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Abstract 

In this paper an evolutionary programming based fuzzy modelling scheme is proposed. This scheme consists 
of two phases: the first phase is the parameter identification; the second phase is the structure identification. 
Evolutionary programming is operated separately in both phases. To enhance the convergence speed, an 
estimation algorithm for population initialization for evolutionary programming is developed using the 
"winner-takes-all" learning principle. Simulation results are presented to show the effectiveness of the 
approach. 

1. Introduction 

Recently fuzzy systems (fuzzy models) as a complement to traditional mathematical modeling have attracted 
a great deal of interest and have received applications in many areas. Most fuzzy models have been built 
based on expert knowledge and/or operator's experience. However, the expert/operator knowledge is not 
always available due to sheer complexity of practical processes. How to build a fuzzy model without 
expert/operator knowledge from measured or observed data is of interest. To synthesize a fuzzy system 
based on available data, two types of information are needed: one type is information about the system 
structure, i.e. the number of rules and the number of input and output variables, which would significantly 
influence system behaviors; the other type the parameters for fuzzy membership functions and consequent 
functions. 

Various approaches for building fuzzy systems using only measured data have been proposed and extensively 
studied. In particular, a particular class of fuzzy systems, the TS model proposed by Takagi and Sugeno [3-
5], have received a great deal of attention. This is due to the fact that this model is well related to the 
common sense locallinearization approach for dealing with complex systems. The TS model consists of a set 
of fuzzy rules, each of which has fuzzy sets as the premise part and mathematical functions (typically linear 
functions) as the consequent part. Connecting these rules via fuzzy logic ends up in a fuzzy model that may 
represent a complex system. Various methods have been proposed for identification of the TS model. For 
example, Wang and Langari [6] proposed an approach that employs a fuzzy clustering method for premise 
structure and parameter identification and a least square type of recursive algorithm for identification of 
parameters for consequent linear functions. Wu and Yu [12] proposed an iterative approach based on least 
square estimation and genetic algorithms for identification of the structure and parameters of fuzzy systems. 
Most existing results can be classified as clustering based, i.e. they are all based on the idea of grouping data 
into a set of local areas, which may require uniform distribution of the available data. 

In this paper, we propose a complete different modelling scheme for the TS fuzzy model based on the 
evolutionary programming (EP) principle. One justification for using EP is it is simple, comparatively 
computationally light. This characteristic makes it ideal for computationally intensive fuzzy modelling 
process. In contrast to the clustering based modelling approaches, we do not need to cluster data into groups. 
The evolutionary programming approach is applied throughout the modelling process to identify the fuzzy 
model structure and parameters. The advantage of this approach is it can deal with the data which may not be 
uniformly distributed and possible tedious trail and error processes are avoided. To improve the convergence 
speed, an estimation algorithm for the EP population initialization is developed using the "winner-take-all" 
learning principle. Simulation results of two examples are presented to show the effectiveness of the 
approach. 
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This paper is organized as follows. Section 2 presents the basics of the TS model and the evolutionary 
programming approach. Section 3 outlines the EP based modelling scheme. Section 4 gives the simulation 
results for two nonlinear function approximation problems. Conclusion is drawn in Section 5. 

2. Basics of the TS model and EP approach 

2.1 The TS model 

The TS fuzzy model [3] is multi-input and single output system expressed as 

R;: if x1 is A~ and···and x" is A:, 

then / = a;x1 + · · · + a:,x" + b; 
(I) 

where R; ,i = 1···k, is the i-th rule; x;,J = 1···n, input variables, A; the fuzzy set for each input variable and 

/ a linear function. Each fuzzy set A; is associated with a fuzzy membership function. A commonly used 
one is the Gaussian membership function in the form of 

x.-a;. 
A;(x) = exp(-(-1-. -1 n 

J .I fJ' . 
.I 

(2) 

The output of fuzzy system (1) is inferred by weighted average of the crisp output as 

(3) 

where wi, i = 1· · · k , is the implication of the i-th rules in the premise, which may take different implication 
operators. A common operator is 

. . . n . 
w' = A;(x 1)···A;,(x") = f]A~(x;) (4) 

.i=l 

The output of fuzzy system ( 1) can be written as 

k . . k . . . . 
y =L,B'y' =IB'(a;x1 +···+a;,x,+b') (5) 

i=l i=l 

where 

(6) 

From (5), we can see that the model is a weighted (fuzzily) local piecewise linear function forming a 
nonlinear mapping from input to output. The difficult task is to identify the model. 

Although the TS model is simple in terms of formulation from mathematical viewpoint, the complexity of 
identification task is widely recognized as we have to deal with uncertain structures and massive parameters. 
"Blind search" based methods would not work and only heuristics enable an efficient modelling. 

Consider the TS model (1), For a given set of m input data 
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we need to choose a set of fuzzy rules, appropriate input variables in the promise part and output linear 
functions in the consequent part such that the following performance index is satisfied: 

'f(y(l)- Ji'l 
PI= t=l < t: (7) 

m 

where y(l) is the output of the fuzzy model, y' the given output value, and & ;?: 0 the given tolerance error. 
Note that other performance induces can be used as well. 

An optimal fuzzy model can be measured using the performance index (7) as well as other factors such as the 
number of fuzzy rules and number of input variables. A more complete criterion would be to minimize 

(8) 

where N,,NP,N1 are the estimated numbers of rules, premise input variables and variables in the 
consequent function. An appropriate performance index in this regard would be the Akaike information 
criterion (AIC) [12] which is usually used to measure efficiency of an analytic model but can be used in our 
quest as well. 

2.2 Evolutionary Programming 

The evolutionary programming approach is an optimization approach that incorporates evolution mechanism. 
A canonical EP in function optimization is stated as follows [11]: 

1. Randomly generate the initial population of m individuals, each of which is taken as a pair of real valued 
vectors (x;, 77;), i = 1, .. ·,m . 

2. Evaluate the fitness score for each individual based on an objective function. 
3. Generateforeachparent (X;.T/J,i=1, .. ·,m anoffspring (x;,.,;) by: for j=1, ... ,n 

X; I (j) = X; (j) + T/; (j)N {0,1), 

17 , '(j) = 17, (j) exp( r' N(0,1) + rN j (0,1)) 
(10) 
(11) 

where x'; (j), X; (j), T/; '(j) and T/; ()), j = 1, · · ·, n denote the j-th component of vectors 
x'; , X;, T/;' and T/;, j = 1, .. ·, n . 

4. Calculate the fitness of each offspring (x;,T/;),i = l,···,m. 
5. Conduct pairwise comparison over the union of parents (x;, 77;) and offspring (x;, 77;) 
6. Select the m individuals out of parents (x;. 77;) and offspring (x;, 77;) that have the most winning scores 

to be parents of the next generation. 
7. Stop if the halting criterion is satisfied; otherwise go to step 3. 

In [11 ], a Cauchy random variable 8(0,1) replaces the normal random variable N(O, I) that has shown 
improvement of convergence. This paper adopts this setting in EP implementation. 

3 Fuzzy System Modelling 

Common steps in constructing a fuzzy system are to identify the number of fuzzy rules, determine the 
number of input variables and optimize the parameters of fuzzy membership functions for the fuzzy rules in 
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both premise and consequent parts. Most commonly used approaches are based on the clustering concept; 
and the number of data clusters determines the number of fuzzy rules. This requires that the data is well-
distributed and also extensive computation for clustering process. In this paper, we visit the fuzzy modelling 
problem from an evolution viewpoint. We treat the number of fuzzy rules, number of input variables and the 
parameters for fuzzy membership functions as variables for optimization. We propose a two phase EP based 
fuzzy modelling scheme. Phase I deals with parameter optimization for fuzzy membership functions for a 
given structure. Phase li deals with the structure identification, i.e. the numbers of fuzzy rules, variables in 
the premise and consequent parts. These two phases interact each other. In the following, we will first 
explain each phase, and then present the modelling scheme. 

3.1 Phase 1: Parameters Identification 

For a given structure, i.e. given N,, NP, Ne, a TS model is represented as 

k . . 
y = 'IB'(x)y'(x) 

i=:l 

(12) 

where k is the number of rule, xj,j = 1· ·· n the input variables. The parameters involved in (12) are those 
for fuzzy sets membership functions in the premise part and linear functions in the consequent part. The 
fitness function for fuzzy system (12) is the performance index (7) and the task is to minimize it. 

It is known that EP based algorithms are usually slow for randomly chosen initial conditions. To overcome 
this problem, we now propose an estimation algorithm based on an unsupervised leaning principle to obtain a 
good population initialization for EP. Two tasks are involved in this algorithm. First, adjust the fuzzy sets to 
give a right coverage of data. Second, from the given data, generate a good estimation of the linear function 
consequent parts for fuzzy rules. This will give EP a good starting initial population. 

For convenience of discussion, denote the distance between the centre of i-th rule a; =(a;,·· ·,a:,) and the/-

th given data x' = (x;, ... ,x;,) as 

(13) 

and the difference between the coordinates of the centre and the /-th given data 

i i i I ;I 1'1 I ;I 1'1 I ;I 1'1 0 = ( 01 ,- • ·, 0,) = ( a 1 - X 1 ,- • ·, a, - X, ) = (l - X (14) 

The difference between the tangents of projection of the linear consequent parts as well as the given data onto 
each input variable is denoted as 

(15) 

I y' where 8; = tan( 1 ) , x: is i-th input variable of the /-th data set and y' is the /-th estimated output of the 
X; 

-I 

fuzzy system, and "0;' = tan( L) where y1 is the given /-th data. 
X; 

The estimation of EP initialization is done via an algorithm based on the well-known "winner-takes-all" 
learning rule [13]. The algorithm is presented as follows: 

For /-th pair of data (x;, ... x;,,y1
) E D and for each individual of population randomly generated: 
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• Compute the distance between the data and centres of fuzzy sets in each rule using (13 ). 
• Determine the 'winner' rule by choosing the smallest value among these computed distances, i.e. 

Rule i R; wins where i = sup( d~> · · ·, d m) 
i 

• Calculate the adjustments according to (14) and ( 15). 
• Modify the parameters of the 'winner' rule by 

a~(l) = a~(/-1) + r a,s; 
fJ! (/) = p;;(l-1) + r P,s; 
a~(l) = a~(/-1) + yjij , j = 1, ... ,n 

b; (/) = b; (/-1) + yb/111+1 

where y a, y P' Ya• Yb are the prespecified adjustment parameters. 

(16) 

253 

It can been seen here that learning fuzzy sets is to cover the data presented, and generate the knowledge about 
local linear functions for any TS model with a given structure. 

3.3 Phase 11: Structure Identification 

Section 3.2 presents an algorithm that would generate a best solution for the given structure. This given 
structure can be tuned as well using EP. In this section, we present an algorithm for the TS model structure 
identification using EP. 

For structure identification, we formulate the form for each individual for EP optimization, which consists of 
three parts, namely, 

(17) 

where N, < N,, NP < NP, Ne < Ne with N,, NP, Ne being the allowable upper bounds of the number of 
rules, the number of input variables in premise part and the number of variables in the consequent part. 
N, and N 

1 
vary according to the Gaussian distribution (but satisfy the constraints). 

The fitness function is chosen as 

A!C(p) = ]ogCT2 (B)+ 2P 
N 

p=N,+Ne 
B= N, +Ne 

(18) 

(19) 
(20) 

where AIC is the Akaike's information criterion [14], N is the number of the given data sets and CT
2 the 

estimated variance. 

The entire modelling scheme is presented as follows: 

1. Randomly initialize N,, NP , Ne (N, < N, , NP < NP, Ne< Ne) as well as the parameters for Phase I 
and Phase IL Set the tolerance error & in the halting criterion. 

2. For each individual of population in Phase II, derive a new population for Phase I. 
3. Apply EP in Phase I to optimize the parameters. 
4. Evaluate the fitness of each individual of population in Phase II based on the criterion ( 18). 
5. Generate single offspring for Phase f from parents. 
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6. Evaluate the fitness of each offspring of population in Phase I. 
7. Assign each individual of population in Phase I and its offspring a score by comparing over the union of 

parents and offspring. 
8. Select a certain number of individuals out of parents and offspring that have the best score for the next 

generation. 
9. Stop if the halting criterion is satisfied. Otherwise, increase the current iteration value and go to step 3. 

4 Simulation Studies 

Two simulation studies are presented in this section to show how the EP based modelling approach is used in 
modelling nonlinear functions . 

Examples 1: Consider a non linear function with two input variables and a single output variable defined as 

(21) 

where 0 :::; x 1, x2 :::; 3.0 . This function is difficult to model because of its non linearity (see Figure I). 

We randomly sampled a set of 100 input-output pairs. To illustrate the effectiveness of the proposed 
modelling method for the TS model identification, we also added three dummy inputs with the same range 
size as x 1 , x 2 • The parameters for both levels of EP were set as: for Phase I. iteration number is I 00 with 
population size 25; for Phase Il, iteration number is 500 with population size 50. 

The following TS model was obtained: 

where 

R I 'f . A 1 d . A 1 
: I x 1 IS I an x 2 IS 2 

then Y = 32.4x1 - 22.4x2 -32.69 

R
2 'f . A 2 d . A 2 

: I x 1 IS I an x 2 IS 2 

then Y=28.35x1 +1.13x 2 +3.5 

R I 'f . A3 d I . A3 : I x 1 IS I an x2 IS 2 

then Y = 14,5x1 - 2,78x2 -28.76 

(22) 

The identified model is depicted in Figure 2. The value of the performance index was 0.139 which was less 
than the given e = 0.2 . 

We can see that the modeling scheme gives a satisfactory result in which dummy inputs are eliminated. It is 
interesting to note that we did not give any specific halting criterion and we forced the process to stop at 
iteration 10 for phase I due to the computational intensity, and the achieved TS model is still satisfactory. 
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Fig. 1 The output of nonlinear function (21). 
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Fig. 2 The output of fuzzy system (22). 

Example 2: To test the proposed method for complex problems, we selected a nonlinear function with 10 
input variables and single output variable as following 

9 8 
f(x) = Lxixi+l + LX;Xi+l +x1x9 +x1x 10 +x2x 10 +x1x5 +x4 x 7 , 

i=l i=l 
O.O::S:x; :5:5.0, i=1, ···,10. 

We set the parameters of EP: 50 individuals with 100 iteration for Phase I, and 100 individuals with 1000 
iteration for Phase 11. The identified TS fuzzy system is in the form of 

R ; If . Ai . A; Th ; ; ; b; 1 2 3 : x 1 1s 1 ···x10 IS 10 eny = a1x 1+··+a10 + , i=,,. 

where a~, 13~, a~ are the parameters of fuzzy sets and linear functions whose values are given in Tables 1, 2, 
I 2 3 3, and (b ,b ,b ) = (1467.39,-72954,-148.80). 

I J3I 1 
a.) J aJ 

0.43 4.74 3.74 
2.34 4.73 3.44 
2.72 4.00 0.11 
4.51 5.00 4.73 
5.00 5.00 0.74 
2.71 0.00 5.00 
0.01 0.00 1.03 
1.73 1.23 5.00 
0.87 4.74 4.99 
0.17 1.14 2.89 

Table 1. Fuzzy model parameters for Rule I. 
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a 2 
.I f3] a2 

.I 

2.67 0.24 1.37 
0.36 4.12 4.31 
0.52 2.63 4.61 
1.13 0.05 4.95 
2.55 4.45 1.09 
1.77 2.14 0.876 
0.13 0.88 4.95 
0.26 3.72 4.57 
5.00 4.08 4.69 
1.14 3.82 4.73 

Table 2 Fuzzy system parameters for Rule 2. 

aJ 
.I 

j33 
.I 

aJ 
.I 

676.98 -719.58 12.08 
1499.67 88.4.73 9.52 
-361.64 -513 .36 10.74 
1457.06 -1376.71 12.90 

-1082.07 752.11 12.84 
-546.59 1495.52 10 .66 
-1201.65 -187.53 13.35 
1181.71 -1112.35 10.52 
-567.31 939.18 10.99 
-687.43 -748.09 10.85 
1467.39 -729.54 -148.80 

Table 3 Fuzzy system parameters for Rule 3. 

We randomly sampled two sets of I 00 data to test the identified TS fuzzy system. The outputs of the fuzzy 
system are depicted in Figures 3 and 4 where the solid line stands for the actual nonlinear function output and 
the dotted line represents the output of the fuzzy system. 

300 ~----~----~----~----~----~ 

OL-----~----~------~----~----_J 
0 20 40 60 80 100 

Fig. 3 The output of the fuzzy system with E = 0.6. 

400~----~----~----~----~----~ 

300 

O L-----~----~------~----~----~ 
0 w ~ ~ 00 100 

Fig. 4 The output of the fuzzy system with E = 0.8. 
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We can see that the fuzzy system approximates the nonlinear system quite well, and the result is acceptable. 
Note if we give more iterations of EP, further improvement would be expected. 

5. Conclusion 

In this paper, a fuzzy modelling scheme based on the EP principle has been presented for the TS model 
identification. This scheme consists of two phases. The first phase is the parameter identification for a given 
structure. The second phase is the structure identification. EP is operated separately on both phases to enable 
learning of structures and parameters. An estimation algorithm has been presented based on the "winner-
takes-all" learning principle that searches a proper EP initial population which enhances significantly the EP 
convergence towards solutions. Simulations have shown that this modelling scheme is effective and efficient 
especially in the real time sense. 
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