 
discarded nodes, the number of input nodes (WIDTH) for each level equals : 

WIDTH[i]=WIDTH[i-1]- NUMDIS[i] for O<i<noutp 
WIDTH[i]=ninp for i=O 

noutp is the number of levels and ninp equals the number of input samples. 
There are two important rules to which the NUMDIS array bas to comply : 

NUMDIS[i] <= WIDTH[i]/2 

noutp-1 

~ NUMDIS[ i] =ninp-1 
~ 

for Ü<=i<noutp 

(4. 4) 

(4. 5) 

(4. 6) 

Rule 4.5 states that for each level the number of discarded nodes bas to be smaller tban, or equal to 
the half of the number of input nodes for that level. If the equality holds for each level, the Funnel 
algorithm is tumed into the binary output structure. 
The other rule states that the total number of discarded nodes bas to be equal to the number of input 
nodes of the first level minus one, thus after the last level there is only one node left. This node is 
expected to be the component V. 

For the simulated EP problem the dimensions of tbe Funnel algorithm are : 

NUMDIS=[ 16, 16,8,6,6,4,2,2,1, 1,1] noutp=11 ninp=64 

Where the values of NUMDIS are chosen according to the following rule : 

NUMDIS[i] ~WIDTH[i] ~ NUMDIS[i] 
4 3 

(4. 7) 
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If the decisions made in the levels preceding the current level are correct, the component V will be 
somewhere in the middle of the input set of that level. One could suffice to use this input set as a 
training pattem for that level, but the Funnel algorithm should be able to correct false decisions in the 
levels before. 
This means that the training set for a level 
should contain all possible input sets of a 
pattem that contains the component V. Fig. 4.6 
shows the extending of the number of training 
pattems for a level where WIDTH equals eight. 
The thick lines at the bottorn of the tigure 
denote the training pattems. The value at the 
right of each line is the target value of the 
matching training pattem. 
The possibility is present to use the so called 
'enhanced' training. Enhanced training adds the 
squared output errors of the training patterns 
proportionally to the parameter DIST. DIST 
equals the distance between the component V 
and the middle of the pattem. 

I -
I 

V 

0 
0 

0 
0 

FIG. 4.6 : Extending the number of training 
patterns for one level out of one input pattern. 

TESES= L DISTP ( TP- YP) 2 DISTP=abs ( VLP -MIDP) 
p 

(4 I 8) 

Where TESES stands for the Total-Enhanced-Squared-Error-Sum, VL., denotes the latency of 
component V of the presented pattem and MlD denotes the middle of the pattem. Thus, the further 
the component is away from the middle of the pattem, the larger is the contribution to the energy 
function. 

The results of tbe Funnel algorithm using perceptroos at each level are shown in Table 4.11 and 4.12, 
typical errors for the measurements are about 6% : 

The Funnel algorithm shows an extremely good scale invariancy. Noise insensitivity is decreased 
compared with tbe binary output, because the precision of the searching-method increases the influence 
that noise-peaks cao have on decisions. Training with noisy patterns shows an improverneut of the 
noise insensitivity without deterioration of scale invariancy. 
Motivated by the results scored on the simulated EP problem with use of the Funnel algorithm, an 
investigation is done on the behaviour of the algorithm on actual Evoked Potentials. 
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5 Applying the Funnel algorithm on real evoked potentials 

5.1 Introduetion 

Experiments on stylistic evoked potentials have shown that the Funnel algorithm bas better properties 
than the three investigated structures. Those good properties result from the graded decision making. 
The component V is being detected by a number of sequentia) decisions. Another advantage leading 
to the good properties of the algorithm is the large amount of information extracted from one training 
pattem. In Fig. 4.6 this extending of the number of training patterns is shown. 
Enhanced training is used for training the structure (Equ. 4.8). Training of a level is done 
independently of the other levels. During testing the organized conneetion between the levels is of 
absolute importance. 

nfr--------~----~~ 
pfr 

N.N. 0 

INPUT 

0 

nfr 
0
J--r--t---cJ- pfr 

0 N.N. 

DAT A------------------------------' 

FIG. 5.1 : The Funnel algorithm. 

Fig. 5.1 shows a schematic presentstion of the Funnel algorithm. The component V is expected to be 
between the uNder and uPper FRontier (represented by nfr and pfr). The data between these two 
frontiers is the input for the neural net at this level. The output of the neural net indicates in which 
part of the presented data the component is expected to be. At each level box D interprets the output 
and adapts the frontiers according to rule 5.1 : 

IF OUTPUT[i] > 0.5 
El.SE 

nfr=nfr+NUMDIS[i] 
pfr=pfr-NUMDIS[ i] (5.1) 

Independent of OUTPUT(i], the difference between nfr and pfr decreases with NUMDIS[i]. Mter the 
Jast level nfr equals pfr, at this point the value of nfr and pfr is expected to be equal to the latency of 
V (VL). The initia) value of nfr equals 0, the initia) value of pfr depends on the number of data 
samples. 

nfr(O) = 0 
pfr(O) = ninp-1 
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The stylistic evoked potential problem could be solved with perceptrans at each level. The real evoked 
potenrial problem is more difficult, therefore at some of the levels MLP's can be required. 
An evoked potendal consist of 300 samples, component V is in the first part of it. We have chosen 
ninp=100, this value is always wide enough. 
The number of nodes that is discarded at each level is chosen according to the following rule : 

NUMDIS[i] - WIDTH[i]/4 (5.3) 

This rule leads to: NUMDIS = [25,19,14,11,8,6,4,3,3,2,1,1,1,1] noutp = 14 

Notice that NUMDIS complies to 4.5 and 4.6. 

5.2 Test for the destred number of training patterns 

The number of useable evoked potentials is 439, coming from 37 different patients. In this first 
experiment an evoked potential is called useable, if component V is apparent for an expert. The 
potentials were recorded during varying levels of anesthetic depths. In the introduetion the hypothesis 
is mentioned that the shape of an evoked potendal correlates with the anesthetic depth. 
In spite of this hypothesis, we suppose that the features according to which components can be 
detected do not have a significant correlation with the anesthetic depth. It is also supposed that these 
features are patient-independent. 
An important parameter is the number of required training pattems (NUMTRA). To investigate the 
influence of a specified parameter all other parameters have to stay unchanged. However, in our case 
that approach is not the rigbt one. Changing the number of training pattems can change the number 
of separable input regions (M), which leads to another number of desired bidden nodes (another 
configuration of the net). Before the results scored with different number of training patterns can be 
compared, the optimum configuration bas to be deduced for each number of training pattems. Tab. 
5.1 shows the results of such a pre-investigation for 50 training patterns. The vector in the second 
column represents the number of bidden nodes in the succeeding levels. NUMHID[i] = 0 means that 
at level i a perceptron is used. Testset contains all the 439 evoked potentials with exception of the 
training pattems. 

NUMTRA NUMHID[O .. noutp] score on score on 
trainset (±6%) testset (±4%) 

50 (0,0,0,2,2,2,2,2,0,0,0,0,0,0] 68% 38% 

50 (0,0,0,3,3,2,2,2,2,2,2,0,0,0] 78% 51% 

50 [0,0,2r4,3,3,3,3,2,2,2,2,0,0] 86% 54% 

50 (0,0,3,4,4,4,3,3,3,3,2,2,0,0] 92% 47% 

.. aD. ~.1 : Jnvesttgatwn Jor tne optunum con}lguratzon Jor .)( ns. trammg patter 

The results in Table 5.1 comply with the theory (Sec.2.3.4). Extending the dimensions ofthe structure 
can oversize the dimensions of the problem, which leads to a decreasing generalisation. 
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Table 5.2 shows the results for several numbers of training patterns. The second column represents 
the most successful configuration for the number of training patterns specified. 

NUMTRA NUMHID[O .. noutp] score on score on 
trainset testset 

(:t:4%) 

10 [0,0,0,0,0,0,0,0,0,0,0,0,0,0) 80% (:t:20%) 43% 

20 [0,0,0,2,2,2,2,2,2,0,0,0,0,0] 90% (:t:lO%) 50% 

30 [0,0,2,3,2,2,2,2,2,2,2,0,0,0) 86% (:t:8%) 54% 

50 [0,0,2,4,3,3,3,3,2,2,2,2,0,0) 80% (:t:6%) 55% 

100 [0,0,3,4,4,4,3,3,3,3,3,2,0,0) 68% (:t:4%) 57% 

ab. 5.2 : Jnvestlgatzon Jor the deszrea number of trammg patterns. 

--·-
--~~~-

_ .. 
FIG. 5.2 : Score vs. 
number training patterns. 

Table 5.2 shows that extending the training set does not lead to a total recognition. The score on the 
testset can increase until the testset score equals the trainset score. The fact that this optimal score 
doesn't equa1100%, is a consequence of a combination of the two following possibilities : 
- The problem can never be solved with the information presenled to the ANN. Because, it is not 

possible to extract the solution mathematically out of the information. 
- The solution is present in the information. However, the ANN-structure is not capable of extracting 

it out of the input information. 

lt is difficult to say which of the two possibilities causes the largest contribution to the low testset 
score. The first one asks for presenting more information, the second asks for an impravement or 
extension of the structure or a simplification of the problem. For investigation purposes we have 
decided for a simplification of the problem. 

5.3 Training and testing the Funnel algorithm patient by patient 

The simplification is done by forming a trainset and a testset out of data all coming from one patient, 
or a group of patients with similar evoked potentials. From patient X 45 useable evoked potentials 
were recorded, which were divided ad random into 20 training patterns and 25 testing patterns. The 
patient group Y consists of three patients from which in total 52 useable evoked potendals were 
recorded, which were divided ad random into 22 training pattems and 30 testing patterns. 

TRAINSET-X TESTSET-X TESTSET-NON(X) 

100% 96% (:t:6%) 49% (:t:4%) 

TRAINSET-Y TESTSET-Y TESTSET-NON(Y) 

91% 83% (:t:6%) 2.6% (:t:4%) 

ab. s.;" : Kesutts OJ tne testmg Of the JUnnet atgorlthm, 
when trained with data coming from one patient. 
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Table 5.3 shows that the test score in the second column is almost optima} for both cases. This column 
presents the generalization on pattems from the same patient(s) as the patient(s) used for the training 
data. Tbe third column presents the test score on EP's coming from other patients. It can be concluded 
that patient X is far more representative for the total ensemble than the patients Y. Thus, the supposed 
patient-independence bas strong limitations. 

5.4 Test on the Funnel algorithm with selected patterns 

According to the results of Section 5.3, 4 patients were discarded. 33 Patients remain, providing 366 
EP's. Randomly divided into 30 training patterns and 336 testing patterns. For each level a test is 
executed to find the optimal number of bidden nodes. 

-I m 

~ 
-I 

---NUMHID=2 

40-1 
I 
I 

35 -1 
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____ , 
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225 175 E(trainset) __.. 75 25 

FIG. 5.3 : Training a level with several numbers of hidden nodes. 

Fig. 5.3 shows the results of such a test for level 3. On the x-axis the Total-Enhanced-Squared-Error
Sum (Energy function of equation 4.8) of the training set is represented in decreasing order. The y-axis 
denotes the percentage of false decisions made on the testset at level 3 for 2, 3 and 4 bidden nodes. 
With 2 bidden nodes the MLP cannot be trained such that E(trainset) gets smaller than 145. While for 
a higher number of bidden nodes the testset score gets interesting for smaller values of the Energy 
function. 
It can be concluded from these results that level 3 scores the best result with three bidden nodes. 
The overtraining effect is well expressed in Fig. 5.3. Overtraining means that conneetion weights are 
adapted, such that the score on the training set improves (the Energy function decreases), while the 
score on the test set deteriorates. In this research a practical solution to the overtraining problem is 
used. A test set (the training test set) is used to determine the point wbere the generalization is 
optimal. At that point training is stopped, and generalization bas to be measured with another test set 
[Hec, 1989]. 
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The test presented in Fig. 5.3 is executed for each level, results are summarized in table 5.4. The 
values in the matrix denote the lowest Calse-percentage on the test set that could be scored for each 
level with the number of bidden nodes specified. Typical errors on the values are about 4%. 

l..O L1 l2 L3 u L5 L6 L7 1.8 L9 L10 Lll L12 Ll3 

PER. 0 1 14 33 23 17 27 21 24 15 23 33 18 42 

2-H 8 12 25 15 15 27 26 24 17 29 33 22 42 

3-H 11 17 19 20 36 35 41 

4-H 12 20 

ab. 5.4 : Kesutts oJ the tests or Jmamg tne optLmum con LguratLOn Jor the Jtunnet atgorunm 

It can be concluded from Table 5.4 that the complexity of the decision problem depends on the level. 
The optimum number of bidden nodes depends on the complexity, thus the complexity of the decision 
problem is maximal for level 2 or level 3. The high Calse-percentage at level 13 and level 11 are not 
due toa high complexity, yet they are a consequence of the fact that the expert did not assign exactly 
the right value to the target. The target of V is always a local maximum, it can occur that not the 
maximum is assigned to V, but the point neighbouring to the maximum. Intbat case L13 will take a 
'false' decision, because it will chose the maximum of the two inputs as being component V, wbicb 
in fact is a good decision. 

To illustrate the way in which information of the training set 
is stored, Fig 5.4 shows the weight vector of the perceptron 
contiguration of level 6. This level bas 17 inputs. Large input 
signals in the second part contribute to a positive sommation 
result (output > 0.5). While large input signals in the first 
part contribute to a negative sommation result (output < 0.5). 
So according to rule 5.1 the perceptron chooses the part with 
the largest input signals. This statement is definitely not 
applicable to the more complex levels, but only makes 
plausible that the Funnel algorithm bas leamed to search for 
a maximum. 
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The total Funnel algorithm is tested for several configurations. The output of the structure is defined 
as correct if it equals VL or differs only one sample from it. The following results are scored : 

NUMTRA NUMHID[O .. noutp] score on score on 
trainset (±8%) testset (±4%) 

30 [O,O,O,O,O,O,O,O,O,O,O,O,O,OJ 79% 62% 

30 [0,0,2,2,0,0,0,0,0,0,0,0,0,0] 84% 73% 

30 [0,0,2,2,2,2,0,0,0,0,0,0,0,0) 88% 77% 

30 [0,0,3,3,2,2,0,0,0,0,0,0,0,0) 93% 80% 

30 [0,0,3,4,3,2,2,0,0,0,0,0,0,0] 96% 72% 

uûng patterns . .. ab. 5.5 : lestmg the 1'-unnel structure Jor several conjzguratzons ana 30 tra 

The optimum configuration is [0,0,3,3,2,2,0,0,0,0,0,0,0,0], this result camplies with table 5.4. The 
structure scores 80% on the testset with this configuration. A further investigation is doneon the test 
pattems belonging to the remaining 20%. lt is noticed that these patterns can be divided into two 
groups. 
- The value of VL assigned by the Funnel structure does not equal the target value of VL assigned 

by the expert, but it is arbitrary which one of the two values is the right one. 
- The value of VL assigned by the Funnel structure is definitely not the right value. 

The investigation pointed out that 8% belongs to the first group, while the other 12% belongs to the 
second group. When the output values of the panerns in the first group are being considered as correct 
values, the generalization score of the Funnel algorithm comes to 88%. An important category of 
patterns which belongs to the second group is given in Fig. 5.5 

r---~--------------------------~ 
The Funnel algorithm searches for a local 
maximum. The pattem in Fig. 5.5 bas a very 
large maximum at sample 0. The Funnel 
algorithm is inclined to assign sample 0 the 
status component V. 
This type of pattem is not the only pattem on 
which the algorithm makes a wrong 
classification. Yet all false classifications are 
due to a large maximum in the neighbourhood 
of component V. 

0 100 

FIG. 5.5 : Pattern which is hard to classify. 
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6 ConcJusions and recommendations 

6.1 Introduetion 

In this chapter conclusions are presented with relation to the research described in this report. Some 
of the conclusions are already known from other literature. Yet, they are presented for the sake of 
completeness. Conclusions are divided into three groups : 
- The influence of several parameters on the training and the generalization of a MLP neural network 

is are summarized. 
- Conclusions conceming the investigated structures are drawn. 
- According tothese conclusions, limitations will be given for the application of the MLP, and 

recommendations will be given for proper use of a MLP on a practical application. 

6.2 InOuence of the parameters 

-The leaming parameters (leaming rate and momentum) 
Training of a MLP demands a lot of experience. This experience is mainly needed for setting the 
learning rate and momentum. The larger these parameters, the faster the energy function can 
decrease. However, the chance of becoming instabie increases with larger leaming parameters. The 
optimum setting depends on the local shape of the Energy function. Therefore, the optimum setting 
will change during the leaming process. A useful indication for the setting of these parameters is 
the correlation between two succeeding weight changes. When there is a large correlation the 
parameters can be increased. 

-Range 
The initial value of the weights are random distributed between -Range and +Range. Tbe optimal 
setting of the parameter Range depends on other parameters. A common choice for Range is 
such that the outputs of the bidden nodes are distributed between 0.4 and 0.6. 

-Non Linearity 
The sigmoid function is the non linearity most used in MLP structures. The rate of non linearity is 
an important parameter. Increasing the non linearity impraves the leaming process, because bidden 
nodes are forced to converge to one of the two stabie outputs ('0' or '1 '). Leaming parameters and 
Range have to be decreased, because the risk of convergingtoa local minimum increases with an 
increasing Non-Linearity. 

-Number of bidden nodes 
The number of desired bidden nodes depends on the complexity of the problem. The complexity of 
the problem can be denoted by the number of separable regions in the input space(M). Tbe leaming 
process gets complicated for larger numbers of bidden nodes. It can become that complicated that 
the Back Propagation Rule does not converge to a satisfying solution, in spite of the fact that weight 
combinations are available which lead to acceptable solutions. 

-Number of iterations 
The energy function deercases during training. It is expected that the score on the test set impraves 
with a decreasing training energy function. However, it can happen that this score deteriorates 
(overtraining). To optimize the generalization, training bas to be stopped when the effect of 
overtraining expresses itself. Until this day, this stopping criteria cao only be found empirically. 
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-Tbe training set 
lf the problem bas to be solved completely the training set must contain all features to which the 
problem bas to be classified. It can however occur that the score improves when a number of features 
are discarded from the training set, because when these features are included the problem gets too 
complex. 

-Energy lunetion 
Equations 2.8 and 2.9 present the energy lunetion most used. Tbe performance of leaming and 
generalization can be improved by adapting the energy lunetion to the application. Tbis can be done 
by introducing extra parameter(s) in the energy function. Tbose parameterscan influence the value 
and location of local minima, and therefore provide the MLP with a more gradualleaming process. 

6.3 Conclusions conceming the investlgated structures 

-Tbe Independent Probability structure 
Tbis structure denotes the complex in question by a target value 1 for the matching output node (Sec. 
3.2.2). Testing the structure on the simulated EP did not deliver the expected results. Tbe complexity 
of the problem and the consequently large numbers of bidden nodes cause the outputs of bidden 
nodes to converge to a value somewhere in the middle of the range. Tbis effect is not desirabie 
because it contributes to a bad generalization. 

-Tbe discrete output structure 
Tbe simplification of this structure, compared with the Independent Probability structure, makes the 
leaming process easier. Tbe better generalization of the analog output follows from this 
simplification, but the simplification also contributes to a loss of precision. 

-Tbe binary output structure 
With the binary structure a complex is detected by a number of decisions. Every decision is taken 
by a MLP or a perceptron. Tbe decisions are less complex than the total classification problem. Each 
level only bas to split the output classes. Half of the output classes, in which the input pattem is 
expected to be, is passed to the following level, where a comparable decision takes place. Tbere is 
no loss in precision as with the discrete output. 

-Tbe Funnel algorithm 
Tbe Funnel algorithm is a logical succession to the binary output, which passes half of the inputs 
in which the complex is expected to be to the following level. Tbe Funnel algorithm only throws 
away a part of the input nodes in which the complex is not expected to be. In this way a fatse 
decision is allowed, provided that the following level(s) 'correct' it by taking good decision(s). 

6.4 Umitations of the MLP, and recommendations for successful practical appllcation of a MLP 
structure on the evoked potential problem 

Umitations of the MLP 

Tbe Multi l.ayer Perceptron is trained with the Back Propagation Rule. Tbe BPR adapts the weights 
in such a way that the energy lunetion decreases, in this way the BPR tries to fmd the global minimum 
of the energy function. Tbe risk of converging to a local minimum increases with the number of 
bidden nodes. 
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After successful training, each bidden node makes a decision whether a feature, to which the 
classification can be made, is present or not. Therefore it is desired that when an input vector is 
presented, the outputs of the bidden nodes become '0' or '1 '. However, it is not excluded that a bidden 
node bas an output in the neighbourhood of 0.5, this causes poor generalization. The risk that this 
negative effect occurs increases with the complexity of the problem and with the number of bidden 
nodes. 

According to the two above mentioned problems, it can be concluded that the dimensions of a MLP 
are perforce limited. In our practical EP application the BPR is not able to solve problems by training 
a MLP with more than 5 or 6 bidden nodes. 

Recommendations 

- If the limited number of bidden nodes gives problems, and o~e still wants to use the MLP one bas 
to try to simplify the problem, this can be done in two different manners : 
1) Split the classiCication problem into a number of sub-classifications. This recommendation is 

already fully implemenled in the Funnel algorithm, and is the basis of the good results that are 
scored with it. 

2) Ouster the input patterns into a number of groups with patterns that are alike. This clustering is 
sarnething completely different than a first classification, because each group contains patterns 
from all output classes. Performing a classification within one group is more simple, because 
differences between patterns that do not correlate with the classiCication are decreased compared 
with differences that have a correlation with the classification. On the EP classiCication this 
clustering is done by the user of the Funnel structure (myself), first by testing the structure p;ltient 
by patient and second by discard the patterns of four patients. This clustering bas to be done 
automatically, perhaps by an ART networkor a self-organizing feature map (Sec. 2.8 and 2.9). 

- Signal processing of the input patterns can simplify the classification problem, two different types 
can be distinguished : 
1) The input patterns have to be presented in a way that features to which the classiCication can be 

done manifest themselves as clearly as possible. Because of the fact that for practical problems 
those features will be unknown, experiments will be required to discover the most successful 
presentation of the input vectors. FortheEP application one can think of presenting the Fourier 
transformed or the first derivative of the pattem as input. 

2) With the aid of orthogonalization it is possible to increase the 'distance' between input veetors 
of different classes. 

- A classiCication problem is only of practical interest for a neural net if it is an unsolved problem. 
From an unsolved classification problem one does not know the input space distribution. When a 
MLP bas learned to classify input veetors in a correct way, one is theoretically able to construct the 
input space distribution. When the dimeosion of the input space is larger than three, it is a practical 
problem to visualize the input space distribution. However, for the two following reasons, it is of 
absolute importance to formalize the information stored in the MLP : 
1) In our abstract world, a problem only gets the status of being a solved problem when we have 

formalized the salution of the problem. 
2) When a problem only is solved partially, and the solved part is being formalized, the extracted 

information can be used for a simplification of the problem. For a MLP this recommendation can 
be implemenled when for a bidden node the feature that is represented by that node is known. In 
that case, a target can be presenled for that bidden node, so the leaming processis simplified. 
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The recommendations given above can insome cases evade the limitations of the MLP. The Funnel 
algorithm scores good results on the recognition of complex V of the evoked potential. These good 
results follow from the implementation of the first recommendation. It is my opinion that good 
recognition of the other complexes can be achieved with neural networks in a similar but extended 
manner. 

44 



Relerences 

[Car and Gros, 1988] Carpenter, G.A. and S. Grossberg 
The ART of Adaptive Pattem Recognition by a Self-Organizing Neural Network. 
Computer, 21(1988), p.77-88 

[Ciui, 1990] Quitmans, P.J.M. 
Neurophysiological Monitoring of Anesthetic Depth. 
Ph. D. Thesis. Eindhoven, Eindhoven University of Technology, 1990 

[Fuku, 1988] Fukushima, K. 
A Neural Network for Visual Pattem Recognition. 
Computer, Vol. 21 (1988), No.3, p.65-74 

[Gev and Mor, 1988] Gevins, A.S. and N.H. Morgan 
Application of Neural Network signal processing in brain research. 
IEEE Trans. ASSP. Vol. 36 (1988) No.7 p.1153-1161 

[Gor and Sej, 1988] Gorman, R.P. and T.J. Sejnowski 
Leamed classification of sonar targets using a Massively Parallel Network. 
IEEE Trans. ASSP. Vol. 36. (1988) No.7 p. 1135-1141 

[Gros and Kup, 1989] Grossberg, S. and M. Kuperstein 
Neural Dynamics of Adaptive Sensory controL 
New York: Pergamon, 1989 

(Grun, 1982] Grundy, B.L. et al. 
Intraoperalive monitoring of Brain-Stem Auditory Evoked Potentials. 
J Neurosurg. Vol. 57 (1982) p.674-681 

[Hebb, 1949] Hebb, D.O. 
The organisation of behavior. 
New York: Wiley, 1949 

[Hop and Tank, 1985] Hopfield, J.J. and D.W. Tank 
"Neural" Computation of decisions in optimization problems. 
Biol. Cybem. Vol. 52 (1985) p.141-152 

[Hec, 1989] Hecht-Nielsen, R. 
Neurocomputing. 
San Diego: Addison-Wesley Publishing Company, 1989 

[Hec, 1989'] Hecht-Nielsen, R. 
Theory of the Backpropagation Neural Network. 
IEEE INNS Int. Joint Conf. on Neural Networks vol. I (1989) p.593-605 

[Hirs, 1987] Hirsch, W.H. 
Convergence in Neural Nets. 
IEEE INNS Int. Joint Conf. on Neural Networks vol. 11 (1987) p.115-125 

45 



[Kirk et al, 1983] Kirkpatrick, S. et al. 
Optimization by Simulated Annealing. 
Science Vol. 220 (1983) p.671-680 

[Koh, 1972] Kohonen, T 
Correlation Matrix Memories. 
IEEE Trans. Comp. Vol. c-21 (1972) p.353-359 

[Koh, 1988] Kohonen, T 
Self-Organisation and Associative Memory. 2nd ed. 
Berlin: Springer, 1988 
Springer Series in Information Sciences, Vol. 8. 

[Upp, 1990] Lippmann, R.P. 
An introduetion to computing with Neural Networks. 
IEEE ASSP Mag. Apr. (1987) p.4-22 

[Mar et al, 1990] ManineUi, G. et al. 
Nonstationary lattice quantization by a Self-Organizing Neural Network. 
Neural Networks Vol. 3 (1990) p.385-393 

[Mich, 1989] Michel, AM. et al. 
Qualitative Analysis of Neural Networks. 
IEEE trans on Circuits and Systems Vo1.36 (1989) No.2 p.229-243 

[Min and Pap, 1969] Minsky, M. and S. Papen 
Perceptrons. 
Cambridge: MIT, 1969 

[Mir and Cao, 1989] Mirchandani, G. and W. Cao 
On Hidden Nodes for Neural Nets. 
IEEE trans on Circuits and Systems Vo1.36 (1989) No.5 p.661-664 

[Mül and Rein, 1990] Müller, B. and J. Reinhardt 
Physics of Neural Networks 
Berlin: Springer-Verlag, 1990 

[Nad et al, 1989) Nadel, L et al. 
Neural connections, mental computation. 
Cambridge: MIT, 1989 

[Pow, 1987) Powell, M.J.D. 
Methods for nonlinear constraints in optimization calculations 
In: The state of the an in numerical analysis. Ed. by Iserles, A and M.J.D. Powell 
Oxford: Oarendon Press, 1987 p.325-358 

[Prin and Tome, 1989) Principe, J.C. and A.M.P. Tome 
Performance and training strategies in Feedforward Neural Networks: An Application to Sleep 
Scoring. 
IEEE INNS Int. Joint Conf. on Neural Networks Vol. 1 (1989) p.341-346 

46 



(Prin et al, 1989] Principe, J.C. et al. 
Sleep Staging Autornaton based on the theory of Evidence. 
IEEE Trans. Biomed. eng, Vol. 36 (1989) No.S p.503-509 

(Reid et al, 1989] Reid, M.B. et al. 
Rapid training of Higher-order Neural Networles for invariant pattem recognition. 
IEEE INNS Int. Joint Conf. on Neural Networles vol. I (1989) p.689-692 

(Ros, 1961] Rosenblatt, F. 
Principles of Neurodynamics. 
Washington, D.C: Spanan, 1961 

[Rum et al, 1988] Rumelhan, D.E. and J.L.McClelland 
Parallel Distributed Processing. (7nd printing) 1988 
Vol. 1: Foundations. 
Cambridge: MIT, 1986 

[Stei, 1961] Steinbuch, K. 
Die Lemmatrix. 
Biol. Cyber. Vol. I (1961) p.36-45 

(Thak, 1987] Thakor, N.V. 
Adaptive filtering of Evoked Potentials. 
IEEE trans on Biomed. Eng. Vol. 34 (1987) No.1 p.6-12 

[Unc et al, 1990] Uncini, A. et al. 
An adaptive Neural Network for Evoked Potentials. 
IEEE Int. Symp. Orcuits and Systems Vol. 20 (1990) p.1086-1089 

[Vaz and Thak, 1989] Vaz, C.A. and N.V. Thakor 
Adaptive Fourier estimation of time-varying Evoked Potentials. 
IEEE. trans on Biomed. Eng. Vol. 36 (1989) No.4 p.448-455 

[Wai et al, 1989] Waibel, A et al. 
Pboneme recognition using Time-Delay Neural Networks. 
IEEE Trans. ASSP. Vol. 37. (1989) No.3 p.328-339 

[Wee and Mar, 1978] Weerd, J.P.C. de and W.L.J. Manens 
Tbeory and practice of a posteriori 'Wiener' filtering of average Evoked Potentials. 
Biol Cybem Vo1.30 (1978) p.81-94 

[Wid and Win, 1988] Widrow, B. and R. Winter 
Neural Nets for Adaptive Filtering and Adaptive Pattem Recognition. 
Computer Vol.21 (1988) No.3 p.25-39 

[Yu and Gil, 1983] Yu, K.B. and Gillem C.D. Me 
Optimum filters for estimating Evoked Potential Waveforms. 
IEEE trans on Biomed. Eng. Vo1.30 (1983) No.ll p.730-737 

47 


