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Abstract 
In this paper, the authors propose a fuzzy logic 
controller (FLC) generation scheme using a modified 
(.&A) evolution strategy (ES) with parental 
population sizing [l]. The object variable portion of 
each ES individual represents a control rule of the FLC 
to be optimized. Therefore, the parental population 
along constitutes one and only one candidate FLC 
rulebase improved over the generations. The 
improvement is attributable to an increase of 
better-fitted individuals in the parental population. 
Fimess values of individual rules are calculated 
symbiotically [2]. At each generation, offspring rules 
compete with their parents to form a new rulebase, 
which then strives to replace the o r i g ~ ~ I  candidate 
rulebase according to elitist principle. In t h ~ ~  aspect, 
the proposed FLC generation scheme practices (1+1) 
ES on the rulebase level. Furthermore, size of the 
candidate rulebase is simultaneously adjusted via 
parental population sizing to reflect system demands. 
The resultant scheme not only can construct n C ’ s  
with better performance but also provide additional 
flexibility to their rulebase structures. Simulations on 
several control examples have been conducted to 
demonstrate the virtue of this FLC generation scheme. 

1. Introduction 
Fuzzy logic controllers (FLC’s) are applications of 
fuzzy logic Jrstems (FLS’s) based on Zadeh’s theory of 
fuzzy sets and fuzzy logic [3][4]. The introduction of 
fbzzy terms and membership functions to deal with 
uncertainties and imprecise information enables 
computerized systems to operate in a more human-like 
style. Moreover, the combination of fuzzy logic and 
approximate reasoning makes incorporation of expert 
knowledge into control rules straightfomard. In short, 
FLC’s possess the abilities to exploit ambiguity in 
operation strategies and handle complexity of 
controlled systems. 

Although FLC’s stand the advantages of being 
intuitive as well as convenient over traditional control 
systems, its symbolic nature makes controller design 
difficult. Conventionally, the construction of a FLC 

relies significantly on design hewistics and domain 
knowledge. The obtained controller is subsequently 
fine-tuned through trial-and-emor for better 
performance. Despite its simplicity, the design 
procedure is too unsystematic to cope with deep 
knowledge [5][6]. Furthermore, when necessary 
knowledge is incomplete or difficult to be conveyed 
linguistically, a SatisfactoIy FLC may be hard to come 
by. 

To redress these serious drawbacks, many approaches 
have been developed to generate FLC’s automatically 
from numerical data. These include the use of artifzcial 
neural networks (ANN’S) [7][8][9] and evolutionary 
algorithms (EA’s) such as genetic algorithms (GA’s) 
and evolution strategies @S’s) [lo]-[21] in FLC 
construction. Among these alternatives, the 
employment of GA’s to build FLC’s receives great 
attention because they are powerful search techniques 
well suited to such complex issues as placement of 
fuzzy term sets and structural arrangement of rules. 

In the beginning, GA’s are only used to optimize 
parameters of fuzzy term sets and rules [lo]. However, 
as technology advances, simultaneous adjustment of 
membership functions and rulebase becomes probable 
[22]. This integrated design strategy is important and 
necessary because choices about fuzzy terms and rule 
sets are heavily interdependent. Nevertheless, the 
manner how a FLC is represented by a GA individual 
determines the efficiency and efficacy of the 
GA-tuning scheme. For example, if each indwidual of 
the GA population encodes a candidate FLC, its length 
could grow exponentially with dimensionality of the 
problem space, number of fuzzy term sets, and 
structure of rules. On the other hand, if chromosome 
length based on predetermined FLC specifications is 
held fixed during evolution, the pursuit of better 
performance may become very difticult. 

Inspired by such improved EA’s with flexible 
encoding schemes [23][24] and variable-length 
chromosomes [25], the authors propose a modified 
FLC generation scheme using a modified @A) ES 
with parental population sizing [l]. The object 
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variable portion of each ES individual herein 
represents a control rule of the FLC to be optimized. 
Therefore, the parental population along constitutes 
only one candidate FLC rulebase to be improved over 
the generations. 

This FLC generation algorithm looks like the ES 
version of Symbiotic Evolution for Fuzzy Controller 
(SEFC) design methodology proposed in [2]. However, 
improvements have been made to the selection process 
and rulebase sizing scheme. At each generation, 
offspring rules compete with their parents to form a 
new rulebase, which then strives to replace the original 
candidate rulebase according to elitist principle. From 
this aspect, the algorithm practices (1+1) ES on the 
rulebase level to generate a robust FLC. Furthermore, 
size of the candidate rulebase is adjusted 
simultaneously via parental population sizing to reflect 
actual system demands. The resultant scheme not only 
constructs FLC’s with better performance but also 
provides additional flexibility to rulebase structures. 

This paper is organized as follows. First, a brief review 
of FLC is given. Second, the modified ES with 
parental population sizing is introduced. Algorithm of 
the proposed FLC generation scheme is then described 
and compared with other EA-tuning algorithms. 
Simulations examples is also provided to demonstrate 
the virtue of this FLC generation scheme. Finally, 
conclusions and future research directions are 
summarized. 

2. Fuzzy Logic Controllers 
A FLC builds on fuzzy logc to bind the world of 
measurements with the domain of knowledge. It 
performs transformations on crisp numerical data from 
input variables into fuzzy term sets and membership 
values so that fuzzy inference can be processed to 
produce a conclusion. The conclusion in terms of 
fuzzy sets is then re-transformed back to numerical 
control commands feeding system plants. Accordingly, 
a FLC usually consists of the following four major 
constituents: 

Fuzzfler: transforming crisp inputs into fuzzy 
antecedents; 
IF-THEN Rulebase: d e f i m  what consequents are 
to be resolved when antecedents to a rule are 
fulfilled; 
Fuzzy Inference Engine: producing firing strengths 
of fuzzy rules and consequents by combining fuzzy 
membership values of fired antecedents through 
logical connectives; and 

DejiuzzGer: transforming fuzzy consequents to 
crisp output values. 

In real-world implementations, transformations 
between crisp numerical data and fuzzy terms are 
conducted over predefined fuzzy membership 
functions taking up value [0, 11. Fuzzy membership 
value denotes the degree of correspondence between a 
piece of numerical data and a fuzzy term set. Popular 
membership functions are triangular, trapezoidal, 
Gaussian membership fimctions, and fuzzy singletons. 

As mentioned before, the relationship between input 
and output fuzzy terms is specified by the IF-THEN 
rules of the form: 

Rulen: IFXI i s X ~ 4 N D x ~ i s X ~ .  ... , 
THENyl isY1,ANDyzisYz. ._. . 

where Xi,% and Yjn’s are fuzzy term sets associated 
respectively with the input variable xi and output 
variable y, in Rule n. 

Normally, input spaces and output spaces of the FLC 
are partitioned into predetermined fuzzy term sets 
according to expert knowledge or by clustering 
techniques. These term sets are shared by all rules in 
the rulebase, which can be constructed by exhaustive 
enumeration. Nevertheless, the FLC in this paper 
adopts a variable rulebase structure with fuzzy term 
sets and number of rules optimized by the ES scheme 
during evolution. 

For the sake of simplicity, the authors choose Gaussian 
membership functions with input variables and fuzzy 
singletons with outputs. The Gaussian membership 
function can be represented by two parameters, i.e. 
X, = ,u(mi,, pn), where m,. is the center and 4, is the 
spread of the term set On the other hand, fuzzy 
singleton only needs one parameter, Y, = col, , 
denoting a crisp value. 

A rule used in this paper therefore looks like 

M e n :  IFxl is~(m,,,a,,)ANDx2is~(m,,o,,) ... , 
THENyl is q, AND y2 is wzn ... . 

Finally, by using product-AND and center-average 
defuzzificution [26], control commands of the FLC can 
be computed with the formula: 
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y .  = (1). ’ ,  

Obviously, values of these parameters not only define 
correspondmg fuzzy term sets but also influence 
behavior of the FLC. 

3. Evolution Strategies with Parental Population 
Sizing 

Rechenberg [27] and Schwefel [28] on@y 
developed ES’s to solve parameter optimization 
problems. Like GAS, this methodology evolves a 
population of possible solutions by subjecting these 
individuals repeatedly into the evolution cycle, which 
includes such evolution operators as recombination, 
mutation, and selection. Over the generations, this 
evolving population of possible solutions embodies a 
fitness-driven random search after a (global) optimum. 

ES’s stand out from GA’s for their emphasis on 
mutation as a key evolutionary operator. In fact, 
self-adaptive mutation mechanism is one major feature 
of ES’s. For example, the J” individual in ES’s 
employing n-dimensional uncorrelated self-adaptive 
mutation over an n-dimensional optimization problem 
usually consists of 

“ j  (4 = (Zj (k). 5J (0 
where 

2, (k) E Rn (3) 
is the vector of object variables in the n-dimensional 
search space, and 

5, ( k )  E R,” (4) 
is the vector of strafegypurumefers. > /  

By definition, object variable portion of an individual 
signifies the actual position of the candidate solution in 
search space. On the other hand, the vector of strategy 
parameters are concemed with “mutation step sizes” of 
an individual. 

Other features include the employment of truncation 
selection operator with high selective pressure and the 
almost exclusive use of real-number representations 
with search solutions. All of these characteristics 
contribute to ES’s rapid convergence rate over other 
population-based search techniques. 

efficient at tuning FLC parameters like those in (1). 
However, since generation of FLC’s includes both 
parameter optimization as well as debase formation, 
which is combinatorial in nature, applications of ES’s 
in this area are far fewer in number than those of 
GA’s. 

Nonetheless, if one is to overlook the linguistic 
requirements of fuzzy term sets for a moment, as 
having been done in [24], the construction of fuzzy 
debases is no Merent from assigning appropriate 
membership functions to each variable in eveq rule on 
a case-by-case basis. As a consequence, the FLC 
generation problem is translated back to a parameter 
optimization problem to which ES’s can be applied. 

Basic scheme of the ES’s used in this paper’is as that 
described in [29][30]. Each ES trial starts with a 
random initid population, p(0)  = {ij1(0),--*, zN (O)), of 
p individuals. At the kfh generation, these individuals 
reproduce an intermediate population (P’(k)) of il 
offspring (1 s p I A) through recombination and 
self-adaptive mutation. After that, a selection pool 
P”(k) is formed, where a new population of p 
individuals will be chosen as parents for the next 
generation (P(k+l)). The selection pool can be either 
the entirety of offspring alone (01, a) ES) or the union 
of offspring and parents together (@+A) ES) [31]. The 
authors choose the more robust (p+A) ES as the 
backbone evolution scheme for FLC generation 
because the elitism it practices always conserves the 
best solutions found. 

Moreover, since parental population Sizing has been 
observed in [l] to enhance performance of (p+a) ES 
greatly, the authors therefore try to apply this 
modification to the backbone FLC generation scheme 
for better results. To sum up, parental population 
sizing varies the number of individuals to be selected 
as new parents for the next generation in response to 
fitness concentration of the present population. 

Definition 1. Best, Average, Worst Population Fitness 
(FB, FA FW): 

Given a population P “(k) = VI (0 .. ., zu+l (k) )  of 
@+A) individuals with known fitness values 

(k),-.,+p+l (Q) = w(~~uo),--, w Z ~ + ~  WN at 
the P generation, where a,(.> is the fitness function, 
then Average Population Fitness is computed by 

1 
F A  ( k )  = -I$$ (k)  (5); Since ES’s are primarily dedicated to real-number P + A  j 

Optimization problem, they should also be very Best and Worst Population Fitness are respectively 
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(7). 

Definition 2. Fitness Concentration (Fc): 
With the same population given above, the measure of 
Fitness Concentration is defined to by 

However, if Fw(k) and F&) are of such values that 
singularity may arise, F&) is defined as unity. 

Having obtained the value of Fc(k), number of parents 
to be selected at the @ generation Uk)) is given by 

AV = rh,, - pm ) F, (NI + lum, (9). : 

The rationale behind parental population sizing is 
self-apparent: when fitness values distribution of the 
population becomes too concentrated, select more 
indtviduals from the selection pool to boost diversity. 
On the other hand, when fitness value distribution of 
the population exhibit enough diversity, use less 
parents to accelerate population convergence. 

With an ES population of variable Size to f~eely adapt 
fuzzy membership functions, the authors decide to 
further deviate from the beaten track where one 
individual defines one candidate rulebase and 
inefficiency haunts the evolution process as 
dimensionality of search space increases. 

4. Modifed FLC Generation Scheme by @+A) ES 
with Parental Population Sizing 

One long-standug issue with FLC construction is the 
number of rules in the rulebase. Since most system 
plants have complex mathematical models unknown or 
unspecified at the time of design, how the fuzzy term 
sets and fuzzy rules of the FLC are to be assigned 
becomes a big problem. Moreover, given the fact that 
these two intertwined properties determine the 
performance of the controller, to evolve a FLC with 
variable rulebase structure seems to be the only 
solution. 

Now that the modified ES has a parental population 
with an adjustable size, analogy can be drawn between 
the variable FLC and ES population. Following this 
thread of thought, each ES individud is comparable to 
a rule in the rulebase, and the whole population 

constitutes a corresponding FLC rulebase. For 
example, object variable portion of the individual 
representing Rule n in FIX (1) should consists of - x, (4 = (m,,, 0,” 9 qn 9 U,, 9 *. *,q,, a)ln ; e.) (10). 

This idea is identical to the SEFC design procedure 
appeared in [2]. Therefore, the authors attempt to 
combine the modified ES with the symbiosis 
procedure to make an even improved FLC generation 
scheme. Given a system plant G, a FLC to be evolve is 
done through the following steps: 

Algorithm Modifed FLC Generation Scheme with 
Rulebase Sizing 

- k =  0; 
- initializing P(0) of size do); 
- setting FLC = object variable portion of P(0); 
- evaluating FLC over G, 

while (termination criteria is not fulfilled) do 

to produce an offspring P’(k) of size A; 
- recombination and self-adaptive mutation 

- evaluation (symbiotic [2]) 
for (each individual in P’(k)) do 

-forming a tentative FLC, by the union 
of that individual and @(k)-l) other 
individuals fiom P”(k)=P(k)uP’(k); 

- evaluating FLCT over G, 
- assigning fitness incrementally to all 

participating individuals; 
eof 
- correcting fitness of an individual by 

the number of tentative FLCT’s it has 
participated in; 

- sizing the parental population base on 

- rule selection (elitist) 

- setting FLC, = object variable part of PR(k); 
- re-evaluating FLC‘ ’ ; 

Fc of P”(k) according to (9), getting p&); 

PR(k) = the best p&) individuals in P”(k); 

- rulebase replacement (elitist) 
if FLC, is better than FLC then 

P(k+l) = P&); 

p@+U = m(k); 

P(k+l) = P(k); 

p(k+l) = Ak); 

FLC = FLCR; 

else 

FLC = FLC; 

fi 
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- k = k +  1; 
O d  GA(s) = 

L 

s(s+1.4)+2 

Note that the above algorithm differs the most 
sigmficantly from that in [2] at the additional steps of 
re-evaluation and rulebase replacement. As mentioned 
before, the modified FLC generation scheme practices 
(,&A) ES at individual rule level and (1+1) ES at 
rulebase level. Thus, the candidate FLC is always the 
best controller ever evolved. 

5. Simulation Examples 
To demonstrate effectiveness of the modified FLC 
generation scheme, closed-loop step responses of three 
2nd-order plants controlled by three sets of FLC’s 
tuned by 

(1) Symbiotic @+,I) ES only, similar to SEFC 

(2) Symbiotic ( j t tA)  ES with Elitist Rulebase 

(3) Symbiotic (j t tA) ES with Elitist Rulebase 

scheme used in [2]; 

Replacement; 

Replacement and Rulebase Sizing. 
are compared. 

All of the FLC generation schemes have the same 
setup including p(0)=9, q0)=45, and same initial 
populations. However, p- and p,- for ES with 
parental population sizing are 2 and 9 respectively. 
Global discrete recombination and self-adaptive 
mutation are the ES operators. All ES runs stop at the 
loouL generation. 

Transfer functions of the three plants are listed in the 
following [32][33]: 

GE(s) = L 

(s + l)(s + 2) 

(13) 
1 

Gc(s) = 
s(O.1s + 1) 

Fitness function used to show performance of these 
FLC’s is the integral-of-time-multiplied absolute-error 
(ITAE) criterion, which is defined as 

~ ( t )  = t .lerror(t)pt (14). 

Simulations are discretized with a sampling period of 
0.01s over Os tolOs. Inputs to FLC’s are error and 
error change rate. Maximal absolute value of control 
output is 5.  Simulation results with 10 different initial 
conditions are listed in Table 1. Closed-loop step 
responses of GA are given in Figure 1. 

6. Conclusions 
From the table, it can be observed that FLC generation 
ES schemes pmcticing elitism do perform better than 
FLC generation scheme with symbiotic evolution only. 
Averagely speaking, FLC generation scheme with 
rulebase sizing also performs better than that having 
fixed number of rules. This again vindicates the notion 
that optimal size of the rulebase must come hand in 
hand with the actual arrangement of fuzzy membership 
parameters as well as mechanics of the control plant. 

Finally, it should be noted that parental population 
sizing performed by the ES does not adjust size of 
offspring population. Nonetheless, it is obvious that 

FLC Generation 

Elitist Symbiotic 
w. Rulebase Sizing 68.9464 113.3706 173.9028 

Symbiotic Only 9 45 I 178.6215 I 1163.1865 13644.5417 

Elitistsymbiotic 9 45 I 75.4386 I 118.9264 I 188.9223 
GS 

Elitist Symbiotic 
w. Rulebase Sizing 

symbioticonty I 9 I 45 I 1322.9457 16452.9614 117961.4596 

Elitistsymbiutic 1 9 1 45 1 15.1472 1 221.205 1 777.4147 

Elitist Symbiotic 
w. Rulebase Sizing 

Table 1 Rulebase Fitness and Number of Rules Evolved by DiEerent FLC 

Number of Rules 
(Le. dIO0)) :) 

STD Best worst 

780.407 9 9 

43.2317 9 9 

28.8986 5 6 

1242.0707 9 9 

35.7968 9 9 

35.2766 5 7 

5720.4673 9 9 

273.3696 9 9 

6 

jeneration Schemes 

0-7803-7@78-3lOl/$10.00 (C)zoOl IEEE. page: 273 



ElitistSymbioticES I I 

I 
- - L  _ _ _ _ _  J 

0 . 4 1  -//- - - - - - - 1  w. Rulebase Sizing I I 
I 111 I I I 

0 2 4 6 E 10 
Time (secs) 

Figure 1 Closed-loop Step Response of GA 

size of the offspring population not only sets an upper 
bound to size of the parental population (hence size of 
the rulebase) but also dominates computational load of 
the algorithm. Therefore, the proposed FLC generation 
scheme should further be improved if an offspring 
population sizing mechanism could be devised. This is 
the main direction the authors are working toward at 
present. 
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