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Identification of a proper set of membership function and a proper rule base poses ong
of the major difficulties in the design of a fuzzy logic based control system, One of the
methods suggested is based on singular value decomposition, which produces appropriste
linear combinations of the membership functions in order to get new membership
functions for a reduced rule base. This method is easily tractable when the number of
variables In the antecedent part of the rule is two. In general, when we have more
number of variables in the antecedent part, better methods have to be developed for the
above purpose. A method for the design of a Fuzzy Logic Controller, which generatesan
optimal fuzzy rule set with minimum number of rules and minimum number of
membership functions, using Genetic Algorithm is presented here. We use two encoding
schemes, one in which each individual represents a set of fuzzy rules for the controller
and the other scheme acts os a selector of the best subset of fuzzy rules. The method hos
been applied to the Inverted pendulum model and the results are promising.

1. INTRODUCTION
The essential feature of a Fuzzy Logic Controlier

Abstract

rules. In order to improve the performance of FLC,
parameter tuning and optimization of nule set are

(FL.C) is a set of linguistic control rules related by the
 dual concepts of fuzzy Implication and compositional
rile of inference {2, 10}, The fuzzy logic control
provides an algorithm, which can convert linguistic
control strategy derlved on the basis of an expert's
knowledge into an automatic control strategy. Design
of FLCs is generally concerned with the
determination of {i} input and output variables,
) parameters of membership functions and {iif) fuzzy

necessary. Of these, selection of appropriate re
set is the most important ane involved in the design
of an efficient FLC.

Recent studies have shown that Genelit
Algorithms (GAs) are good at evolvable or adapiive
systems {3, 7], GAs are simple and powerful genereh
purpose stochestic optimization methods learning
mechanisms) and are derlvative free techniques. The
individuals of the population are expressed in 2
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ry/real form and the GA then manipulates these
gs by using genetic operators (repreduction,
sover, and mutation)} to obtain improved
tions (where the fittest individuals survive), until
Jptimal solution is obtained. GA considers many
ts in the search space simultangously, instead
single point, thus it has a reduced chance of
serging to local minima. Due to their robustness,
o, efficiency and flexibility, (GAs have been used
arious engineering and business provlems.

Studies on Self Learring Fuzzy Logic Controller
Jloped using reinforcement learning models were
wried by Berenji and Khedkar [2], They proposed
neralized approximate reasoning based control
~itecture where learning was achieved by
grating a fuzzy inference system with a feed
yard neural network, And they tuned the
ameters using gradient descent methods. Berenji
Khedkar's work was an extension of the
iptive Heuristic Critic (AHC) algorithm of Barto
al. [1] to include a priory control knowledge
wgh fuzzy inference systems. A self-learning fuzzy
¢ that uses the genetic algorithm to determine
consequent parts of the fuzzy rules was studied
Chiang, Chung and Lin [3].

Identification of a proper set of membership
cHion and a proper rule base poses one of the
ier difficulties in the design of a fuzzy logic based
trol system. One of the methods suggested is
ied on singular value decomposition, which
wduces appropriate linear combinations of the
mbership functions in order to get new
mbership functions for a reduced rule base [11].
is method is easily tractable when the number of
iables in the antecedent part of the rule is two. In
1eral, when we have more number of variables in
: antecedent part, better methods have to be
veloped for the above purpose.

In this paper we present a new method for the
sign of a Fuzzy Logic Controller, which will
tomatically generate an optimal fuzzy rule set with
inimum number of rules and minimum number of
embership functions. We make use of GA for
lecting the appropriate rules using two encoding
hemes, one in which each individual represents a
t of fuzzy rules and the other scheme is used for
lecting the best. subset of fuzzy rules for the

§

cantroller. The method has been applied to the

inverted pendulum model and the results are
promising. |

This paper is organized as follows. Sec, 2
presents the mile generation scheme. In Sec. 3,
inverted pendulum model s discussed. In Sec. 4,
the computer simulation results are presented.
Finally, conclusions are drawn in Sec. 5,

2. RULE GENERATION SCHEME

This method consists of two encoding schemes.
The first or primary encoding scheme is comprised
of a population called as Primary Population (PP),
and each chromosome in the PP is called a Primary
Chromosome (PC). Each gene corresponds to a
fuzzy rule, and each rule consists of centers and
spreads of B linguistic variables - 4 variables in the
antecedent and 1 variable in the consequent. The
centers and the corresponding spreads form the
parameters of the triangular membership function
{we report here, for convenience, only the case of
symmetric trlangular membership functions). Fig. 1
shows the structure of primary chromosome, where
m is the number of rules {genes). PP is generated
randomly during the initializing phase of GA. In each
generation, mutation and crossover make changes
in PP.
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Fig,1 - Structure of a primary chromosome

The secondary encoding scheme is comprised
of a population called Secondary Population {SP)
and each chromosome is called a Secondary
Chromosome (SC). The number of genes in 5C is
equal to the number of genes in the PC. Each gene
consists of a bit and corresponds to a possible rule
from PC. Fig. 2 shows the structure of secondary
chromosome. SP is generated randomly in gach
generation and mutation and crossover do not
influence SP.
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Fig.2 = Structure of a secondary chromosome
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Considering a SC and a PC, the rule selection
-riterion is as follows. If a "1’ or '0’ occur in a gene
~f the SC, then the associated rule in the PC is
selected or discarded respectively, and thus 2 subset
rules corresponding to a SC is selected for
consideration.

The selected subset of the rules can be
considered as the rule base for the fuzzy controller
and the plant can be run until failure or maximum
time is reached. The performance measure of the
plant is taken as the fitness of the selected subset of
the rules. The fitness function for measuring the
performance is given in Egn. 1, where mt is the
time until which failure occurs; o, &,, O, are weights
(we use o, = O, = Oy = 1) and; 8, , 8%, x°, are
the desired values of 8, 89, x°.

mt

F= t
B o B-0, 0 + ag B 0)- 8% ()7 + o0 BO (-5 )"

t=1

->(1)

The algorithm for finding the fitness of PC’s is
also given.

Algorithm to find fitness of

Primary chromosome
1. i=1
2. Select the it primary chromosome
3, j=1
4. Select the j* secondary chromosome
5. Apply rule selection criteria with PC{i)
and SC (j)
6. Sj « fitness of the selected rule set
7. j=1i+1
8. Isf }}) < = kthe goto 4, where k is the size of
| 9, f.!' — max.(Sl, Sy ivennns , 8,), where f, is the
fitness of it" PC
) 10, i =141

\ 11. i< = nthen 2, where n is the size of PP

; 2.1 Selecting, Tuning and Optimizing
the Membership Functions

b
The number of membership functions associated

y with a linguistic variable is not fived. Each rule in
) ;he dcglromosome is coded to represent variables

an d ing centres and spreads of five variables namely
5 08, 89 x, x0 and f. So each rule can select its own

membership functions associated with linguistic
variables so as to perform in a better way.

Tuning of the parameters of MF takes place
during the mutation phase of the Genetic Algorithm

The number of membership functions associated
with each input/output variable is in general, much
less than the number of rules. The mutation phase
of GA will make changes in the number of
membership functions, its shape and position. The
changes in the number of membership functions
will take place when fwo membership functions
belonging to two different rules become identical
due to mutation. Moreover, during selection process
if more than one chromosome occurs with same
fitness, then the rule set {chromosome) with
minimum nurnber of membership functions and
minimum number of rules will be selected as the
best chromosome. And this will minimize the number
of membership functions and the number of rules

through generations

GEN=1;
ACTIVATE GAl AND GA2 TO
PRODUCE INITIAL POFULATION

GA1

Flow chart of the proposed algorithm



“ART-POLE BALANCING MODEL

n this paper, we consider an inverted pendulum
cart-pole system) as the control system. The
tves of the model are to keep the cart and the
within certain given boundary values. The pole
be balanced in the vertical position at 6 = Q¢
the cart is to be positioned in the range
< 2.4 m. The model equations are given by
2 and 3. The variables used in the model are:
yrizontal position of the cart; x° - velocity of the
0 - angle of the pole with respect to the vertical
39 - angular velocity of the pole; f - force applied
e cart; g - acceleration due to gravity; m, -
of the pole; m_ - mass of the cart and ¢ - half
length. A failure occurs when 61 > 12° or
> 2.4 m.

—f - m?6%sin®
m. +m

¢ &_mcosze
3 m.+m

gsinB + cos@[

} -> (2)

- f+me [ézsinemécoseJ

-> (3)

4. SIMULATION RESULTS

The implementation of the model is done on a
Pentium II 350 MHz machine. The parameter values
used in the simulations are: m = 160, s = 0.5m,
m = 0.1 kg, m_= 1 kg, crossover rate = 0.7 and a
mutation rate of 1/m. We have used the noisy
roulette wheel selection scheme to increase
randomness during reproduction. The shuffling
crossover criteria is applied and a mutation operator
of the Breeder Genetic Algorithm is used. The
population sizes of primary population (n) and
secondary population (k) are chosen as 20 and 10
respectively.

The values of a typical chromosome with 8 rules
in the 14" generation are shown in the tables and
simulation graphs in this paper. Membership function
parameters of 8, 6% and x are given in Table 1. Table
2 shows the membership function parameters of
X0 and {. Table 3 shows the rules for the controller
[The rules in the table, for example the 1% rule, is
read as if 8 is in T1, 6% is in TD1, x is in X1 and
%0 is in XD1 then force is F1]. Fig. 3 and Fig. 4
depict typical profiles of pole-angle and cart-position
respectively. Several experiments were carried out

m, + m by varying the intial pole—angle.
Table 1: Membership function parameters
for 8, 8 and x in 14* generation

0 X
lo Center Spread No Center Spread No Center Spread
1 -0.21 0.21 TD1 -1.00 1.00 X1 +1.40 2.40
2 +0.21 0.21 TD2 +1.00 1.00 X2 -2.40 1.40
3 +0.21 0.11 TD3 +0.50 0.50 X3 -1.40 2.40
4| -0.10 0.21 | X4 | +240 | 140
S +0.11 0.21 X5 -1.40 2.16
6 -0.21 0.08
7 +0.10 0.21
tantra 23
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Table 2: Membership function parameters

Table 3: Rules for the controller

for x?and fin 14%* generatiom Rile : o ) y ;T
x? f No.
No. | Center | Spread | No. | Center Spread 1 T1 TD1 X1 XD1 | F1
XD1| -0.50 | 1.00 | F1| -5.02} 5.00 2 | T2 | TDZ | X2 | XDZ | F2
ol +1.00 | 050 | F2 |+500] 490 | | 3| D2 | X1 | XD3 | F3
: 4 T4 | TD3 | X3 | XD4 | F4
XD3|+050 | 050 | F3 | +5.00} 5.00 5 = | 3| xa | x5 5
XD4 | +1.00 | 1.00 | F4 | +0.00| 5.01 6 6 | ™2 | x5 | %05 | Fe
¥XD5| -1.00 | 0.50 | F5 | +5.00| 5.01 7 | ™2 | x3 |x06]| E3
XD6| -1.00 | 1.00 | F6 | +0.02| 5.00 8 T5 TD3 X4 | XDb F3
5. CONCLUSION The rule base obtained by our method is

The studies with fuzzy models [2] and models
with partial application of GA for tuning the
consequent part of the fuzzy rules [3] suggests that
the present model has several advantages over the
other models. The application of GA in the selection
and optimization of suitable rulesets for the design
of FLC in two-stages is a promising step. In terms

of computational complexity this method seers to
be better than SVD based method.

optimum as a rule set in the primary design stage.
In the second stage we can make use of any one of
the supervised learning schemes for fine-tuning rules
50 as to optimize the requirement of the FL.C system.
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Fig.3 - The profile of pole-angle (6). The pole attains 0 deg;'ée within 5 seconds.
The oscillations in the pole angle are due to the force automatically
applied by the controller so as to keep the cart position within boundaries
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Fig.4 — Plot of Cart Position {x)
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