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Introduction

* The techniques of artificial intelligence based
In fuzzy logic and neural networks are
frequently applied together

* The reasonsto combine these two paradigms
come out of the difficulties and inherent

limitations of each isolated paradigm



Introduction

« when they are used in a combined way, they
are called Neuro-Fuzzy or fuzzy neural
Jystems

* There are several different implementations of

neuro-fuzzy systems, where each author
defined its own model



advantages of the fuzzy systems

e capacity to represent inherent uncertainties of
the human knowledge with linguistic variables

e simple interaction of the expert of the domain
with the engineer designer of the system

e easy interpretation of the results, because of
the natural rules representation

e easy extension of the base of knowledge
through the addition of new rules



advantages of the fuzzy systems

* robustnessin relation of the possible
disturbances in the system



disadvantages of the fuzzy systems

* Incapable to generalize, or either, it only
answersto what iswritten in itsrule base

e not robust in relation the topological changes
of the system, such changes would demand
alterationsin the rule base

* depends on the existence of a expert to
determine the inference logical rules



advantages of the neural networks

 |earning capacity
e generalization capacity

e robustnessin relation to disturbances



disadvantages of the neural networks

e Impossible interpretation of the functionality

 difficulty in determining the number of layers
and number of neurons.



Why using together?

» Refer to previous dlids, while neural networks are good
at recognizing patterns, they are not good at explaining
how they reach their decisions.

* Fuzzy logic systems, which can reason with imprecise
Information, are good at explaining their decisions but
they cannot automatically acquire the rulesthey use to
make those decisions.

* These limitations have been a central driving force
behind the creation of intelligent hybrid systemswhere
two or more techniques are combined in a manner
that overcomes individual techniques.



Types of Neuro-Fuzzy and fuzzy neural
Jystems

Fuzzy Neural Network
Cooperative Neuro-Fuzzy System
Concurrent Neuro-RHuzzy System

Hybrid Neuro-Fuzzy System



Fuzzy Neural Network

 Using fuzzy conceptsinto neural networks
* Increasing learning capacity of neural network

 Bulding fuzzy neurons



Cooperative Neuro-Fuzzy System
 neural algorithm adapt fuzzy systems

FUZZy
E ULES

NEURAL FUZZY #
NETWORK SYSTEM

FUZZY
SETS




Concurrent Neuro-Fuzzy System

* where the two techniques are applied after
onhe another as pre- or post-processing
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Hybrid Neuro-Fuzzy System

» fuzzy system being represented as a network
structure, making it possible to take advantage
of learning algorithm inherited from ANNS



Hybrid Neuro-Ruzzy architectures

* Fuzzy Adaptive Learning Gontrol Network

« Adaptive Network based Fuzzy Inference
System (ANHS

» (eneralized Approximate Reasoning based

Intelligence Gontrol (GARIO




* Neuronal Fuzzy Controller (N N)

* Fuzzy Inference and Neural Network in Fuzzy
Inference Software (HNEST)

» Fuzzy Net (FUN)



o SIf Gonstructing Neural Fuzzy Inference
Network (SONHN)

* Fuzzy Neural Network (NFN)

* Dynamic/ Bvolving Fuzzy Neural Network
(EFUNN and dmBUNN)



Fuzzy Neurons

* FRuzzy model of artificial neuron can be constructed by using
fuzzy operations at single neuron level

y= g(w .X)




Fuzzy Neurons

y = g(w .x)

| . » =y U

y = d(A(w ,x))

* Instead of weighted sum of inputs, more general
aggregation function is used
* Ruzzy union, fuzzy intersection and, more generally, s-

norms and t-norms can be used as an aggregation
function for the weighted input to an artificial neuron



OR Fuzzy Neuron

'q-‘lfa -
w OR:[0,1]x[0,1]"->[0,1
% [0,1]1x[0,1]"->[0,1]
OH/ >y
ot
— y=OR(x; AND w,, X, AND W, ... X, AND w,,)

 Transfer function gislinear

e If w,=0thenw, AND x =0 while if w,=1 then w, AND
X, = %, Independent of x,



AND Fuzzy Neuron

‘*?o% AND:[0,1]x[0,1]"->[0,1]

\%\!‘
f AND —>y
y=AND(x; OR w,, X, OR w,, ... X, OR w,))

 Inthe generalized forms based on t-norms,
operators other than min and max can be used such
as algebraic and bounded products and sums




OR / AND Fuzzy Neuron

Generalization of the above simple fuzzy
neurons

This structure can produce a spectrum of intermediate behaviors
that can be modified in order to suit a given problem

If c, =0 and ¢, =1 the system reducesitself to pure AND neuron

If c,=1 and c,=0the behavior correspondsto that of a pure OR
neuron



The ANFIS System

Adaptive Network-based Fuzzy Inference System

Neuro-fuzzy system that can identify parameters by using supervised
learning methods

Sugeno-type fuzzy system with learning capabilities

First order model
IF z is A]_ AND Y 18 Bﬂ THEN fl =mz+q1y+r
IF z is Ay AND y is B THEN fo =paz + @y + 12

The reasoning mechanismn for this model is:

o + —
f= 11 + wafa .
W T W

Nodes have the same function for a given layer but are different from
one layer to the next



ANFIS System

IF z is A AND yis Bs THEN fi =z +qy+1r1
IF = ir Ay AND y ia B THEN fa = sz + goy + 12

The reasoning mechanism for this model is:

f_w1f1+wzf2=_ .
wy + W

iy + wa.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5



ANFIS System

Learning algorithm isa hybrid supervised method based on
gradient descent and Least-squares

Forward phase: signalstravel up to layer 4 and the relevant
parametersare fitted by least squares

Backward phase: the error signalstravel backward and the
premise parameters are updated as in backpropagation

Fuzzy toolbox Matlab

Mackey-Glass prediction / excellent non-linear fitting and
generalization / less parameters and training time is
comparable with ANN methods



ANFIS System

« 3nce awide class of fuzzy controllers can be
transformed into equivalent adaptive networks,
ANHScan be used for building intelligent
controllersthat is, controllersthat can reason with
simple fuzzy inference and that are able to learn
from experience in the ANN style



Thanks for your attention!
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The reason to represent a fuzzy system in terms of a neural network is to
utilize the learning capability of neural networks to improve performance,
such as adaptation of fuzzy systems.

ANFIS

known as adaptive neuro-fuzzy inference systems or adaptive network
fuzzy inference systems, were proposed by Jang

similar structures were also proposed independently by Lin and Lee and
Wang and Mendel



a simple example

a fuzzy rule base Sugeno-Takagi model consisting of only two rules

R1. If x1isAl and x2 is B1 theny = f1 (x)
R2. If x1isA2 and x2 is B2 theny = {2 (x)

where Ai and Bi are fuzzy sets and
f1 (x) =z11x1+z12 x2 +z13
f2 (X) = 221 x1 + 222 x2 + 223

the inference mechanism will produce the output:

_ Ai(w1) By (w2) f1 (x) + A (1) Ba (#2) fo (x)
Aq (1) By (22) + Az (1) Ba (22)

-



A fuzzy-neural network for implementing the previous model:
Al

%4 <
A3
5y

X3 <
5y

oLt CIutout
Laver 0 Laverd Laver 2 Laver3 Laverd Laver

The output of Layer 1is:(011,012,013,014) = (Al (x1),A2 (x1),B1 (x2),B2 (x2))

where the membership functions Ai, Bi, 1 = 1, 2, are specified in some
parametric way from a family of membership functions, such as
triangular or Gaussian.



2
oLt CIutout
Laver 0 Laverd Laver 2 Laver3 Laverd Laver

The output of Layer 2is: (021,022) = (A1(x1) B1(x2),A2(x1) B2(x2))

The output of Layer 3is :

" {}2] O‘?? )
O, 035) = ( s
(O31 T}] \{jg] + {]22 GEI + GEE

= ( Ay (x1)By(x2) Aa(xz;)Ba(x2) )

Aj(z1)Bil(za)+As(x1)Ba(xa)’ Ai(x1)Bi(xa)+Aa(zi)Ba(xa)

-




el
oLt CIutout
Laver Layer’d Layver 2 Layer3 Layerd Layer
The fuzzy neurons in Layer 4 output the values:
(O041.042) = (O31f1.032f2)
_ ([-41[-131331[1‘2 (z11T1+2z197T9+2137) [--12i$1:|53f.$231i321$1+3225‘:2+3233x]
T Aj(x1)By(xa)+As(x1)Ba(za) ; Aj(z1)B1(x2)+A2{x1 ) Ba(xa)

the output layer calculates the control action by summing:

i
i

[=u]

_ (Aa(x)Balza) ) (zaazitziaxatzig)+(As(xy ) Balzxa)) (22121 +200 79 +29
Yy =0u +0pn= A1 (x1)Bilz2)+Az2(x1)Ba(x2)




ANFIS learning algorithm

In the ANFIS structure, the parameters of the premises and consequents
play the role of weights.

the shape of the membership functions used in the “if” part of the rules
Is specified and the function is determined by a finite number of
parameters, these parameters are called premise parameters

The parameters in the “then” part of the rules are referred to as
consequent parameters

The ANFIS learning algorithm consists of adjusting the above set of
parameters from sample data.



This tuning task of membership functions, can be viewed as an

optimization problem; neural networks offer a possibility to solve this
problem.

A standard approach is to assume a certain shape for the
membership functions so that the membership functions depend on
parameters that can be learned by a neural network.

Suppose an unknown function, or control law, to be realized by a
fuzzy inference system is known only through the training set

R™ and y* € R

To model the unknown function, we use fuzzy “if”... Then. ... Rules of
the following type:

=1

T Lk cooAm _ N Pk
Ri:lfxy1s A; and ... and @, 158 A theny =} ., zjz; +



: it g e T ;
R; - Hz¥is Al and ... and z* is A" then y = Ej=1 73 ’Jf 4 z;

Suppose the fuzzy AND of each rule is implemented by the product, so
that the antecedent of the ith rule is given by:

i
k (k)
a; = [[ A (=5)

i

the output of the fuzzy system:

r = bt

D ﬂf (\_‘?.'“ :-'?:::_’!;-c + ,f'} Yo (1_[” 1-‘1}? {jf:?) (\_”'t fjj T '-”?]

Ol!f £ i=1 _'._-_iI='|_ i 4 £ =1 J= _-'x_.-_i|='|_ ]
—— \_‘ﬁl Fi: PR m n 7 k)
£ ai=1 % L g1 j=1 '_l'if l"ij :'

define the measure of error for the kth training pattern as:

| —
E* = (OF =g}’
2 1 ;
Standard neural network learning methods are used to learn

zj;1,]=0,1,..n,in the consequent part of the fuzzy rule Ri.



a simplified example

Consider two fuzzy rules, with one input variable x and one output
variable y, of the form:

R1: If xis Al then y=121
R2: If xis A2 then y =122

where the fuzzy sets Al and A2 have sigmoid membership
functions defined by:

1
14 ebi(x—a1)

1

1 4 gb2(z—aa2)
1

A {1] ==

As(x) =

Then al, a2, bl, and b2 are the parameter set for the premises,
and the antecedent of the rule Ri is simply the value of the
membership function Ai (X).



The output O(x) of the system, computed by the discrete center-of-
gravity defuzzification method, is:

Aq(x)zy + Asla):
:i-[ |:L'L‘:I -+ :lglfi‘}

B )

ra

O (z) =

Given a training set {(='.3').. .. (% %)}

we want to learn the parameters al, a2, bl, and b2 of the sigmoid
membership functions, and the values z1 and z2 of the consequent
parts.

The measure of error for the kth training pair is defined as:

; ; ' I .
EL’ = Ek[t’t].b].{'{g_bg_ z1,29) = E [_{)klf{'{j_b-[.{'{g. ba 2y .'_g} = y‘kj'l

2

The steepest descent method is used to learn zi in the consequent
part of the ith fuzzy rule, and the shape parameters of the
membership functions Al and A2.



dE* A;(z*)

Z — 5 ol — z:(1) — P LA
'tl.{f_i_]') E( } Ji a:é 'E{. ] Y [{ Y ‘_]_‘_11{‘1__}":}_'_:12{3:&}
SE*
ai(t+1) = ai(t) —n=
aﬂi
IE*
Eli'li?.l -|—1] = E?;,_:[{f} =0
ﬂ"bé

where n > 0 is the learning constant and t indexes the number of
adjustments of zi , ai ,and bi.

Assuming further that al=a2=a and bl=-b2=D.
Thus, AL(x) + A2(x) = 1.

z(t+1) = z(t) —n(0* —y*) Ai(zF)
a(t+1) = a(t) —n (0% =) (21 — 22) bA;1 (=) As(=")

| 25 Sk ) [ ;g
bt4+1) = bt)+7 la ][G‘!”—yk){n—:.'2]I[n:k—ﬂ]:h{,rk}_{g[r‘;”j

b



z(t+1) = z(d)-— r;'a = z(t) — n (OF — y*) A;i(2")
k
a(t+1) = a(t)—n &Eaf )
B JE* (a.b)
bt+1) = b(t)—n %
where
e ok -
@D (0 =) 2 = (0" — ) 2 (sl + 22 2(a"))
— {.Ok—y‘]j{ "-1.1( ]—|— 3[1—’11( )}}
= (0* —4") 'lf1— E}A1(’f)+ 2)

3
da
- (- 42
Eb{:ﬂk—a}l
(1+ ebl=—a))?

= (OF —y*) (21 — 22) bA1 (=) (1 — A1(=F))
= (0% —y*) (21 — 22) bA; (zF) Aa (%)

= (OF —yF) (21— 22) b



and similarly

dE (a.b) -
b B

— (0% — %) (21 — 22) (2" — @) A1(2F)A2(=F)

In system identification for indirect neural control, or in direct neural
control where we seek to model the control law as a neural network, we
are modeling an input-output relationship, that is, approximating some
function y = f (x) from the data expressed as a set of fuzzy rules. An
appropriate structure of ANFIS is chosen for the approximation problem,
guided by a theorem on universal approximation.

However, in real-world applications where the control law is unknown,
these choices belong to engineering skill.



ANFIS GUI in MATLAB

ANFIS only supports Sugeno-type systems, and these must have the
following properties:

q Be first or zeroth order Sugeno-type systems.

g Have a single output, obtained using weighted average
defuzzification. All output membership functions must be the same
type and either be linear or constant.

g Have no rule sharing. Different rules cannot share the same
output membership function, namely the number of output
membership functions must be equal to the number of rules.

q Have unity weight for each rule.



ANFIS GUI in MATLAB -- example

In this example, we use ANFIS to approximate a function that we know
(but pretend not to know).

We take for our “unknown” function,

B Anfis Editor: Untitled
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