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STRUCTURE OF NEURO-FUZZY SYSTEM
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STRUCTURE OF NEURO-FUZZY SYSTEM
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(a) Effect of parameter a.

(b) Effect of parameter b.
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STRUCTURE OF NEURO-FUZZY SYSTEM
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LEARNING IN A NEURO-FUZZY SYSTEM
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5-Rule Neuro-Fuzzy System
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(a) Five-rule system. (b) Training for 50 epochs.
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LEARNING IN A NEURO-FUZZY SYSTEM

(a) Five-rule system.
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ANFIS: ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM
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ANFIS: ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM
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ANFIS: ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM
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STRUCTURE OF ANFIS: ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM
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STRUCTURE OF ANFIS: ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM

Layer 1 Layer 2 Layer 3 Layer 4 x1 x2 Layer5 Layer6 A"‘ 35 6 “y

¥ sy

Rule Layer

¥ (pl Laos oo
co) $S g g 63 5l aal g 5l geaels S L lLs.

dlisu g5k ol slag 955 S Laga gy csaels G5 8 S

b uT.]n.:.uJS QM@LA.\)L ‘50._\.:‘_[:4 UJ‘)S‘ELQ S48 g ._\.Su.o

ac) 55 slbp ke cilae ANFIS o
e (bl s Slee

y(r?ﬁ — Mg XMpr T Uy,

k
3 3
sacls o S s & 8 l( ) :HX§Z)
J=1

R1 sucls é.ua‘)é J‘J:q-a =

Prepared by Kazim Fouladi | Spring 2017 | 2" Edition

-
’M’?b/



\iid

ANFIS il

sobwdle s sy
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LEARNING IN THE ANFIS MODEL
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sl il dasls K* = (ATA) ATy,

P xn(1+m)

(ATA) AT is the pseudoinverse of A
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FUNCTION APPROXIMATION USING THE ANFIS MODEL
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Hybrid intelligent systems 8

In which we consider the combination of expert systems, fuzzy
logic, neural networks and evolutionary computation, and discuss
the emergence of hybrid intelligent systems.

8.1 Int ion, or how to bine G hanics with
Italian love

In previous chapters, we considered several intelligent technologies, including
probabilistic reasoning, fuzzy logic, neural networks and evolutionary computa-
tion. We discussed the strong and weak points of these technologies, and
naoticed that in many real-world applications we would need not only to acquire
knowledge from various sources, but also to combine different intelligent
technologies. The need for such a combination has led to the emergence of

hybrid intelligent systems.
A hybrid intelligent system is one that combines at least two intelligent

technologies. For example, combining a neural network with a fuzzy system

I N I E L I_ I ( E N ( E results in a hybrid neuro-fuzzy system.
The combination of probabilistic reasoning, fuzzy logic, neural networks and
E

| ~EN evolutionary computation forms the core of soft computing (SC), an emerging

UIDE TO INTELLIGENT T % approach to building hybrid intelligent systems capable of reasoning and
learning in an uncertain and imprecise environment.

The potential of soft computing was first realised by Lotfi Zadeh, the ‘father”

of fuzzy logic. In March 1991, he established the Berkeley Initiative in Soft

Michael Negnevitsky Computing. This group includes students, professors, employees of private and
4 government organisations, and other individuals interested in soft computing.
Artiﬁcial Intellige]’]ce: A Guide to Intelligent Systems, The rapid growth of the group suggests that the impact of soft computing on

ence and technology will be increasingly felt in coming years.

Pearson Education Canada, 2011.
What do we mean by ‘soft’ computing?
Chapter 8 (8'3 H 8'4) While traditional or ‘hard’ computing uses crisp values, or numbers, soft

computing deals with soft values, or fuzzy sets. Soft computing is capable of
operating with uncertain, imprecise and incomplete information in a manner
that reflects human thinking. In real life, humans normally use soft data
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Computational
Intelligence

Symergpes of Fuzzy Loge. Newnl Netwarks
and Evolutionary Computing

Nazmul Siddique, Hojjat Adeli,

Computational Intelligence: Synergies of Fuzzy Logic,
Neural Networks and Evolutionary Computing,

John Wiley & Sons, 2013.
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Neural Fuzzy Systems

10.1  Introduction

In general, there are two main but apparently separate methodological developments relevant
to computational intelligence: fuzzy logic systems and neural networks. Fuzzy logic systems
try to emulate human-like reasoning using linguistic expression, whereas neural networks try
to emulate the human brain-like learning and storing information on a purely experiential
hasis. Both the methodologies have been successfully applied in many complex and industrial
processes though they experience a deficiency in knowledge acquisition.

The most important considerations in designing fuzzy systems are the construction of the
membership functions (MF) and constructing the rule-base and have been a tiring process.
The choice of MFs also plays a decisive role in the success of an application. But there is no
automated way of constructing the MFs. They are mainly done by trial and error, or by human
experts. As is well recognized. rule acquisition has been and continues to be regarded as a
bottleneck for implementation of any kind of rule-based system. In most & applications,
fuzzy rules are generated by an expert in the area, especially for systems with only few inputs.
With an increasing number of inputs, outputs and linguistic variables, the possible number
of rules for the system increases exponentially, which makes it difficult for experts to define
a complete set of rules and associated MFs for reasonable system performance. In Chapter
8, the construction of MFs, generation of rule base and tuning of scaling parameters using
evolutionary algorithms were investigated. Evolutionary algorithms are the suitable choice
where no a priosi information about the MFs and the rule base is available. There have been
many successful applications of evolutionary fuzzy systems reported in the literature, and
Chapter 8 presents an overview of these techniques and their applications. As is well known
evolutionary algorithms are a slow process and the performance of an evolutionary algorithm
depends inherently on the size of the population and the number of generations required for a
solution to be robust for specific problems. Some designers may not like this. Then the problem
is, if there is no expert knowledge available for constructing the MFs and the rule base, they
must be constructed from environmental data, which may or may not be available. A second
issue in fuzzy systems is processing of the rule base consisting of R =n; x iy x -+ x ny
rles with m;, i = 1,2, ..., N, the number of MFs (primary fuzzy sets) for each of the N
inputs. The processing of such a huge rule base is time-consuming. Consequently, computing

Compatational Intelligence: Synergies of Fuzzy Logic. Neural Net
azmul Siddique and Hojjat Adeli
2013 John Wiley & Sons, Lud. Published 2013 by John Wiley & Sons, Lid.

+ and Evolutionary Computing, First Edition.




