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INTRODUCTION

Systems such as robotic systems and systems with large 
input-output data tend to be difficult to model using 
mathematical techniques. These systems have typically 
high dimensionality and have degrees of uncertainty in 
many parameters. Artificial intelligence techniques such 
as neural networks, fuzzy logic, genetic algorithms and 
evolutionary algorithms have created new opportunities 
to solve complex systems. Application of fuzzy logic 
[Bai, Y., Zhuang H. and Wang, D. (2006)] in particular, 
to model and solve industrial problems is now wide 
spread and has universal acceptance. Fuzzy modelling or 
fuzzy identification has numerous practical applications 
in control, prediction and inference. It has been found 
useful when the system is either difficult to predict and 
or difficult to model by conventional methods. Fuzzy set 
theory provides a means for representing uncertainties. 
The underlying power of fuzzy logic is its ability to 
represent imprecise values in an understandable form. 
The majority of fuzzy logic systems to date have been 
static and based upon knowledge derived from impre-
cise heuristic knowledge of experienced operators, and 
where applicable also upon physical laws that governs 
the dynamics of the process. 

Although its application to industrial problems has 
often produced results superior to classical control, the 
design procedures are limited by the heuristic rules of 
the system. It is simply assumed that the rules for the 
system are readily available or can be obtained. This 
implicit assumption limits the application of fuzzy logic 
to the cases of the system with a few parameters. The 
number of parameters of a system could be large. The 
number of fuzzy rules of a system is directly dependent 
on these parameters. As the number of parameters in-
crease, the number of fuzzy rules of the system grows 
exponentially.

Genetic Algorithms can be used as a tool for the 
generation of fuzzy rules for a fuzzy logic system. This 
automatic generation of fuzzy rules, via genetic algo-

rithms, can be categorised into two learning techniques, 
supervised and unsupervised. In this paper unsupervised 
learning of fuzzy rules of hierarchical and multi-layer 
fuzzy logic control systems are considered. In unsuper-
vised learning there is no external teacher or critic to 
oversee the learning process. In other words, there are 
no specific examples of the function to be learned by the 
system. Rather, provision is made for a task-independent 
measure of the quality or representation that the system 
is required to learn. That is the system learns statistical 
regularities of the input data and it develops the ability 
to learn the feature of the input data and thereby create 
new classes automatically [Mohammadian, M., Nainar, 
I. and Kingham, M. (1997)].

To perform unsupervised learning, a competitive 
learning strategy may be used. The individual strings 
of genetic algorithms compete with each other for the 
“opportunity” to respond to features contained in the 
input data. In its simplest form, the system operates 
in accordance with the strategy that ‘the fittest wins 
and survives’. That is the individual chromosome in a 
population with greatest fitness ‘wins’ the competition 
and gets selected for the genetic algorithms operations 
(cross-over and mutation). The other individuals in the 
population then have to compete with fit individual to 
survive.

The diversity of the learning tasks shown in this 
paper indicates genetic algorithm’s universality for 
concept learning in unsupervised manner. A hybrid 
integrated architecture incorporating fuzzy logic and 
genetic algorithm can generate fuzzy rules for problems 
requiring supervised or unsupervised learning. In this 
paper only unsupervised learning of fuzzy logic systems 
is considered. The learning of fuzzy rules and internal 
parameters in an unsupervised manner is performed 
using genetic algorithms. Simulations results have 
shown that the proposed system is capable of learn-
ing the control rules for hierarchical and multi-layer 
fuzzy logic systems. Application areas considered are, 
hierarchical control of a network of traffic light control 
and robotic systems.
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A first step in the construction of a fuzzy logic sys-

tem is to determine which variables are fundamentally 
important. Any number of these decision variables may 
appear, but the more that are used, the larger the rule set 
that must be found. It is known [Raju, S., Zhou J. and 
Kisner, R. A. (1990), Raju G. V. S. and Zhou, J. (1993), 
Kingham, M., Mohammadian, M, and Stonier, R. J. 
(1998)], that the total number of rules in a system is an 
exponential function of the number of system variables. 
In order to design a fuzzy system with the required 
accuracy, the number of rules increases exponentially 
with the number of input variables and its associated 
fuzzy sets for the fuzzy logic system. A way to avoid the 
explosion of fuzzy rule bases in fuzzy logic systems is 
to consider Hierarchical Fuzzy Logic Control (HFLC) 
[Raju G. V. S. and Zhou, J. (1993)]. A learning approach 
based on genetic algorithms [Goldberg, D. (1989)] is 
discussed in this paper for the determination of the rule 
bases of hierarchical fuzzy logic systems.

THE GENETIC FUZZy RUlE 
GENERATOR ARCHITECTURE 

In this section we show how to learn the fuzzy rules 
in a fuzzy logic rule base using a genetic algorithm. 
The full set of fuzzy rules is encoded as a single string 
in the genetic algorithm population. To facilitate this 
we develop the genetic fuzzy rule generator whose 
architecture consists of five basic steps

1.  Divide the input and output spaces of the system 
to be controlled into fuzzy sets (regions),

2.  Encode the fuzzy rules into bit-string of 0 and 
1,

3.  Use a genetic algorithm as a learning procedure 
to generate set of fuzzy rules,

4.  Use a fuzzy logic controller to assess the set of 
fuzzy rules and assign a value to each generated 
set of fuzzy rules,

5.  Stop generating new sets of fuzzy rules once some 
performance criteria is met,

Figure 1 shows the genetic fuzzy rule generator 
architecture graphically. Suppose we wish to produce 
fuzzy rules for a fuzzy logic control with two inputs and 
single output. This simple two-input u1, u2 single-output 
y case is chosen in order to clarify the basic ideas of 
our new approach. Extensions to multi-output cases are 
straightforward. For more information on multi-output 
cases refer to Mohammadian et al [Mohammadian, M. 
and Stonier, R J., (1998)].

As a first step we divide the domain intervals of  
u1, u2 and y into different fuzzy sets. The number of 
the fuzzy sets is application dependent. Assume that 
we divide the interval for u1, u2 and y into 5, 7 and 7 
fuzzy sets respectively. For each fuzzy set we assign 
a fuzzy membership function. Therefore a maximum 
of 35 fuzzy rules can be constructed for this system. 
Now the fuzzy rule base can be formed as a 5×7 table 
with cells to hold the corresponding actions that must 
be taken given the condition corresponding to u1, u2 
are satisfied.

In step 2 we encode the input and output fuzzy sets 
into bit-strings (of 0 and 1). Each complete bit-string 
consists of 35 fuzzy rules for this example and each 

Figure 1. Genetic fuzzy rule generator architecture

 

F u zzy in p u t

F u zzy o u tp u t

G A  f u zzy  r u le 

g e n e r a to r b lo c k

R u le  b a s e
F L C e v a lu a to r

b lo c k

A s e t o f

 f u zzy  r u le s

r e g io n s

r e g io n s



 

 

6 more pages are available in the full version of this document, which may be

purchased using the "Add to Cart" button on the publisher's webpage: www.igi-

global.com/chapter/designing-unsupervised-hierarchical-fuzzy-logic/10287

Related Content

An Improved TOPSIS Method Based on a New Distance Measure and Its Application to the House

Selection Problem
You En Wangand Xiao Guo Chen (2023). International Journal of Fuzzy System Applications (pp. 1-19).

www.irma-international.org/article/an-improved-topsis-method-based-on-a-new-distance-measure-and-its-application-to-the-

house-selection-problem/328529

Application of Ambient Intelligence in Educational Institutions: Visions and Architectures
Vladimír Bureš, Petr Tuník, Peter Mikulecký, Karel Mlsand Petr Blecha (2016). International Journal of Ambient

Computing and Intelligence (pp. 94-120).

www.irma-international.org/article/application-of-ambient-intelligence-in-educational-institutions/149276

Smart Content Selection for Public Displays in Ambient Intelligence Environments
Fernando Reinaldo Ribeiroand Rui José (2013). International Journal of Ambient Computing and Intelligence

(pp. 35-55).

www.irma-international.org/article/smart-content-selection-public-displays/77832

Philosophical Foundations of Information Modeling
John M. Artz (2007). International Journal of Intelligent Information Technologies (pp. 59-74).

www.irma-international.org/article/philosophical-foundations-information-modeling/2423

Geopolitics, Governance, and AI
Jose Manuel Azcona Pastorand Fernando Gil González (2022). Handbook of Research on Artificial Intelligence

in Government Practices and Processes (pp. 1-12).

www.irma-international.org/chapter/geopolitics-governance-and-ai/298893

http://www.igi-global.com/chapter/designing-unsupervised-hierarchical-fuzzy-logic/10287
http://www.igi-global.com/chapter/designing-unsupervised-hierarchical-fuzzy-logic/10287
http://www.irma-international.org/article/an-improved-topsis-method-based-on-a-new-distance-measure-and-its-application-to-the-house-selection-problem/328529
http://www.irma-international.org/article/an-improved-topsis-method-based-on-a-new-distance-measure-and-its-application-to-the-house-selection-problem/328529
http://www.irma-international.org/article/application-of-ambient-intelligence-in-educational-institutions/149276
http://www.irma-international.org/article/smart-content-selection-public-displays/77832
http://www.irma-international.org/article/philosophical-foundations-information-modeling/2423
http://www.irma-international.org/chapter/geopolitics-governance-and-ai/298893

