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Abstract: Evolutionary learning and especially ge-
netic optimisation algorithms have recently received a
lot of research attention as tools for identifying fuzzy
models of the systems. Most often fuzzy modelling
employ the fuzzy IF–THEN rules. In this paper, be-
sides AND–operator the OR–operator is also consid-
ered in constructing the premise rule base. A genetic
algorithm is utilised to find the premise structure of
the rules, also to optimise fuzzy set membership func-
tions and the consequent model structure of the rules
at the same time. The performance of the approach is
demonstrated on the DAMADICS benchmark prob-
lem.
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1. INTRODUCTION

Fuzzy modelling utilising fuzzy IF–THEN rules,
provides a tool for designing qualitative models
without employing precise quantitative analysis.
However, there are many situations where expert
domain knowledge, which is usually the basis for
designing fuzzy models, is not sufficient, due to
incompleteness of the existing knowledge, prob-
lems caused by different biases of human experts,
difficulties in forming rules, etc. That is why,
methods for data–driven identification of fuzzy
models are of great interest. Most approaches
proposed in literature emphasise the function ap-
proximation capabilities of fuzzy systems, and
little attention is paid to minimisation of the rule
base [3]. If the number of rules is too large, the
fuzzy model is hardly interpreted by the man.
Therefore in this work we require the model to
be accurate and also to be as simple as possible.

We consider the problem of data–driven
fuzzy rule–based modelling by the Takagi-Sugeno

(TS) type [1, 4, 7].
Rule premises play a critical role in the TS

fuzzy system since they determine the structure
of a rule base. The fuzzy rules of the fuzzy model
are extracted from training examples by means
of genetic–based premise learning. In order to
construct a simple fuzzy model with a high gen-
eralisation capability, a general premise structure
allowing incomplete compositions of input vari-
ables as well as OR operation of input terms is
considered.

In this paper a genetic algorithm (GA) is
utilised to optimise the premise structure of the
rules, fuzzy set membership functions, and the
consequent part at the same time. Determina-
tion of rule conclusions is nested in the premise
learning, where consequences of individual rules
are determined under fixed preconditions. Dur-
ing the running of GA the actual rule number is
adjusted automatically within a specified limit.
The modelling procedure utilize GA to search in
the combinatorial space for the optimal structure
of premises also to optimise parameters of fuzzy
set membership functions as well as to find the
optimal parameters of consequent part simulta-
neously. GA searches a wide space of possible
solution, so there is a high probability that the
found solution is global or near global [5].

Recently, Xiong [8] introduced a general
premise structure allowing not only incomplete
composition of input variables but also OR con-
nectives of input terms, so that a high general-
isation ability can be achieved by an individual
rule. The upper limit of the rule number is prede-
termined by the technician in advance. It can be
considered as an estimate of the sufficient amount
of rules to achieve a satisfactory accuracy.

When the rule–base premise is constructed,



then the polynomial models in consequent part is
found by the local weighted least square method.

The performance of the methods is demon-
strated on the DAMADICS benchmark problem.
The multi–disciplinary and complementary EU
Research Training Network project DAMADICS
is focused on development and application of meth-
ods for actuator diagnosis in industrial control
systems [2].

The paper is organised as follows. In the
second section, the background of fuzzy Takagi–
Sugeno model is given. The evolutionary learn-
ing is presented in the third section. In the fourth
section, the DAMADICS benchmark is described.
The experimental results are presented in section
five. Finally, section six presents conclusions.

2. TAKAGI–SUGENO MODEL

TheRi TS rule takes the following form:

Ri : IF u is Ai THEN yi = fi(u), (1)

i = 1, 2, . . . , K,

whereK is the number of rules.
Usually fuzzy rules consist of canonical

AND connection of fuzzy terms in a rule premise.
In complex processes with multiple input vari-
ables such a system is not suitable, since the num-
ber of rules increases exponentially by increas-
ing input dimension. Therefore rules with in-
complete structure containing OR connections of
fuzzy terms is preferable. In this way, the num-
ber of rules in the premise is decreased by find-
ing similar consequence parts for different fuzzy
terms.

Generally,fi(·) is a polynomial function
from the input variablesu, but in principle it can
be any kind of function as long as it can appro-
priately describe the output of system within the
fuzzy regions specified by the premise of the rule.
A simple and practically useful parameterisation
is the affine (linear in parameters) form, yielding
the rules:

Ri : IF u is Ai THEN yi = aT
i U + a0,i, (2)

i = 1, 2, . . . ,K,

whereU is the polynomial input vector constructed
from u, theai is a parameter vector anda0,i is a
scalar offset. When we have theZ-dimensional
polynomial of degree 2, then the parameter vec-

tor ai consist ofL elements:

L =
(2 + Z)!

2!Z!
− 1. (3)

Parameter optimisation can be performed
very fast by a least squares algorithm.

However, the number of parameters grows
rapidly with increasing input dimensionality. One
way to decrease the number of parameters is to
perform structure optimisations. The structure
optimisation can be performed by a linear subset
selection technique such as the orthogonal least
squares algorithm [6]. However, this method suf-
fers from the curse of dimensionality.

2.1. Proposed structure optimisation
For this problem, the authors proposed to use GA
for selecting the parameters of 2 order polyno-
mial. Willing to determine the efficient model
structure for each rule. The chromosome of the
consequent part in GA is coded by{0,1} mean-
ing the usefulness of each term in the the param-
eter vectorUi. Then the output function takes the
following form:

yi = f(u, I i), (4)

whereI i is the binary vector expressing the im-
portance of parameters. TheZ-dimensional poly-
nomial of degree 2 is computed:

yi = a0I0 +
Z∑

j=1

ajujIj

+
Z∑

j1=1

Z∑

j2=1

aj1,j2uj1uj2Ij1,j2 (5)

whereI i = [I0, I1, ..., IZ , I1,1, ..., IZ,Z ], Ij and
Ij1,j2 ∈ {0, 1}. WhenIj = 0, then this term of
polynomial function is absent in the model.

3. EVOLUTIONARY LEARNING OF RULE
PREMISES

GA is the global search algorithm that emulates
the mechanism of natural genetics and selection
[5]. Based on probabilistic decisions it exploits
historic information to guide the search for new
points in the problem space with expected im-
provement in performances. In the genetic search
a constant population size is always maintained.
An individual in the population encodes a possi-
ble solution to the problem into a string, which is



analogous to a chromosome in nature. At each
iteration step, new strings are created by apply-
ing genetic operators on selected parents for
recombination. Coding scheme, genetic opera-
tors (reproduction, crossover and mutation) and
fitness function are the key points for the GA to
optimise the structure of rule premises and input
membership functions at the same time.

The GA algorithm consist of three basic
operations: reproduction, crossover, and muta-
tion. Reproduction is the process where members
of the population are reproduced according to the
relative fitness of the individuals, where the chro-
mosomes with higher fitness have higher proba-
bilities of having more copies in the new coming
generation. There are a few selection schemes
available for reproduction, i.e. theroulette wheel,
thetournament schemeand etc. [5]. Crossover in
the GA occurs when the selected chromosomes
partially exchanges the information in the genes.
Mutation is a random alternation of a bit in a
string so as to increase the variability of popu-
lation.

Dynamic crossover and mutation probabil-
ity rates, are used in the GA operation, as they
provide faster convergence when compared to con-
stant probability rates. There are many approaches
which can be applied to settle the problem. In
this work the crossover and mutation probability
rates were calculated by the following formula:

Pcross,m+1 = exp(−m/M),
Pmut,m+1 = exp(0.02 m/M)− 1, (6)

wherem andM are the current generation and
the number of maximum generations respectively.

3.1. Premise rules and membership functions
coding

Triangular formed fuzzy sets are used in this study.
To achieve an optimal interface there is a require-
ment that the sum of membership values for ev-
ery input variable should be always equal to one,
so then only certain end points (also peaks) of
membership functions need to be optimised by
GA [8]. For instance, the five triangular mem-
bership function are defined with only three pa-
rameters. In this work we used 8 bitsGrey–Code
coding for each parameter of membership func-
tions.

In logical part of rule premise each bit of
the segment corresponds to a linguistic term with
bit ’1’ presence and ’0’ for absence of the fuzzy
sets forming the condition. For example, the in-

putu has three linguistic terms (membership func-
tions) i.e.{low, middle, high}, the segment ’100’
and ’101’ correspond to the conditionsuk=’ low’
and the second one toui=’ low’ OR ’high’. Situa-
tion ’111’ represents a stay ’do not care about the
input’. The all zeros in the segment correspond to
harmful and meaningless premise, therefore this
group is not considered for calculation.

However, there is also a negative effect of
using OR operator in fuzzy rules. The consis-
tency of the rule base is not guaranteed compared
to the usual rules. The overlapping between two
rules leads to a conflict between them, i.e. when
the rules suggest different outputs in their conse-
quence parts. To give the numerical assessment
of knowledge coherence, several definitions were
introduced in [9]. The amount of conflicts (AC)
in the model is commuted as the sum of all inter-
sections between term pairs in rules:

AC =
P∑

i=1

P∑

j=i+1

‖Ri ∩Rj‖, (7)

whereP is the number of fuzzy partitions in the
premise.

The parameters of each consequent part in
the rules are obtained as a least-squares estimate.
Let for eq. 2 denote theΘT

i = [aT
i ; ai,0], the

input matrix [U; 1] as Uin, and letΦi denote a
diagonal matrix inRNi×Ni having the degree of
membership functions activation for the given
training data. The weighted least squares solu-
tion of yi = UinΘi + ε becomes:

Θi = [UT
inΦiUin]−1UT

inΦiyi. (8)

When the available data is sparse and noisy or the
dimension of input matrix is high, then data may
be not informative enough to estimate the model
that is more complex than linear. One solution is
the use of quadratic programming technique with
inequality constrains or to apply modelstructure
optimisation.

3.2. Fitness function
The task of defining a fitness function is usually
application specific, such that it is formulated to
achieve the optimal model of the system. In this
work we require the model to be accurate and
also to have few premise rules as possible. Ac-
cording to those criteria, the fitness functionFl

for lth model is constructed as follows:

MSEl =
1
N

N∑

n=1

(yl,n − yn)2, (9)



Fl =
1

1 + MSEl(1 + βACl)
, (10)

where MSEl is the mean squared error,yl de-
notes the model’s estimate of the real outputy,
the ACl indicates the amount of conflicts inlth

model,N is the number of data samples, and the
coefficientβ express the importance of conflicts
in the model. Whenβ = 0 it means, that we do
not care about conflicts in the rules.

The object of GA optimisation is to max-
imise the fitness (eq. 10).

4. CASE STUDY: DAMADICS BENCHMARK

Development and Application of Methods for Ac-
tuator Diagnosis in Industrial Control Systems
(DAMADICS) is a Research Training Network
funded by the European Commission under Frame-
work V.

This multidisciplinary and complementary
RTN DAMADICS is focusing on drawing together
wide-ranging techniques and fault diagnosis within
the framework of a real application to online di-
agnosis of a 5-stage evaporization plant of the
sugar factory at Lublin, Poland.

The actuator block can be considered as
a four-input and two-output system as shown in
Fig. 1. The inputuk and outputyk are defined as
follows:

uk = (CV, P1, P2, T1),
yk = (F, X), (11)

where process variables are:CV - control valve,
P1 - pressure at the inlet of the valve,P2 - pres-
sure at the outlet of the valve,T1 - juice temper-
ature at the inlet of the valve,F - juice flow at
the outlet of the valve, andX - servomotor rod
displacement.

Within the DAMADICS project the actu-
ator simulator was developed under MATLAB
Simulink. This tool makes it possible to gener-
ate normal operating mode data as well as data
for 19 faults. The comprehensive description of
DAMADICS benchmark is available via web site
[2].

It is well known that every MIMO system
can be decomposed into several MISO systems
and analysed separately. In our experiments the
outputsF andX were analysed as separate sys-
tems.

Fig. 1. The scheme of the actuator block.

5. EXPERIMENTAL RESULTS

The parameters for the GA used in the experi-
ments are as follows: population size 50; maxi-
mum number of iterations 50; the rates of muta-
tion and crossover are changed according to (eq.
6). Training and testing data of the actuator block
was generated through MATLAB Simulink: 750
and 1000 of data points for training and testing
respectively. In all the tables given we calculate
MSEaccording to (eq. 9).

At the very beginning we had no idea about
the starting number of rules and fuzzy partitions.
Therefore, only the upper limit of rules was de-
termined as 20. The number of fuzzy partition-
ing, plays a role for the fuzzy system interpretabil-
ity. According to Nelles [6], if number of fuzzy
partitioning is more than four, then such a sys-
tem is hard to be interpreted. Therefore, in our
experiments we used only four fuzzy partition-
ing per input in the rules premise. Meaning, that
for the TS model these numbers will be sufficient
to achieve desirable model accuracy.

After several experiments, the coefficient
β in the fitness function was found to be 0.005
and kept unchanged. We had to play also with
input parameters selection for the premise as well
as for the consequent part of the fuzzy model.
The TS model with selected parameters are:

a) for the juice flow

Ri : IF {u1,k, y1,k−1} is Ai THEN

y1,k = fi(uk, uk−1, I i) (12)

b) for the rod displacement

Ri : IF {u1,k, u1,k−1} is Ai THEN

y2,k = fi(uk, uk−1, I i) (13)



wherey1,k−1 is the previous output of the model,
I i is the binary parameters importance vector used
only in the proposed approach andAi is the com-
position of fuzzy sets.

For us the structure of the models looks
reasonable, since the rod displacement (X) do
not depend on the previous output, but on the pre-
vious control value (CV ) as it is seen from Fig.1.
However, the model for flow depends on previ-
ous flow value (y1,k−1) and actual control value
(CV ).

In Fig. 2 there is given an example of input
space partitioning obtained by GA algorithm for
flow modelling with 4 rule input premise. Each
input is partitioned in 4 fuzzy sets, and fuzzy re-
gion are logically assigned to one of the rules.
For this example, there is a possibility to obtain
16 rules without intersection. The process data
is distributed only in the restricted fuzzy areas,
therefore the output models for some regions is
not constructed. For instance, bottom–left part
of the Fig. 2 is absent in the model. The er-
roneous situation arises, when unexpected input
data from those regions is given to the TS model.
The solution in this situation is by adding spe-
cial conditional rule ”if no rule selected”, then
produce some output. As the output it might by
a constant signal or some prespecified function
output.

The other conflicting situations in the Fig.
2 is the earlier mentioned conflicting situations
in the rule–base. In this example, there are two
conflicting points{R1, R3} and {R3, R4}. By
running some subroutine there is a possibility to
eliminate those points. In our work we have been
using the rule order procedure i.e. the first fitted
rule produce the output for the given input.

In the experimentation the consequent part
of the model is constructed using linear, polyno-
mial and polynomial function with proposed se-
lection. The experimental results is shown in Ta-
bles 1, 2 and Figs. 3, 4. The tables presents the
calculatedMSE error on the test set, maximum
absolute difference between modelled and orig-
inal output, number of rules in the premise and
the total number of parameters in TS model.

From the results we can see, that the rela-
tionship between the inputuk and the juice flow
y1,k cannot be accurately modelled by linear func-
tions. The modelling error is approximately 15
%. The model with polynomial function reach
the 10 % of accuracy. On the other hand, the re-
lation between the inputuk and the rod displace-
menty2,k can be modelled by the TS with linear
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Fig. 2. Input premise partitioning and fuzzy sets
for y2,k (Flow) modelling.

Table 1. Model performance forFlow
MSE
*e-5

Max.
Abs.
error

#of
rules

#of pa-
rameters

Linear 100 0.15 4 48
Polynomial 26 0.13 5 250
Proposed 25 0.10 4 117

Table 2. Model performance forRod displace-
ment

MSE
*e-5

Max.
Abs.
error

#of
rules

#of pa-
rameters

Linear 21 0.05 3 41
Polynomial 6 0.032 3 151
Proposed 8 0.031 3 93

consequent functions. From Figs. 3 and 4 we
can see the residuals of the designed models and
original system.

The polynomial model and proposed ap-
proach reach approximately the same results, but
the advantage of the proposed approach is that it
has half as many parameters in the final model.

6. CONCLUSIONS

In this paper we showed the synthesis of evo-
lutionary learning and the fuzzy model for sys-
tem identification. The size of the rule base were
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Fig. 3. The outputs and residuals for the flow
modelling: a) system (dotted) and model
(solid) outputs; b) residual of linear
model; c) residual of polynomial model;
d) residual of proposed approach.

generated and consequent part model parameters
were determined by the GA. The rule premise
consisted with AND and OR connectives, this led
to the reduction of the number of rules by find-
ing similar consequent parts of the model. The
proposed approach, comparing with second or-
der polynomial models, for consequent part opti-
misation produced not only accurate models, but
the models with half the number of parameters.
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