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Abstract

This paper represents that auto tunings of membership functions and weights in the fuzzy neural networks are
effectively performed by immune algorithm. A number of hybrid methods in fuzzy-neural networks are considered in
the context of tuning of learning method, a general view is provided that they are the special cases of either the
membership functions or the gain modification in the neural networks by genetic algorithms. On the other hand, since
the immune network system possesses a self organizing and distributed memory, it is thus adaptive to its external
environment and allows a PDP (parallel distributed processing) network to complete patterns against the environmental
situation. Also, it can provide optimal solution. Simulation results reveal that immune algorithms are effective
approaches to search for optimal or near optimal fuzzy rules and weights.
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1. Introduction

In recent years, there has been growing interest in
using intelligent approaches such as neural network,
evolutionary method, and their combined technologies
for control systems. [1-4] Since there a design
approach for the intelligent control system is often

subjected to changes due to various sources of
uncertainty, fuzzy  sets, neural network, and
evolutionary techniques have been considered as

effective information tools to deal with uncertainties in
terms of vagueness, ignorance, and imprecision. One of
the key advantages of the fuzzy sets in control system
is useful for representing linguistic terms numerically
and making reliable decisions with ambiguous and
imprecise dynamic or nonlinear parts. A design
approach with a fuzzy set can also provide a variety of
linguistic representation as grades of membership.
Fuzzy controllers are most suitable for systems that
cannot be precisely described by mathematical
formulations. That is, the benefit of the simple design
procedure of a fuzzy controller leads to the successful
applications of a variety of engineering systems [2].
However, a control designer captures operator’s
experience and knowledge, and converts it into a set of
fuzzy control rules, and tuning of membership function
often has problems with a trial and error in design for
some requirements of system.
Automatic rule generation or

automatic  rule
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calibration is required to overcome difficulty in
generation of the membership function for controller.
Therefore, some papers suggest that learning capability
of neural networks and optimization techniques such as
genetic algorithms play the important role for fuzzy
neural network. [9-11]

In spite of their individual philosophies and structural
difference, all of these approaches share the same
difficulty of fuzzy rule generation. Since fuzzy rules and
weights in a mixed learning structure, e.g. fuzzy neural
networks must be different according to the plant and
the conditions in which they are operated, fuzzy rule
generation and weight are difficult and time consuming
procedure. That is, it is required to have a systematic
method for constructing appropriate auto-tuning method
and rules.

On the other hand, the artificial immune network
always has a new parallel decentralized processing
mechanism for various situations, since antibodies
communicate to each other among different species of
antibodies/B-cells  through  the  stimulation and
suppression chains among antibodies that form a
large-scaled network. In addition to that, the structure
of the network is not fixed, but varies continuously.
That 1is, the artificial immune network flexibly
self-organizes according to dynamic changes of external
environment (meta-dynamics function).

This paper is to represent that immune network
algorithm (IMA) is an efficient tool for generating
weight and auto-tuning membership function in fuzzy
neural network.

To resolve the problem of the optimized fuzzy rule,
this paper has introduced a cost function (affinity in
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antigen) and has constructed the optimized fuzzy rule
by immune algorithm for the improved control
performance of fuzzy-neural hybrid.

2. Structure of Fuzzy Neural Networks

There are has been great interest in researching of
fuzzy neural networks [2-3] and there three different
types of fuzzy neural networks depending on the type
of inputs fuzzy neural network and weight coefficients
as the following description:

Hidden Output

Input

Fig. 1. A three layered fuzzy neural network.

Typel: fuzzy weights and fuzzy inputs;
Type2: fuzzy weights and crisp inputs;
Type3: crisp weights and fuzzy inputs.

This paper is dealing with the type 1 of fuzzy
feed-forward neural networks. In this type, the neurons
are organized into a number of layers and the signals
flow in one direction. That is, from neurons of one
layer to the neurons of the consequent layer. There are
no interactions among the neurons of the same layer,
and no feedback loops. Fig. 1 shows this type fuzzy
neural network. Input neurons receive a vector of fuzzy
input signals from system and simply transfer them to
all fuzzy neurons of the hidden layer. The connections
between the layers may be illustrated as a matrix of
fuzzy weights W;, which provides a fuzzy weight of a
connection between ith neuron of the input layer, and
jth neuron of the hidden layer. The total fuzzy input of
jth neuron in the second layer is defined as

0;= 21 Wixi+ 9; 1

=

Where, O; is the total fuzzy input of the jth neuron
of hidden layer,
neuron, and §; is fuzzy bias of the jth neuron. The

operations on fuzzy numbers in Equation (1) are
defined by the rules of fuzzy arithmetic.

The fuzzy output of the jth neuron is defined by the
transfer function. The fuzzy output of the jth neuron is

x; is the ith fuzzy input of that
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defined by the transfer function
Os= KO,)) (2)

The output is computed using Equation (2). The
following sigmoidal function is used:

_ 1
Ax) = 5o (3)

These outputs are then passed to the neurons of the
consequent layer, which perform similar operations. In
three-layered neural nets the consequent layer will be
the output layer which produces vector Y. Multi-layer
fuzzy neural networks, fuzzy signals propagate layer
until they reach the output layer.

The key purpose of training fuzzy neural networks is
in designing such a fuzzy neural network that exhibits
the desired behavior. The following Equation is used
for the objective:

d= %, | YI-Yi| @

Y?¢ is the desired output for ith
Y; is the actual output of fuzzy

In equation (4),
training pair, and
neural networks.

3. Characteristic of Immune Network
Algorithm

The artificial immune system (AIS) implements a
learning technique inspired by the human immune
system which is a remarkable natural defense
mechanism that learns about foreign substances,
However, the immune system has not attracted the
same kind of interest from the computing field as the
neural operation of the brain or the evolutionary forces
used in leaming classifier systems [6].

Other areas of the characteristic relating to the
immune system for engineering field are summarized
below:
® The learning rule of the immune system is a
distributed system with no central controller, since the
immune system 1is distributed and consists of an
enormous number and diversity of cells throughout our
bodies.

e The immune system has a naturally occurring
event-response system which can quickly adapt to
changing situations and shares the property with the
central nervous system that a definite recognition can
made be made with a fuzzy stimulus.

e The immune system possesses a self organizing and
distributed memory Therefore, it is thus adaptive to its
external environment and allows a PDP (parallel
distributed processing) network to complete patterns
against the environmental situation.

® The correct functioning of the immune system is to
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be insensitive to the fine details of the network
connections, since a significant part of the immune
system repertoire is generate by somatic mutation
processes.

In particular, immune system can play an important
role to maintain own system dynamically changing
environments. Therefore, some papers insist that
immune system would be expected to provide a new
paradigm suitable for dynamic problem dealing with
unknown environments their rather than static system.

4. Dynamic of Immune Algorithm For
Tuning of Fuzzy Neural Networks

4.1 Immune Dynamic Equation for learning

Here, the objective function of IMA used in this
paper for parameter tuning in fuzzy system or neural
network can be written as the followings:

6 = (L= LI + ¢,

n=

L, = X(RiL) 5)
f ={0:Lnst'mz‘t
" 1: Otherwise

d; : objective function
2z the number of process for obtaining an optimal
gain, respectively
L, optimal level in process for selection of an optimal
gain
L% target optimal value in process in process for
selection of an optimal gain
¢ penalty constant
f» : penalty function
P: the number of route for selection of an optimal
gain
R;: gain level in route I
I; , ' subsidiary function
L™ limit speed in gain

This algorithm is implemented by the following
procedures.
[step 1] Initionalization and recognition of antigen: The
immune system recognizes the invasion of an antigen,
which corresponds to input data or disturbances in the
optimization problem.
[step 2] Product of antibody from memory cell:
The immune system produces the antibodies which
were effective to kill the antigen in the past, from
memory cells. This is implemented by recalling a past
successful solution.
[step 3] Calculation of affinity between antibodies: The
affinities 7, obtained by Eq. (6) and the affinity o,
using Eq. (7) is calculated for searching the optimal
solution.

[step 4] Differentiation of lymphocyte: The B-lympho-
cyte cell, the antibody which matched the antigen, is
dispersed to the memory cells in order to respond to
the next invasion quickly. This dispersed corresponds to
strong the solution in a database.

[step 5] Stimulation and suppression of antibody: The
expected value 7, of the stimulation of the antibody is

given by:

= Hék 6)

e A

where o, is the concentration of the antibodies. The
concentration is calculated by affinity based on
phenotype but not genotype because of the reduction of
computing time. So, ¢, is represented by:

sum _of antibodies with same affinity as mgy,
sum of antibodies

= (7
Using by equation (7), the immune system can
control the concentration and the variety of antibodies
in the lymphocyte population. If antibody obtains a
higher affinity against an antigen, the antibody
stimulates. However, an excessive higher concentration
of an antibody is suppressed. Through this function, an
immune system can maintain the diversity of searching
directions and a local minimum,
[step 6] Stimulation of antibody: To capture to the
unknown antigen, new lymphocytes are produced in the
bone marrow in place of the antibody eliminated in step
5. This procedure can generate a diversity of antibodies
by a genetic reproduction operator such as mutation or
crossover. These genetic operators are expected to be
more efficient than generation of antibodies.

4.2 Tuning of Fuzzy System
Networks by IMA

Fuzzy neural networks have been used as an
important tool for acquiring and adjusting learning in
engineering field.

in Fuzzy Neural

2 | ...
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Fig. 2. The coding for fuzzy parameter

Fig. 3. Allocated structure of gain scheduling of fuzzy
function in locus in antibody.

Recently, there has been great interest in developing
and training of fuzzy neural networks [2], since there
are some different types of fuzzy neural networks. The
coding of an antibody in an immune network is very
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important because a well designed coding of antibody
can give an increase of the efficiency of the controller.

To incorporate immune network into our scheme,
immune network is coded with the weight parameters.
The coding is illustrated in the following Figs. 2 and 3:

Antibody type 1 which is encoded to represent only
substring 1; Antibody type 2 which is encoded to
represent substring 2; Final antibody which is encoded
to represent substring 3 shown in Fig. 3.

The value of the k-th locus of antibody type 1
shows substring 1 allocated to the optimal fuzzy rule
route.

_____________________________________________

M

Fig. 4. The coding for fuzzy fule

Rule value

Therefore, there are many fuzzy rules in the cell.On
the other hand, the k-th locus of antibody type 2
represents a substring 2 for many kinds of scaling
factor to membership functions and antibody 3 has a
cell allocated for membership function. There are three
types antibody for fuzzy system and on antibody for
neural network in this paper:

1) Substring one: Rule string

There are four bits to represent one rule. The first
bit is used to indicate whether the rule is used or not.
A rule is selected by the immune network search if the
bit is set to 1. Otherwise, it will not be used in the
testing of the fuzzy controller. The next three bits
represent the rule value which takes in the interval 0
(000 to7 (11 1) While 0 means NB, 1 means NM,
-7 means PB.

2) Substring two: Scaling factors
IA, : 101000010

14, : 10000100001
1A+ 00010101010

Fig. 5. The coding for fuzzy terms
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|, : 01100 11101 01000 |

| w, : 11100 101 11 11100 |

| #a : 10010 11101 01100 |

Fig. 6(a). choromsomes before crossover.

|y : 01100 11101 01000 |

| Wy : 11100 101 11 11100 |

»
L

| % : 10010 11101 01100 |

Fig. 6(b). choromsomes after crossover.

Parameters IA,, IA,, IA,, are shown in Fig. 3.

3) Substring three: Membership functions

Where and are parameters of the symmetrical
Gaussian membership functions given by:
0 x<a
hi{x;;a,b,00={(x—a)/(b—a) <x<b ®)
0 xc

The Gaussian form is chosen on the basis of formal
considerations; membership functions of any other form,
for example, triangular or trapezoidal, can be considered
as well,

4) Substring four: Weighing factors

The value of the k-th locus of antibody type 4
shows substring 4 allocated to the optimal weight gain
in the neural networks shown in Figs. 6 and 7.

w;; : 01100 11101 01000

w, : 111001 0 111 11100

W,y : 10010

Fig. 7(a). choromsomes before mutation.
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w;; - 01100 11101 01000

wy, - 11100 11 111 11100

»

W,y - 10010 1111101

Fig. 7(b). choromsomes after mutation.

4.3 Tuning of Weighing Function of Neural Network
in Fuzzy Neural Networks by IMA

Immune network algorithms (IMA) are optimization
techniques based on the principles of natural evolution.
IMA operates on the population of potential solutions to
a problem. A notion of fitness is used in IMA like GA
to measure the goodness of a candidate solution
(chromosome). IMA operators of selection, crossover,
and mutation are repeatedly applied to the population to
increase the fitness of chromosomes. The success of
employing IMA to solve a given optimization problem
greatly depends on correctly choosing the fitness
function. Fitness function must positive values and
must be maximized. In training fuzzy neural network
the following distance equation is used for a measure
of distance:

The larger the distance between the actual output of
fuzzy neural networks and the desired outputs, the
smaller is the fitness value, and versa.

F=~1 ©
1+d

IMA use binary encoding to build chromosomes. An
adequate mapping of problem variables to binary
strings and vice versa is required A single
chromosome carries the values of all fuzzy weights of
fuzzy neural networks in a binary format. A fuzzy

weight is represented by n binary strings of a specified
length. Each of the n binary strings corresponds to a
particular parameter of a fuzzy weight. For the case of
Gaussian representation of weights. The following
chromosome can be illustrated.

Where, W; is a fuzzy weight between jth hidden and

ith input neurons, W,, is a fuzzy weight between mth

output and Ith hidden neurons. Also, W%, Wi, W} are
the peak, and the left and right spreads of a fuzzy
weight. The strings are translated into the real-valued
numbers for parameters using the pre-specified ranges
for the weights. The learning algorithm of fuzzy neural
network can be summarized as follows:

1) Mapping solution space into immune search space,
binary strings. Constructing fuzzy fitness function
F using fuzzy measure of distance d, objective
function given by Eq. (4).

2) Creating initial population(set of chromosomes)
randomly, i.e. a population of fuzzy weights of
fuzzy neural networks which are randomly
specified.

3) Evaluating each chromosomes in the population in
terms of fitness value using Eq. (9).

4) If termination conditions are met go to step 7.

5) Generating new population using selection
operator. This  operator randomly  selects
chromosomes from the current population with the
probabilities proportional to the values of fitness
of the chromosomes.

6) Creating new chromosomes by mating randomly
selected (with some specified probability called
probability of crossover, chromosomes. The
resulting offspring replaces the original parent
chromosomes in the population.

7) Mutating some randomly selected (with some
specified probability called probability of mutation,
chromosomes. Return to step 3.

We used fuzzy neural network learned by IMA for

quality assessment on the base of fuzzy regression and
for estimation of fuzzy profit in an oligopolistic

environment.
Setpoint | + +
P » + PID §3| G(s) fiy| TD
Airflow =+ Py
demand
Total awflow.
data Air flow
G(s): Air flow system transfer function
(0.0270/(s+0.0213))
TD: Time dalay and multiply constant

Fig. 8. Block diagram of air flow control system for steam
temperature control of the S/H
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4.4 Performance Criteria For Tuning

In this paper, air flow for steam temperature of S/H
in power plant is used to prove tuning algorithms
suggested in this paper. Therefore, the performance of
tuning is measured using the following criteria:

1) Minimum time-weighted integral of squared errors.

£
TWTS=fotkezdt,k=0,1,2,---,m (10)
2) Combined performance index using overshoot
( OV) and rise time ( T,).
PFE=FkOV+ kT, (11

in Equation (10) and (11), &k, &k, are
experimental parameters in order to emphasize our
requirement about OV or T,.

where

5. Simulation and Discussions

In this paper the following plant transfer function is
used for simulation:

—13.5s

0.020 .,

G(8)=~10.03%3 (12)

Eq. (12) is the transfer function of air flow control
loop in boiler of the thermal power plant as shown in
Fig. 8 Tables 1-2 represent variation of each
parameter in immune cells and Table 3 represents
fuzzy rule with N (Negative)) Z (Zero), and P
(Positive). Figs. 9-11 represent the shapes of
membership function for output, error, and delta error
trained by immune algorithms with generation 100,
respectively. Fig. 12 shows the controlled result using
membership function of Figs 9-11 on plant given by
Eq. 12. Result has some unstable response.

Figs. 13-14 show shape of membership function trained
by final generation 300 and Fig.15 is response of air
flow control system of the thermal power plant controlled
by these membership functions. Fig. 15 illustrates more
stable response than that shown in Fig. 12.

Table 1

Variation of parameter range in immune cell.
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Table 2
Variation of parameter range in immune cell.
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Table 3. Fuzzy rule.
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Fig. 9. Memvership function for output before final train.
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Fig. 10. Membership funcion for error after trained by
immune algorithms(Generation: 100)
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delat error Membershig functions

o8

Mernbaership
oo
o g4

delta enoravel

Fig. 11. Membership function for delta error trained by
immune algorithms(Generation: 100)

tank level Response
25 T T T T T

Level(in}

Time(sec)

Fig. 12. Response using membership function of Figs.
9-11

error Membershrp functions

.....................

_____________________

Membership
(=)
(5]

-40 -3‘0 -22] -10 6 10 2‘0 30 40
ermrlevel
Fig. 13. Response using membership function for error
after trained by immune algorithms(Generation:
300)

delat error Membership functions

................................................

...............

Membership

.................................

H
H H
-40 -30 20 -10 0

delta errorevel

Fig. 14. Membership function for delta error after
trained by immune algorithms(Generation:
300).

Tank level Response
25 T T T T T

-\ r-r kA K-

Level(in}

o] 5 10 18 20 25 30
Time(sec)

Fig. 15. Response using membership function of
Figs. 13-14

6. Conclusions

In this paper, method to generate fuzzy rules using
immune network algorithm (IMA) for fuzzy neural
networks control structures has been described. A
number of the combined intelligent techniques have
been studying in the viewpoint of tuning of control
systems. However, there are still many problems must
be improved in parameter tuning for learning. The
simulation studies have been performed using the
immune based parameter tuning for fuzzy neural
networks control structure and have revealed that the
fuzzy rules searched by immune algorithms effectively
regulate a plant with a time delay. In the simulation, it
has been observed that the fuzzy rules can be
optimized by immune algorithm. To resolve this
problem, this paper has introduced a cost function
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(affinity in antigen) and has constructed the optimized
fuzzy rule by immune algorithm for the improved
control performance of fuzzy-neural hybrid. It is
believed that the same method can be also applied
successfully to other type of fuzzy-based hybrid control
structures.
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