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Abstract

In the design process of a fuzzy system it can be difficult to find optimal membership functions.
After the initializing process the membership functions must be tuned. A neuro-fuzzy system
can help in that process. A neuro-fuzzy system is a combination of a fuzzy system with learning
capabilities of a neural network. In this proposed neuro-fuzzy system a fuzzy system is mapped
on a neural network architecture. The neuro-fuzzy system will be initialised with membership
functions and fuzzy rules extracted from the explicit knowledge of an expert. In the learning
phase implicit knowledge, recorded from a process, will be used to find optimal membership
functions through the adaptation of the position of the membership functions. At this moment
there are different neuro-fuzzy architectures like ANFIS, FALCON, NEFCON, NEFCLASS
and GARIC. All architectures have their own learning algorithms/paradigms, membership
function types and inference methods. Two types of experiments are presented with the
FALCON architecture with linear membership functions. The first types of experiments are
function approximation experiments with crisp inputs and a crisp output calculated with the
Center Of Maximum (COM) defuzzification method. The second types of experiments are
classification experiments with crisp inputs and fuzzy outputs. Topic of research in these
experiments is the performance of the neuro-fuzzy system, which will be compared with the
performance of a multilayer perceptron, and design aspects of a neuro-fuzzy system.
Investigation points are; single and multiple rule blocks, the number of fuzzy rules, learning
rates and the number of epochs.
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Chapter 1 Introduction

During the past decade fuzzy logic is applied in various applications, for example in fields as
industrial process control and pattern recognition. For the development of a fuzzy system expert
knowledge is very helpful to find the optimal membership functions and fuzzy rules. The usage
of this human knowledge is a strong advantage of a fuzzy system. But in practice this expert
knowledge, also referred to as explicit knowledge, is sometimes not enough to develop a good
fuzzy system. The expert knowledge is then used as initial knowledge after which the positions
of the optimal membership functions are found during a trial and error process. This trial and
error process, which is very time consuming, is the only solution because the fuzzy system has
no learning capability. If it is possible to add learning capabilities in the fuzzy system, like a
neural network, then the process of fuzzy system design can be supported and therefore improve
the performance of the system. The neural network has its computing power through a parallel
structure and the ability to learn and generalize due to a number of processing nodes. Neural
networks are used in fields as pattern recognition, speech recognition and classification
problems. The neural network can not handle explicit knowledge like a fuzzy system. It needs
input/output data, also referred to as implicit knowledge, from a process to learn. The
combination of a fuzzy system with learning capabilities like a neural network results in a so-
called neuro-fuzzy system in which a fuzzy system is mapped on a neural network architecture.
In this neuro-fuzzy system it is possible to use explicit knowledge and implicit knowledge. The
explicit knowledge, from an expert, is used to initialize the system with membership functions
and fuzzy rules. The implicit knowledge, recorded from a process, will be used in the learning
phase to find optimal membership functions through the adaptation of the position of the
membership functions.

The first goal of this thesis is to investigate which neuro-fuzzy architectures there are at this
moment. An overview is given of the learning algorithms/paradigms, membership function
types, meaning of the weights, number of layers and inference methods of the neuro-fuzzy
architectures. From all investigated neuro-fuzzy architectures one will be chosen for further
research.

The main goal of this thesis is to investigate the design and performance aspects of a neuro-
fuzzy system, which uses a combination of explicit and implicit knowledge. The performance of
the neuro-fuzzy system will be compared with the performance of a neural network (multilayer
perceptron). The following research topics are investigated in this thesis.

• The performance of a neuro-fuzzy function approximation system with a single rule block
and with multiple rule blocks.

• The performance of a neuro-fuzzy classification system with a single rule block and with
multiple rule blocks.

• The influence of the number of fuzzy rules on the performance of the neuro-fuzzy system.

Design and performance aspects of a neuro-fuzzy system
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• The influences of learning parameters like learning rate and the number of epochs on the
performance of the neuro-fuzzy system.

• Design aspects of a neuro-fuzzy system.

The thesis is organized as follows. In chapter 2 of this thesis an introduction to neuro-fuzzy will
be given. The first part of the chapter describes an introduction to the fuzzy logic and neural
network theory. The second part introduces neuro-fuzzy modeling and gives an overview of
different neuro-fuzzy architectures. Chapter 3 describes the derivation of the learning algorithm,
which is used in a neuro-fuzzy system. In chapter 4 experiments will be described with neuro-
fuzzy function approximation systems. Chapter 5 describes experiments with neuro-fuzzy
classification systems. Finally in chapter 6 the conclusions will be given with an overview of a
neuro-fuzzy design model in practice.

Design and performance aspects of a neuro-fuzzy system 2
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Chapter 2 Neuro-Fuzzy

This chapter will start with an overview ofthe fuzzy logic and neural network theory. After that,
the combining of both techniques, called neuro-fuzzy, will be introduced. There is given an
overview of neuro-fuzzy modeling and the different neuro-fuzzy architectures at this moment. Ar
the end of this chapter there is made a choice for a neuro-fuzzy architecture which is used for
further research.

2.1 Fuzzy Logic

In 1965, Zadeh published the first paper on a novel way of characterizing non-probabilistic
uncertainties, which are called fuzzy sets. A fuzzy set, as the name implies, is a set without a
crisp boundary, like a classical set. That is, the transition from "belongs to a set" to "not belongs
to a set is gradual, and this smooth transition is characterized by membership functions. The
smooth transition of the membership functions gives fuzzy sets flexibility in modeling
commonly used linguistic expressions such as "the speed is slow" or "the speed is high'. Fuzzy
sets, as Zadeh pointed out, play an important role in human thinking, particularly in the domains
of pattern recognition, communication of information, and abstraction. The fuzziness comes
from the uncertain and imprecise nature of abstract thoughts and concepts.

A definition of a fuzzy set is [5], [6]: If speed, called a linguistic variable or universe of discour-
se, is a collection of objects denoted by x (km/h), then a fuzzy set slow in speed is defined as a
set ordered pairs.

slow = ((x, u31(x)) I x E speed) (2.1)

iUsIow(x) is called the membership function of x in slow. The membership function maps each
element of speed to a continuous membership value between 0 and 1. If /tslow(x) is restricted to
either 0 or 1, then slow is a classical set. A fuzzy set is frequently referred to as a term of a
linguistic variable.

Figure 2.1 gives an example of the membership functions Slow, Medium and Fast for the
linguistic variable Speed.

Speed iiIi
AAAAA

Figure 2.1: Membership functions of speed

Design and performance aspects of a neuro-fuzzy system 3
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The construction of a fuzzy set depends on two things; the identification of a suitable universe
(linguistic variable) and the specification of an appropriate membership function. The
specification of the membership functions is quite subjective, which means the membership
function specified for the same concept ("say cold") by different persons may vary considerable.

2.1.1 Fuzzy Set Operations

The classical set operations [5] like containment, union, intersection and complement are also
defined for fuzzy sets. For example applied to the given sets A and B, see figure 2.2 below.

Figure 2.2: Two fuzzy sets A and B

• The containment is defined as: A ç B = t.1A(x) � J1BX for all x.

• The union is defined as: The union C = A u B is = max(.tA(X), I.LB(X))

Figure 2.3 shows the union of the fuzzy sets A and B.

FIgure 2.3: The union of fuzzy sets A and B

The union, called a fuzzy MAX operation, belongs to the T-conorm (S-norm) operators.

The two most frequently used T-conorm operators are:

Maximum: S(a,b) = max(a,b) = a v b

Algebraic sum: S(a,b) = a+b.a*b

Design and performance aspects of a neuro-fuzzy system 4
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• The intersection is defined as: The intersection C = A r'i B is ix) = minGLA(X), lB(x)). Figure
2.4 shows the intersection of the fuzzy sets A and B.

100

FIgure 2.4: The IntersectIon of fuzzy sets A and B

The intersection, called a fuzzy MIN operation, belongs to the T-norm (triangular norm)
operators.

The two most frequently used T-norm operators are:

I. Minimum:

2. Algebraic product:

Tmin(a,b) = min(a,b) = a v b

Tap(a,b) = a*b

The complement is defined as: t.LA(x) = I - .tft(j)

Figure 2.5 shows the complement, the NOT operation.

100

Figure 2.5: The complement of fuzzy set A

2.1.2 Fuzzy Membership Functions

At this moment there are several kinds of membership functions [5]. For example the triangular,
trapezoidal, gaussian, bell and sigmoidal membership functions. From all of these types an
equation and a graphical interpretation is given.

• A triangular membership function has three parameters (a,b,cJ which determine the x co-
ordinates of the three corners, see equation (2.2) and figure 2.6 below.

Design and performance aspects of a neuro-fuzzy system 5
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( . (x—a c—x'
triangle(x;a,b,c) = maxl mini 10

b—a c—b

100

Figure 2.6: Triangle membership function

(2.2)

• A trapezoidal membership function has four parameters (a,b,c,d) which determine the x co-
ordinates of the four corners, see equation (2.3) and figure 2.7 below.

trapezoid(x; a, b, c, d) = max[min[ ,, I
r )o)

trapezo:d

100

Figure 2.7: Trapezoid membership function

(2.3)

• A gaussian membership function has two parameters (ocJ where a is the width and c is the
center of the membership function, see equation (2.4) and figure 2.8 below.

Jx-c
gaussian(x;a, c) = e C

gaussian (x)

x 100

Figure 2.8: Gaussian membership function

(2.4)

Design and performance aspects of a neuro-fuzzy system 6

0 x

0 x



• A bell membership function has three parameters (a,b,cJ where a is the width, b is the slope
and c is the center of the membership function, see equation (2.5) and figure 2.9 below.

beIl(x; a, b, c)
1

____

(2.5)

I

beII(x)

( - -

Figure 2.9: Bell membership function

A sigmoidal membership function has two parameters (a,cJ where a is the slope and c is the
center, where the output is 0.5, of the membership function, see equation (2.6) and figure
2.10 below.

1
sigmoid(x;a, c)

= 1+

Figure 2.10: Slgmoid membership function

(2.6)

The triangular and trapezoidal membership functions are popular in real time implementations
due to their simple formulas, which give computational efficiency. But the disadvantages are the
straight lines, which are not smooth at the switching points. The gaussian and bell functions are
becoming increasingly popular due to their smoothness. The sigmoidal function, widely used in
neural networks as activation function, is very appropriate for representing membership
functions as very large or very small. The problem with sigmoidal membership functions is the
representation of an intermediate membership function, for example medium. The difference of
two sigmoidal functions or the product of two sigmoidal functions can solve this problem.

Ri j ksunñ'ersiteit Groni ngen Technical Computing Science
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2.1.3 Fuzzy Rules

The next part in this section describes the using of fuzzy sets in so called fuzzy rules. Fuzzy
rules [5] are written as: if x is A then y is B. Where A and B are the fuzzy sets defined in
respective universe x and y. A is called the antecedent or premise and B is called the
consequence or conclusion. Fuzzy rules are frequently used in our daily linguistic expressions.
For example: if the speed is high then apply the brake a little, if the road is slippery then driving
is dangerous and if the speed is high then the distance to the car in front must be large. The "if
then" rule describes a relation between variables. For example the rule if x is A then y is B,
abbreviated as A->B, describes a relation between the two variables x and y. The fuzzy if-then
rule is a binary fuzzy relation R on the product space X*Y. Each element (x,y) e X''Y is
associated with a membership grade denoted by (a two-dimensional membership
function). This fuzzy relation is used in the next part, called Fuzzy Reasoning.

2.1.4 Fuzzy Reasoning

The goal of fuzzy logic is to form the theoretical foundation for reasoning about fuzzy
information [5], [20]. This reasoning is called fuzzy reasoning or approximate reasoning. Fuzzy
reasoning is an inference procedure which is used to derive conclusions from a set of if then
rules. This mechanism is used in the fuzzy inference system (described in the next part of this
section). In much of human reasoning there is an approximate manner of reasoning. For
example: if we know that if the tomato is red then it is ripe and we know that the tomato is more
or less red, we may infer that the tomato is more or less ripe. In a more abstract form: suppose
we have a rule 1 ifx is A then y is B where A and B are fuzzy sets of X and Y and R is a fuzzy
relation on X*Y. Now suppose we introduce a new antecedent say x is A '(fact) and consider the
following rule 2, if x is A' then y is B The question is now; is it possible to derive the
consequent of rule 2, B with the fact x is A ' and the information of rule 1? The answer is yes.
The fuzzy set B'can be found due to the compositional rule of inference. The inference schema
is given below.

premise 1 (fact): x is A'
premise 2 (rule): if x is A then y is B
consequence (conclusion): y is B'

The general expression for fuzzy reasoning is defined as B' = A' o R. Where o denotes the
composition operator. The two most common forms of the composition operator are the max-
mm and the max-product composition. Figure 2.11 shows the fuzzy reasoning for the given
example (a single rule with a single antecedent).

mm

IL1 IT.. Pi

A(z) B
I\J pJ i/i//i//i

0 z 100 0 y 100

Figure 2.11: A single rule with a single antecedent

Design and performance aspects of a neuro-fuzzy system 8
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The inference procedure is also possible for a single rule with multiple antecedents. The
inference schema is then.

premise 1 (fact):
premise 2 (rule):
consequence (conclusion):

x is A 'andy is B'
if x is A andy is B then z is C
zisC'

A graphic interpretation is shown in figure 2.12, where w is the firing strength of the rule.

ILi

0 tOO 0

Agure 2.12: A single rule with multiple antecedents

w is calculated using the T-norm operation min(wl,w2). Instead of the mm operation it is also
possible to use the product operation. The fuzzy reasoning for more than two antecedents is
straightforward. The next step is the extension with multiple rules.

The inference schema is then:

consequence (conclusion) z is C'

The graphical interpretation is shown in figure 2.13 where the max-mm composition is used. It
is also possible to use the max-product composition. Fuzzy rules and fuzzy reasoning are the
backbone of the fuzzy inference system described in the next part of this section.

•(y)
Bty)

mm

(I 100

premise 1 (fact):
premise 2 (rule 1):
premise 3 (rule 2):

x is A 'andy is B'
ifx is A1 andy is B, then z is C,
ifx is A, and v is B, then z is C,

mm

FIgure 2.13: Multiple rules with multiple antecedents

Design and performance aspects of a neuro-fuzzy system 9
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2.1.5 Fuzzy Inference System

A fuzzy inference system [5] is a popular computing framework based on the concepts of fuzzy
set theory, fuzzy if-then rules, and fuzzy reasoning. It has been successfully applied in fields
such as automatic control, data classification, expert systems, and computer vision. The basic
structure of a fuzzy inference system consists of three components.

• a rule base which contains a selection offuzzy rules.
• a database or dictionary, which defines the membership functions used in the fuzzy

rules.
• a reasoning mechanism which performs the inference method.

With crisp inputs and outputs, a fuzzy inference system implements a non-linear mapping from
its input space to output space (see figure 2.14). This mapping is accomplished by a number of
fuzzy "if then" rules, which are processed in parallel. Each rule describes the local behaviour of
the mapping. The antecedent of each rule defines a fuzzy region of the input space. The
consequent of the rules specifies the corresponding outputs.

_________________ ______ _____I—'_________

Cp

Figure 2.14: A fuzzy inference system

At this moment three types of fuzzy inference systems have been widely employed in various
applications. The differences between these three fuzzy inference systems are the consequent
parts of the fuzzy rules. This means the aggregation and defuzzification procedures for the
consequent parts, shown in figure 2.14.

Fuzzy inference systems:

Type 1: the Mamdanifuzzy modeL

The Mamdani fuzzy model was proposed as the first attempt to control a steam engine and
boiler combination by a set of linguistic control rules obtained from experienced human
operators. Figure 2.15 is an illustration of a two-rule fuzzy inference system of a Mamdani type
which derives the overall output Z subjected to two crisp inputs X and Y. This Mamdani fuzzy
inference system uses the max-mm composition. It is also possible to use product and max, the
max-product composition, see figure 2.16. The Center Of Area defuzzification (COA) is used,
in figure 2.15 and 2.16, to calculate the crisp output.

Design and performance aspects of a neuro-fuzzy system 10
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Figure 2.15: Mamdani max-mm fuzzy model

product

U ((II)

urn

FIgure 2.16: Mamdanl max-product fuzzy model
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Center Of Area (CO4 Center Of Madmum (COM) Mean Of Madmum (MOM)
I I

I I I I

CI(z CI(z
Ctz)- — - —— C2(z) C2(z)

_____ _

Figure 2.17: Defuzziflcatlon methods

5 pC'( z).zdz
Center Of Area (COA) Z = (2.7)

5
pC'(

Center Of Maximum (COM)
= a.pC2.(a) + b.pC1.(b)

(2.8)
1uC2.(a)+1uC1.(b)

Mean Of Maximum (MOM) Z* = a + b
(2.9)

The most used defuzzification methods are shown in figure 2.17; Center Of Area (COA), Center
Of Maximum (COM) and Mean Of Maximum (MOM). The equations of these defuzzification
methods are shown in (2.7), (2.8) and (2.9)

Type 2: the Sugeno fuzzy modeL

The Sugeno fuzzy model, also known as the TSK fuzzy model, was proposed by Sugeno,
Takagi and Kang in an effort to develop a systematic approach to generating fuzzy rules from a
given input-output dataset.

A typical fuzzy rule in a Sugeno fuzzy model has the form:

ifx is A andy is B then Z = f(x,y)

Where A and B are fuzzy sets in the antecedent part, while Zi = fiX, Y) is a crisp function in the
consequent part. When f(X, Y) is a first-order polynomial then the fuzzy inference system is
called a first-order Sugeno fuzzy model. Whenf is a constant then the fuzzy system is called a
zero-order Sugeno fuzzy model. Figure 2.18 shows the fuzzy reasoning procedure for a first
order Sugeno fuzzy model.

Design and performance aspects of a neuro-fuzzy system 12
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mln or product

wi zl=pix+qly+rl

IL! IY ILl 7

±4 / \ / \ W2 z2 =

0 100

1 weèedaveioge

wizI i- w2z2
Z= wli-w2

FIgure 2.18: Sugeno fuzzy model

The aggregator and the defuzzifier blocks, in figure 2.14, are replaced by the weighted average
equation to calculate Z.

Type 3: the Tsukamoto fuzzy modeL

The Tsukamoto fuzzy model, shown in figure 2.19, has fuzzy rules with monotonically
membership functions in the consequent part. Each rule defines a firing strength, which is used
for the crisp output and used in the calculation of the overall crisp output as a weighted average
of each rules crisp output.

mm or product

V t1fL[.
00/ i41

x weited avetage

wizi s- w2z2

Z wl+w2

FIgure 2.19: Tsukamoto fuzzy model

Design and performance aspects of a neuro-fuzzy system 13
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2.1.6 Partition Styles of the Input Space

The described fuzzy inference systems have different consequent parts but their antecedents are
always the same. The methods for partitioning the input spaces to create the antecedent parts of
the fuzzy rules are for the three types the same. There are three partition methods. The grid
partition, the tree partition and the scatter partition, see figure 2.20.

____

P H

(a) (b) (C)

Figure 2.20: (a) grid partition, (b) tree partition and (C) scatter partition

The grid partition is suitable for the designing of a fuzzy controller. The disadvantage is when
the number of inputs is large then the number of fuzzy rules increase exponential. The tree
partition has the advantage that it limits the number of rules. A decision tree can specify each
partition. But there are more membership functions needed for each input to define these
partitions. The scatter partition finally covers a subset of a partition of the input space, which
has also as advantage that it limits the number of rules.

2.2 Neural Networks

The background concepts, for the (artificial) neural network theory [3], come from analyses of
the working of the human brain. In 1911 Ramon y Cajal introduced the idea of neurons as
structural constituents of the brain. The neurons in the brain are five to six orders slower than
silicon logic gates. However the brain has approximately 10 billion neurons and 60 trillion
synapses or connections between neurons. The result is that the brain is an enormously efficient
structure. It is a highly complex, non-linear and parallel computer. The brain has the capability
of doing computations (like pattern recognition, motor control) many times faster than the
fastest digital computers in existence today.

A neural network, in its most general form, is a machine that is designed to model the way in
which the brain performs a particular task or function of interest. The network is usually
implemented using electronic components or simulated in software. A neural network is a
parallel distributed processor, which has a massive interconnection of simple computing cells,
referred to as a neuron or processing unit. The network has a natural propensity to store
experimental knowledge and making it available for use. It resembles the brain in two respects:

• The knowledge is acquired by the network through a learning process.

• Interneuron connection strengths known as synaptic weights are used to store the
knowledge.

Design and performance aspects of a neuro-fuzzy system 14
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The procedure used to perform the learning process is called a learning algorithm. The function
of the algorithm is to modify the synaptic weights of the network.

A neural network has its computing power through, first, the parallel structure and, second, its
ability to learn and therefore its generalization capabilities. This generalization refers to the way
a neural network can give a reasonable output for an input, which the network has not seen
during training (learning). The network therefore can solve complex problems. But in practice, a
complex problem will be decomposed into a number of relatively simple tasks, where the neural
network can be used to solve the problem. At this moment there is a long way to go before we
can build on a computer architecture which mimics the human brain. The properties and
benefits of a neural network are summarized in the table below.

Nonlinearity A neuron (processing unit) is a non-linear unit, which gives the network a
non-linear character and the ability to model a non-linear system.

Input-output
mapping

The input-output mapping can be used for the learning process for the
network. Each training sample has an input and a desired output. The synaptic
weights will be modified to minimize the difference between the desired and
the actual output of the network. This learning paradigm is called supervised
learning. There are also other learning paradigms, for example reinforcement
and unsupervised learning.

Adaptivity Neural networks have a built-in capability to adapt their synaptic weights. A
neural network, which is trained for a specific environment, can be easily
retrained when there are changes in the environment (nonstationary).

Fault tolerance Due to the high parallelism of the network, failures of a few neurons do not
cause significant effects on the overall performance. Except when the damage
is extensive.

Uniformity of
analysis and design

Neurons, in one form or another, have both a common ingredient to all neural
networks. This makes it possible to share theories and learning algorithms in
different applications of neural networks. Modular networks can be built
through an integration of modules.

At this moment there are different kinds of neural networks with their own advantages and
disadvantages. The neural network models can be classified according to various criteria, such
as their learning methods (supervised/reinforcement/unsupervised), architectures
(feedforward/recurrent), implementations (software/hardware), node types (uniform/hybrid) and
connection weights (adjustable/hardwired).

A well known neural network is the multilayer perceptron (see figure 2.21). The multilayer
perceptron is a feedforward network with the following structure: an input layer of input nodes
(input neurons) which transports the input values into the network, one or more hidden layers of
computation nodes (hidden neurons) and finally an output layer of computation nodes (output
neurons). The model of the hidden and output neurons (computation nodes) has three basic
elements shown in figure 2.22.
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Figure 2.21: Multiiayer perceptron

1. A set of synapses or connecting links, each of which is characterized by a weight of its own.
A signal at the input of the synapse is multiplied by the synaptic weight. The synaptic
weight can have a positive or negative value.

2. An adder for summing the input signals.

3. An activation function for limiting the amplitude of the output of a neuron. The activation
function transforms the resulting value of the adder into a value between 0 and I. The most
used activation function is the sigmoidal function, see figure 2.10 with equation (2.6),
where a is the slope parameter and c is the center where the output is 0.5. The sigmoidal
function is a smooth function (differentiable everywhere) which gives the neuron a non-
linear behaviour.

The equation of the output of a hidden and output neuron is defined in equation (2.10).

Activation
Adder function

Threshold

Figure 2.22: Model of a neuron
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Multilayer perceptrons have been applied successfully to solve diverse problems by training
them in a supervised manner with the popular error backpropagation algorithm. The error
backpropagation algorithm has two passes through the different layers of the network, a forward
pass and a backward pass. In the forward pass the synaptic weights are fixed and the input
vector is propagated through the network, layer for layer. The output of the network is the actual
response of the network. The actual response is subtracted from the desired response to produce
an error signal. This error signal is then propagated backwards through the network. In this
backward pass the synaptic weights are adjusted to make the actual response move closer to the
desired response. Other learning paradigms are the reinforcement learning and the unsupervised
learning algorithms. The reinforcement learning is the on-line learning of an input-output
mapping through a process of trial and error. A computational system learns to perform an
appropriate action by receiving evaluative feedback (reinforcement signal) through interaction
with the environment that includes no external teacher for correction. The unsupervised learning
algorithm has also no external teacher to oversee the learning process. The unsupervised
learning system extract features in presented patterns without being told what outputs or classes
associated with the input patterns are desired. The learning system categorizes input patterns
without any feedback of the environment. Unsupervised learning is frequently used for data
clustering.

The disadvantages of a neural network are the black box characteristics. When the neural
network is trained it is difficult to extract knowledge (rules). Before the choice of a good dataset
volume, for training and testing, there must be a good data analysis. This is difficult and for
each problem different.

2.3 Neuro-Fuzzy Modeling

In the previous sections the two techniques fuzzy logic and neural network are described.
This section introduces the combination of both techniques, referred to as neuro-fuzzy modeling
[5], [6]. This technique is the topic of discussion in this thesis.

The interest in neuro-fuzzy modeling comes into existence in the early 90's and has grown
tremendously over the last few years. Neuro-fuzzy modeling refers to the way of applying
various learning techniques developed in the neural network theory to a fuzzy inference
system. First a description will be given how neuro-fuzzy modeling is started.

For the modeling of a fuzzy inference system, described in section 2.1, several parameters have
to be identified. Two critical problems are the finding of the initial rules and membership
functions and the tuning of the rules and membership functions. The conventional method uses
domain experts (explicit knowledge) first; to generate the initial rules and the membership
functions, and then tunes the rules and membership functions to optimize the final system
performance by trial and error. This trial and error process, which is very time consuming, is the
only solution because the fuzzy inference system has no learning capability. If it is possible to
add learning capabilities in the fuzzy inference system, like a neural network, then the process
of fuzzy inference system design can be supported and therefore improve the performance of
the system. The combination of a fuzzy inference system with learning capabilities like a neural
network results in a so-called neuro-fuzzy system in which a fuzzy inference system is mapped
on a neural network architecture. The explicit knowledge is used to initialize the system with
membership functions and fuzzy rules. In the learning phase, input-output data (implicit
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knowledge) recorded from a process, will be used to tune the membership functions and fuzzy
rules. This neuro-fuzzy system can handle with explicit knowledge and implicit knowledge
while a fuzzy inference system only handles with explicit knowledge and a neural network only
with implicit knowledge.

In this thesis a neuro-fuzzy system displays the following properties.

• A neuro-fuzzy system can be viewed as a special feedforward neural network (adaptive
network) which represents an adaptive fuzzy inference system in structure.

• The node functions of nodes at the same layer have similar functions.

• A neuro-fuzzy system is a fuzzy inference system that is trained by a learning algorithm
derived from the neural network theory.

• A neuro-fuzzy system can always, before, during and after learning, be interpreted as a fuzzy
inference system.

Steps for modeling a neuro-fuzzy system [10] can be viewed either through the fuzzy viewpoint,
or the neural viewpoint, or both, at each step (see the table below). In this thesis the modeling
steps I to 3 will be used in the experiments (chapter 4 and 5).

Step Fuzzy Viewpoint Neural Viewpoint

I. Extract the number of input
variables (explicit knowledge)

Extract the number of input variables

2. Determine the number of rules
needed and the membership
functions. (explicit knowledge)

Find the network structure and the initial
weights.

3. Adjust the membership functions. Train the network, with input-output data
of the process (implicit knowledge)

4. Drop unused rules and inferences. Eliminate unneeded neurons

There are other systems, also called neuro-fuzzy, where a neural network uses fuzzy methods
for faster learning. In this case, the improvement of a neural network is the main intention. An
interpretation in terms of fuzzy rules is neither important nor possible here, because the system
is based on a neural network with black box characteristics.

2.4 Neuro-Fuzzy Architectures

At this moment, there are a lot of neuro-fuzzy architectures based on the neuro-fuzzy system
described in section 2.3. In the next sections an overview is given of different neuro-fuzzy
architectures.

2.4.1 ANFIS

The ANFIS (Adaptive-Network-based Fuzzy Inference System) [4], [5], [6] architecture is
founded by Jyh-Shing Roger Jang in 1991. The ANFIS architecture can represent a Sugeno,
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Tsukamoto or Mamdani fuzzy inference system. A graphic interpretation of the Sugeno type is
shown in figure 2.23.

Layer I Layer 2 Layer 3 Layer 4 Layer 5

xy
WI

X if ' N w11I

V • : N 2f2

Li w2 w2

ANFIS (Sugeno lype)

Figure 2.23: ANFIS Sugeno type

The shown fuzzy inference system has two inputs x and y and one output z. The system has two
rules,

• fxisA,andyisB,thenf1=p1x+q1y+r1

• if x is A2 andy is B2 rhenJ2 = p2x + q2y + r2.

The nodes in the same layer have similar functions. The output of the i-th node in layer k is
defined as Ok,.

Layer 1: Every node in this layer is an adaptive node which represents an antecedent
membership function for the fuzzy sets A1, A2, B1 and B2 (fuzzification layer). The input of a
node is a crisp value x or y. The output specifies the degree of membership (a fuzzy number) of
the input x or y.

= pA1(x) for i = 1,2 and O = uB2(y) for i = 3,4 (2.11)

The membership functions for the fuzzy sets can be any appropriate parameterized membership
function introduced in section 2.1.

Layer 2: Every node in this layer is a fixed node which has an output which is the product of all
incoming signals or the minimum of all incoming signals. The output represents the firing
strength of the rule.

°2,i = w = wt(x).tB1(y) = min(1uA1(x), uB.(y)) (2.12)

Layer 3: Every node in this layer is a fixed node which calculates the ratio of the i-th rule's
firing strength, w, to the sum of all rules firing strengths.
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— W.
(2.13)

WI + W2

The outputs are called normalized firing strengths.

Layer 4: Every node in this layer is an adaptive node. The output is the product of the
normalized firing strength (from layer 3) and the result value of the function defined in the
consequent part of that rule.

04j =w1.f1 =w1.(p1.x+q1.y+) (2.14)

The parameters pi, qi and ri are referred to as consequent parameters. These are the parameters
from the function ft.

Layer 5: The single node in this layer is a fixed node, which computes the overall output as the
summation of all incoming signals.

O50=w,.f1=F (2.15)

The described adaptive network is functionally equivalent with the Sugeno fuzzy inference
system. This structure is not unique. It is possible to combine layer 3 and 4 to obtain a network
with four layers.

The extension from the Sugeno type to the Tsukamoto type is straightforward, see figure 2.24.

Layer I Layer 2 Layer 3 Layer 4 Layer 5

- WI
X TT fI

/
/

77 N ———.P1 f2
w2 — w2

ANFIS (Tsukamoto !)pe)

FIgure 2.24: ANFIS Tsukamoto type

The difference with Sugeno is the output (consequent part) of the rule, which is calculated due
to the using of a monotonic membership function and the firing strength of the rule, see figure
2.19. The overall output will be calculated due to a weighted average of the rule outputs and the
firing strengths of the rules.
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The ANFIS Mamdani fuzzy inference system, shown in figure 2.25, has membership functions
in the antecedent parts Al, A2, Bi and B2 in layer I and the consequent parts Cl and C2 in layer
3. In layer 4 is a defuzzification method used, see figure 2.17, to calculate a crisp output F.

Layer I Layer 2 Layer 3 Layer 4

ANFIS (Mamdonl 1>.pe)

: >

Figure 2.25: ANFIS Mamdanl type

ANFIS uses a supervised learning paradigm with a hybrid learning rule. The hybrid learning
rule uses a least-squares method in the forward pass (identifying consequent parameters) and a
gradient descent method in the backward pass (updating antecedent parameters).

2.4.2 FALCON

The FALCON (Fuzzy Adaptive Learning COntrol Network) [7], [8], [9] architecture is founded
by Chin-Teng Lin and C.S. George Lee in 1991. The FALCON architecture is a 5-layer
network, shown in figure 2.26, that represents a Mamdani fuzzy inference system. Each node in
the network has a basic structure, see figure 2.27, with an activation function f and a transfer
function a. The inputs are u"w. The output of node i at layer k is defined as 0,,.

xo

Figure 2.26: FALCON architecture

w
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FIgure 2.27: Basic structure of a neuron

Layer 1: Every node in this layer is a fixed node, which transmits a crisp value u of a linguistic
variable into the network. The link weight w at layer one is unity.

f=u1 a=f=01, (2.16)

Layer 2: Every node in this layer represents an antecedent membership function (fuzzification
layer) from a term of a linguistic input variable. The input of this layer is a crisp value (layer 1).
The output specifies the degree of membership, a fuzzy number, of the input. For example a
gaussian function.

(2.17)

Where mij and oij are the center and width of the gaussian function of the j-th term of the i-th
input variable Xi. The links in layer 2, wij, represents the mij (center) of the membership
function. The membership functions for the fuzzy sets can be any appropriate parameterized
membership function introduced in section 2.1.

Layer 3: Every node in layer 3 is a fixed node which has an output which is the minimum of all
incoming signals, fuzzy AND operation. The link weight in layer 3 is unity. The output
represents the firing strength of the rule.

f=min(u30,u31 ,u3N) and a=f=031 (2.18)

Layer 4: Every node in layer 4 is a fixed output term node which has an output which is the
maximum of all incoming signals, fuzzy OR operation. All the fired rules with the same
consequent will be the inputs of this node. The link weight in layer 4 is unity.

f = max(u,u1 ,U4N) and a = f = O4 (2.19)
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Layer 5: Every node in this layer act as a defuzzifier. The node functions in this example use the
Center Of Maximum (COM) defuzzification method. If mU and ozj are the center and width of
the membership functions then the following functions can be used:

(2.20)

The link weight at layer five, wij, is mij *oij. This means the mean and width from the i-th term
of the j-th output variable Yi.

A hybrid learning algorithm can be used to determine optimal centers mij and widths oij for the
antecedent and consequent membership functions of the rules. FALCON uses a supervised
learning paradigm with a gradient descent learning algorithm. FALCON can also locate the
initial membership functions and find the fuzzy rules. This is called the self-organized phase.
This is not a commitment. The membership functions and rules can also be initialized due to
expert knowledge.

2.4.3 GARIC

The GARIC (Generalized Approximate Reasoning-based Intelligent Control) [1], [21]
architecture is founded by Hamid R. Berenji and Pratap Khedar. The GARIC architecture, see
figure 2.28, differs from other neuro-fuzzy architectures due to the more complex structure. The
architecture has three parts: The Action Selection Network (ASN), The Action Evaluation
Network (AEN) and the Stochastic Action Modifier (SAM). The ASN is a fuzzy logic controller
mapped on a neural network structure. It receives the current system state vector as its input and
computes an action F due to fuzzy inference. The AEN is a neural network that evaluates the
state of the system. The input is a state vector and a failure signal,

FIgure 2.28: GARIC architecture
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which will be mapped to a score v which indicates the state goodness. This score v is combined
with the external failure to produce the internal reinforcement ri. The SAM using both F and i-i
to produce the action F' and the perturbation s. The F' will be applied to the system. The
perturbation s and the internal reinforcement ri will be used for the calculating of the weight
updates. Both neural networks will adapt their weights concurrently. The ASN is the neuro-
fuzzy part, which will be described in this subsection. The other parts will not be further
described in detail.

The ASN is a 5 layer network (see figure 2.29) where each node performs a local computation.
The ASN represents a Tsukamoto fuzzy inference system.

Layer I Layer 2 Layer 3 Layer 4 Layer 5

w/ R, wi

X wt.
S.

/
x,-øQ—-'E

44

FIgure 2.29: ASN architecture

Layer 1: Every node in this layer is a fixed node, which transmits a crisp value of a linguistic
variable into the network.

Layer 2: Every node in this layer represents an antecedent membership function (fuzzification
layer) from a term of a linguistic input variable. The input of this layer is a crisp value (layer 1).
The output specifies the degree of membership (a fuzzy number) of the input. The center and
spreads of the membership functions may be considered as weights w on the input links of layer
2. The membership functions for the fuzzy sets can be any appropriate parameterized
membership function introduced in section 2.1.

Layer 3: Every node in layer 3 is a fixed node which has an output which is the minimum of all
incoming signals, a fuzzy AND operation. The link weight in layer 3 is unity. The output, 03,
represents the firing strength of the rule.

Layer 4: Every node in this layer represents a consequent membership function from a term of a
linguistic output variable. The inputs, of every node, come from all rules with the same
consequent. The node computes for each input signal the corresponding output due to the use of
an inverse membership function (Tsukamoto) or the local mean of maximum method. A layer 4
node calculates one output, 04, from the inputs which share the same consequent. Layer 4 has

Design and performance aspects of a neuro-fuzzy system 24



Rijksunjversiteit Groningen Technical Computing Science

weights on the input links, which correspond with parameter values of the consequent
membership functions.

Layer 5: Every output node in layer 5 is a fixed node which calculates a weighted sum from the
outputs of layer 3 (firing strengths) and the crisp outputs of layer 4. This is the output action F
of the ASN. For each output action there is an output node.

= Q4
(2.21)

GARIC uses a reinforcement learning paradigm with a gradient descent learning algorithm.
GARIC learns and controls at the same time. No knowledge of the process to be controlled is
necessary. The controller learns from a critic (AEN). The AEN output will be used as a learning
criterion of the ASN. GARIC has no structure learning capabilities.

2.4.4 FuNe I

The FuNe 1(2] architecture is founded by S.K. Halgamuge and M. Glesner in 1993.

The FuNe I architecture is a 3 layer network which represents a Sugeno fuzzy inference system.
The FuNe I structure has three types of neurons: antecedent membership neurons (inputs), rule
neurons (hiddens) and consequent membership neurons (outputs).

Antecedent membership neurons: the antecedent membership functions are created due to the
use of sigmoidal functions. Consider three possible terms low, medium and high. The terms low
and high are mirrors of each other on the Y-axis and can be made due to one sigmoid neuron.
The term medium can be realized in different ways. One way is to use two sigmoid neurons,
two mirror types, which are connected with a third linear neuron which performs a mm
operation. Another way is to use two sigmoid neurons, which represent two shifted sigmoidal
functions, which are subtracted from each other due to a third linear neuron. The output of the
third neuron represents the membership function of the term medium.

Rule neurons: Assume rules Ri, R2 and R3, inputs X = Al and Y = BI, where Owl, Out2 and
0uz3 denote the outputs (Sugeno type). L, M and H are Low, Medium and High.

RI: WI *IfX isLAND YisMTHENOut1

R2: W2 *JfXjsHQR YisLTHENOut2

R3: W3 * IfX is M THEN Out3

If the membership functions of X and Y are uLx, 1uMx, d-Ix, duLy and 1uMy then the rule strengths
Ki, K2 and K3 of the rules Rl, R2 and R3 are defined as follow.

Kl = T-norm(uLr(Al), 1uMy(Bl))

K2 = T-conorm[uHx(Al), uLy(Bl))
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K3 Ø'fx(Al)

In FuNe I both positive type "if' and negative type "if not" rules are considered. The rule
strengths are positively or negatively weighted depending on the type of rule. The weighted sum
of the fired rules, with the same output, is summed up to the output neuron with a sigmoidal
activation function.

Output neurons: The output is calculated due to a weighted sum of the fired rules and a
sigmoidal activation function.

Outi=a1.(W,.K) (2.22)

Wij represents the weight of the connection from the j-th rule node to the i-th output node, Kj is
the firing strength of the j-th rule node and a1 is the sigmoidal activation function. Wif can also
adopt negative values.

FuNe I uses a supervised learning paradigm with a gradient descent learning algorithm
(backpropagation). The FuNe I architecture has methods for rule extraction from but can also
use expert knowledge or a combination of both to create the initial rule base.

2.4.5 NEFCON, NEFCLASS and NEFPROX

The NEFCON (NEuro Fuzzy CONtroller) [11], [12], [13], [14], [19], NEFCLASS (NEuro
Fuzzy CLASSification) [15], [16], [17] and NEFPROX (NEuro Fuzzy function apPROXimator)
[18] architectures are founded by Detlef Nauck and Rudolf Kruse in respective 1993, 1995 and
1997.

All the models are based on the generic fuzzy perceptron, defined by Nauck and Kruse. This
perceptron has the following definition. A 3 layer generic perceptron is a 3 layer feedforward
neural network (U,W,NET,A,O,ex) with the following specifications.

I. U = the union of Ui which is a non-empty set of units (neurons) and i€M = (1,2,3) is the
index set of U. Ui is the input layer 1, U2 the rule (hidden) layer 2 and U3 the output layer 3.
Each Ui is a nonempty set. The intersection of two sets Ui and Uj is empty for i

2. The connections in the network are so defined that there are only connections between two
neighbour layers: W(u,v) with u E Ui and v E Ui+1 (i (1,2)).

3. Each unit u E U has an activation function Au to calculate the activation au.

For input, rule and output units u E UI u U2 ' U3, au is defined as au = Au(netu) = netu (for
netu see 5.).

4. Each unit u E U has an output function Ou to calculate the output ou.

For input and rule units u e Ui LI U2, ou is defined as ou = Ou(au) = au.
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For output units U E U3, ou is defined as ou = Ou(au) = DEFUZZ(au), where DEFUZZ is a
suitable defuzzification function.

5. Each unit u E U has a propagation function NETu to calculate the net input netu.

For input units u E UI, netu is defined as netu = exu (for exu see 6.).

For rule units u E U2, netu is defined as netu = T-norm (W(uu)(ou'), where U'E Ui.

For output units u E U3, netu is defined as netu(x) = T-conorm fT-norm (ou W(u u)(x))), where
U'E U2.

6. Each unit u E Ui has an external input ex(u) = exu. For all other units ex is not defined.

The generic fuzzy perceptron can be viewed as a 3 layer neural network with special activation
and propagation functions, and fuzzy sets as weights. On the other hand it can be viewed as a
fuzzy inference system represented in a neural network architecture.

The NEFCON, NEFCLASS or NEFPROX architecture can be derived from the definition of the
fuzzy perceptron due to the specification of certain restrictions.

The NEFCON architecture (see figure 2.30) is a 3 layer fuzzy perceptron with the following
restrictions:

Layer I Layer 2 Layer 3

xo

V0

X,

FIgure 2.30: NEFCON architecture

• The NEFCON architecture has n inputs units (layer 1), k rule units (layer 2) and one output
unit (layer 3).

• The connections, between input units and rule units have weights, which represent
antecedent linguistic terms (fuzzy sets).
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• The connections, between rule units and the output unit, have weights which represent
consequent linguistic terms (fuzzy sets).

• Each antecedent or consequent linguistic term, which takes part in more than one rule, has
the same weight at all times. This weight is called shared weight.

• There are no rules with identical antecedents.

NEFCON represents a Mamdani or a Tsukamoto fuzzy inference system that is able to learn the
fuzzy rulebase and to optimize the membership functions. The NEFCON architecture can be
easily interpreted in terms of a fuzzy controller used for a control application. The rules can also
be initialized due to the use of expert knowledge instead of learning from scratch. NEFCON
uses a reinforcement learning paradigm with a fuzzy error backpropagation learning algorithm.

The fuzzy error is derived from a specified "fuzzy error" rule base. This error is propagated
back through the network to adapt the membership functions.

The NEFCLASS architecture (see figure 2.31) is a 3 layer fuzzy perceptron with the following
restrictions:

Layer 1 Layer 2 Layer 3
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FIgure 2.31: NEFCLASS architecture

• The NEFCLASS architecture has n inputs units (layer 1), k rule units (layer 2) and m output
units (layer 3).

• The connections between input units and rule units represent antecedent linguistic terms
(fuzzy set weights).

• Each antecedent linguistic term, which takes part in more than one rule, has the same
weight at all times. This weight is called shared weight.

• There are no rules with identical antecedents.
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• Each rule unit has one output connection to an output unit.

• For all output units hold ou = au =netu (there is no defuzzification).

• For all output units u E U3, the new is defined as.

W(u', u).ou'
— uU2netu
— W(u',u) (2.23)

u U 2

Where u' E U2 and ou' the output of u. The highest ou of all output units will be mapped to 1,
the others to 0.

The NEFCLASS architecture represents a Sugeno fuzzy inference system that is able to learn
the fuzzy rulebase and to optimize the membership functions. The rules can also be initialized
due to the use of expert knowledge instead of learning from scratch. NEFCLASS is used for the
classification of data. NEFCLASS uses a supervised learning paradigm with a fuzzy error
backpropagation learning algorithm. This fuzzy error is specified by a fuzzy set over the
difference between actual and desired outputs.

The NEFPROX architecture (see figure 2.32) is a 3 layer fuzzy perceptron with the following
restrictions:

Layer I Layer 2 Layer 3
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FIgure 2.32: NEFPROX architecture

• The NEFPROX architecture has n inputs units (layer I), k rule units (layer 2) and m output
units (layer 3).

• The connections between input units and rule units represent antecedent linguistic terms
(fuzzy set weights).
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• The connections between rule units and output units represent consequent linguistic terms
(fuzzy set weights).

• Each antecedent or consequent linguistic term, which takes part in more than one rule, has
the same weight at all times. This weight is called shared weight.

• There are no rules with identical antecedents.

The NEFPROX architecture represents a Sugeno or Mamdani fuzzy inference system that is
able to learn and optimize the fuzzy rule base. The rules can also be initialized due to the use of
expert knowledge instead of learning from scratch. The NEFPROX architecture is an extension
of the NEFCON and NEFCLASS architectures. It is a more general architecture, which can be
used for any application, based on function approximation.

NEFPROX uses a supervised learning paradigm with a fuzzy error backpropagation learning
algorithm. For each output unit the error, the difference between actual and desired output, will
be determined and propagated back through the network.

2.4.6 Short Overview

This overview summarizes all-important properties of the architectures described in the
previous sections.

Architecture Type of Membership
functions

Learning algorit-
hm(s)

Meaning of wei-
ghts

ANFIS Triangle, trapezoid, bell,
gaussian, sigmoidal

Gradient descent
(backpropagation)
and least squares
estimate (forward
pass).

No meaning, only
propagation
direction, value =
I.

FALCON Triangle, trapezoid, bell,
gaussian, sigmoidal

Gradient descent.
(backpropagation)

Membership
function
parameters layer
2 and 5.

GARIC Triangle, trapezoid, bell,
gaussian, sigmoidal

Gradient descent
(backpropagation)

Center and spread
of membership
functions layer 2
and 4

FuNe I Sigmoidal functions Gradient descent
(backpropagation)

Tuning
membership
functions

NEFCON Triangle, trapezoid,
bell, gaussian, sigmoidal

Fuzzy error back-
propagation

Fuzzy sets
(antecedents and
consequences)

NEFCLASS Triangle, trapezoid,
Bell, gaussian, sigmoidal

Fuzzy error back-
propagation

Fuzzy sets
(antecedents)

NEFPROX Triangle, trapezoid,
Bell, gaussian, sigmoidal

Fuzzy error back-
propagation

Fuzzy sets
(antecedents and
consequences)
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Architecture Number of layers Inference method Learning paradigm
ANFIS 4 or 5 Sugano, Mamdani, Ts-

ukamoto
Supervised

FALCON 5 Mamdani Supervised /unsu-
pervised(for new rules)

GARIC 5 Tsukamoto Reinforcement
(with critic)

FuNe I 3 Sugeno (extension) Supervised

NEFCON 3 Mamdani, Tsukamoto Reinforcement
(without critic)

NEFCLASS 3 Mamdani, Tsukamoto Supervised

NEFPROX 3 Sugeno, Mamdani Supervised

Architecture Inventors and deve-
lopers

Rule extraction
(structure learning)

Application(s) example(s)

ANFIS Jyh-Shing Roger Jang
(1991)

No Mackey-Glass, Inverted
Pendulum system, Modeling
a Non-linear function.

FALCON Chin-Teng Lin and
C.S. George Lee
(1991)

Yes
(FALCON-ART)

Identification of the
Dynamic System, Mackey-
Glass, Control for backing
Up the Truck, Control of the
Ball and Beam system.

GARIC Hamid R. Berenji and
Pratap Khedar
(1992)

No Cart-Pole balancing problem
(also known as Inverted Pe-
ndulum system)

FuNe I S.K. Halgamuge and
M. Glesner (1993)

Yes Classification of Iris data.

NEFCON Detlef Nauck and
Rudolf Kruse (1993)

Yes Inverted Pendulum system

NEFCLASS Detlef Nauck and
Rudolf Kruse (1995)

Yes Classification of Iris data

NEFPROX Detlef Nauck and
Rudolf Kruse (1997)

Yes Mackey-Glass

2.5 Conclusion about the Neuro-Fuzzy Architectures

From all the architectures, described in section 2.4, the background idea is the same. All
architectures are mapping a fuzzy system on a neural network architecture. For further research
there is made a choice for an architecture. The architecture must have the following properties.

• It uses a supervised learning algorithm.

• It must handle classification and function approximation problems.
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There is chosen for the following architectures:

• GARIC: This architecture has a reinforcement learning algorithm and is specialized in
control systems.

• FuNe I: This architecture has not the preference due to the complex architecture compared
to the others.

• NEFCONINEFCLASSINEFPROX: These architectures are interesting but are not chosen.
The NEFCON and NEFCLASS architectures are specialized in one direction. NEFPROX is
more universal.

The last two architectures ANFIS and FALCON have both the preference. If these two
architectures (Mamdani type) are compared to each other then the conclusion is that there are
very small differences in the architectures. Roughly seen, these two architectures are the same.
Finally is chosen for the FALCON architecture with the following properties.

• Linear membership functions.

• Mamdani type with Center Of Maximum (COM) defuzzification.

• Initializing membership functions and fuzzy rules using expert knowledge.

• During the learning phase the position of the membership functions will be adapted. The
fuzzy rules are constant during learning.

The FALCON architecture will be built in the InterAct design environment. In the next chapter
a derivation of the learning algorithm for this architecture will be given.
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Chapter 3 The Learning Algorithm

In this section an overview will be given of a derivation of the learning algorithm which is used
to adapt the linear membership functions in the FALCON architecture. The learning algorithm
will be integrated in the InterAct design environment.

3.1 The FALCON Learning Algorithm

The derivation of the learning algorithm will be given in two parts. The first part describes the
forward pass in the FALCON architecture [7], [9] for linear membership functions. The second
part describes the backward pass [3], [7], [9], which adapts the parameters of the linear
membership functions. The learning algorithm is derived for a function approximation
FALCON architecture with crisp inputs and a crisp output. The learning algorithm will be
translated in C and integrated in the InterAct design environment.

3.1.1 Forward Pass

In the forward pass the output value(s) will be calculated from input values, which are recorded
from a process. The derivation of the functions of each layer will start at layer 1. The following
symbols are used in the equations.

y is the output of a neuron.

v is the activation function of a neuron.

is the transfer function of a neuron.

(n) is a time index.

i orj indicates a neuron number.

N defines the number of neurons at a layer.

A superscript number indicates the layer.

Layer 1:

Each neuron transmits the inputs x, recorded from a process, into the network.

y(n)=x(n) (3.1)
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Layer 2:

Technical Comoutin Science

smalt

Each neuron represents a linear membership function. There are three types of linear
membership functions, see figure 3.1, used in this FALCON architecture. Small has two
parameters b and c, medium has three parameters a, b, c and large has two parameters a, b. The
parameters represents the corners of the function. These parameters will be adapted in the
backward pass. The input of the membership function comes from layer 1.

Type small:

FIgure 3.1: Linear membership functions

1c_ y,'(n)v(n) = sma11(y,' (n)) = min[I.max[
— b

100

Type large:

The transfer function and output function are.

Layer 3:

q(v(n)) = v(n)

y(n) =

(3.3)

(3.4)

(3.5)

(3.6)

Each neuron performs the mm operation at the input signals. The output is the firing strength of
the fuzzy rule.
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Type medium:

v(n) = medium(y,'(n)) = nax[min[
y(n) — a c — y(n)]0]

b—a ' c—b

v(n) = large(y(n)) = min[
— a

b—a
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v(n) = min(y(n) . ,y(n))

Technical Science

(3.7)

Each neuron performs the max operation on the input signals. The output is the
output of the rules with the same consequent.

The neuron calculates the defuzzification value. The Center Of Maximum
defuzzification method is used. This method is shown in figure 3.2.

maximum

(COM)

ço(v(n)) = v(n)

Layer 4:

y(n) = ço(v(n))

(3.8)

(3.9)

v(n) = max(y(n) ,y(n))

ço(v(n)) = v(n)

(3.10)

Layer 5:

y(n) = ço1'(v(n))

(3.11)

(3.12)

smalk x)

mediurr(:

large( x)

w w

100

w

Figure 3.2: COM defuzzlflcation
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The weights w, as indicated in figure 3.2, are situated between layer 4 neurons and the layer 5
neuron and represents the centers of the output membership functions. These centers will be
adapted in the backward pass.

wfl.y'(n)
v(n) = N (3.13)

y'(n)

ço,(v(n)) = v(n) (3.14)

y(n) = ço(v(n)) (3.15)

3.1.2 Backward Pass

The parameters of the membership functions will be adapted in the backward pass. The
derivation of the learning rules for each of the five layers will start at the output layer, layer 5.
The output of the layer 5 neuron, the defuzzified value y, is calculated in the forward pass. This
output will be compared with the desired output d, which is recorded from a process. The
difference between the output in the forward pass and the desired output is called the error e.
The following symbols are used in the equations.

y is the output of a neuron.

v is the activation function of a neuron.

q is the transfer function of a neuron.

(n) is a time index.

1, j or k indicates a neuron number.

N defines the number of neurons at a layer.

A superscript number indicates the layer.

The error at the output of the network is defined as

e(n) = d1(n) — y(n) (3.16)

This error is used in equation (3.17), which is the mean squared error E(n).
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jN
E(n) = — (3.17)

2 ,
The goal of the learning algorithm is to minimize the mean squared error by adapting the
parameters of the membership functions in the network. These are the parameters of the weights
between layer 4 and 5 and the membership parameters in layer 2. For each layer the learning
rule will be derived. The derived learning rule for a layer will be applied on each neuron in that
layer. Some layers will only propagate the error to an adjacent layer without any adaptation. The
instantaneous gradient will be calculated for each layer, starting with the output layer.

Layer 5:

The instantaneous gradient at layer 5, aE(n)/aw1(n), is used for the adaptation Ew11 of the weight
between neuron i in layer 4 and neuron j in layer 5. This is the adaptation of the center of the
output membership function. The adaptation is proportional to this gradient. This gradient
can be written as (using the chain rule).

E(n) — aE(n) ae1(n) ay(n) av(n)
aw1(n) — de1(n) ay(n) v(n) aw(n) (3.18)

The weight between layer 4 and layer 5 will be adapted in such a way that the error at the
output will decrease. The adaptation can now be written as.

aE(n) aE(n) ae(n) ay(n) av(n)
i w,(n) = w(n) " y(n) v(n) aw,(n) (3.19)

Where 77 is the learning rate.

The first two derivations are given by.

aE(n) ae .(n)
= e/n) = —1 (3.20)oe(n) oy(n)

The last two parts of equation (3.15) will be combined to:

ay(n) = y,'(n)

aw..(n) ' 4 (3.21)
2d w1(n).y1 (n)
i)

The adaptation of the center of the output membership function can now be written as.

w1(n) =,t .e1(n).
N

y (n)

4 (3.22)w11(n).y1 (n)
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The new center can be calculated according the equation.

w.1(n + I) = w11(n) + (3.23)

To adapt the parameters in layer two, the local gradient must be propagated to this layer. The
local gradient of layer 5 will be propagated back to layer 4. The local gradient Sof layer 5 is.

m)E(n) ue(n) oy.(n)
ô (n) = — . . = —e(n) = —(d(n) — y(n)) (3.24)

iJe(n) y(n) v(n)

Layer 4:

In this layer no parameters are adapted. Only the local gradient will be calculated and
propagated to layer 3. The local gradient Sis written as.

aE(,) ay(n) aE(n)
ö = — • = — .ço, (v1(n)) (3.25)

ay(n) av(n) ay(n)

E(n) can be written as, see equation (3.17). Differentiating of E(n) with respect toy gives.

E(n) = N ek(n) N ek(n) av(n)
ay(n) k1 • a)) k=J y(n) (3.26)

There is only one connection between an output neuron, in layer 5, and a neuron in layer 4 in
this FALCON architecture. Equation (3.26) can be rewritten as.

E(n) aek(n) av(n)
y(n) e(n).

av:(n) ay(n)
(3.27)

The first partial derivation can be written as.

aek(n) s' s. = 'P (vk('n)) = (3.28)
(lVk(fl)

The second partial derivation can be written as.

wkj (n).y(n) — (n).y(n)
aVk(fl) — j=o j=o

ay4(n) N
2 (3.29)

I [y(n)]

The second derivation of equation (3.25) can be written as.
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ço'(v(n)) = 1 (3.30)

The combination of the equations (3.25), (3.27), (3.28), (3.29) and (3.30) gives the following
result for the local gradient of layer 4.

— WkJ(fl).YJ(fl)Wkj(fl).Yf(fl)
ôJ(n)—ek(n).

N
2 (3.31)

[4(n)]

The combination of equation (3.31) and (3.24) results in the final equation for the local gradient
of layer 4.

wj(n).y(n) — wj(n).y(n)

N
\2 (3.32)

y(n)
j=o

This gradient will be propagated back to layer 3.

Layer 3:

In this layer no are parameters adapted. Only the local gradient will be calculated and
propagated to layer 2. The local gradient Sis written as.

aE(,) ay(n) E(n)ô /n) =
— . = — . ço (v/n)) (3.33)Jy(n) av/n) )y1(n)

The first partial derivation can be written as.

aE(n) — JE(n) ay(n) av:(n) — v(n)
Jy(n) — aV;(fl) —

kfrz)
ay,3(n)

(3.34)

Combining equation (3.33) and (3.34) gives.

c5 (n) = q(v(n)).ô (n).
av(n) (35)

k=O y1(n)

The following sub equations in equation (3.35) can be further reduced.

? 3 aVk(fl)(v/n)) 1
ay(n)

= (3.36)
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The final equation for the local gradient in layer 3 is.

(3.37)

This gradient will be propagated back to layer 2.

Layer 2:

The neurons in this layer represent the input membership functions. The parameters of the
membership functions will be adapted in this layer. The local gradient of layer 2 will be used for
the adaptation of the parameters. The local gradient Sof layer 2 can be written as.

2 aE(n) ay(n) aE(n) 2 2

2 2 2
.co(v(n)) (3.38)

ay1(n) 3v(n) ay(n)

Differentiating of E(n) with respect toy gives.

aE(n) — JE(n) Jy(n) iJv(n) —

_____

y(n) — y(n)v(n) iy(n) — kt')ay2(n) (3.39)

The combining of equation (3.38) and (3.39) gives.

ô (n) = ,(v(n)).ö (n).
av3(n)

(3.40)
k=O y(n)

The following sub equations in equation (3.40) can be further reduced.

2 2 Vk(fl) =1 (3.41)'JyJ'n/

The partial derivation Vk in equation (3.41) has some constraints. The difficult is that Vk is a mm
operation, see equation (3.7). From the outputs of the second layer neurons, which are
connected with the same neuron in layer 3, the minimum output is used in the fuzzy inference
process. For that reason, an extra function q(n) is defined.

q/n) = 1 if y(n) is min(y,2(n) y,(n))
(3.42)

q(n) =0 otherwise

The final equation for the local gradient in layer 2 can now be written as.

ö (n) =ô :(n1q(n) (3.43)
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Each membership type, see the equations (3.2), (3.3) and (3.4), has three parameters. These
parameters define the corners of the membership functions. The adaptation A of a parameter is
defined as (see also equation (3.19)).

E(n) v2(n)
Apar = —q. = — .c5 (n). ' (3.44))par apar

The derivation starts with the membership type small, then medium and finally large.

Type small:

Membership type small, see equation (3.2), has two parameters b and c. These parameters will
be adapted when the input, from layer I, is situated between the parameter values of b and c.
The equation of the membership function between b and c is.

c—y'(n)f,(n) = (3.45)
c—b

This equation is used for the derivation of Ab and Ac if the input is situated between b and c.

The adaptation of Ab can be written as.

= —,. ô (n). !f) -j. ô (n). (3.46)

The adaptation of Ac can be written as.

I

Ac = —,. (n). "
= —,. ô (n).

(c
(3.47)

If the input is not situated between the values of b and c then.

Ab=O and Ac=O (3.48)

The new values of b and c can be calculated due to the equations.

b(n+1)=b(n)+Ab
c(n+1)=c(n)+Ac (3.49)

Type medium:

Membership type medium, see equation (3.3), has three parameters a, b and c. The parameters a
and b will be adapted when the input, from layer i, is situated between the parameter values of
a and b. The parameters b and c will be adapted when the input, from layer 1, is situated
between the parameter values of b and c.
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The equation of the membership function between a and b is

y'(n)—a
f2(n) = (3.50)

b—a

This equation is used for the derivation of Aa and Ab if the input is situated between a and b.

The adaptation of Aa can be written as.

= —,. ô = —,j. ô (n).
-b+y(n)

(3.51)

The adaptation of Ab can be written as.

Ab=— ()?7Z)=_, .Ô2(fl).(J();" (3.52)

The parameter Ac is 0 if the input is situated between the values of a and b.

If the input is situated between the values of b and c then equation (3.45) is used for the
derivation of Ab and Ac. The equations (3.46) and (3.47) are used to calculate Ab and Ac. The
parameter Aa is 0 if the input is situated between the values of b and c.

If the input is not situated between the values of a and b and not between b and c then.

=0 and Ab =0 and Ac =0 (3.53)

The new values of a, b and c can be calculated using the equations.

a(n+I)=a(n)+Aa
b(n+1)=b(n)+Ab (3.54)
c(n+1)=c(n)+Ac

Type large:

Membership type large, see equation (3.4), has two parameters a and b. These parameters will
be adapted when the input, from layer 1, is situated between the parameter values of a and b.
The equation of the membership function between a and b is equation (3.50). This equation is
used for the derivation of Aa and Ab. The equations (3.51) and (3.52) are used to calculate Aa
and Ab.

If the input is not situated between the values of a and b then.

Au = 0 and Ab = 0 (3.55)
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The new values of a and b can be calculated due to the equations.

a(n+1)=a(n)+ta
b(ni-1)=b(n)+Ab (3.56)

The adaptation of the parameters has the following properties:

• The parameters of a membership function can not pass the mm or max range. If one point
passes any range then all parameters of that membership function will set back to the old
values.

• The parameters of a membership function can not pass each other. If one point passes any
other point then all parameters of that membership function will be restored to the old
values.

• The parameters of different membership functions can pass each other.
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Chapter 4 Neuro-Fuzzy Function Approximation

In this chapter neuro-fuzzy experiments with four neuro-fuzzy systems, using the learning
algorithm from chapter 3, will be described. All described neuro-fuzzy systems are simulated in
the InterAct design environment. The neuro-fuzzy systems are built from fluflies, which are
generated from fuzzy systems built in the fuzzyTECH environment. All fuzzy systems, built for
these neuro -fuzzy experiments, are function approximation fuzzy systems with crisp outputs. The
data for training and testing is generated using the pattern generator in fuzzyTECH. The first
experiment is done with a self-made neuro -fuzzy system with one rule block, called car control.
The second experiment is done with a neuro -fuzzy system with one rule block, which is
generated from a fuzzyTECH simulation example, called crane controller. The last two
experiments are done with neuro-fuzzy systems in which the behaviour of the algorithm on
multiple rule blocks will be investigated. The data for training and testing of the neuro-fuzzy
system will also be used to train and test a multilayer perceptron. The performance of the
neuro-fuzzy system and the performance of a multilayer perceptron will be compared by each
experiment. At the end of this chapter an overview of the experience with these experiments will
be given. First of all this chapter starts with an overview of the setup of an experiment.

4.1 Setup of an Experiment

An overview of the setup of an experiment will be given in this chapter. This setup is used by
all the experiments.

The setup of an experiment step by step:

1. Make a fuzzy system in fuzzyTECH.

2. Generate input data of the fuzzy system using the pattern generator of fuzzyTECH.

3. Make a batch of this input data in fuzzyTECH to obtain a file (extension .out) with
input/output data of the fuzzy system.

4. Convert the file, made with the batch command, to a pdbf file for the InterAct design
environment with inputs and targets.

5. Adjust in the original fuzzy system, step 1, the membership functions from the input and
output linguistic variables and save this adapted fuzzy system to a ftl file.

6. Parse the ftl file, with the adapted fuzzy system, to map the adapted fuzzy system to a
neuro-fuzzy system (FALCON) in the InterAct design environment.

7. Use the pdbf file with inputs/targets of the original fuzzy system to train and test the neuro-
fuzzy system of the adapted fuzzy system.
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The goal of the experiment is to minimize the test error of the neuro-fuzzy system. The
advantage of this setup scheme is that the target membership functions, which give an error 0,
are known. This are in fact the membership functions of the original fuzzy system built in step
I. It is now possible to get a feedback during the learning process when the membership
function viewer in InterAct is used and the membership functions of the original fuzzy system
are known. In this manner it is easy to verify whether the adaptation of the membership
functions is in the right direction.

4.2 Experiment 1: The Car Control System

The first experiment, the car control system, describes the relation between two input variables
and one output variable. The input variables are speed and distance. The variable speed defines
the speed of the car. The variable distance defines the distance from the car to the car in front.
The output variable is braking force. This variable defines the needed braking force. Figure 4.1
shows the whole structure of this fuzzy system including input interfaces, the rule block and the
output interface. The connecting lines symbolize the data flow. Further details about
membership functions and fuzzy rules of this fuzzy system will be found in the loose-leaf
appendix of this thesis. Figure 4.2 shows the neuro-fuzzy system, with 9 fuzzy rules, of the car
control system in InterAct.

>'

Design and performance aspects of a neuro-fuzzy system - 45

Figure 4.1: The fuzzy system of the car control system

Figure 4.2: The neuro-fuzzy system of the car control system



Rijksuniversiteit Groningen Technical Computing Science

For the experiments, with the car control system, the following parameters are initialized before
training and testing:

The patterns for training and testing come from one permuted database (pdbf file) which is split
in a train and test set. The fuzzy rules are defined in the ftl file from fuzzyTECH.

From all the experiment results the most important results are given with an overview of all
learning parameter values, test errors and a graphical interpretation of the absolute test error. In
the loose-leaf appendix of this thesis a short overview of all results of the car control system
experiments will be given.

The first experiment with the car control system is done with the following constant parameter
values.

Experiment: Car I

L
The number of patterns for training: 9756
The number of patterns for testing: 6505
The number of fuzzy rules: 9

Learning rate: 0.01
Number of epochs: 200
Test error before learn: 1.41 (abs)
Test error after learn (epoch 200): 0.06 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis).

The graph shows the test
after the first train epoch to
axis).
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Learning rate: 0.1
Number of epochs: 100
Test error before learn: 1.41 (abs)
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Experiment: Car 3

Learning rate: 0.8
Number of epochs: 100
Test error before learn: 1.41 (abs)
Test error after learn (epoch 100): 0.00 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 100 (X-
axis).

The car control system with 9 fuzzy rules gives good results. The higher the learning rate the
faster the error decreases to zero.

The following constant parameter values are used in the second experiment.

The number of patterns for training: 9756
The number of patterns for testing: 6505
The number of fuzzy rules: 3

Experiment: Car 4

Learning rate: 0.01
Number of epochs: 200
Test error before learn: 1.81 (abs)
Test error after learn (epoch 200): 0.76 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis).

Experiment: Car 5

Learning rate: 0.1
Number of epochs: 200
Test error before learn: 1.80 (abs)
Test error after learn (epoch 200): 0.54 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis).

.11-I
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The car system learns not optimal with 3 fuzzy rules. The neuro-fuzzy system can not good
decreases the test error to zero. From these experiments it is clear that there is a relation
between the number of fuzzy rules and the capability to reduce the test error. In the conclusion
of this chapter there will be further discussion on this point.

Neuro-fuzzv system vs. inultilayer perceptron

For the comparison of the neuro-fuzzy system with a multilayer perceptron (abbreviated as
MLP), the pdbf file with data of the fuzzy system with 9 fuzzy rules will be used to train and
test a MLP. The train and test data will have the same volume as in the neuro-fuzzy system
experiment. The MLPs will be trained and tested in the InterAct design environment with 2
input neurons, 10 (default) hidden neurons and I output neuron.

Experiment: Car MLP 1 35,

Learning rates: 0.5, 0.2,0.1,0.01 2.5

Number of epochs: 200
Test error before learn (epoch 0): 2.35 (abs) I
Test error after learn (epoch 200): 0.22 (abs) £'

The graph shows the test error (Y-axis) ! a

from epoch 0 to epoch 200 (X-axis).

____________________________

—— S 25 50 75 ISO 125 555 175 255

Experiment: Car MLP 2 - -.____________________________

Learning rate: 0.5 2.5

Number of epochs: 200
Test error before learn (epoch 0): 2.30 (abs)

iS

Test error after learn (epoch 200): 0.23 (abs) j 'a

The graph shows the test error (Y-axis)
from epoch 0 to epoch 200 (X-axis).

Si

_____________________________________________

5 25 50 75 IN 525 155 575 255-.

From the results, of the neuro-fuzzy system experiments and the MLP experiments, it can be
concluded that the neuro-fuzzy system with 9 fuzzy-rules, initialized with expert knowledge,
yields better performance than the MLP, which is random initialized. The neuro-fuzzy system
can decrease the test error to 0.00 while the MLP yields a best performance of 0.22 on the same
database.

4.3 Experiment 2: The Crane Controller System

The crane controller system is derived from the crane simulation example in fuzzyTECH. This
example simulates a crane controller with two input variables and one output variable. The input
variables are angle and distance. The variable angle defines the angle from the cable of the
crane. The variable distance defines the distance from the ballast to the target place of the
ballast. The output variable is power. This variable defines the power of the crane engine.
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Figure 4.3 shows the whole structure of this fuzzy system including input interfaces, the rule
block and the output interface. The connecting lines symbolize the data flow. Further details
about membership functions and fuzzy rules of this fuzzy system will be found in the loose-leaf
appendix of this thesis. Figure 4.4 shows the neuro-fuzzy system, with 25 fuzzy rules, of the
crane controller system in InterAct.

Figure 4.3: Fuzzy system of the crane controller system

For the experiments, with the crane controller system, the following parameters are initialized
before training and testing:

The number of patterns for training
The number of patterns for testing
The number of fuz
The learning rate
The number of epochs

The patterns for training and testing come from one permuted database (pdbf file) which is split
in a train and test set. The fuzzy rules are defined in the ftl file from fuzzyTECH.

From all the experiment results the most important results are given with an overview of all
learning parameter values, test errors and a graphical interpretation of the absolute test error. In
the loose-leaf appendix of this thesis a short overview of all results of the crane controller
system experiments will be given.
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The first experiment with the crane controller system is done with the following constant
parameter values.

The number of patterns for training: 8796
The number of patterns for testing: 5865
The number of fuzzy rules: 25

5 10 15 20 25 30 30

Experiment: Crane 2

Learning rate: 0.2
Number of epochs: 50
Test error before learn: 5.27 (abs)
Test error after learn (epoch 50): 4.28 (abs)

The crane controller system with 25 fuzzy rules gives a good result when the learning rate is 0.1
or less. When the learning rate is greater, for example 0.2 or higher, then the system will be
unstable. All experiments with a learning rate of 0.2 or higher, give first a decrease in the test
error and after that an increase of the test error.

In the second experiments the following constant parameters values are used. The fuzzy rules
are the same rules, which are used in the crane simulation in fuzzyTECH.

The number of patterns for training: 8796
The number of patterns for testing: 5865
The number of fuzzy rules: 9
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Experiment: Crane 1

Learning rate: 0.1
Number of epochs: 50
Test error before learn: 5.35 (abs)
Test error after learn (epoch 50): 0.00 (abs)

1

12

S..

The graph shows the test error (Y-axis)
after the first train epoch to epoch 50 (X-
axis). L

I
V

The graph shows the test error (Y-axis)
after the first train epoch to epoch 50 (X-
axis).
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Experiment: Crane 3

Learning rate: 0.01
Number of epochs: 100
Test error before learn: 4.79 (abs)
Test error after learn (epoch 100): 1.93 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 100 (X-
axis).

Experiment: Crane 4

Learning rate: 0.1
Number of epochs: 200
Test error before learn: 4.78 (abs)
Test error after learn (epoch 200): 2.65 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis).

3.4
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The crane controller system, with the original 9 fuzzy rules from the crane simulation, learns not
optimal. All experiments with 9 rules give the same development of the test error. The test error
decreases after a x number of epochs to approximately 2.00. After that the test error will not be
further decreased but it goes oscillate round 2.00. From these experiments it is clear that there is
a relation between the number of fuzzy rules and the capability to reduce the test error. In the
conclusion of this chapter there will be further discussion on this point.

Neuro-fuzzv system vs. multilayer perceptron

For the comparison of the neuro-fuzzy system with a multilayer perceptron, the pdbf file with
data of the fuzzy system with 25 and 9 fuzzy rules will be used to train and test MLPs. The train
and test data will have the same volume as in the neuro-fuzzy system experiments. The MLPs
will be trained and tested in the InterAct design environment with 2 input neurons, 10 (default)
hidden neurons and 1 output neuron.

Exoeriments with data of the crane control system with 25 fuzzy rules:

Experiment: Crane MLP 1

Learning rates: 0.5, 0.2, 0.1,0.01
Number of epochs: 200
Test error before learn (epoch 0): 16.01 (abs)
Test error after learn (epoch 200): 2.94 (abs)

The graph shows the test error (Y-axis)
from epoch 0 to epoch 200 (X-axis).
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Experiment: Crane MLP 2

Learning rate: 0.5
Number of epochs: 200
Test error before learn (epoch 0): 14.17 (abs)
Test error after learn (epoch 200): 2.95 (abs)

The graph shows the test error (Y-axis)
from epoch 0 to epoch 200 (X-axis).

Fxneriments with data of the crane control system

Experiment: Crane MLP 3

Learning rates: 0.5, 0.2,0.1, 0.01
Number of epochs: 200
Test error before learn (epoch 0): 8.47 (abs)
Test error after learn (epoch 200): 1.68 (abs)

The graph shows the test error (Y-axis)
from epoch 0 to epoch 200 (X-axis).

The graph shows the test error (Y-axis)
from epoch 0 to epoch 200 (X-axis).

S.

4J
3.
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In all the experiments with the MLPs the test error will be decreased. But the test error will
never be decreased to zero. After a x number of epochs, the test error will be stable on a value
and will not further decrease. Compared with the neuro-fuzzy system it can be concluded that
the neuro-fuzzy system, with 25 fuzzy rules and a learning rate of 0.1 or less, has a better
performance than a MLP. If the learning rate of the neuro fuzzy system is 0.2 or higher then the
performance in the first x epochs is better than a MLP. After that x epochs, the test error will be
bigger than the MLP test error. The neuro-fuzzy system with 9 fuzzy rules gives in all
experiments a bigger test error than the test error with a MLP. From these results it can be
conclude that if the number of fuzzy rules, from the neuro-fuzzy system, is to low then it has a
worse performance than a MLP. When the neuro-fuzzy system has more fuzzy rules then it has
a better performance than a MLP. From the experiments with the crane controller it is clear that
a good choice of the number of fuzzy rules and the learning rate for the neuro-fuzzy system is
very important for a good performance of the neuro-fuzzy system.
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with 9 fuzzy rules:

Experiment: Crane MLP 4

Li±±Learning rate: 0.5
Number of epochs: 200
Test error before learn (epoch 0): 7.94 (abs)
Test error after learn (epoch 200): 1.62 (abs)
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4.4 Experiment 3: Three Rule Blocks System

This experiment is done with a neuro-fuzzy system derived from a self-made fuzzy system with
3 rule blocks. The system has four inputs and one output. Figure 4.5 shows the whole structure
of this system including input interfaces, the rule blocks and the output interface. The
connecting lines symbolize the data flow. Further details about membership functions and fuzzy
rules of this fuzzy system will be found in the loose-leaf appendix of this thesis. Figure 4.6
shows the neuro-fuzzy system, with 27 fuzzy rules, of the three rule block system in InterAct.

Figure 4.5: Fuzzy system of the three rule blocks system

FIgure 4.6: Neuro-fuzzy system of the three rule blocks system

For the experiment with three rule blocks the learning algorithm must be extended because this
neuro-fuzzy system has 7 layers instead of the 5 layers for a neuro-fuzzy system with one rule
block. The difference between a neuro-fuzzy system with three rule blocks and one rule block is
the backward pass in layer 4. The layer 4 in the three rule block system is an intermediate layer.
In the forward pass the node function is the same as in a neuro-fuzzy system with one rule

Design and performance aspects of a neuro-fuzzy system
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block. The outputs of these layer 4 nodes are the inputs for the rule nodes, which are represented
in layer 5. In figure 4.5 Output I and Output2 are the outputs of layer 4. The right rule block in
figure 4.5 defines the rules for layer 5. In the backward pass the intermediate layer 4 nodes have
an other node function. The local gradient of layer 4 is the same as the layer 5 local gradient,
shown in equation (4.1). The equation of layer 4 from the neuro-fuzzy system with one rule
block is shown in chapter 3, equation (3.32).

(4.1)

The other layers in the neuro-fuzzy system with three rule blocks have similar functions as in
the neuro-fuzzy system with one rule block. Layer 1, 2 and 3 are the same, layer 5 equals layer
3 and layer 6 and 7 equals layer 4 and 5 of the neuro-fuzzy system with one rule block.

The target of this experiment is the investigation of the learning capabilities of the neuro-fuzzy
system with three rule blocks. For the experiments, with the three rule block system, the
following parameters are initialized before training and testing:

The number of patterns for training
The number of patterns for testing
The number of fuzzy rules
The learning rate
The number of epochs

The patterns for training and testing come from one permuted database (pdbf file) which is split
in a train and test set. The fuzzy rules are defined in the ftl file from fuzzyTECH.

From all the experiment results the most important results are given with an overview of all
learning parameter values, test errors and a graphical interpretation of the absolute test error. In
the loose-leaf appendix of this thesis a short overview of all results of the three rule block
system experiments will be given.

The first experiment with the three rule block system is done with the following constant
parameter values.

The number of patterns for training: 8784
The number of patterns for testing: 5857
The number of fuzzy rules: 27

Experiment: Three RB 1 . -

g
Number of epochs: 200
Test error before learn: 4.70 (abs)
Test error after learn (epoch 200): 0.02 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X- :: -
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Experiment: Three RB 2

Learning rate: 0.2
Number of epochs: 200
Test error before learn: 4.69 (abs)
Test error after learn (epoch 200): 0.00 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis).

The results of the experiments with the neuro-fuzzy system with three rule blocks are good. The
experiments with different learning rates give all a decrease in the test error. Also a high
learning rate of 0.8 gives a stable neuro-fuzzy system.

In the second experiments the following constant parameters values are used.

The number of patterns for training: 8784
The number of patterns for testing: 5857
The number of fuzzy rules: 18

Experiment: Three RB 3

Learning rate: 0.01
Number of epochs: 200
Test error before learn: 4.90 (abs)
Test error after learn (epoch 200): 2.72 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis). 01

Experiment: Three RB 4

Learning rate: 0.4
Number of epochs: 200
Test error before learn: 4.92 (abs)
Test error after learn (epoch 200): 0.00 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis).
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Experiment: Three RB 5

Learning rate: 0.6
Number of epochs: 200
Test error before learn: 4.92 (abs)
Test error after learn(epoch 200): 10.19 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis).

The neuro-fuzzy systems with 18 fuzzy rules have different learning capabilities. If the learning
rate is 0.01 the test error decreases not good. If the learning rate is 0.4 the neuro-fuzzy system
decreases the test error to zero. The neuro-system will be unstable if the learning rate is 0.6 the
test error increases and goes oscillate. From these results it can be conclude that the reducing of
the number of fuzzy rules gives less learning capabilities

Neuro-fuzzv system vs. multilayer perceptron

For the comparison of the neuro-fuzzy system with a multilayer perceptron, the pdbf file with
data of the neuro-fuzzy system with 27 rules will be used to train and test MLPs. The train and
test data will have the same volume as in the neuro-fuzzy system experiments. The MLPs will
be trained and tested in the InterAct design environment with 4 input neurons, 10 hidden
neurons and I output neuron.

Experiment: Three RB MLP 1 -

____________________________

Learning rates: 0.5,0.2, 0.1,0.01
Number of epochs: 200
Test error before learn (epoch 0): 7.27 (abs)
Test error after learn (epoch 200): 1.96 (abs)

The graph shows the test error (Y-axis)
from epoch 0 to epoch 200 (X-axis).

U,

__________________________________________________________

• 25 50 75 50 125 IN Ill NI

Experiment: Three RB MLP 2

__________________________

Learning rate: 0.5
Number of epochs: 200
Test error before learn (epoch 0): 8.35 (abs)
Test error after learn (epoch 200): 1.91 (abs) 4j

3.
a
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__________________________________________
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from epoch 0 to epoch 200 (X-axis).



Riiksuniversiteit Groninen Technical ComDutinE Science

In all the experiments with the MLPs the test error will be decreased. But the test error will
never be decreased to zero. After a x number of epochs, the test error will be stable on a value
and will not further decrease. From these results it can be concluded that the MLP, compared to
the neuro-fuzzy system, has a worse performance with this dataset. The neuro-fuzzy system can
reduce the test error to 0.00 while the MLP has a best performance of 1.91 of the test error.

4.5 Experiment 4: Seven Rule Blocks System

This experiment is done with a neuro-fuzzy system derived from a self-made fuzzy system with

7 rule blocks. The system has eight inputs and one output. Figure 4.7 shows the whole structure
of this system including input interfaces, the rule blocks and the output interface. The
connecting lines symbolize the data flow. Further details about membership functions and fuzzy
rules of this fuzzy system will be found in the loose-leaf appendix of this thesis. Figure 4.8
shows the neuro-fuzzy system, with 63 fuzzy rules, of the seven rule blocks system in InterAct.
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Figure 4.7: Fuzzy system of the seven rule blocks system

Figure 4.8: Neuro-fuzzy system of the seven rule blocks system
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For the experiments with the seven rule block system the learning algorithm must be extended.
The neuro-fuzzy system of the seven rule blocks system has 9 layers instead of the 5 layers for a
neuro-fuzzy system with one rule block. The extension of the learning algorithm is the same as
the extension of the learning algorithm for the neuro-fuzzy system with three rule blocks, in
experiment 3. The neuro-fuzzy system with 7 rule blocks has 2 intermediate layers. These are
the layers 4 and 6. In this layers the nodes have, in the backward pass, functions as in equation
(4.1). The local gradient is the local gradient of the adjacent layer.

The other layers in the neuro-fuzzy system with seven rule blocks have similar functions as in
the neuro-fuzzy system with one rule block. Layer 1, 2 and 3 are the same, layer 5 equals layer
3, layer 7 equals layer 3 and layer 8 and 9 equals layer 4 and 5 of the neuro-fuzzy system with
one rule block.

The target of this experiment is the investigation of the learning capabilities of the neuro-fuzzy
system with seven rule blocks. For the experiments, with the seven rule block system, the
following parameters are initialized before training and testing:

The number of patterns for training
The number of patterns for testing
The number of fuzzy rules
The learning rate
The number of epochs

The patterns for training and testing come from one permuted database (pdbf file) which is split
in a train and test set. The fuzzy rules are defined in the ftl file from fuzzyTECH.

From all the experiment results the most important results are given with an overview of all
learning parameter values, test errors and a graphical interpretation of the absolute test error. In
the loose-leaf appendix of this thesis a short overview of all results of the seven rule block
system experiments will be given.

The first experiment with the three rule block system is done with the following constant
parameter values.

The number of patterns for training: 39321
The number of patterns for testing: 26215
The number of fuzzy rules: 63

Experiment: Seven RB 1

_______________ _______________

Learning rate: 0.01
Number of epochs: 200
Test error before learn: 5.89 (abs)
Test error after learn (epoch 200): 6.80 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis). --

___________________________________

S 35 50 75 IN 12$ 150 175
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Experiment: Seven RB 2

The graph shows the test error (Y-axis)
after the first train epoch to epoch 200 (X-
axis).

In the following experiment there is made an adaptation to the learning algorithm. In layer 4,
layer 6 and layer 8 will the local gradient be damped. When the local gradient in this layers
exceeds the value 5 in the positive direction or —5 in the negative direction then the local
gradient is restored to respective 5 and —5. This action gives a damping of the local gradient in
these layers. The goal of the experiments is to investigate the effects from the damping at the
performance of the neuro-fuzzy system. Due to the use of a damping it can be possible that the
adaptation of the membership parameters in layer 4 is going smoother and gives a better
decrease of the test error.

Experiment: Seven RB 3

Learning rate: 0.1
Number of epochs: 400
Test error before learn: 5.88 (abs)
Test error after learn (epoch 400): 7.87 (abs)

The graph shows the test error (Y-axis)
after the first train epoch to epoch 400 (X-
axis).

The seven rule block system learns not optimal. The test error decreases first but after a x
number of epochs the test error increases in one epoch to a high value and after that it will be
constant or oscillates round a high test error. The experiments with a filling up and without a
filling up give no different development of the test error. In both experiments the neuro-fuzzy
system will be unstable. From these results it can be concluded that to much epochs gives an
overfiuing of the neuro-fuzzy system.

Neuro-fuzzv s-ystem vs. multilayer perceptron

For the comparison of the neuro-fuzzy system with a multilayer perceptron, the pdbf file with
data of this neuro-fuzzy system will be used to train and test MLPs. The train and test data will
have the same volume as in the neuro-fuzzy system experiments. The MLPs will be trained and
tested in the InterAct design environment with 8 input neurons, 10 hidden neurons and 1 output
neuron.
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Experiment: Seven RB MLP 1

_____________________________

Learning rates: 0.5, 0.2,0.1,0.01
I-.

Number of epochs: 200
Test error before learn (epoch 0): 9.12 (abs)
Test error after learn (epoch 200): 1.18 (abs)

The graph shows the test error (Y-axis)
from epoch 0 to epoch 200 (X-axis).

____________________

I,

_____________________________________________

Experiment: Seven RB MLP 2

Learning rate: 0.5
Number of epochs: 200
Test error before learn (epoch 0): 9.97 (abs)
Test error after learn (epoch 200): 1.24 (abs)

The graph shows the test error (Y-axis)
from epoch 0 to epoch 200 (X-axis).

In all the experiments with the MLPs the test error will be decreased. But the test error will
never be decreased to zero. After a x number of epochs, the test error will be stable on a value
and will not further decrease. Compared with the neuro-fuzzy system it can be concluded that
the neuro-fuzzy system yields a better performance before the overfitting. When the neuro-
fuzzy system after a x number of epochs has an overfitting then the test error is bigger than the
test error of the MLP.

4.6 Conclusions of the Experiments

About the results of the four neuro-fuzzy experiments the following conclusions can be given. It
is clear that all neuro-fuzzy systems used in the experiments have a different behaviour. The
neuro-fuzzy systems, in experiment 1 and 3, are stable. Also when the learning rate is high. The
neuro-fuzzy systems in experiment 2 are stable, as long the learning rate is not too high. When
the number of fuzzy rules of the neuro-fuzzy systems in experiment 2 are decreased then the
learning capability is very bad. In experiment 4 the neuro-fuzzy systems give a good
performance, as long the number of epochs is not too high. The different behaviour of the
neuro-fuzzy systems makes it not easy to give a general learning model for a neuro-fuzzy
system. The direct choice of good parameter values, to get a good learning capability of the
neuro-fuzzy system, is strongly correlated with the problem. In practice a few experiments have
to be done to get a good overview about the problem domain. For example a few tests with a
low learning rate and a high learning rate and a test with a lot of epochs. From the experience of
these tests it is easier to choose optimal values for the learning process.
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The following points are important for the learning capability (performance) of a neuro-fuzzy
system.

• The choice of the learning rate.
When the learning rate is too high then the neuro fuzzy system can be unstable.

• The choice of the number of fuzzy rules.
When the number of fuzzy rules is too low then it is possible that some input membership
functions are less represented. This has as consequence that it is possible that these
membership functions can not good enough be adapted with the process data. The result is
that the learning capability of the neuro-fuzzy system can be worse than with more fuzzy
rules.

• The choice of the number of epochs.
When the number of epochs is too high then it is possible that the neuro -fuzzy system will be
overfitted.
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Chapter 5 Neuro-Fuzzy Classification

In this chapter neuro-fuzzy experiments with two neuro-fuzzy systems, which are using the
learning algorithm from chapter 3, will be described. The setup of the experiments is the same
as in chapter 4. All described neuro -fuzzy systems are simulated in the InterAct design
environment and built from fil files, which are generated from fuzzy systems in fuzzyTECH. All

fuzzy systems built for the neuro-fuzzy experiments are classification fuzzy systems. These fuzzy
systems have fuzzy outputs instead of crisp outputs. The first experiment is done with a self-
made neuro-fuzzy system, called carclass. The second experiment is done with a neuro-fuzzy
system called three rule blocks classification system. The data for training and testing of the
neuro-fuzzy system will also be used to train and test a multilayer perceptron. The results will
be compared with the performance of the izeuro-fuzzy system. This chapter starts with the
description of the experiment results. At the end of this chapter an overview of the experience
with these experiments will be given.

5.1 Experiment 1: The Carclass System

The first experiment is a classification problem, which describes the relation between two input
variables and three output variables. The input variables are topspeed and acceleration. The
variable topspeed defines the topspeed of the car. The variable acceleration defines the
acceleration from the car from 0 to 100 km/h. The output variables are slow, mean and fast.
Each variable defines a class. If the input values, the topspeed and the acceleration of a car, are
given then the system will calculate how many that car belongs to the class slow, the class mean
and the class fast. The containment of the car to each class is defined through a fuzzy number
between 0 and 1. There is no defuzzification in this system. Figure 5.1 shows the whole
structure of this fuzzy system including input interfaces, the rule block and the output interface.
The connecting lines symbolize the data flow. Further details about membership functions and
fuzzy rules of this fuzzy system will be found in the loose-leaf appendix of this thesis. Figure
5.2 shows the neuro-fuzzy system, with 9 fuzzy rules, of the carciass system in InterAct.
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FIgure 5.2: Neuro-fuzzy system of the carciass system

The neuro-fuzzy system of the carciass system, with one rule block, differs from the neuro-
fuzzy systems, with one rule block, used in the experiments in chapter 4. The FALCON neuro-
fuzzy architecture for classification problems has no defuzzification procedure. The neuro-fuzzy
architecture has therefore 4 layers instead of 5 layers. The outputs of the layer 4 nodes are now
the fuzzy outputs of the system. The highest output will be mapped to 1 and the others to 0. To
use this architecture the learning algorithm must be adapted. In the forward pass the layer 1, 2, 3
and 4 functions can be used without any adaptation. The layer 5 function is not used because
there is no layer 5 defuzzification layer. In the backward pass the layer 5 function is also not
used. There is no layer 5 defuzzification layer and thus also no weights to be adapted between
layer 4 and 5. The other functions of the layers 3 and 2 can be used without any adaptation.
Only layer 4 needs an other node function (3.32) for the calculation of the error. The new error
function has the following equation (5.1).

(n)—
E(n) e(n) ay(n)

— ae(n)
= —e/n) = —(d,(n) — y(n)) (5.1)

This error will be propagated back to layer 3. In this FALCON neuro-fuzzy architecture the
input membership functions will be adapted.

For the experiments, with the carclass system, the following parameters are initialized before
training and testing:

The input/output patterns from this system, generated in fuzzyTECH, have fuzzy outputs.
Before the conversion of the input/output patterns to a pdbf file the fuzzy outputs will be first
mapped to 0 and 1. The highest fuzzy output is the winner and defines the class. This output
will be mapped to 1. The other outputs will be mapped to 0. These outputs are the targets of the
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pdbf file. The input/target patterns of the pdbf file will be permuted and split in a train and test
set. During training and testing the outputs of the neuro-fuzzy system will be mapped to 1 and 0.
The highest fuzzy output, the winner, will be mapped to I and the others to 0. These outputs
will be compared with the targets. If the outputs are equal with the targets then the neuro-fuzzy
system has classified the pattern good. The fuzzy rules of the carclass system are defined in the
ftl file from fuzzyTECH.

From all the experiment results the most important results are given with an overview of all
learning parameter values, test errors and a graphical interpretation of the test error. In the
loose-leaf appendix of this thesis a short overview of all results of the carclass system
experiments will be given.

The first experiment with the carclass system is done with the following constant parameter
values.

The number of patterns for training: 3515
The number of patterns for testing: 2344
The number of fuzzy rules: 9

The total data distribution of the train and test input data, dataset 1, is shown in figure 5.3.

300.0

Fast Fast Mean
225.0

15O.O Fast Mean Slow
I-

75.0

Mean Slow Slow

0.0________________________________
0.0 5.0 10.0 15.0 20.0 25.0

acceleration

Figure 5.3: DistrIbution of the Input data of dataset I

At the crossing points of the input membership functions no data is generated. This is done to
get a broad separation between the different classes. In a next experiment the input data has a
uniform distribution. The intention is to investigate the performance difference of the neuro-
fuzzy system with these two different distributions.
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Experiment: Carclass 1

___________________________

Learning rate: 0.2
Number of epochs: 500
Test error before learn: (epoch 0)10.49%
Test error after learn: (epoch 500) 0.00%

The graph shows the test error (Y-axis)
from epoch 0 to epoch 500 (X-axis).
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___________________________________________
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Experiment: Carclass 2

_______________________________

Learning rate: 0.8
Number of epochs: 500
Test error before learn: (epoch 0)10.58% 2. 50

Test error after learn: (epoch 500) 0.04%

The graph shows the test error (Y-axis)
from epoch 0 to epoch 500 (X-axis).

—— S ZOS O

The following experiments are done with the same database but with a ftl file, which presents a
fuzzy system in which the membership functions are more different from the original fuzzy
system than in the previous experiments. The test error before learn is higher.

Experiment: Carclass 3

Learning rate: 0.2
Number of epochs: 500
Test error before learn: (epoch 0) 33.70%
Test error after learn: (epoch 500) 0.00%

The graph shows the test error (Y-axis)
from epoch 0 to epoch 500 (X-axis).

Experiment: Carclass 4

The graph shows the test error (Y-axis)
from epoch 0 to epoch 500 (X-axis).

50-
S
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Learning rate: 0.8
Number of epochs: 500
Test error before learn: (epoch 0) 35.07%
Test error after learn: (epoch 500) 0.09% 24J
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This data distribution of dataset 1 with a broad separation between the classes gives no problem
for the neuro-fuzzy systems. The neuro-fuzzy systems used in these experiments give good
results with low and high learning rates. Also when the test error before learn, in experiment 3
and 4, is high the neuro-fuzzy systems have after learn the test error decreased to or round 0%.
This means the neuro-fuzzy system classifies all patterns good or almost good.

The second experiment with the carclass system is done with the following constant parameter
values.

The number of patterns for training: 4695
The number of patterns for testing: 3131
The number of fuzzy rules: 9

The total data distribution of the train and test input data, dataset 2, is shown in figure 5.4.

0.0 5.0 10.0 15.0 20.0 25.0

Figure 5.4: DIstribution of the input data of dataset 2

The input data in figure 5.4 has a uniform distribution. This distribution gives a very narrow
separation between the different classes. In this experiment the influence of this uniform data
distribution on the performance of the neuro-fuzzy system will be investigated.

In the next experiments 5 and 6 the same ftl files are used as in the experiments 1 and 2.

Experiment: Carclass 5

Learning rate: 0.2
Number of epochs: 2000
Test error before learn: (epoch 0) 18.40%
Test error after learn: (epoch 2000) 0.00%

300.0

225.0

0

50.0

75.0

0.0

Fast Fast Mean

Fast Mean Slow

Mean Slow Slow

Acceleration

The graph shows the test error (Y-axis)
from epoch 0 to epoch 2000 (X-axis).
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Experiment: Carclass 6

Learning rate: 0.8
Number of epochs: 1000
Test error before learn: (epoch 0) 17.76%
Test error after learn: (epoch 2000) 2.27%

The graph shows the test error (Y-axis)
from epoch 0 to epoch 1000 (X-axis).

"a

:: .
In the next experiments 7 and 8 the same ftI files are used as in the experiments 3 and 4.

Experiment: Carclass 7

Experiment: Carclass 8

250 500 750

Learning rate: 0.8
Number of epochs: 1000
Test error before learn: (epoch 0) 37.89%
Test error after learn: (epoch 1000) 0.42%

The graph shows the test error (Y-axis)
from epoch 0 to epoch 1000 (X-axis).

Due to the very narrow separation between the classes in dataset 2 the neuro-fuzzy system needs
more epochs to realize a good separation between the classes compared with the results with
dataset 1 in the previous experiment. In experiment 6 the neuro-fuzzy systems decreases the test
error not further then 2.27%. In the other experiments the neuro-fuzzy systems decreases the
error to or round 0%. It can be concluded that the separation of the classes has influence on the
performance of the neuro-fuzzy system.

Neuro-fuzzv system vs. multilayer perceptron

In the previous experiments the comparison between neuro-fuzzy systems are investigated. In
this experiment the performance of the neuro-fuzzy systems in the previous experiments will be
compared with the performance of a multilayer perceptron. The multilayer perceptron will be
trained and tested with both datasets I and 2 used in the previous experiments. The MLPs will
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Learning rate: 0.2
Number of epochs: 1000
Test error before learn: (epoch 0) 38.29%
Test error after learn: (epoch 1000) 0.45% EZ4J

IThe graph shows the test error (Y-axis)
from epoch 0 to epoch 1000 (X-axis).
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be trained and tested in the InterAct design environment with 2 input neurons, 10 (default)
hidden neurons and 3 output neurons.

Experiments with dataset 1:

Experiment: Carciass MLP 1 120

1e
Learning rates: 0.5, 0.2,0.1, 0.01
Number of epochs: 2000
Test error before learn: 63.57%
Test error after learn: (epoch 2000) 0.09%

_____________________

4J
The graph shows the test error (Y-axis)
after the first train epoch to epoch 2000
(X-axis).

Epod -.

Experiment: Carciass MLP 2

_____________________________

Learning rate: 0.5
Number of epochs: 2000
Test error before learn: 63.65% '°
Test error after learn: (epoch 2000) 0.04%

The graph shows the test error (Y-axis)
after the first train epoch to epoch 2000
(X-axis).

0 1 1500 2l0
-.

Experiments with dataset 2:

Experiment: Carciass MLP 3 10.0

150

Learning rates: 0.5, 0.2,0.1,0.01
Number of epochs: 4000 j120

Test error before learn: 67.39%
Test error after learn: (epoch 4000) 0.67%

The graph shows the test error (Y-axis)
after the first train epoch to epoch 4000

30

(• \

__________________________

— J. 0 000 1111111 2 32111

Experiment: Carciass MLP 4

_____________________________

Learning rate: 0.5
Number of epochs: 4000
Test error before learn: 64.96% a
Test error after learn: (epoch 4000) 2.36% so

The graph shows the test error (Y-axis)
.0

______

after the first train epoch to epoch 4000

______

(X-axis).

____________________________________

SAl

______________________________________________-

0 NO 11100 2000
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The MLPs trained and tested with dataset 1 can decrease the test error to almost 0%. Compared
with the performance of the neuro-fuzzy systems, with this dataset 1, the performances after
learning are approximately equal. The difference between the MLPs and the neuro-fuzzy
systems is the number of epochs, which is needed for a good performance. The neuro-fuzzy
system needs less epochs probably due to the initializing of the system with explicit knowledge.
The MLPs are random initialized.

The MLPs trained and tested with dataset 2 can not decrease the error to almost 0%. Just like
the neuro-fuzzy systems the MLPs have more problems with the data distribution of the input
space from dataset 2. The test error has an oscillating behaviour. The neuro-fuzzy systems with
dataset 2 have a little bit better performance than the MLPs with dataset 2. The neuro-fuzzy
system needs also less epochs for a good performance than the MLPs probably due to the
initializing with explicit knowledge.

5.2 Experiment 2: Three Rule Blocks Classification System

The three rule blocks classification system is the same as the three rule blocks system described
in paragraph 4.3 except that this system has fuzzy outputs instead of a crisp output. The system
has four inputs and three fuzzy outputs, which define the classes. Figure 5.5 shows the whole
structure of this system including input interfaces, the rule blocks and the fuzzy output interface.
The connecting lines symbolize the data flow. Further details about membership functions and
fuzzy rules of this fuzzy system will be found in the loose-leaf appendix of this thesis. Figure
5.6 shows the neuro-fuzzy system, with 27 fuzzy rules, of the three rule block classification
system in InterAct. Due to the fuzzy outputs the neuro-fuzzy system has 6 layers instead of the
7 layers of the neuro-fuzzy system of the three rule blocks system shown in figure 4.6.
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Figure 5.6: Neuro-fuzzy system of the three rule blocks classification system

me

The learning rule for the neuro-fuzzy classification system with three rules blocks has in the
forward pass the same node functions as the three rule blocks system in paragraph 4.3 at the
layers I to 6. In the backward pass the node function at layer 6 is the same as the node function
at layer 4 from a one rule block classification system in paragraph 5.1, equation (5.1). The node
functions, in the backward pass, at the layers 5 to 2 are the same as the three rule blocks system
from paragraph 4.3. In this FALCON architecture only the input membership functions at layer
2 will be adapted.

For the experiments, with the three rule blocks classification system, the following parameters
are initialized before training and testing:

The input/output patterns from this fuzzy system, generated in fuzzyTECH, have fuzzy outputs.
Before the conversion of the input/output patterns to a pdbf file the fuzzy outputs will be first
mapped to 0 and 1. The highest fuzzy output is the winner and defines the class. This output
will be mapped to 1. The other outputs will be mapped to 0. These outputs are the targets of the
pdbf file. The input/target patterns of the pdbf file will be permuted and split in a train and test
set. During training and testing the outputs of the neuro-fuzzy system will be mapped to 1 and 0.
The highest fuzzy output, the winner, will be mapped to I and the others to 0. These outputs
will be compared with the targets. If the outputs are equal with the targets then the neuro-fuzzy
system has classified the pattern good. The fuzzy rules of the three rule blocks classification
system are defined in the Ill file from fuzzyTECH.

From all the experiment results the most important results are given with an overview of all
learning parameter values, test errors and a graphical interpretation of the test error. In the
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loose-leaf appendix of this thesis a short overview of all results
classification system experiments will be given.

of the three rule blocks

The experiment with the three rule blocks classification system is done with the following
constant parameter values.

The number of patterns for training: 8784
The number of patterns for testing: 5857
The number of fuzzy rules: 27

The input data of the database has a uniform data distribution.

Experiment: Three RB Class 1

Learning rate: 0.2
Number of epochs: 2000
Test error before learn: (epoch 0) 9.80%
Test error after learn: (epoch 2000) 3.40%

The graph shows the test error (Y-axis)
from epoch 0 to epoch 2000 (X-axis).

Learning rate: 0.8
Number of epochs: 2000
Test error before learn: (epoch 0) 9.68%
Test error after learn: (epoch 2000) 3.55%

The graph shows the test error (Y-axis)
from epoch 0 to epoch 2000 (X-axis).

C

The following experiments are done with the same database but with a ftl file, which presents a
fuzzy system in which the membership functions are more different from the original fuzzy
system than in the previous experiments. The test error before learn is higher.

500 E-.
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Experiment: Three RB Class 2
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Experiment: Three RB Class 3

Learning rate: 0.2
Number of epochs: 2000
Test error before learn: (epoch 0) 12. 17%
Test error after learn: (epoch 2000) 3.4 1%

The graph shows the test error (Y-axis)
from epoch 0 to epoch 2000 (X-axis).
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Experiment: Three RB Class 4

Learning rate: 0.8
Number of epochs: 2000 ii..

Test error before learn: (epoch 0) 12.81%
Test error after learn: (epoch 2000) 3.40%

The graph shows the test error (Y-axis) 4° -

from epoch 0 to epoch 2000 (X-axis).
S..

____________________________________________________________

0 500 1S 15
UcM-.

In all experiments the test error will be decreased to approximately 3.40% (199 patterns). First
the neuro-fuzzy system decreases the test error. After that the test error will be stable. The
results of these experiments compared with the good results of the previous experiments, with a
one rule block neuro-fuzzy classification system, are not expected. It is perhaps possible that the
separation between the classes in the input data is very narrow and difficult to determine.

Neuro-fuzzv system vs. multilayer perceptron

For the comparison of the neuro-fuzzy system with a multilayer perceptron, the pdbf file with
data of this neuro-fuzzy system will be used to train and test MLPs. The train and test data will
have the same volume as in the neuro-fuzzy system experiments. The MLPs will be trained and
tested in the InterAct design environment with 4 input neurons, 10 (default) hidden neurons and
3 output neurons.

Experiment: Three RB Class MLP 1
12i

Learning rates: 0.5, 0.2,0.1,0.01
Number of epochs: 2000 I0J

Test error before learn: 82.48% ..
Test error after learn: (epoch 2000) 1.30%

The graph shows the test error (Y-axis) 4°

after the first train epoch to epoch 2000 2J .A
(X-axis).

0 500 1S 1500 2000-

Experiment: Three RB Class MLP 2 '4°

Learning rate: 0.5
Number of epochs: 2000 is..

Test error before learn: 94.30% Es..
Test error after learn: (epoch 2000) 1.66%

The graph shows the test error (Y-axis) 4° I

I I i I I I I

after the first train epoch to epoch 2000 ZJ

(X-axis). -— 500 -
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In all MLP experiments the test error decreases. First the test error will be decreased. After that
the test error will be stable with a small oscillation. Compared to the performance with the
neuro-fuzzy systems it can be concluded that the MLPs yields a better performance. But also the
MLPs have a not so good performance and can not decrease the error to zero or almost zero.
Probably is the input/target train dataset difficult to learn.

5.3 Conclusions of the Experiments

About the results of the two neuro-fuzzy experiments the following conclusions can be given.
The experiments with the neuro-fuzzy classification systems with one rule block give good
performances with a dataset, which has a good separation between the classes in the input data.
If the input data has a uniform distribution then the separation between the classes is narrow and
the performance of the neuro-fuzzy system is less. The experiments with the neuro-fuzzy
classification systems with three rule blocks give a not so good performance with a dataset with
a uniform distribution of the input data. This was not expected compared with the performance
of a one rule block classification system and the good performance of a three rule block
function approximation system in chapter 4. It is perhaps possible that the separation between
the classes in the uniform input data is very narrow and difficult to determine due to the number
of inputs (four) in this system which have an influence on the output classes. The more input
variables in the system the more membership functions there must be adapted.

The main conclusion of these experiments is that the class distribution has an influence on the
learning capability (performance) of a neuro-fuzzy classification system.
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Chapter 6 Conclusion

In this thesis an overview is given of; what a neuro-fuzzy system is, the different neuro-fuzzy
architectures, a neuro-fuzzy learning algorithm and experiments with neuro -fuzzy systems. This
final chapter 6 gives a feedback to the neuro-fuzzy investigation. It gives an overview of the
experiences with respect to the performance of a neuro-fuzzy system, the performance of a
neuro-fuzzy system compared with a multilayer perceptron, a neuro-fuzzy design model with
design aspects, and a future direction for neuro-fuzzy research.

61 Performance of a Neuro-Fuzzy System

Before the starting of the investigation one point of the main goal was to investigate the
performance aspects of a neuro-fuzzy system which uses explicit knowledge and implicit
knowledge. The following investigated points in the experiments have an influence on the
performance of the neuro-fuzzy system.

• The learning rate.
When the learning rate is too high then the neuro fuzzy system can be unstable. This
behaviour is seen in some experiments with neuro -fuzzy approximation systems.

• The number of fuzzy rules.
When the number of fuzzy rules is too low then it is possible that some input membership
functions are less represented. This has as consequence that it is possible that these
membership functions can not good enough be adapted with the implicit data. The result is
that the performance of the neuro-fuzzy system can be worse than with more fuzzy rules.
This behaviour is seen in all experiments done with neuro -fuzzy approximation systems with
different number offuzzy rules.

• The number of epochs.
When the number of epochs is too high then it is possible that the neuro-fuzzy system will be
overfitted. This behaviour is seen in the experiments with the neuro-fuzzy approximation
systems with seven rule blocks. The overfitting in these experiments is independent from the
chosen learning rate.

• The distribution of the classes.
When the distribution of the input data, used for a neuro-fuzzy class jfication system with
one rule block, has a uniform distribution then the separation between the classes is very
narrow. To separate the classes in the input data during training the neuro-fuzzy system
needs more epochs and has a little bit worse performance compared to an input data
distribution that has a broad separation between the classes. If the neuro -fuzzy
class jfication system has three rule blocks then the performance with a dataset with a
uniform distribution of the input data is not so good. It is perhaps possible that the
separation between the classes in the unform input data is very narrow and difficult to
determine due to the number of inputs (four) in this system which have an influence on the
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output classes. The more input variables in the system the more membership functions there
must be adapted.

The direct choice of good parameter values is difficult. In practice a few experiments have to be
done first to get a good overview about the problem domain. For example a few tests with a low
learning rate and a high learning rate and a test with a lot of epochs. From the experience of
these tests it is easier to choose optimal values for the learning process.

An other important viewpoint is the explicit knowledge from the expert and the implicit
knowledge recorded from a process. These two knowledge types are the basis for the neuro-
fuzzy system. If there is no or less correlation between these two knowledge types then the
performance of the neuro-fuzzy system is probably not optimal. The expert knowledge for
example can not be optimal with respect to the number of fuzzy rules and the number and
position of the membership functions. The implicit knowledge for example can contain noise.
All these influences in practice have a consequence on the performance of the neuro-fuzzy
system.

6.2 Neuro-Fuzzy System or Neural Network?

In almost all experiments in this thesis a comparison is made between the performance of a
neuro-fuzzy system and the performance of a multilayer perceptron. In the experiments with the
neuro-fuzzy approximation systems, in chapter 4, the neuro-fuzzy systems have frequently a
better performance than the multilayer perceptrons except if the neuro-fuzzy system has less
fuzzy rules, in that case the multilayer perceptron has a better performance. In the experiments
with the neuro-fuzzy classification systems, in chapter 5, the performance of the neuro-fuzzy
systems with one rule block is approximately equal or a little bit better compared with the
performance of the multilayer perceptrons. The main difference between the neuro-fuzzy
classification systems with one rule block and the multilayer perceptrons is the number of
epochs needed for a good performance. The neuro-fuzzy system needs less epochs than a
multilayer perceptron. This comes probably due to the initializing of the neuro-fuzzy system
with explicit knowledge while the multilayer perceptron is random initialized. This initializing
with explicit knowledge gives the neuro-fuzzy system a lead over a multilayer perceptron. The
neuro-fuzzy classification systems with three rule blocks give a less performance than the
multilayer perceptrons with a uniform data distribution of the input data.

The choice for a neuro-fuzzy system or a neural network for a specific problem is dependent of
the problem domain and the availability of the required knowledge. For a function
approximation problem it is good possible to use a neuro-fuzzy system instead of a neural
network. This can be concluded from the experience with the neuro-fuzzy approximation
systems in this thesis. For a classification problem the performances differences are very close
between the neuro-fuzzy systems with one rule block and a multilayer perceptron. The neuro-
fuzzy systems with three rule blocks give not so good results. The neural network has the
advantage that it has already proofed his good performance with classification problems. The
experience with neuro-fuzzy classification systems in this thesis is not enough to do a
pronouncement over the general performance of neuro-fuzzy classification systems. But the
experiments done with neuro-fuzzy classification systems with one rule block in this thesis give
good performance results and by that an interesting topic of further research.
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In this last chapter the experience from the neuro-fuzzy experiments will be used to make a
neuro-fuzzy design model. Important design aspects for a neuro-fuzzy system will be integrated
in this model. This neuro-fuzzy design model gives a global overview of the design steps from
the building of a neuro-fuzzy system, from explicit and implicit knowledge, to the end of a
learning process. At each step in this model decisions must be made over different parameters.
Each step in this model can be decomposed in a local design model. To develop local design
models more experiments with different neuro-fuzzy architectures must be done in further
research. The neuro-fuzzy design model is shown in figure 6.1.

Neuro-Fuzzy Design Model

- No neuro1uzzy solution

Choose an appropriate neuro-fuzzy arc httecture and
Initialize the neuro-fuzzy system with tte explicit
knowledge (fuzzy rules and membership functions).

Do experiments to get a good 1
overview of the problem
domain. For example:

_________ _____

experiments With lOW and high N experiments
learning rates and with a lot of
epochs.

______

4

Do experknents with good
parameter values. These
values are chosen from
the experience of the
previous problem domain
experknents.

N experiments

Go back to the explicit
knowledge (expert) and
make on adaptation In the
fuzzy rules or membership
functions and repeat the
neuro-fuzzy modelIng
process.

Is the performance

No of the netzo-fuzzy system
good enough

Yes Extract the fuzzy rules and membership functions
from the netto-fuzzy system to build a fuzzy system.

FIgure 6.1: Neuro-Fuzzy Design Model
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6.4 Future Directions

Neuro-fuzzy is a very interesting technique and has potential for further research. To get a better
overview of neuro-fuzzy design aspects more research must be done. Interesting topics of
research are:

• Investigation to the integration of the Center Of Area (COA) defuzzification method in the
FALCON architecture.

• Investigation to other learning algorithms in neuro-fuzzy systems with multiple rule blocks.

• Investigation to other neuro-fuzzy architectures, NEFCLASS and NEFPROX.

• Investigation to the performance of a neuro-fuzzy system with other membership function
types.

• More investigation to fuzzy rules in neuro-fuzzy systems.

• More investigation to neuro-fuzzy classification systems.

• More investigation to the performance of neuro-fuzzy systems with multiple rule blocks.
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Abbreviations

AEN Action Evaluation Network

ANFIS Adaptive-Network-based Fuzzy Inference System

ASN Action Selection Network

COA Center Of Area

COM Center Of Maximum

FALCON Fuzzy Adaptive Learning COntrol Network

GARIC Generalized Approximate Reasoning-based Intelligent Control

MLP MultiLayer Perceptron

MOM Mean Of Maximum

NEFCLASS NEuro Fuzzy CLASSification

NEFCON NEuro Fuzzy CONtroller

NEFPROX NEuro Fuzzy function apPROXimator

SAM Stochastic Action Modifier

TSK Takagi Sugeno Kang
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Appendix

All information of the experiments is included in a special loos-leaf appendix, which belongs to
this thesis. All the results of the experiments with the neuro-fuzzy systems are included.

Information of the following neuro-fuzzy experiments is included:

Neuro-fuzzy function approximation systems

• The car control system

• The crane controller system

• Three rule blocks system

• Seven rule blocks system

Neuro-fuzzy classification systems

• The carclass system

• Three rule blocks classification system

On a CD-ROM, which belongs to this thesis, the following information is stored.

• The complete version of the InterAct design environment, which is used in all the
experiments. In this version of InterAct the node-functions for the FALCON neuro-fuzzy
systems are integrated.

• The program code of the application programs used for the experiments.

• The results of all experiments done with the neuro-fuzzy systems.

• All ftl files from fuzzyTECH 5.Olh used in the experiments.
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