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Introduction to Soft Computing and Fuzzy, .

1o play an especially important role in science and enginear
/&I .o may extend much farther. Building human-centered . sn,

.+ scientists and engineers in the new millennium.

Soft N,.E__,__:__m (SC) 1s & concept that was introduced by Zadch (1992 ), the &wooeoi__.
L T 1 3 & ’
I

of fuzzy logic. - ;
Definition ﬂﬁ%:._nss_a____: is an emerging approach to computing which paralle]
. = . .
ﬂﬂﬂ:ﬂ:n ability of human mind to reason and learn in a environment of u
L El

wdimprecision”. ) 27 7\ Jfononce Seft torepty add Hamd S

o The idea behind soft computing is to model cognitive behavior of human mi Soft

£y

computing is foundation of conceptual intelligence in machines. Unlike hard computing
soft computing is tolerant of imprecision, uncertainty, partial truth, and approximation,

]

» Hard computing requires a precisely stated analytical model and often a lot of

computation time. Many analytical models are valid for ideal cases.

* Soft computing is a collection of methodologies that aim to exploit the tolerance |

imprecision and uncertainty to achieve tractability, robustness, and low solution cost.
* Soft computing is not precisely defined. It consists of distinet concepts and tec
which aim to overcome the difficultics encountered in real world problems. Thes
problems result from the fact that our world seems 10 be imprecise, uncertain :
difficult 1o categorize,
¢ The basic methods included in cognitive

: computing are fuzzy logic, neural networks
penetic algorithms,

the methods which do not derive from classical theories. .
* Soft ( omputing combines knowle

dge, techniques, and methodologies from the s
above (o greate

intelligent systems,

L .::... aui i ineiple of i
ne g .am__m Un.__._”_—u_r of v,_.,,._..ﬁ n..:._,__u:—:.mm, uv . —..,.R—u-:m— ——_—ﬂ u_.u_ﬁ__.—ﬂ_—_nﬂ m _
uneertam ¥s _E.H:m trut 1 m:n_ i i 9 .
. ] mﬁvﬂozuﬂdm—._ﬂwa 1o ac ‘ﬂfﬂ rac Dmu. .uu_ &
wﬁ_z_:u: Cosl, _: ; : _u— . _ n
L] ﬁC: r.—u__._uﬁ.-._.—m:m.. :5&.— i1 { n, so user can | _E
RIS E_.—_u_u_: :.—:nmﬂ SV i i i i .
e svm : > .
, i _:._ . ) q.u..v_:.. :._mn.—u—v:_m__c ) -

complements v o) al arti
H -0 i is
ard cc —_._._u_._—___m 15 also called as nn.z.__e_ﬁ::c:ﬂ_
. com

J:m_v,_ ical mode| and often g Joy of Computation ti
for ideal cases. Req| world pro

puting. It requires a precisely §

Soft Computing 1-3 Introduction to Soft Compuiting and £

Unique Property of soft computing
e Learning from experimental data.
¢ Soft computing techniques derive their power of generalization from approximating |
interpolating to produce outputs from previously unseen inputs by using outputs
previous learned inputs.
* Generalization is usually done in a high-dimensional space.
Goal of soft computing
e It is a new multidisciplinary field, to construct a new generation of Artificial
Intelligence, known as Computational Intelligence.

e The main goal is to develop intelligent machines to provide solutions to real world
problems. which are not modeled or too difficult to model mathematically.

e lts aim is to develop the tolerance for Approximation, Uncertainty, Imprecision, and
Partial Truth in order to achieve close resemblance with human like decision making,

EEEN Characterize the Constituents of Soft Computing @™

I. One of the characteristics of soft computing methods is that they are typically used in s
problems where mathematical models are not available or are intractable or too
cumbersome to be viable, ) .___

2. Another characteristic is that uncertainty inherent in many situations g&ﬂﬁ:&#
taken into account rather than ignored. o e

Soft computing often provides a good solution as opposed to an optimal so

4. Soft computing uses human concept like if-then rules, cases and .

knowledge representations, g

5. Biologically inspired computing models (NN), 1

6. New optimization techniques are applied by soft computi

7

8

o~ i

-

Tad

- Model free learning : Models are constructed based on the tar

. New application domains : |

processing, adaptive control, nonlinear sy
9. Fault tolerance: Deletion of a neuron
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. A Was tim
g . 1echniques can tolerate imprecision, uncertainty and partial truth to
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e-consuming solutions are provided by soft computing,

sachine intelligent quotient.

It provides good solutions

4. It uses human conoopl

Weakness :
1. 1t requires extensive computation.
Soft computing does not perform much symbolic manipulation.

-

h

Soft computing

is not precisely defined.

Difference between Hard Computing and Soft Computing

Hard computing

1.

It uses binary logic.

2. Itis based on numerical analysis.

3. Crispsysiem is used in hard computing.
4. Rhuiakes help of differential equations.
5. Approximation theory.

6.  Functionsl analysis,

E®] constituents of Soft Computing

* The principal constituents, i.¢., tols, techniques, of Soft Computing (SC) are mg
Logic (FL), Neural Networks (NN). Support Vector Machines (SVM), E
omputation (EC), and Machine Tearning (ML) and Probabilistic Reasoning (PR).

|||.|-|’..'||.|||.|.I.I.|||I|IIIIIII

1-4 . ———s
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e Fuzzy theory plays a leading role in soft computing and this stems from the f

EEXN Fuzzy Logic wm

e Fuzzy Logic (FL) is a multivalued logic, that allows intermediate values to be defi

human reasoning is not crisp and admits degrees.

between conventional evaluations like true/false, yes/no, high/low, ete.

Fuzzy Logic is based on fuzzy set theory and provides methods for modeling and
reasoning under uncertainty, a characteristic present in many problems, which makes FL

a valuable approach, .
It allows data to be represented in intuitive linguistic categories instead of using precise
(crisp) numbers which might not be known, necessary or in general may be too
restrictive.,

Fuzzy logic offers a practical way for designing nonlinear control systems. It achieves
nonlinearly through piece-wise linear approximation. The basic building blocks of a
fuzzy logical control system are set of fuzzy if-then (i.e., fuzzy rule based models) that
approximate a functional mapping.

Fuzzy _ow_n uaosnnm an 5?3_.50 morphology that enables

logic provides a mathematical strength to capture the uncertainties
human cognitive processes, such as thinking and reasoning.
Fuzzy systems are suitable for uncertain or approximate reasoning. es
system with a mathematical model that is difficult to derive. il
Fuzzy logic allows decision making with estimated values
uncertain information. .

Fuzzy logic is viewed as a formal r .
uncertainty. Uncertainty is crucial for the management
park your car precisely in one place, it would not b

say, 10 cm tolerances, " iy
The presence of

slrmtin

bt N
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s theory of natural, eV olution. In the natyey
onment a_c oft, while those well.

arwin

{yte inspired by D

Jat are poorly suited for an n envir

duals for good candidates. The chance of

15 search the space of indivi
amount by which its fitness jg

o Genetic algorithi
portional to the

an individual's being selected is pro
ter or less than its com
ally a method for moving H

opulation using s¢ lection togethe

?:E? fitness.
rom one population of chromosomes to a new

r with the genetic inspired operators of

gred
e It is basic

generated p

crossover, mutation and inversion.

e It is basically a search technique that will map data for the problems where no _umn_ou_ﬂ.

formula can be implemented.

o Genetic algorithms are broadly applicable and have the advantage that they require little

knowledge encoded in the system.
EEXE] Neural Networks

« Neural networks consists of many number of simple elements (neurons) conneci
hetween them in system. Whole system is able to solve of complex tasks and to learn for

it like a natural brain.

e For user NN is black box with Input vector (source data) and Output vector (result).

. >_ Neural network is usually structured into an input layer of neurons, one or B&«a_
hidden layers and one output layer. . }

* Neurons belonging to adjacent layers are usually fully connected and the various types :
and architectures are identified both by the different topologies adopted for: the H_
connections as well by the choice of the activation function ,_v

e The values of the functions associated with the connections are called “weights”.

o Th
aas ”__MH game of using NNs is in the fact that, in order for the network to ¥
appropriate outputs for given input. the weight must be set to suitable values. dﬂé& -

thi
is is obtained allows a further distinction among modes of operations. BC

* A neural network proce
design was SM_:M “ b ssing device. either an algorithm or actual hardware, whose
€d by the design and functioning of human brains and compon

* Most neural orks hav
co networks have some sort of “training” rule wh th ights 0 §
nnections are adjusted on the basis of presented patt erehy e A
erns.

TE
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$ _.5.

EEXA Probabilistic Reasoning

Computing

Introduction to Soft Computing and

1-7

In other words, neural networks “learn” from examples, just like children |
recognize dogs from examples of dogs, and exhibit some structural capability

generalization.
Neural networks normally have great potential for parallelism, since the computations

the components are independent of each other.

Neural networks are a different paradigm for computing :

|. Vone neumann machines are based on the processing/memory abstraction of human

information processing.
etworks are based on the parallel architecture of animal brains.

2. Neural n
rocessor computer system, with

Neural networks are a form of multip
a. Simple processing elements b. A high degree of interconnection

¢. Simple scalar messages d. Adaptive interaction between elements

Uncertainty is described 5 probabilities. Probability may be use for simulation of

fuzziness
Relations between events are described as conditional probabilities (Bayesian 53& or

probabilities of transition probabilities (Markovian process).
For example, action of system may be described as graph of states -

Sy By S B Pu
Hard computing deals with precise models where mﬁﬁsﬂ
quickly. On the other hand, soft computing deals with appr

solution to complex problems.
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applied to many real- world problems. Applicationg
cognition, quality assurance and industrig|
ssing, credit rating, adaptive process

a%?:&

.m%:_?; have been

ANRA can
\ N .rwufvﬂﬁr a.._.arr

=5 NN _ ﬁ.ﬁ_&w{. A_.r/..l:zr. .
NN mmm. > .w_.x_.z. 2 | natural language understanding, e1c.
NS ion areas aré programming languages, user friendly application
e 31 iew appical arcaas ©
A database management, fault diagnostics and information

interfaces, computer netw orks,

unr.c:,.a elc.

adaptations, soft computing requires extensive computation. In this

e For learning and X  intelli
¢. soft computing shares the same characteristics as computational mitelligence,
orm much symbolic manipulation, so user can view it as a

o Soft computing does not perf( manip :
that complements conventional artificial intelligence approaches and vice

sens

new discipline

versa.

Sr. Neo. Digital Computers
. Deductive reasoning : We apply known
rules 1o input data 1o produce output.

b

Computation is centralized. synchronous
and serial.

3. Memory is packetted. literally stored and
location addressable.

4. Not fault tolerant. One transistor goes and
it no longer works,

5, Fast, Measured in millionths of a second.

Exact.

5
=

6.

7 Static connectivity.

8. Applicable if well defined rules with
precise input data.

Why Use Neural Networks ? . - s "I .
1. Ability to learn

a. NN's :mﬁn out how to perform their function on their own.
b. Determine their function based only upon sample inputs

TECHNICAL PUBLICATIONS® . 5, up-thrust for knowisdge

S m__._

EE] Introduction and Characteristics of Fuzzy Logic

Essential characteristics of fuzzy _o%.w :

Computing 1-8

Introduction to Soft Computing and Fuzzy

2. Ability to generalize i.e. produce reasonable outputs for inputs, it has not been ta

how to deal with,

Fuzzy set theory was developed by Lotfi A. Zadeh, professor for computer science at th
University of California in Berkeley, to provide a mathematical tool for dealing with the
concepts used in natural language.

Fuzzy logic is not logic that is fuzzy, but logic that is used to describe fuzziness. Fuzzy
logic is the theory of fuzzy sets, sets that calibrate vagueness.

Fuzzy Logic is basically a multi-valued logic that allows intermediate values to be
defined between conventional evaluations. Fuzzy logic is a form of many-valued logic
in which the truth values of variables may be any real number between 0 and 1.
Fuzzy logic is an extension of Boolean logic used to deseribe environments where there
is no absolute truth and there is uncertainty.

Fuzzy logic was specifically designed to mathematically represent uncertainty and
vagueness and to provide formalized tools for dealing with the imprecision intrinsic to
many problems.

Fuzzy logic provides an inference morphology that enables approximate human
reasoning capabilities to be applied to knowledge-based systems. The theory of fuzzy
logic provides a mathematical strength to capture the uncertainties associated with
human cognitive processes, such as thinking and reasoning. ' ‘
Fuzzy mwm_ﬁam are _Eni.gm?g or rule-based :

multi- osmnao_ wn or io_.wmaaou.wﬁmn_ &—B nom:ﬁ_mun and
The conventional approaches to knowledge re
representation the meaning of fuzzy nonanvw. ..Pm

on first order logic and classical probability
conceptual framework for dealing with the
since such knowledge is by its nature both le

1. In fuzzy logic, exact reasoning is vie
2. Everything is a matter of degree in fi
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= e e

_.,.,.,2_& a collection of elastic or, ...r___?..__q__:u.. fuzzy constraint on g
arjfibles.
4 as a process of propagation of elastic constraints.

term can be fuzzified.
_.. K 1 uitable for uncertain or ;—65/.:52 reasoning, especially for the
LTy S\Vsle L

5 .ﬂma with a mathematical model that is difficult to derive. Fuzzy logic allows decision
making with estimated values under incomplete or uncertain information.
gs admit of degrees. For example,

e Fuzzy logic is based on the idea that all thin
temperature. height, speed. distance and beauty all come on a sliding scale. The motor is

running reafly hot. Ram is a very tall guy.

What is fuzziness ?
o For example, if pressure takes values between 0 and 50, one might label the range 20 to

30 as medium pressure.

e Medium is known as a linguistic variable. Therefore, with Boolean logic 15.0 (or even
19.09) is not a member of the medium pressure range. As soon as the pressure equals
20, then it becomes a member.

e Fuzziness is not vague and Multi-valued logic.

+ Fuzzy logic may be considered as an extension of multi-valued logic but they are
somewhat different. Multi-valued logic is still based on exact reasoning whereas fuzzy

logic is approximate reasoning.
EEX] Difference between Boolean Algebra and Fuzzy Logic

A system of logic that is based on Boolean
algebra, named afier George Boole. It

Fuzzy logic
It is very easy to extend Boolean |
into multi-valued logic. Unlike Bo
logic, fuzzy logic is multi-valued

‘false’. : handles the concept of partial truth.
. mo.ﬂn&w_mw.mﬁnnw>ow.23.?#&ﬂ Something can be part of A and ﬁﬂgaﬁ_
not be A and 28...9 at the E.Rn!« Not-A at the same time.
It ana not 53&« human thin very  Mimics human thinking and de
muon | . _ verywell
YESorNOLogic(@orl) Fuzzysets

TECHNIGAL PUBLICATIONS® . an un thrust for knowledge
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I Fuzzy Sets

[1.5] Fuzzy Membership Functions
e Membership Function (MF) is a curve EE defines how each —uo.n.n B J.V

Introduction to Soft Computing and Fuzzy

A fuzzy set is a collection of objects with graded membership.
Two examples of “Sets”

I All employees of XYZ who are over 1.8 meter in height.
2. All employees of XYZ who are tall.

The first example is a classical set, we have a universe (all XYZ employees) and a

membership rule that divides the universe into members (those over 1.8 m) and
nonmembers.

The second example is a fuzzy set, some employees are definitely in the set and some
are definitely not in the set, but some are “borderline™. This distinctions between the
“ins”, the “outs”, and the “borderlines” is made more exact by the membership function,
HA(X).

UA(x) : If we return to our second example and let A represent the fuzzy set of all tall
employees and x represent a member of the universe X (i.e. all employees), what would
the function pA(x) look like ?

MA(x) = 1 if x is definitely tall
HA(X)
0 <pA(x) <1 for borderline cases

I

0 if x is definitely not tall

i.e. anyone over 2.0 m is definitely tall, anyone under 1.75 m is definitely not tall and
anyone between 1.75 m and 2.0 m is partly tall and partly not tall. >

=

mapped to a membership value (or degree of membership) betw: 0and
space is sometimes referred to as the universe of discourse. Ftiisn
Ha(x).
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function is defined by three properties :

5 3 3. Boundary
.wm“:. 3‘_:_. of universe is characterized by full membership in the set A then

\ f/ .\a:.rr\.x: core of the membership function of fuzzy at A. The elements which
b w _Sx___: membership function as 1 are the elements of the core. Here

pax) =
2. Support : If the region of universe is characterized by nonzero membership in the set
A. This defines the support of a membership function for fuzzy set A. The support

has the elements whose membership is greater than 0.
y(x) > 1

3. Boundary : If the region of universe has a nonzero membership but not full
membership, this defines the boundary of a membership: this define the boundary of

a membership function for fuzzy set A, The boundary has the elements whose
membership is between 0 and 1.
0 < p <l

Normal fuzzy set : A fuzzy set A is normal if its maximal degree of membership is
unity, i.e.. there must exist at least one x for which p,(x) = 1. On the other hand, non-
normal fuzzy sets have maximum degree of membership less than one. Fig. 3.6.2 shows
normal fuzzy set.
The height of a fuzzy set is the largest membership degree among all elements of the
universe. Fuzzy sets whose height equals one for at least one element x in the domain X
are called normal fuzzy sets. The height of sub-normal fuzzy sets is thus smaller than
one for all elements in the domain,

Degree of
membership

2

Universe of nxﬂoo:aa
Fig. 1.5.2 Normal fuzzy set

TECHNICAL PUBLICATIONS® - an up-thrust for knowledg

i

Various types of :.o:..cm_.o:_v «::o:nan

EEE] Membership Function of One Dimension

l. S- ,._a_uoa function

2. Trapezoidal membership function

3. Gaussian membership function

4. Exponential - like function

5. Triangular membership function
e Fig. 1.5.3 shows various shapes of membership function.
"
Triangular Bell-shaped

Trapezoidal ‘Singleton

Fig. 1.5.3 Various shapes of membership function

e Following criteria are valid for all membership functions :
1. The membership function must be a real valued function whose values are between
0and 1.
2. The membership values should be | at the center of the set. i.e., for those 1
that definitely belong to the set.

3. The membership function should fall off in an _appropriate way from _&u
through the boundary.

4. The points with membership value 0.5 (crossover point) should be

be represented by the crossover points.

s Here we will consider member function with mﬁm_@. input. Fig.
four classes of parameterized MF,
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{b) Trapezoidal MF

=

=
o

o

Membership grades

0 o 20 40 60 80 100

(d) Generalized Bell MF

(c) Gaussian MF

At

Membership grades
S
Membership grades
s &

20 40 60 80 100

o

1] 20 40 60 B8O 100
Fig. 1.5.4 1

s A triangular MF is specified by three parameters {a. b, c} as follows :

0 x=<a

W a<x<b

C

W

triangle (x:a. b, c) =

wom

bsx<c¢

o

o

0 cCEX

« By using min and max, we have an alternative expression for the preceding equation :

s - (255 )0)
Trimf (x; a, b, ¢) = max | min Beato=hit

e The parameters {a, b, ¢} determine the x coordinates of the three corners of the
underlying triangular MF.
* A trapezoidal MF is specified by four parameters {a, b, ¢, d} as follows :

0 x=<a
X—4a
== gl

=
o

Trapezoid (x; a, b, ¢, d) = bsx<e

a.

e c<x<d

—¢
d=<x

-

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge

EEFE] Membership Function of Two Dimension

Soft Computing 1-15 Introduction to Soft Computing and Fuzzy Lt

* By using min and max. rewrite the equation :

trapmf (x:a. b, ¢, d) = Bmkha_.bﬁwu“u 1 Muwu.ow

e The parameters {a, b, c. d} determine the x coordinates of the four comers of the
underlying trapezoidal MF,
s A Gaussian MF is specified by two parameters {c. c};

1 ,x—eN?
=1 ==
gaussmf (x; ¢, 0) = e -A % v

* Generalized bell MF (or bell MF) is specified by three parameters {a. b, ¢} ;

1
x—C
b

ghellmf(x:a, b.c) =

1 2b

[+

Where parameters b is usually positive.
e A sigmoidal MF is defined by
1

sigmf(x:a, b,¢c) = %Tl&

Where a controls the slope at the crossaver point x = ¢.

» Gaussian MFs and bell MFs achieve smoothness, they are unable to specify asyn
Mfs which are important in many applications.

* A sigmoidal MF is inherently open right or lefl and thus. it is a
representing concepts such as “‘very large” or “very negative™.

¢ Sigmoidal MF mostly used as activation function of artificial Neural Ne
NN should synthesize a close MF in order to simulate the _unrnﬂ - of
system.

3

* In this case, there are two inputs assigned to an MF : This
A one input MF is called ordinary MF.
* Extension of a one-dimensional MF
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Projection of fuzzy sets (Decrease dimension) :

And

respreotiveiy.

.

And

1-16 Introduction to Soft Compuling and Fuzzy Logic

,:...a._s,.n:ﬁs_:: fuzzy set

cal extension.

(b) Its cylindrical extension h

(a) Base set A

Fig. 1.5.5

Let R be & two-dimensional fuzzy set on X*Y. Then the projections of R onto Xand Y

are defined as :

= It i (. W] | X

X I

Ry = [[max ey
Y

X

T dismensional MF falls into two categories : Composite and non-composite MFs.

If an M of two dimensions can be expressed as an analytic expression of two zmm..a.m
one ditmension. then it is composite: otherwise it is noncomposite.

Suppesse that the fuzzy A ="(x, y) is near (3, 4)” is defined by :

:..f_,uﬁﬁ T J g i

o () ol (54

= G{x:3,2)* G(y: 4, 1)

i

This two-dimensional MF is composite, The fuzzy set A is composed of tWO
statements .-
sy js near 37 and *¥ is near 47
These two statements arc respectively defined as :
IOV (o G (x:3,2)
T Qc:n G(x:4.1)

TECHNICAL PUBLICATIONS® - an up-thust for knowladge
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o |f a fuzzy set is defined by :
|

e e e L]

Wy (X, ¥) T+ k-3 ly—4]

it is non-composite.

» A composite two-dimensional MF is usually the result of two statements joined by the
AND or OR connectives.

e Composite two-dimensional based on min and max operations.

o Let trap(x) = trapezoid (x; -6, -2, 2, 6)

trap(y) = trapezoid (y: 6. -2, 2, 6)

be two trapezoidal on X and Y respectively

e By applying the min and max operators, we obtain two-dimensional on X*Y.

e When the min operator is used to aggregate one dimensional MF's | the resulting two-
dimensional MF can be viewed either as the result of applying classical fuzzy MF or as
a Cartesian product of two one-dimensional fuzzy sets,

EX3 Operations on Fuzzy Sets

 Union, intersection, and complement are the most basic operations on classical sets. On
the basis of these three operations, a number of identities can be %&
Corresponding to the ordinary set operations of union, intersection, and comple :
fuzzy sets have similar operations.
1. Containment or subset : Fuzzy set A is contained in fuzzy set B (or. equivalentl
A is a subset of B. or A is smaller than or equal to B. A € B) if and only wmﬁﬂf.._
Hu(x) for all x. '

AcBoep <y
A is contained in B
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— A OR B, whose MF is related to those of A and B by
L My (X))
C = AUB & (x)=max (U, (x). P(x)) = Ha(x) v Lp(X)

~.L .—m,mmnv&_c: (conjunction) : The intersection of two fuzzy sets A and B is a fuzzy

,.&\w written as C = A N B or C = A AND B, whose MF is related to those of A and

B by (%) = min(i,(x), Hy(X)).
C = AnB & u.()=min (1,(x). Hx(X) = () A KX

4. Complement (negation) : The complement of fuzzy set A, denoted by A or NOT A,
is defined as p(x) = | — 1, (x).

5. Cartesian product and co-product : Let A and B be the fuzzy sets in X and Y
respectively. The cartesion product of A and B denoted by A x B, is a fuzzy set in the
product space X X Y with the membership function

My s (% ¥) = min(p,(x). 14(X)).

Cartesian co-product A + B is a fuzzy set with the membership function
i, g (% y) = max(i,(x). Ky(x)-

Fig. 1.6.2 shows the basic three operation on two fuzzy set A and B.

a) Fuzzy sets Aand B b) Fuzzy set "not A"

IO

c) Fuzzy set "A OR B"

d) Fuzzy sets "A and B"

0§ 05

0 0

Fig. 1.6.2 Operation on fuzzy sets
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i Example A.m.gﬁ?ﬁ.\g%ﬁ&%w .
S . JfLes vd 42 0.5 07 02 04
R BB s d

Perform the following operating on fuzzy sets

Introduction to Soft Computing and Fuzzy Logic

£ AwB i)ANE ..
iii)  Component of fuzzy sei A s
) Difference ﬁmu

v} Algebraic sum of given fuzzy sets.

vi)  Bounded sum m\. the given fuzzy set.

vii)  Algebraic product of the given fizzy sets.

viii) 4 UB =

) AuB : ._ 3 L iy
Solution : L
i) AUB = W+%+%+.@w|¥
ii) AnB = %+bm|m+ﬂ|u+%

iii) Complement of fuzzy set A : 1 — 1, (x)
05 07 0 _.

iv) Uﬁaﬁﬁ.mmv >

v) Algebraic sum
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YA B ) . ._..Imr+hw|+m.1m+m.|_m: 3) Intersection :
Bl ?w,.c_sna_:_i,*w 3 4 5 xDJ\H.“PM.PmE@.l_mRDM%
f -*E;E4Efﬁv 237467677 8
‘. 0 Q 1 - 5 : 4) Difference
(0.5 035  0.06 _u_uJv -
oduct = TSRS N S XY) = XAY = X— (XA Y)

Introduiction fo Soft Computing and Fuzzy Logic & Soft Computing 1-21 Introduction to Soft Computing and Fuzzy Logie

|?mbmmpwﬁoJ

AUB = 1—max{,(x). be(x) } 2 737475 6 " 7 7 8

viii) : 6
07 03 04 D037 0 R v
- _|*_+.m;+|&|+1ml+n*u+ 374 5 * EEd Fuzzy Relations
. e Relations are the way in which two or more things are connected. In natural language.
ix) AUB = max [,(x). tg(x) ] * relations are kinds of links existing between objects such as “mother of”, “neighbor of”,
_ “part of”, etc
Calculate, B = 1—ip(x) _ E p ool 3
15 b7 09 oA 05 03 08 06 e Mathematically. a relation implies the presence of an association between elements of
= _;IN.1+4+4+%¥ nﬁ-ml+4+-nl+ﬂ_a | different sets (at least two fuzzy sets). Binary relation is a relation between two sets.
ol SR . Tertiary relation is a relation between three sets and n-ary relation is a relation between
AUUB = “W+I%M+q+lm|ﬁ n elements.

e Classical relations are structure that represents the presence or absence of correlation or
interaction among various sets. Two degrees of relationship in a erisp relations :
Completely related and Not related.

* A binary relation is a relation between two sets X and Y denoted by R(X.Y). A binary
fuzzy relation can be expressed as
1. Linguistically, i.e. through statement
2. By listing the set of all ordered pairs

3. Directed graph
4. Matrix relation R

PPN R onsider two fitzzy sets X and ¥, find Complement, Union, Intersection,

Difference : JN
Eﬁfﬁﬁﬁﬁﬁ_
X = 30475267728

*au 0.8 0.6 08 02 0.2 oww

iR S R e el
Solution :

1) Complement :

0.5 0.6 0.9 09 0.7 03 0.2 5. Table
X =133 425778 _
* A fuzzy relation is based on the philosophy that everything i
Sety = “.ﬁ% % bmlm cﬂm % bwﬁ unrelated. Unlike crisp relations, the strength of the B_naauwaﬁoon

universes is not measured with the characteristic ?:nneu. but r
function expression expressing various mam_.no of strength
interval [0,1].
¢ Crisp relations and fuzzy relations can _uonwaaam
* A binary fuzzy relation is a fuzzy relation b
R(X,Y). A binary fuzzy relation oﬁ.ﬂouga&&

2) Untion :

05 08 06 08 03 0.7 0.8
XUY = +,.|l|...,||.||
) M W—#.Mn@‘ﬂ.W*

TECHNICAL PUBLICATIONS® - an up-thrust for knowtedge
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o This can be expressed as follow :

00 0002 . 027,033
R=40 0 009 017 023
5LO 0 0 0.08 0.14
form) 3 4 § 6 7
_,\uv.a: be two universes of dissourse, then .
o LetX (XY} e [Fuzzy relation example :
R = {((xy:Hg ()| (X ¥)E X
C ifo o011 02 027 033
is 2 binary fuzzy relation in XX Y. * R = M M 0 0.09, 90.17 023
o Fuzzy relations represents the strength of association between elements of the two sets 0 0 008 0.14 :
Example : R = “x is considerably larger than y" A : S ¥
R(X.Y) = Relation between sets X and Y  This matrix represents the membership grades between elements in X and Y
T e e, tx? ¥) = {[0/(3. 3)), [0.1 143, )], [02/(3. 5], weuvvmeennnrnnny me _tﬁ )
ROLY) = [Rxy)/ () (x y) e XxY)}
0 forx<y
R(x.¥) = | x=Y)(10-y) fory<x<lly
1 forx> 11y

e Let X=Y =R+ and R ="y is much greater than X . The member function of the fuzzy

relation R can be subjectively defined as 02 027 e
y— _ AXB = RBem=% 03,05 |livus o siliieos ;
g ify -x Loz o9l ¥ s &
Holx, ¥) = X+y+2 iy < S5 Ol rvint 9w hos goan]
0 LD EILS ; '

%v ang) i ucgﬁnr..b

iyl

R (x,y)

X<y X1y

Fig. 1.7.1

. ﬁwzsn_g:a?gﬁutl.ranum.n.m 6.7}

;?su?;ﬁ:é ify>x
ify<x
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! o e strength of the existenes
osition can be interpreted as indicating the g nce

+ the elements of X and Z.

lation matrices, the
v multiplication, except that X and + are replaced by A and <.__
position is also called the max-mijy.

caleulation of R1 O R2 is n__.:oﬂ..

are expressed as re

For this reason, the max-min com

respectively.

product. __
Max-min based compositional operation
tor is the net effect of applying one relation after another. It Ww

e The composition opera
min as follows. Let P and Q be defined as : !

defined in most application. using max-
[0kt 0.5 i ﬁ 03 06 08 Hh __
o6 091 @7Lo7 05 04 |

Then the relation R can be obtained using max-min compositional operations :

P=

_To02 Q.J Ta 0.6 O.J

R=PoQ =|96 09]°07 05 04
qixz R, _ﬂ_;
L I_Nu_ _NH Ffw

Min-max composition

« Min-max composition is similar to max-min composition with the difference that
roll of max and min are interchanged.

* The Min-Max composition is denoted by R, 0 R, with membership function MR, O R,

Fuzzy sets examples
I. Example of Equality : A=0.3/1 +0.5/2 + /3,
Therefore A =B.

2. Example of Inclusion : Consider X = {1,2,3} and sets A and B

B=03/1+0.5/2+ 1/3.

A = 03/1+052+1/3;
then A is a subset of B,or A C B

3. Example ownn% : Consider X = {1, 2,3} and sets A and B
A= 031+05724+ 13;

B=0.5/1+0.552+1/3

B=0.5/1+05524+1/3

Then card A = 1.8
card B = 2,05
TECHNICAL PUBLICATIONS® - 1 ——————————
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4, Example : Consider X = {1, 2, 3} and fuzzy set A = 0/] + 0/2 + 0/3, then A is empty.
5. Consider two fuzzy subsets of the set X,

X = {a, b, c,d, e } referred to as A and B
A = {1/a, 0.3/b, 0.2/c 0.8/d, 0/e} and B = {0.6/a, 0.9/b, 0.1/c, 0.3/d, 0.2/e}

Solution : i) Support :

supp(A) = {a,b,c.d |
supp(B) = {a,b,c,d e}
ii) Core:
core(A) = {a} i
core(B) = {}
jii) Cardinality :
card(A) = 1+03+02+08+0=23
card(B) = 0.6+0.9+0.1+03+02=2.1 .
iv) Complement :
A = {1/a, 03/b, 0.2/c 0.8/d. O/e}
A = {0/a, 0.7/b, 0.8/c 0.2/d, 1/e} Ay
- ¥) Union : . . Y
Au
vi) Intersection : LWLk _ TN CT
! ANB = {0.6/a,03/b,0.1/c, wuﬁ%#

JURERIR T =1
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X Xy Xy Xy Xy Xg X; Xy
{ |1 300400 6
ﬁ |3 1530000
1 4. 0/¢) l o ) (L MR S (SR ST AR, S S
1/a. 0.00/, 0.04/c, 0.64/d. Oe %|0 301 20.7 5
,m %4 00 210 0 0
%10 0.7 0.0 1 2 0
- - 1
A, = {abhed Ll 06703 1 48
T %[6 05500 8 1
A, = {ad) Since the matrix is symmetric and all entries on the main diagonal are equal to 1, the
A = &) _ relation represented is reflexive, and symmetric therefore it is a compatibility relation.
._. EL e EXJ Fuzzy If-Then Rules
!. »[‘\\\.\;é _ _ . mzﬁw%agamﬁﬁwﬂmoﬁg&nﬁ&o#gggaaﬁgﬂ 1f-Then
. fuzn : E_amﬁgnsﬁﬂngag%?gggﬁlgg
s./”. ‘1. Reflexiviny pexx)=1 logic.
2 Symmetry B (X X)) = B (X X) e A fuzzy if-then rule is also called fuzzy rule. fuzzy implication or fuzzy conditional ..__..._
e — statement. It assume the form )
~ 3. i TERSIIVIT) - i
R - Ifxis A thenyis B 2
B (x x) =4, lvt.»?_lvlw 3
e gna>aawﬂo=nwc_ﬁﬁ§%$§§g§%
where A Zmin{iq, A} xga<uﬂbana<n¢ qh..

« Fuzzy wlerance refation R has reflexivity, symmetry. It can be transformed into a fuzz
eguivalence relation by at most (n — 1) compositions.
* A binary relation R(X. X) that is reflexive and symmetric is usually cn:& * The antecedent describes to what . ) e
compatibility relation or tolerance relation. When R(X, X) is a reflexive and symmetril ?Emso:gagoroﬁﬂﬁoaﬂﬂﬂo&ﬁ%g i .
fuzzy relation it is sometimes called proximity relation, - Examples:
* Unlike wansitivity, checking reflexivity or symmetry does not refer to any |

connective. That is, whether or not a binary L-relation is reflexive (symmetric) mcaﬁ
depend on logical connectives on L.

* Example : Consider a fuzzy relation R(X, X) defined on X = X% uﬂ
following membership matrix -

consequence or conclusion.

T8 o el A
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5 sl 1cdnent looks like ¢ Based on these two interpretations and various T-norm and T-conorm opetalis
s
B, Fast

uly) B, =Low By =High . _ number of qualified methods can be formulated 1o calculate the fuzzy rule
A -+

A — B. R can be viewed as a fuzzy set with a two dimensional MF :
Hp(X. y) = f(R (%), py(y)) = fa, b)

Here f is called fuzzy implication function performs the task of transferring the
membership grades of x in A and y in B into those of (x. y)in A — B,

y= _".Ew..w.:_ﬁ.
% = Speed
Fig. 1.8.1 If-then rule EERPIXERN For a given set A = (0.2/a, 0.4, IVe, 0.5/d, 0/e]

e The fuzzy rule “If x is A then y is B* may be abbreviated as A — B and is interpretedas B = {0/a, 0.9/b, 0.3/c, 0.2/d, 0.1/e}. D&Wzg%%a 3
A x B. A fuzzy if then rule may be defined (Mamdani) as a binary fuzzy relation Rioa~ e _ _

T ! 1.
the product space X X Y. _ g ik
R=A-B=AxB=[p&)*1n,H)|xY) o
e If A — B is interpreted as A entails B. then it can be written as four different formulas : k !
o Material implication d 5. The new set F hich is the alpha cus at A | = = '
R=A—-5B=—AuUB Solution : : 2
o Propositional calculus . Suppert | -
R=A-5B=-AU(ANnB) : . 50
o Extended propositional calculus 4 w:ﬁwm.v # .T.. % ¢, d}
R=A—-B=(An~B)UB) Supp(B) = {b,c,d. e}
o Generalization of modus ponens Core
Hex.¥) = sup {c|p, () Xe<pB(y)and 0<c <1 }
. E_...r_.ubgmgamggowu?ﬁwa_n>lw.
Two ways to interpret “If x is A then y is B” - - Cardinality

't

{

Complement
At oanihips e el e
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= {0/a, 0.4/b, 0.3/, 0.2/d, 0/e}

]

r = A
= {0.04/a. 0.16/b, 1/c, 0.64/d. 0/e} i

= 0.5xB
{0/, 0.45/b, 0.15/c, 0.1/d, 0.05/¢}

m o g
Il

=

|

m
Il

{c,d}

EETIXEEN Lot A be a fuszy set defined as A = {0.9/1 + 042 + 073} and gi
fuzzy relation R via the following relational matrix :

1 08 0.1
R-AxB=|08 06 03
06 03 0.1

Find fuzzy output B in Y using max-min operation.

Solution : Fuzzy output B in Y using max-min operation will be

1 0.8
wu?xuﬁolw mmm ﬂc 08 0.6
06 03

(0.9, 1) (0.9,0.8) (0.9,0.1)

B =| (0408 (0406) (0.403)

006)  (0,03)  (0.0.1)

Taking the min values row wise and max values column wise, we get

09 08 0.
B=104 04 03[=[09 o3 03]
0 0 o

(&R Y Linguistic Vari K
* Linguistic variable is “a variable whose va
artificial language™,

connected to a numeric valye through the mechanism of Shmﬁﬂn,wﬂwr_..hnm.?nn _n
m ip
TECHNICAL g%.!ﬁuﬂ&# R
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s Conventional techniques for system analysis are intrinsically unsuited for dealing with

systems based on human judgment, perception and emotion.

» A linguistic variable is characterized by a quintuple (x. T(x). X, G, M) in which x is the
name of the variable. T(x) is the term set of x, X is the universe of discourse: G is
syntactic rule which generates the terms in T(x) : and M is a semantic rule which

associates with each linguistic value A its meaning M(A) , where M(A) denotes a fuzzy
set in X.

* A fuzzy rule can be defined as a conditional statement in the form :
Ifxis ATHENyis B

where x and y are linguistic variables: and A and B are linguistic values anﬁ_.amn&
by fuzzy sets on the universe of discourses X and Y. respectively.
Example : If temperature is cold and oil is cheap then heating is high
If age is interpreted as a linguistic variable, then its term set T(age) could be
T(age) = { young, not young, very young, not very YOUNE, +uovenennn
middle aged, not middle aged............ .
old, not old, very old, more or less old. not very old, ......

EER R

where each term in T(age) is characterized by a fuzzy set of a universe
X =0, 100] . It is shown in Fig. 1.8.3.

12+ . s
8 : _Young Middle aged
g =
2 084
-
.m 06 +
m 0.4 +
= g2+
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th membership function p, ¢y

a fuzzy setW
¢ value expressed ag

sterized by
- inal ___dm:_ﬁ_

ic value €
rsion of the Qﬂ._m

as a modified ve
L k
..,... = x| _.;Az:

/ ., .m
« The operation of concentration IS defined a

.

CON(A) = A
ressed by

0.3

While that of dilation is exp
DIL(A) =

for composite linguistic terms

Constructing MF
young and old be defin

. the following membership
o Meaning of the linguistic terms ed by the following rship

functions : ]

) = D1 20,2 0 =7 0 _._
i

1|||||||.|.|m
_._.n_n_;- = bell(x. 30. 3. 100) = 4 ((x— Hccibov

son. with the interval [0, 100] as the universe of

Where x is the age of a given per
ite linguistic terms :

discourse. Now we construct for the following compos
0.5
1. More or less old = DIL(old) = old
. Not young and not old
Linguistic variables and linguistic values : _
e By a linguistic variable we mean a variable whose values are words or sentences in &
natural or artificial language. For example, Age is a linguistic variable if its values are
linguistic rather than numerical. .., young, not young, very young, quite young, old.
very old and not very young, etc.
e Suppose that X = “age.” Then we can define fuzzy sets “young,” “middle aged.”
“pld”™ that are characterized by .
¢ Just as a variable can assume various values, a linguistic variable “age™ can ass
m_qn.u.ﬁi _Sm:_m“:n <”_=na.w such as “young,” “middle aged” and “old” in this case
“age” assumes the value of “young,” then we have the ex A T - :
J Xpression “age 1s youn muay
forth for the other values, s Yo
o The name of a linguistic variable is i .
g ¢ Is its label. The set of values that it can take is

its term set. Each value in the term set is a linguist;
is a linguistic value )
universe. or term defined ©

TECHNICAL PUBLICATIONS®
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In summary : A linguistic variable takes a linguistic value, which is a fuzzy set defined

on the universe.

Example : Let x be a linguistic variable labeled 'Age'. Its term set T could be defined as
T (age) =

Each term is defined on the universe, for example the integers from 0 to 100 years.

The support of a fuzzy set A is the set of all points x in X such that p,(x) > 0.

The core of a fuzzy set A is the set of all points x in X such that p,(x) = L.

{very young, young, not very young, more or less old, old}

A fuzzy set A is normal if its core is nonempty. In other words, we can always find at
least a point x € X such that p,(x) = 1.
A crossover point of a fuzzy set A is a point x € X at which p,(x) = 0.5

A fuzzy set whose support is a single point in X with p,(x) = 1 is called a fuzzy

singleton.

EEX] Extension Principle

when the inverse of f exists. Otherwise define L (v) =

mapping. |

et

and

Upon applying the extension principle, we have

Where V represents max.

Extension principle provides a general procedure for extending crisp domains of

mathematical repressions to fuzzy domains. This procedure generalizes a common point

to point mapping of a function f{.) to a mapping between fuzzy sets.

rmﬁ A, ...s A, be fuzzy sets, defined on X, ... X, and let fbe a function f: X, ...... X
. The oﬁozm_o: of foperating on A, ..., A gives a membership function annw

set F):

wv) = sup  min (A, (). .. 1A, (1))

s g e L)

0. Function f is.

Example : Application of the extension principle of fuzzy sets with d

TN &

Il
=
i
)
-+
=]
£
T
|
+
=
*
=
+
o
o
=
+

A
f(x)

Kui.w svgatnl 1o w

il

B = 0.1/1+04/—2+0.8~3+!
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L
¢ defi : y
v and A is @ fuzzy seton X deRReTER 1 2
ana Ak b

LX) /8
A= (N By (R)Ry e Ul RS c

- the mapping f(.) can -
¢ o/ - fuzzy set A under t can ¥ = 1(x)
NG lae. 4 LA, nrinciple states that the image of fuzz) i
v« B, ' X )k {
B = AA)= iy (XY + By (XY * e i H a ST
—_ Y i=1, . aandb . Points aand b : Intervais
Where . ; y =1(x) : Acurve ¥ = #x) - An interval-valusd function
ol ; M Fig. 1.9.1
8 : * To find resulting interval y = b corresponding to the interval x = a. we first construct a
1 g cylindrical extension of “a™ and then find its intersection | with the interval valued
; - B curve. The projection of I onto the y-axis yields the interva ly=»b.
& o EE¥ Approximate Reasoning
. X
\ / . e The basis for formal reasoning is an inference procedure, itself based upon an
- =3 appropriate model for 'if-then’ rules, or modus ponens. The general goal is to infer the

associated with a proposition, B, from the implication, A.or A — B.

¢ “Consider, 'A" denotes “sharp comer” and 'B' “approach slowly™ then we can natwrally
express the implication by. .-

Fig. 1.8.4 Extension principle

e If f1) is 2 many 1o one mapping. then there exist X, x, € X, X; # Xy such
fix,)= fix.)=y*. ¥* € Y. So generally we can write as follows :

. S . £ Ky
premise 1 mm.ﬂo.c _ Xis A Tepd v W .-.__.r.bs. 4 -.. o
:.Ecv : . —.—>A¥w P 1 =

a={ _..2

premise 2 (fact) — nwu.ﬁhwgwwg !

EEJ Fuzzy Reasoning consequence (conclusion) _ yisB
e The goa! of fuzzy logic is to provide the basis for reasoning under n

mformation. The ensuing reasoning system often this is referred to as “Appro: between the degree of satisfaction in the premise. .iw ;

— reasoning” or “Fuzzy reasoning”. Fuzzy reasoning might be considered m enables us Smgm..m_%um»u Bmaﬁ.ﬂnnﬁm
precisely because it does not assume a binary universe.

premise 1 (fact) : xis A'
EEX] Compositional Rule of Inference premise 2 (fact) :

* Suppose a curve y = f(x) that regulates the relation between x and y. For gi g
then from y = fix) we can infer that ¥=b = f{a) which is shown in, Fig. 1.9:1.
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B’ = AoR = A'0 (A B)

L > i ; _ion based on the max-min operator.
{ adsume the specific case of composition ; : 5
/ }1 del of fuzzy reasoning,

G . i N
QeSS AY special case of the above general f

b 0 .- ::. (xX) A :hﬂ (x.¥)

S e M\x.\ Hg(y) = aM A

\- 7
\/ '}

= max - min [(1, () :Mﬂ x, I
XE A g

e We are now in a position to build some reasoning engines. Consider the following three

special cases,
1. Single rule with single premise :
scalar thresholds.

The premise simplifies to the special case of a

WA Lp(Y)

My =

B

Fig. 1.9.2 Single rule with single premise

2. Single rule with multiple premises : The premise simplifies to the special case
the minimum of two scalar thresholds. Thus, the compositional rule implies gl

C' = (AxB)o(AXxB=>C) or fy =W, AW, A 1(2)

B A | 2

min

Fig. 1.9.3 Single rule with multiple premises

3. Multiple rules with multiple premises ; Theilings! sperator: off equAROH
applies, thus the area of the implication is the maximum of

thresholded premise. oAt

qmgﬁbpggaozme..z. i o —

Soft Computing
1

Fig. 1.9.4 Multiple rules with multiple premises
® Process of fuzzy reasoning is divided into four steps :
I. Degrees of compatiability
2. Firing strength
3. Qualified consequent MF
4. Overall output MF - o

Advantages of fuzzy system \J
1. Robust approach to solve many real-world problems.
2. Employable in very complex systems, when there is no simple m:
for highly nonlinear processes, _
3. Hence, low computational costs and ease a
4. Expert E.ai&h.n.m:..aoﬁn_ax,mwmﬁﬂw..uh,.. be
Disadvantages of fuzzy system .\\\_
1. The number of rules can grow exponentially
Undesirable high complexity
2. The rules and the

e
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_Hnn.zzutn:ﬂ.: f

1-38 e

ce mv.uﬁu._u
S1S) is a systen that us

on of fuzzy membershi

s fuzzy set theory 10 map jpn,
p functions and rules, m:.wsum..z

e
SO @ 3:?:

service is good, even if the

e 80 PeAsol ut data. ) _
ogic, EHEFNREE « food is not excellent, the tip will
"If the . ...J

generous”. . . - o

i . ~cision problems, i€ 10 make a decision and ac S&_:m_.ﬁ...“ i

e FIS are used to solve decision pro ..u
Structure of a fuzzy inference system "

e In general, a fuzzy inference systemco

1

|

-

o
3

4.

e F

4.

nsists of four modules |

Fuzzification module

Knowledge base

Inference engine

Defuzzification module

ig. 1.10.1 shows block diagram of FIS.
Fuzzification module : Transforms the system inputs, which are crisp numbers,
fuzzy sets. This is done by applying a fuzzification function. ,
Knowledge base : Stores [F-THEN rules provided by experts.

Inference engine : Simulates the human reasoning process by makin
inference on the inputs and IF-THEN rules, _.

Crisp value

™\ Crisp value

Fig. 1.10.1 Block diagram of Fig _.
Defuzzification module : Transfor

into a n._._w_u value, In defuzzi fi
number. Some commanly

ﬁam the fuzzy set obtained by the infe
Ci

9 a Lou the fuzzy output set is converted
techniques are ghe centroid and _.sﬁcn.ﬁ:
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E Defuzzification

Defuzzification is the process by which a fuzzy consequent is reduced to a singleton or
crisp sealar value in order to provide an interface to a typically scalar 'action’. Actions
are typically associated with a scalar defining a specific measurable property.

Introduction to Soft Computing and Fuzzy Logic

e The task of defuzzification is to find one single crisp value that summarizes the fuzzy set
that enters it from the inference block.

» Examples might include speed of movement, volume of voice. (angular) direction, or a
decrease/increase in health/energy.

* In the centroid method, the crisp value of the output variable is computed by finding the
variable value of the centre of gravity of the membership function for the fuzzy value.

e In the maximum method, one of the variable values at which the fuzzy set has its
maximum truth value is chosen as the crisp value for the output variable.

* Some other methods for defuzzification are : Bisector,
maximum, and smallest of maximum. etc.

middle of maximum, largest of

Centroid method :

® This most familiar defuzzification scheme. The composite output fuzzy set is built by
taking the union of all clipped or scaled output fuzzy sets.

» The crisp output value is then obtained by deriving the centroid or centre of mass of the
shape represented by the composite output fuzzy set.

o .:._o x co-ordinate of the centre of mass mm.au.n B...._En.on_ nmmn__ oﬁ—!» du_un.

Centre of sums

* As with the centroid method, the clipped or mnﬁon
form a composite output fuzzy set.

* The contribution of each clipped or scaled

individually,

. ci:ﬁ the Centroid Bnn.rom éwwor |
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scaled output fuzzy set and _n_cznw.a#

peak values

clipped
y sum of these

I bled the peak value of each

ffcspect to the peak heights

_._ v... . ..., ) L i ﬁWGn_ w._._ﬂq. mm F..mﬂﬂ_ Y _._.mmﬁ mﬁ 355 re
i lelor netnc Q m H__.—_Hﬂ a m_ﬁwﬁ_m me e
. ﬂ e siiigic Qn. nist 3 2

implementations. < which are just vertical lines of height |

« The technique uses output membership function

in output space, or singletons.
as a single erisp output value as
average of all qualified output sets.

Each singleton h sociated with it.
o Each single

o The final crisp output is a wei ghted

Why should we use fuzzy inference systems ?

does not solve new problems. It uses new methods to solve everyday

1. Fuzzy logic
problems.
Mathematical concepts within fuzzy reasoning are very simple.

Fuzzy logic is flexible : It is easy to modify a FIS just by adding or deleting :ﬁ
There is no need to create a new FIS from scratch.

ra

[

4. Fuzzy logic allows imprecise data (it does NOT work with uncertainty) : It (
elements in a fuzzy set, i.e. membership values. For instance, fuzzy logic works sag
"He is tall to the degree 0.8' instead of 'He is 180 cm tall'.

Fuzzy logic is built on top of the knowledge of experts : It relies on the raoﬂrro%.%

wn

the ones who understand the system, J

6. Fuzzy logic can be blended with other classic control techniques.

e il

Classification of fuzzy inference methods
dimmrveimigh gl Ao bl

¢ Fuzzy inference methods are classified in direct methods and indirect methods. Dire J
methods, such as Mamdani's and Sugeno's, are the most commonly used. Ir

S0l e e

methods are more complex, |

EBT¥] Mamdani Fuzzy Models
—— e

* Goal : To control a steam engine and boiler combi
rules obtained from experienced human operators,

* To compute the output of this FIS given the inputs, one
l. Determining a set of fuzzy rules _

nation by a set of linguistic
&

must go Z.:.O—._mm_ SiX mnﬂwvmn ,
il

a .A :
2. Fuzzifying the inputs using the input membership funcgi
netions,

3. Combining the fuzzified in
Puts according to the fu
2zy rules to establish rule

RUBAA COLLECE OF ENG NEERI NG Tl RUPPUR
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-
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e The 1.10.3 illustrations of how a two-rule Mamdani fuzzy inference

* In Mamdani application, two fuzzy inference systems were used as |

® The plant takes only crisp values as inputs; we have to

1-41 Introduction to Soft Computing and Fuzzy Logic

4. Finding the consequence of the rule by combining the rule strength and the output
membership function.
5. Combining the consequences to get an output distribution and
6. Defuzzifying the output distribution (this step is only if a crisp output (class) is
needed).
e Fig. 1.10.2 shows the Mamdani fuzzy models.
IF

\ \
X ¥
B S =N s I
/ - A T
x Y Zz
Input Output
distributions distribution
Xy Yo

Fig. 1.10.2 Mamdani fuzzy models

overall output z when subjected to two crisp input x and .

generate the heat input to the boiler and throttle ope
respectively. to regulate the stream pressure in the boiler ai

fuzzy set to a crisp value.
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o Five commonly us

wav @ crisp value is extracted fro

Introduction 10 Soft Compul

7y output of the inference en
snes used by the fuzzifier.

sed defuzzifying methods :

1. Centroid of Area (COA)

2. Bisector of Area (BOA)

3. Mean of Maximum (MOM)

4 Smallest of Maximum (SOM)

L]

. Largest of Maximum (LOM)
One of the most popular defuzzification methods is the centroid, which returs

center of the area under the fuzzy set. Centroid of area 7.,

.— i,(z) zdz
S

R [ere

where y,(z) is the aggregated output MF.

s Fig. 1.103 shows defuzzifying a fuzzy set A of a universe of discourse Z.

[
A

e

1L e D

7z
Smallest of max. ’\ Centroid of area
Largest of max. Bisector of area
Mean of max.
: Fig.1.10.3
* Bisector ofareaz, s ¢ This operator satisfies the following ;
: )

h@.u__b

._‘ Hu(2) dz = _. F,F_ dz

| RUBAA COLLEGE OF ENG NEERI NG TI RUPPUR

e

g . gﬂgm..!g.g

ting and Fuzzy (,

gine 10 Crisp using membership functjgn,

m a fuzzy set as a representative valye,

where Vil

then Zioig =&

__J.M.Hﬁ:os.m:m.

a i 1-43 Introduction to Soft Computing and Fuzzy L
Soft Computing nt : puting and Fuzzy Logic

where = min {z;z€ Z} and p = max {z;: z€ Z}.
The vertical line z = z,,, partitions the region between z =0, z= .y = 0 and y = p(2)

into two regions with the same area,

Mean of maximum z,,.,

e This operator computes the average of the maximizing z at which the MF reaches a
maximum p*. It is expressed by :
._.uam
Zriom b.an

l

[z: LA (2) = 1*]
By definition : If j,(2) has a single maximum at z = z*.

Tt
However : if max W (2)=[z,.2,] then z,, = LMWN

* Smallest of maximum z, : Amongst all z that belong to [, z,], the smallest is ﬁwk&

Zsom:

called z; ¢,
o Example 1 : Single input single output Mamdani fuzzy model with 3 Emoa
If X is small then Y is small— R :
If X is medium then Y is medium — R,
Is X is large then Y is large — R,
X = input € [~ 10, 10]

Using max-min composition a.ﬁ_wb.&u

. mxﬁuv_,_.a.m_.....—.i.a_:ﬁa.. i
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Membership grades
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introduction 0

Jax-min composition and S_._.az Other variants

e Classical fuzzy reasoning is "not" tractable, difficult to compute. In practice, a fuzzy
inference system may have a certain reasoning mechanism that does not follow the strict

.44

g, §] with 1

e B nce.
5. 3§ put output surfl

the overall in

i determine
¥ definition of the compositional rule of inference.
e To completely specify the operation of a Mamdani fuzzy inference system, we need to
assign a function for each of the following operators :
j e AND operator (usually T-norm) for the rule firing strength computation with AND'ed
m antecedents.
1 e OR operator (usually T-conorm) for calculating the firing strength of a rule with OR'ed
antecedents.
o Implication operator (usually T-norm) for calculating qualified consequent MFs based

on given firing strength.

! o Aggregate operator (usually T-conorm) for aggregating qualified consequent MFs to
| generate an overall output MF composition of facts and rules to derive a consequent.
T e Defuzzification operator for transforming an output MF to a crisp single output value.
Advantages of the Mamdani method

1. It is intuitive. £ \

4

i

2 3 4 5 68 7 8 9 10 2. It has widespread acceptance.

3. Itis well-suited to human input.
* It is worth mentioning that Mamdani's method is useful when there is a uﬂ.n:

Fig. 1.10.4 Single input single output model gevin . 2Geinte

— _ . ; . Y . variables. Otherwise, we will find the following difficulties :
- I. The number of rules increases exponentially with Bﬂ number .&.

antecedent.
L. 2 H:aacaé_mmingngﬁﬁog_uag&ge
problem. RS 1
3. 1f the number of variables in the antecedent is too

the casual relationship between the antecedents
constructing new rules will become harder.

* There are other methods that try to solve t

- MA[X] sugeno Fuzzy
~* Also known as TSK fuzzy n

2 4

CHME R
Fig. 1.10.5 Overal| input

TECHNICAL PUBLICATIONG®
“ 8 Up-thrugy _!.._595&.
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I . e S0 ' o S8 - 4&.. J
{ G pohed ,\ﬁ e N . A andyis Bthen ? = f(x. k. __l
= Ll ﬁﬁ. r f s of the form: “irxis: ._ _ fx, y) is a crisp function in the (a) Antecedent MFs for crisp rules ] (b) Overall O curve for crisp ru
23 7 He& ="\ 4 T T T T
- edent, while . ,
g - %.W\*\rm‘ rzy sets in the anteceden ._ — medium_ J:nmnnamanlu N‘
{ 55 2 ' 8} ot
ﬁ/ : +tion W.rl. X m._._r._ ¥ N .m 08 " = \\/// ___‘s
, polynomial function W .o fuzzy inference is called a firsy o ' < )
g 1 then the resulting Uz iy 2 06 f _ 1 >4F N £
If §..) is a first onder polynomial, z “ = o
. -1 B 2 = [ ! ! 0
04
ugeno fuzzy model. A ial case g 2 _ 2 | 4
o S . it is o zero-order Sugeno fuZZy model (SpecialiCes § 02t i g
e If fi.) is a constant then it 15 = i i L
= . 1 i i 0 1 :
Mamdani model). del. ’ e 0 5 10 -0 -5 0 5 10
e Case of two rules with a first-order Sugeno fuzzy mode X X
| Esch rule has a crisp output. .
. ohtained via wei average.
2 Overall output is obtained via weighted 3 o R R s i bl 065 2 0 T iy e
3. No defuzzyfication required. v - - = 8 = : -
Y < : +th three rules. . : smal medium rge |
Example 1 : Single output-input Sugeno fuzz) mateh b 1 £ 3 6|
If X is small then Y = 0.1X + 6.4 v g 4
If X is medium then Y =— 05X +4 seriii e e sl
4]
If X islarge then Y =X -2 5 g q 50k i) »
i ] g
If "small”. "medium” and "large" are nonfuzzy sets then the overall input-output $ i
piece wise linear. Following Fig. 1.10.6 (See Fig. 1.10.6 on next page) shows com X al._o |.m w m wa ..
between fuzzy and nonfuzzy rules of example 1. i - | X
» However, if we have smooth membership functions (fuzzy rules) the overall | Fig. 1.10.6

output curve becomes a smoother one. ]

Example 2 : Two-input single output fuzzy mode! with 4 rules f
R :If X is small and Y is small then z=— X +y+ |

~* In the Tsukamoto fuzzy model, the consequent of g«v E
by a fuzzy set i:w a monotonic v&m

The inferred o=€5 of awa& ﬂ;n.ﬁ

R, :If X is small and Y is large thenz= —y +3

R :If X islarge and Y is small then z= —x + 3
F”_;_‘m_ﬁmnn:a‘..mm_e.manannnxiim

x_lvﬁxfm.,w:ﬁ_@)&lvs,
?le)&m:n?):lvia
w,ll.u\,:m:n:vials..

R,—=(xna :E&J&:is,
Aggregated consequent = Fllw,.2,): (w anE s regtee gl ,.uv. [._cm._..L

= Weighted average

» 2 Wy ) (w,, 2]

RUBAA COLLECE OF ENG NEERI NG Tl RUPPUR



Weighted average

Wiz TiWaZs

2% Wi wa

Fig. 1.10.7 Two-input single-output Tsukamoto fuzzy model|

m o Example : Single-input Tsukamoto fuzzy model with 3 rules
W if X is small then Y is C, 2
m if X is medium then Y is C,
= if X is large then Y is C,
m ~ |EEEN Two Marks Questions with Answers
T f Q1 Whatis soft computing ?
| w | Ans. : Solt computing is a collection of methodologies that aim 1o exploit the _0_0253
Z imprecision and uncertainty {o achieve tractability, robustness, and low solution cost
m 4 / Q.2 Explain unique property of soft computing,
L Ans. : Property are :
Nw a. Learning from experimental data
b, & C i i s derg 3
E Soft computing techniques derive their power of generalization from approximat
E ¢. Generalization is usually done in a high-dimensiong| e
m Q3  What are the techniques used in soft computing 7
Ans. : Techniques used in soft computing are neural ety
M logic and genetic algorithms in evolutiong i orks, support vector machiness
Putation,
0]
m TECHNICAL PUBLICATIONS®

F
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e

| Ans. : The properties of commutativity, associativity, distributivity, involution and idem-

_ Q.7 Define membership function.

Q.10 What is a classical set and fuzzy set ?
Ans. : Classical set is a set with crisp boundary and fuzzy set is a set w
| Q11 What is degree of membership ?

| Ans. : For any element x of universe X, Bnaaoﬁ&u

X is an element of set A, gm%wqﬂ?wg&cn
..Sn_z_umar__u.

Introduction to Soft Computing and Fuzzy Logic

Q.4 Explain difference between Hard computing and Soft computing
Ans. :

————

Hard computing
It uses binary logic.

“ 1t is based on numerical ai

n_.,% system is used in hard Saw&_wh.

Soft computing

It uses fuzzy logic,
i..am 1t is based on genetic algorithms,
- Neuro computing is used in soft computing,
1t takes help of probabilistic reasoning.

Q.5 What are the properties of fuzzy relations ?

potency all hold for fuzzy relations.
Q.6 What are the principal constituents (tools and techniques) of soft computing ?

Ans. : Principal constituents of soft computing Fuzzy Logic are Artificial Neural Networks,
Evolutionary Computation, Genetic algorithms and Probabilistic reasoning.

Ans. : Membership function is a function from a universal set U to the interval [0, 1], A fuzzy
set A is defined by its membership function ¢A over U,
Q.8  What is the cardinality of fuzzy set ? .
Ans. : The cardinality of fuzzy sets is a measure of the number of the elements belonging to the
set.
Q9 What s called the principle of incompatibility ?

: Conventional techniques for system analysis are intrinsically unsuited for d al
:cama_w:a systems, whose behavior is strongly influenced by human ._E_wagr uﬁouﬁﬁ%
emotion. This is the manifestation of what might be called the principle of liy.

e &..,

also called Bnagaau §En. am.nﬁs
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n the form -

f y § ik ter en -
.ﬁ. Jus g 08 rpdasac _._Q:;.D_JE statemn L1
! XL it < Qrw_:.r O

oo values determined b fu .
where x and y are linguistic variables; and A and Bare Jinguistic valll y fuzzy sets

the universe of discourses X and Y, respectively. |

on

Q.14 State fuzzy inference. . .
Ans. : Fuzzy inference can be defined as a process of mapping from a given input to an output, |
using the theory of fuzzy sets. :
Q.15 What do you mean defuzzification ?
inference process is defuzzification. Fuzziness helps us

be a crisp number. The input for

Ans. : The last step in the fuzzy
evaluate the rules. but the final output of a fuzzy system has to

the defuzzification process is the aggregate output fuzzy set and the output is a single number. ”.

Q.16 What is linguistic information ? .
gt

Ans. : An experienced human operator can usually summarize his or her reasoning process w.a.._
arriving at final control actions or decisions as a set of fuzzy if-then rules with imprecise
correct membership functions.

Q.17 Whatis called the principle of incompatibility ? _
Ans. : Conventional technigues for system mbm@mmm are intrinsically unsuited for dealing sm?,“
humanistic systems, whose behavior is strongly influenced by human judgment, vn_.nav:nw..ﬁ.%,_ __
emotion, This is the manifestation of what might be called the principle of incompatibility. ot
Q.18 Explain difference between Crisp set and Fuzzy set.

Ans. :

: Crisp set
Basic  Defined by precise and
\ certain characteristics

Element is either the
member of a set or not

UNIT 11

Neural Networks

Syllabus

Supervised Learning Neural Networks - Perceptrons - Backpropagation - Multilayer Perceptrons -
Unsupervised Learning Neural Networks - Kohonen Self- Organizing Networks. ot )

Contents

2.1 Introduction to Supervised Leaming Neural Networks

2.2 Perceptron

2.3 Backpropagation

24 Multilayer Perceptrons ’
25  Unsupervised Learning Neural Networks

2.6  Kohonen Self-Organizing Networks .. ._

2.7  Two Marks Questions with Answers. = r
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g Neural Networks

inferring a function from Supervigeg
ining examples. The task of g
~a system for any set of inpy

m%mza& Learnin

arming task of

hine le

consist of a set of trat

. i shavior ol
supervised leamer 15 10 predict the output beha

values, after an initial training phase.

. roviding it with input an
Supervised Jearning in which the netw ed by ﬂ“_ odw_mn b Mn ang _
< , y 1 G v pr e

matching output patterns. These input-output pairs are usuaily p terng|

ork is train

teacher. d gl
Human learning is based on the past experiences. A computer does not haye

experiences.

: ¢ ; sy
e A computer system learns from data, which represent some “past experiences of an

application domain.
o To leamn a target function that can be used to predic
attribute, €.¢., approve or not-approved and high-risk or low risk. The task is ooEan_m

called : Supervised learning, Classification or inductive learning.

t the values of a discrete n_»m

e« Training data includes both the input and the desired results. For some axEnv_aw.E.\.

correct results (targets) are known and are given in input to the model during the
learning process. The construction of a proper training, validation and test set is crueial

These methods are usually fast and accurate.

* Have o be able to generalize : give the correct results when new data are given in 5@
without knowing a priori the target.

* Supervised learning is the machine learning task of inferring a function from supervi
training data. The training data consist of a set of training examples, In w:ﬁm_.ﬁuar
learning, each example is a pair consisting of an input object and a desired output S&ua_

¢ A supervised learning algorithm analyzes the training data and produces an inferred.

ion. Fig. 2.1.1 shows

function, which is called a classifier or regression functi
supervised learning process.

Soft G Computing 2.3 Naswal

o Supervised learning is further divided into methods which use reinforcement or error

e Inorder to solve a given problem of supervised learning, following ..uowm are px

o The learned model helps the system to perform task better as compared to no learning.
« Each input vector requires a corresponding target vector.

Training Pair = (Input Vector, Target Vector)

Input MNeurai Actual
npul } output

Desired
output

Fig. 21.2

e Supervised learning denotes a method in which some input vectors are collected and

presented to the network. The output computed by the net-work is observed and the
deviation from the expected answer is measured. The weights are corrected according to
the magnitude of the error in the way defined by the learning algorithm.

correction. The perceptron learning algorithm is an example of supervised

reinforcement.

I. Find out the type of training examples.

2. Collect a training set.

3. Determine the input feature representation of the leamed

4. Determine the structure of the learned functior
algorithm.

5. Complete the design and then
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Neural 22_5;:

\\\K\\J

ctwork with one output neuron that learng
nisa classic learning algorithy
usted to minimize error wheneyg

cod-forw ard N
Latiern Space. Tl
ore weights &
rget output.
ding the weight
ation although other types of

s al
cper-plane A&
of learning. H
s not mateh the 1a
a method for fin
ring for classific
of the perceptron le
n the pereeptron will find these

Separating .
for the peural model
the computed output d¢ .

ale 5 in a network, We
on leaming rule 1§

e The peroeplt
of supervised lear

consider the problem
1. A nice feature

he solved

the problem, the
ar Ru_.nmns_m__c:m.
k with only one neuron, The

problems can also
<ot of weights that solve
or either binary of bipol
r artificial networ
t calculates the linear combination of its

eshold activation function.

there exisl a
weights. This is true 1
o The Perceptron is a kind of a single-laye
twork in which the neuron uni
s and passes it throu gha thr
The Perceptron

Percepton is a net
real-valued or boolean inpu

221 shows the basic perceptron.
[ 1) since it discriminates the

. Fig is sometimes referred (o 4
Threshold Logic Unit {T
sum is greater than the threshold value.

Input 1

| Output

Threshold 6

" Sigmoid }
Input N

Fig. 2.2.1 Basic perceptron

o The n.._._ﬂﬁcn of the neuron is a line : .
near combinati z 1
weights ination of the inputs rescaled by the &_%
o Leaming is initi ok ;
earning is initiated by making adjustments 1o the
threshold value. relevant connection mﬂdﬂ.mﬂ_um. 1!

. —Ahﬂﬂ . g i v
e Weé 053..»_&ﬂu O _._v 1 0 r_m.vv. _u_U_U—n:_._. :&.2.-. Q_._:U_.; _ w m‘w n:u

node. For an n-class . >
problem (n > 3), the output layer usually has n-nod
usually has n-nodes,

PG_—HV—.XZ-Q—_HM. toa r"ﬂmv g& P—.-ﬂ C_.-a—._— E&Q F-——._ __uﬂ _ = 2

the input vector belongs to.

ﬁﬁ&ﬁﬂsﬂlﬂj
__-lg

o In the first stage, the linear combination of inputs is calculated. Each value of

arning rule is that if

data depending on whether the

Computing 2-5 N {
ekl O . e laura

input arra

is associated with its weight value, which is normally between 0 and 1. Also, th
ol L4

symmation function often takes an extra input value Theta with weight value of 1 to

represent threshold or hias of a neuron.

the simplest case the network has only two inputs and a single output, The output of

In

the neuron is :
2

y=fl Z w,x,+b

i=1

Suppose that the activation function is a threshold then

mn* I if s=0
-1 if s<0

The Perceptron can represent most of the primi

NAND and NOR but cannot represent XOR.
In single layer perceptron, initial weight values are assigned randomly because it does
not have previous knowledge. [t sum all the weighted inputs. If the sum is greater than

the threshold value then it is activated i.c output = 1.
Output

w, f+i»u~+::+i_.u..vm o

tive boolean functions : AND, OR,

W, x_+3x~+::+i_.u_.Mc =0
The input values are presented to the perceptron, and if the predic
as the desired c:ﬁ:r&masn%nw% atisfactol

J - \.1\ n

the weights are made. . {
If the output does not match the desired output, then .

reduce the error,
The weight adjustment is done as follows: ._._.._.

Aw =nxdxx
where . xl_amﬁn}.
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jon 15 correct, i&m! e um__am
3 if classitwalton is incorrect, modity the
. = nx, ()
e classified correctly.

entire training set is

excitatory if 1tS value is 1.

procedure until the

¢ Repeat this
erred to as active oF

a. The termX, 18 rele

b. If the value is 0 then it is inactive.

| then it is inhibitory.

threshold element W ithath
3\

[ n
o=f| = ;.z?i
r._u_

- |f the value 15 -
: reshold value 6.

e The output unit is a linear

[ 1
= EM;J ?@.s_:u|m

]

where w, is a modifiable weight associated with an incoming signal X;.

s Fig. 2.2.2 shows the bias term w.

2

Fe—t—

0

Fig. '
9. 2.2.2 Bias term B, .

* The function y = f{x) describes relat
b _ﬂ_ﬂm_.:ﬁ an :#UE.—»O
utput mapping from x to Y-

* In equation (2.2.1), the f{)) is the Ty,

ati :
typically either a signum function Sgh(x) on function of the perceptron

Or step function step (x) :

g I if X =)

sgn (x) Lo i

step (x) = _ if x>0
0 G:—ﬂ;.mwﬂ

TECHNICAL PUBLiCA T

fin

\mmh.m% g 2-7 Neural Networks
o The sum-of-product value is then passed into the second stage to perform the activation
function which generates the output from the neuron. The activation function
“squashes” the amplitude of the output in the range of [0. 1] or [=1, 1] alternately. The
behayvior of the activation function will describe the characteristics of an artificial

neuron model,
e The basic learning algorithm for a single layer perceptron repeats the following steps

until the weights converge :

1. Select an input vecto x from the training data set.
2. If the perceptron gives an incorrect response. modify all connection weights w;
according to

AW =ntix,;

where t ; is a target output and 1) is a learning state.

Perceptron convergence theorem
Theorem : If there is a set of weights that correctly classify the (linearly mnua_.wr_ou
training patterns, then the learning algorithm will find one such weight set, w* in a finite

number of iterations.

X Single Layer Percept

Single Layer Perceptron
The perceptron is a feed-forward network with one output n
separating hyper-plane in a pattern space. The "n" :Em_.m
threshold output F, neuron. The perceptron separates li
SLP is the simplest type of artificial neural augaj.m
separable cases with a binary Snmﬂ i, 8

output layer of McCulloch-Pitts uﬂnoﬂmﬁ _.
A single layer feed-forward network
which is connected with a weighting f
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Neural Networkg
e —————

Output

nput N Threshold 0
Fig. 2.2.3
e The Perceptron is sometimes referred to @ Threshold Logic Unit (TLU) since it

is greater than the threshold value,

discriminates the data depending on whether the sum

[EEE] Exciusive-OR Problem
« The XOR function is an operation on two binary v
these binary values is equal to 1, the XOR function returns 1. Otherwise, it returns 0.
« The XOR function provides the target function y = £* (x) that we want to learn. O
model provides a function y = f(x; 8) and our learning algorithm will adapt ﬁ‘%
parameters 8 to make f as similar as possible to £, ¥
e Neural networks can be used to classify Boolean functions depending on their Qmm:.om
outputs. T
« The XOR problem is not linearly separable. We cannot use a single layer perceptron to

each containing only data points of the same class.

« However, we may solve the XOR problem by using a single hidden layer with two

¥

neurons, as in Fig. 2.2.4.

.224
Fig Architectural graph of network for solving the XOR problem

TECHNICAL PUBLICATIONS® . 1 up st o |
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alues. x, and x,. When exactly one a.*.. :

E®XE} madaline Network

construct a straight line to partition the two dimensional input space into two regions,

9 Neural N

o The top neuron, labeled as “Neuron 1* in the hidden layer, is characterid

Wy =W =+l
e The slope of the decision boundary constructed by this hidden neuron is equal to = !
bottom neuron, labeled as “Neuron 27 in the hidden layer, is characterized
Wy =Wy =1
e The output neuron, labeled as “Neuron 37 is characterized as wy, = 2. Wy, = +1

o The following assumptions are made here :
a) Each neuron is represented by a McCulloch-Pitts model, which uses a threshol
function for its activation function.

b) Bits 0 and 1 are represented by the levels 0 and +1, respectively. ._

o The function of the output neuron is to construct a linear combination of the decision

boundaries formed by the two hidden neurons. The bottom hidden neuron has an

excitatory (positive) connection to the output neuron. whereas the top hidden neuron _.wu

an inhibitory (negative) connection to the output neuron. 3

e When both hidden neurons are off, which occurs when the input pattem is {0, 0), the
output neuron remains off. When both hidden neurons are on. which occurs when the r,
input pattern is (1, 1), the output neuron is switched off again because the inhibi
effect of the larger negative weight connected to the top hidden neuron over _xutg_ ﬁ .._h
excitatory effect of the positive weight connected to the bottom hidden neuron.

¢ When the top hidden neuron is off and the bottom hidden neuron is on, %Eqw og
when the input pattern is (0, 1) or (1, 0). the output neuron is switched on because

excitatory effect of the positive weight connected to the bottom hidden

e A multila uaa network of ADALINE units is known as.

o A K:E, | (MLP) has the same
with one or more hidden layers. An zn_hv
z perceptrons. o Lty ey 8

A typical multil
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o Fig 220 shows thres most commonty wsed activaron fupctions m backpee

NP
° AND 0 -y SR o .
" ! -
\ - ..” ........ TS QM i S
i i
2 - -2 L
0 10 =10 ] °
-
Logistic function Icantfy funchon
Fig. 2.2.5 ,v
« Each nearon in one layer has direct connections to all the neurons of the subsequent . ’
: il : ey S el Flaa : istic function : X)Fr
laver. MLP can implement nonlinear discriminants (for classification) and nonliner  Logistic R =T
¥ ot - Y X VeSS O |- ®
segression functions (for regression) ; e .. Hyperbolic tangent function : fix) = tanh (x/2) = 1=
o Historically, the problem was that there were no known learning algorithms for training
MLPs Forunatcly; it is now known to be quite straightforward. The procedure for  Identity function : fx) = x
finding a gradient vector in the network structure is generally referred to a o Both the hyperbolic tangent function and logistic function approximate the signum and
backpropagation. Because the gradient vector is calculated in the direction opposite o step function respectively. Sometimes these two function are referred 1o as
the flow of the output of each node. { functions since the inputs to these functions are squashed to the range [0. 1] or ni * d
« Procedure of backpropagation : e These functions are also called sigmoidal functions because their S-shaped §
1. The output values are compared with the target to compute the value of wﬁ% exhibits smoothness and asymptotic properties.
predefined error function. H e A learning process is organized through a leaming al

updating the weights in such a way that a machine _Bﬂu_.w B&
input/output mapping with no errors or with some mi
e Any learning algorithm is based on a certain |
weights shall g@%«n& Rgﬁﬂqg

2. The error is then fedback through the network.

3. Using this Emgoa,nﬁaﬁng&hsaﬁniemwﬂ%gw connection in
to reduce the value of the i

. hgﬁuﬁgﬁggﬁﬁ,i
. :in:ﬂnﬂmﬂ&nﬂg
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Fig. 2.2.7 Backpropagation , by
put of node J [ocated in any one of the pervious layers.

where X, is the out
associated with the link conné

W. is the weight cting nodes i and j.
!
W. is the bias of node j.

od with each node j
fthe whole back

e Internal parameters associat is the weight Wi mw changing the E e
weights of the node will ¢ propagation MLP.

.8 shows two layer backpropagation MLEP.

hange the behaviour ©

Fig. 2.2.8 Two layer backpropagation MLP

e The above backpropagation MLP will refe
. rtoasa3
number of nodes in each layer. Db

Generalized Delta Rul
ize a Rule (GDR). A squared error measure for the v__. input-output

where d, is the desired output for node i and
the input part of the p™ data pair is presented

RUBAA COLLEGE OF ENG NEERI NG TI RUPPUR

' %

&

Neural

Soft Computing D43
. To find the gradient vector, an error term &, for node i is defined as :
s
X,
e The partial derivative can be rewritten as product of two terms using chain rule f

partial differentiation :

OE® _ 9EM) | a®
awy (0 08, () * 3wy ©

=

Backpropagation

« The Backpropagation algorithm looks for the minimum value of the error m_Eoﬁ.mQu in

ight space using a technique called the delta rule or gradient descent. The weights -

we
the learning b

that minimize the error function is then considered to be a solution to
problem. 1
e Back propagation is a systematic method for training multiple layer ANN. Kt is & 8
generalization of Widrow-Hoff error correction rule. 80% of ANN applications uses
back propagation,
e Fig. 2.3.1 shows backpropagation network.

.
ok
4 L ()
. Summing Bkt s AN
: 4 Junction
Sirnplsaililhi o
; I X y L
Input e ) Stz

* Consider a simple n¢
a. Neuron has a s
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___Neural 2253.
: .,;..}\l\\\\.\\\\l\ O
- e i— - =a_$.=_.r {o have w_....ac_. repre :C_:_::_s_
_’.
= ' B 4 otk 3-..3:3:... e gl iR rroduced.
S s ork anly when non-linearity 1% i
¢ perwork GiL the following equation

o ,.. el _ﬂv.ﬂ . b
o i sum whic
Lt 1o the activation function 18 St f

PLW,= 2 LW TP

RN R B e B

Need of hidden layers :

i, A network with
whatcver reprosentath
If the data’s are discontinuous of n
inconsistent, and the mapping cannot
3. Therefore. hidden layer (s) are used between

L]

I two lavers (input and output) can only represent the input with
only two Jyets

on already exists in the input data.
on-linearly separable. ¢
be learned using two 1
input and output layers

« Weights connects unit(neuron) in one Jayer only to those in the next higher layer. The
output of the unit is scaled by the value of the connecting weight, and it is fed forward to
provide a portion of the activation for the units in the next higher layer.

artificial neural network with any number of
tion of a

he innate representation i
yers(Input and Output),

>

o Back propagation can be applied to an
hidden lavers. The training objective is to adjust the weights so that the applica

set of inputs produces the desired outputs.
« Traiming procedure : The network is usually trained with a large number of input-
outpul pairs
|. Generate weights randomly to small random values (both positive and negative) ©0
ensure that the network is not saturated by large values of weights.
2. Choose & training pair from the training set.
3. Apply the input vector to network input,
4. Calculate the network output.
5. Calculate the error, ifference between
egey. e the di the network output and the desired outpu®
- Adjust the weights of the network in a way that minimizes this error
7. Repeat steps 2 - 6 for cach . . _
. ; pair of input-output in the training set until the error ¢
entire system 1s acceptably low.
Forward pass and backward pass :

Computing e
S 22T -4 Neural Ne

o In the reverse pass,

e Selection of number of hidden units : The number of hidden units depends on the

Factors influencing back propagation training
e The training time can be reduced by using

2. Momentum : The use of momentum enhances the stability of

o] . P

2. In the backward pass, the calculated error signals propagate backward throu
network, where they are used to adjust the weights

3. In the forward pass, the calculation of the output is carried out. layer by layer, in

forward direction. The output of one layer is the input to the next layer.

a. The weights of the output neuron layer are adjusted first since the target value
each output neuron is available to guide the adjustment of the associated wei
using the delta rule.

b. Next, we adjust the weights of the middle layers. As the middle layer neurons havi

no target values, it makes the problem complex.

number of input units.

_ Never choose h to be more than twice the number of input units.

. You can load p patterns of [ elements into log, p hidden units.

. Ensure that we must have at least |/e times as many training examples. f
. Learning many examples of disjointed inputs requires more hidden units than inputs.
_ The number of hidden units required for a classification task increases with the

!
2
3
4. Feature extraction requires fewer hidden units than inputs.
5
6
number of classes in the task. Large networks require longer training times

1. Bias : Networks with biases can represent relationships between
more easily than networks without biases. Adding a bias to ecac
desirable to offset the origin of the activation function. The wei
trainable similar to weight except that the input is always 1.

Momentum is used to keep the training
analogous to the way that momen r
propagation with momentun the weight change:

u&sa._a%%. mdient
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E Limitation of Learning in Perceptron : Linear Separability

o Consider two-input patterns (X,. X,) being classified into two classes as shown!
n with a se

Fig. 2.4.2. _l..mc: point with either symbol of x or 0 represents a patter
values (X, X,).

S8 T of backpropagation &

Each pattern is classified into one of two classes. Notice that these classes can b

ool s SuNpie, (ast and easy 1© _u_dm._.a:._ ther umqm:._mwﬂ,
5 Only numbers of the inputare tuned and not any @ =t p :
! 2, SRS pout the network separated with a single line L. They are known as linearly separable patterns.
3. No need to have prior knowledge 8 _ ] s
4. It is flexible
5. A standard approach and works efficiently 'O | o g
. ] x /)
6. It does not require the user 10 Jearn special functions Sl s o
Disadvantages of backpropagation : g el ey
. Backpropagation possibly be sensitive to noisy data and irregularity o e
2. The performance of this is highly reliant on the input data X
1. Needs excessive time for training Fig. 2.4.2 Two class
= : | See ‘s Linear separability refers to the fact that classes of patterns with - dimensional vector
4. The need for a matrix-based method f r backpropagation instead of mini-batch 5
s i ; : X = (X;s Xy --- X,) Can be separated with a single decision surface. In the case above, the
EX multilayer vo..n%a.o:u/\.m line L represents the decision surface.

« A Multi-Layer Perceptron (MLP) has the same structure of a single layer perceptron e ﬁ. two n_mwmmm of patterns can be .mnvﬁmﬁn .cu a decision uoc:g....aﬁ_dmmana_ by :.n.
with one or more hidden layers. An MLP is a network of simple neurons called linear equation then they are said to be linearly separable. The simple network can
perceptrons. correctly classify any patterns.

» A tvpical multilayer perceptron network consists of a set of sour des forming the e Decision boundary (i.e.. W, b or q) of linearly separable classes can be nnﬁnuﬁon
input layer, one or more hidden layers of computation nod co:nades 2o g o cither by some learning procedures or by solving linear equation systems based on
nodes. computation nodes and an output 1ayer representative patterns of each classes. o

e Itisnot possible to find weights which enable single layer " o If such a decision boundary does not exist, then the two classes are said to b
: : ¢ ith no i :
linearly separable problems like XOR : See Fig. 2.4, perceptrons to deal W inseparable.

...  Linearly inseparable problems cannot be solved by the

sophisticated architecture is needed.
* Examples of linearly separable classes
1. Logical AND function _
Patterns (bipolar) Decision b
X X Y
S

XOR

EAI RUBAA COLLECE OF ENG NEERI NG Tl RUPPUR
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I.ZE.._S‘_ 2__\.__.._._:_.5

X Classl{y=1)
0O Class [l {y = =1)

Fig. 243
2. Logical OR function
Patterns (bipolar) Decision boundary

X, y i.u_
I -1 =1 w, =1
-1 ] ] b=1
I | I q=0
L, e 1+x,+x,=0
X e X

X:Class(y=1)
O Class Il (y=-1)

Fig. 2.4.4
e Examples of linearly inseparable classes
I. Logical XOR (exclusive OR) function

Patterns (bipolar)

X, X, y
=} =1 =1
¥y [ |

i =1 |

| Pl s d

e No line can separate these two classes, as can be seen from the fact that the fol

because we have b < 0 from (1) + (4), and b > = 0 from (2) + (3). which is a contradiel

EX®¥] Activation Functions
e Activation functions also known as transfer function is used 1o map input n¢

ft Computing i
Soft Compi 2-19

x 0

| .

0 *®

X Classl(y=1)
O Class Il {y = =1}

Fig. 245

linear inequality system has no solution
b—w, —w,<0(l)
b-w, +w,20(2)
b+w,—w,20(3)
b+ w, +w,<0(4)

output nodes in certain fashion.
The activation function is the most important factor in a neural network
whether or not a neuron will be activated or not and transferred to the next layer.
Activation functions help in normalizing the output between O to | or~ | It
the process of backpropagation due to their ifferentiab
backpropagation, loss function gets updated, and active
descent curves to achieve their local minima.
Activation function basically decides in any 1 >
information is relevant or it is in el
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|[[rrrrvm_.lﬁm

function

derivative of logistic

UM

Fig. 2.4.6

e Logistic function monotonically increases from a lower Jimit (0 or — 1) to an upper limi
(1) as sum increases. In which values vary between 0 and 1, with a value of 0.5 when|

1S ZET0.

* Activation Function : Arc Tangent

-

fisum) == tan (s x sum)

1

08

agt

Soft Compuling o= 2:29
oIt S
o Activation Function : Hyperbolic Tangent
E——— = e e
} 3 Hyperbolic activation function
fsum) = tan h (s 1) . yo
5 X 81m 9 > sum
||._l. — =0 = 501 0.8
Cm X 5um + nl- 5 5
08k
04 F
0z
s=0
fsum) 0
=02k
- -u % 3
- c m -
e s=4
i s=5
1% -05 )
sSum
Fig. 2.4.8

X Unsupervised Learning Neural Networks

The model is not provided with the correct results during the training. It can |
cluster the input data in classes on the basis of their statistical properties onl
significance and labeling. ‘
The labeling can be carried out even if the labels are only available for a :
of objects representative of the desired classes. All similar inputs g erns
together as clusters. :
If matching pattern is not found, a new cluster is formed. There
External teacher is not used and is based upon aa_w _8! )
to as self-organization.

They are called unsupervised because m-nw n_c
set of training examples. Only the origina

In no_._c.m,ﬂ to mcun?_won _nnw:g




Neural Nat
...r&;.o.;

Zucade 18 typically employed &

Jory _._.m:r..r..q#m is .._#.rmm:ri by

rvised Learning

N\ %}m . L -
o T - , . /
ﬁ l,, m i fled recording Jearning I
‘.r.\.f/.,,,‘ o lcaming & i
: setworks An assoctative .
o "4 nory ¥ : . ...H_._...m.
; m - patterns e the netw orks qable s
N7 coveral idoapa
it Unsupe
1] rvised and
lu.m,._ Difference between Supe .

Unsupervised learning

Uam&%ﬁ is not given.

Desired outpul is given. ]
u” It is not wa to learn larger and :scszww o Ll BMB
more complex models than with % models with unsupervise
supervised leaming. learning. 8 L
3 Use training data to infet model. w?%gmm used.
= 4. Every input pattern that is used to The target output is not presented to the
N train the network is associated with network.
an output patiern. SRS E. el
5. Trving to predict a function from wﬁ.ﬁi?ﬂgﬁﬁ_wwonm in data.
_iag 3 _......"“w..r\:. c. |
& Supensised leaming requiresthat_ For unsupervised learning typically either
the target variable is well defined the target variable is unknown or has only
" and that a sufficient number of ts for too small a number of
" values are given. i e 4 _ -
7. Exampl: Opical cancter R

~ recognition,

P We can test our model.

9. Supervised leamning is also called
classification,

E Kohonen Self-Orga Nt

preserving maps are used 1o solye s
clustering.

| RUBAA COLLEGE OF ENG NEERI NG TI RUPPUR

|

4 h ¢ - Kohonen sell organizing networks ate also called

Kohonen features maps or Suo_.oﬁ

mpetition based network paradigm for 4o Competitive learning in the K

s

o Training in the Kohonen network begins with
. e - g
arge size. Then, as traini .
large as training proceeds, the neighbourhood size gradually decr@
g, 2.6.1 shows a si » K : ;
o Fig shows a simple Kohonen self organizing network with 24

49 outputs. The learning feature map is similar to that of competitive learning

o A similarity measure is selected and the winning unit is considered to be the o
the largest activation.

computing R

the winner's neighbourhood

(a) {b)

Fig. 2.6.1 Simple Kohonen self organizing network

For this Kohonen features maps all the weights

OO

neighborhood around the winning units are also updated. The neighbof

generally decreases slowly with each iteration.

Step for how to train a Kohonen self organizing network is as follows :

For n-dimensional input space and m oufput neurons -

1. Choose random weight vector wi for neuron i, i=1,m

2. Choose random input X

3. Determine winner neuron k : || W =% | [= min, | | iwl_.m_ i

4. Update all weight vectors of all neurons i E_Jnuoﬁr 0
(k:w:=w, N0 (i) - (x— w)) (W is shifted toy
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2. 24 —_— o ==

S SN el " rectors generated rand,,
< (PBEIRPRAN, ) wo-dimensional input veetors “iniiime
/4 1 QN I |« trained with 100€ | and + 1. The learning rate parame
s « d,w % 3 in the interval between =
g L TR o

e

b 2

2:25_
Vi Eqio Marks Questiong with Answers =
ter 4 A a1l Describe the term Perceptron

Ans. ¢ AN arrangement of one inpu layer of peq lloch-f
! : . Cilloch-p
output layer of Mcc ulloch-Pigtg MeUrons is known 18 a |
48 a Perceptron
Q.2 Listadvantages of neural Networks

s neurons feeding forwalg

Ans. : The advantages of neural networks are due to jts adapti
ve

and generalization abilifyl
adaptive methods th

eural networks are - .
a) N g Wt can learn without

. any prior AsSumption
underlying data,

b) Neural network, namely the feeq forward multilayer perception and radial basis fu
network have been proven al functional approximations.

¢) Neural networks are non-liriear model with good generalization ability.

to be univers
Q.3 Where are neural networks applicable ?
Ans. :

a. Insignature analysis : As g mechanism for comparing signatures made with those sto 24
b. In process control :

There are clearly applications to be made here. most processes cann
determined as computable algorithms,

¢. In monitoring : Networks have been used to monitor the state of aircraft engines.

Q.4  What is supervised learning ?

Ans. : In supervised learning, both the inputs and the outputs are provided. The network
2. Network after 10,000 iterations

Processes the inputs and compares its resulting outputs against the desired outputs. Er

then propagated back through the system, causing the system to adjust the
control the network.,

Q5 Define the term neural network.

Ans. : Neural network is a system composed of many Eﬂw_o ]
Parallel whose function is determined by gﬂw s

Processing performed at computing o.._.nﬂn.n_w or nomﬂ.
Q6 What is unsupervised learning ?

wa )y or

BAA COLLEGE OF ENG NEERI NG TI RUPPUR
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nrer takes all ?

3 2SI - A:. * leaming. neurons compete among t

'A everal output neurons can be activated simultaneously, in €OMpetitiyy

e output neuron is active at any time, The output neuron that wing the
ngl

hemselves to be activated. Wi;j, in

! ._,,..,.vm,__. is called the winner-takes-all neuron.

Discuss Kohonen self organizing networks.

Ans. : Kohonen self organizing networks are also called Kohonen wawﬁﬁmm Maps or topology
preserving maps are used to solve competition based network paradigm for amﬂ.ﬁm clustering,
The Kohonen model provides a topological mapping. It places a fixed number of input Patterns
from the input layer into a higher-dimensional output or Kohonen layer.

Q.10 What are disadvantages of backpropagation ?

Ans. :

1. Backpropagation possibly be sensitive to noisy data and irregularity.
2. The performance of this is highly reliant on the input data,

3. Needs excessive time for training,

4. The need for a matrix-based method for backpropagation instead of mini-batch.
Q.11 Explain advantages of backpropagation.

Ans. :

1. It is simple, fast and easy to program.

2. Only numbers of the input are tuned and not any other parameter,

3. No need to have prior knowledge about the network.

4. I is flexible.

5. A standard approach and works efficiently.

6. It does not require the user to leamn special functions,

Q.12 What is need of hidden layers in backpropagatiop %

Ans. :

1. A network with only two layers (in

,_:.: and output) can only represent the input wig
n the inpy data,

whatever representation already existy
2. If the data’

soft Compuling

Q.13 Whatis Perceptron co ;
Ans. : If there is a set of iug\g‘
then the learning algorithm will find one
Q.14 Whatis activation function 7

Ans. : Activation functions also ky

€ output between ¢ 1o
Q.15 Define multilayer Perceptron,

Ans. : An MLP is a network of simple

Q.16 Why models are called feedforward ?

Ans. : Models are called feedforward because information flows through the function beij
evaluated from x. through the intermediate computations used to define f and finally to t
output y. There are no feedback connections in which outputs of the model are fed back i
itself.

Q.17 Why feedforward neural network are called network 7

Ans, i Feedforward neural networks are called networks because they are typically

by composing together many different functions. The model is associated
acyclic graph describing how the functions are composed together.
Q18 What is use of hidden layer ? — =
Ans. : Feedforward networks have introduced the con

1o choose the activation functions that will be used to
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he 1975, the publication of 0
foland and his students and co1I2E>
i i3 Bl e b, \;.......”u e m.ﬂﬁ:mnmﬁc m_um.omn faiit of S
Eary o mid-1980s, mmmmma.&mo:&am were being apP = o pertouil
’ In _oﬁ u&E Koza Em used genetic algorithm t0 evolve program .
gm«%ﬁ%&%ﬁﬁu%ﬁésm ) .
« Genetic Algorithm (GA) is a search technique .. .
approximate solutions t0 oﬁmam,&mon and search problems. Genetic algorithms ar
; ized as global search heuristics.
o Genetic algorithms are a particular class of evolutionary &m..o:@..nm th
inspired by evolutionary biology cuch as inheritance, mutation, selection:

recombination.
.m>.3nm5._uﬂ.mcnu§§§:mm=” search for a solution from a nearly infinite number of |

possible solutions. It works with coding variables, Genetic algorithm and their varian
are sometimes referred to as methods of population based optimization.

« Genetic algorithms are also categorized as global search heuristics. Actually they are
particular class of evolutionary algorithms which uses techniques inspired &
evolutionary biology such as inheritance, mutation, selection, and crossover. _

ng to find tre

at use techniq

3a. Selection : Select t dus
3b. Crossover : Breed new individuals.
__ 3c. Mutation : Apply probabilistic

40 3d. Form a new population with these:

2. Fitness functions to evaluate the solution domain.
4. Terminate nag wslall

o A typical genetic algorithm requires two things to be defined :
1. Genetic representation of the solution domain.

Components of Genetic Algorithm

II||1|11I
* Genetic algorithm consists of encoding schemes, fitness evaluations. parent selection;

crossover operators, and mutation operators. Initialization

e After an initial population is randoml
en : igh
- Y generated. the algorithm evolves the through

1. Selection which equates to survival of the fittest:

d

53 0 :_ﬂﬂ

. Crossover which represents mating between individuals;
_ Termination

3. Mutation which introduces random modifi

cations,
o3 at

oy 8 ;
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Fution of a gﬂi’

ARl Srological Terminology

ibe the various parts of the
. - erms are _.—sm to Q@wﬂﬂ?n t
* In gonetic algorithms, biological § ion to a problem. The evolys
Chromosome refers 10 a potential solution Utiop
-lﬁ'”l e S ion of these chromosomes is analogous o a searcly
process that is performed Popu
of potential solutions.
through a g. : wi on one population of chromosomes to generate the next.
The functions are crossover, mulation and inversion.
1. Cell : Animal or human cell is a complex of many small factories that work together,
The center of all this is .rn cell nucleus. The genetic information is contained in the
cell nucleus. Each cell contains the same set of one or more chromosomes.

2. Chromosomes : All the genetic information gets stored in the chromosomes. Eagh
chromosome is build of Dioxy Ribo Nucleic Acid (DNA). In human body, a
chromosome exists in the form of pairs (23 pairs).

3. Gemes : A chromosome can be conceptually divided into genes. Each of which
eacodes a2 particular protein. Genes code the properties of species i.e.. the
characteristics of an individual, Every gene has an unique position on the
chromosome. The possibilities values of the genes for one property are called allele
&nd & gene can take different alleles Alleles can be either dominant Or recessive.

Present in a particular population forms 2

all the different possible variations for the
future generations. The set of all the 2enes of a spegi

; g a genotype 10 produce the
0 a phenoty
characternistic of the BENOYDE (smag; Phenotype.

Tnm.z__m —;_..—_. _.._ﬁ.w“__.

w._V4 nu.—ﬁw
ICAL PUBLICA I

TECHN
!c?e._.._ﬂa;:og

Phenotype describe physical |

ot Computing

7. Organisms whoge chrog
whose 0:335338, e
one set of each gene jg
dominant ang which of
haploid _..‘.r:,:.o@o_.:nn

o The following tabje gives

along with thejr E:?m_n.#....._.

Common term used in GA ! o

I Individual :- Any possible solution . .

Population :- Group of al} i i \.4.
Search Space :- All possible solutions to the problem
Chromosome :- Blueprint for an 5&%
Possible aspect (features) of an individual
Allele : - Possible seftings omﬂwnggnﬂtv
Locus :- The position of a gene on the chromosome
Genome :- Collection of all oﬁgg n

E Outline of Basic Genetic A
1.

-

o

Trait :-

e 4 &

[Start] : Generate random popul
problem),

[Fitness] : Evaluate the fitness f(x) ¢
[New population] : Create

a. [Selection] : ma_on.".
fitness (the better fi



Soft compuling 37
&« B = |l\l|.1lu||||l.ll|
g.6 i
. . o cross OVer the parents to step 4 : Calculate fitness for each chromosome
N\ obability **+= e :
783 *.w., g OSSOV nz_,”, s performed. offspring is an'e step 5: Mating of chromosomes
kel g crosSOVEr W step 6 ¢ Create offspring-crossover and i
pAY SRR L > : Step 6 ¢ and mutation
( .+ probability mutate new offspring at ea Step 7: Offspring in new population
_ s i @ mutation P step 8 : Repeat Step 5 until new = initial population
Mu : o : h
¢ ___,...,.__:% s.__a___,éaﬁ pprngina ey population. Step 9 : Replace initial population with new
. 1 : Place neW 0 v run of algorithm, 10 : Go to Step 4 and repeat until criteria achieved
o, [Accepting]® tion for 3 further Step 10 : p peat until criteria achiev
ted popuid
. Use new gener® the best solutios ] ;
4 [Replace]: - o conditon is satisfied. S1OP and return : E Advantages of Genetic Algorithms
Test] : If the en — ! .
5 [Test]: ; o Genetic Algorithm is a stochastic algorithm.
population. d
(Loop]: Goto sep. ¢ Randomness as an essential role in both selection and reproduction pk
b. i y
e Genetic algorithms always consider a population of solutions. A
GA Steps

Step 1: Set population size and probability
Step 2 : Define fitness function
Step 3 : Generate initial population

1 Test: Is initial

solution good enough?

step2

BAA COLLEGE OF ENG NEERI NG TI RUPPUR

g Uim_.msnmu between 0>m m:n Traditional !ogo&,ﬁ
by

(o=

algorithm is also very amenable for parallelization.

There is no particular requirement on the problem before using genetic al
can be applied to resolve any problem (optimization).

GAs are a new field and parts of the theory have still to be properly

find almost as many opinions on GAs as there are researchers in this mnun, =
i

EXM] Limitations of GA

GAs are not guaranteed to find the global optimum solution to a problem.
GAs are

problems.

an extremely general tool and they have no specific way for solving

else is failed or when we don't have enough

GAs are usually used when everything
knowledge of the search space

Even when such specialized techniques exist, it often interesting to E&ﬁnﬁa ﬁ-u—u with
a GA in order to possibly gain some improvements.

Cr:n:r algorithms a ocn_oa form of the function values ﬁm_
with the actual (m_:n... %n:;m?nﬁ. For example, if we ?&.ﬂ_& ﬁn._ﬂmgcﬂ 0%
function f(x) =X’ + X+ 5, the GA would not ao& ) p
with strings that encode these values. For this case, st

the

Values should be used.
Genetic algorithms use a set or population of points to cor $ femch ot just o
single point on the problem space. This gives GAs the power to search noisy spaces

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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‘ Binary Encoding

¢ Binary encoding i most con
and 0s and each position jn g
problem. The length of the strs

wal optimum POIES. n
ace. the GiAs looks ot __:!.: .
all ol ﬂ-.-ﬂ ’a.r‘ maln ] ‘ﬂ* n

thme use only pavofl information o

different areas of the problem.

sty infor accuracy. ”
caues need o variety of on <
s space. Many scarch 8135..3_293 bl for ‘examiole iR Chro A
worachve Hill climbing methods Nt -
miormation 8 GA needs is some measure ,..,,_..Bnn..ng_nﬁﬁ.ﬁ:...ﬁo T Chromosome B gy
the GA knows the current measure of “goodness™ about & point, it np.».___ e ¢ Octal encoding : This encoding ¢
continue searching for the optimum Chromosome A .
4 GAs are probabilistic in natre. not deterministic. This is a direct ﬁ._.qcaaaai.uw :
randomization technigues used by GAs.

* Hexadecimal encoding :

5. GA is inherently parallel. Here lies one of the most powerful features t09 and A to F.

algorithms. GA's, by their nature. are very parallel, dealing with a large n Chromosome | 3

Chromosome B

(XAR] Permutation Encoding
L]

Useful in ordering problems s
In TSP, every chromosome
visited.
* Permutation encoding is used in
i a string of numbers, which
usually needs to make some
the forh of string that conveys procedures because any trans

Payoff plus der
Fully detern

4 . Payoff i.c. objective function

A population of points

* Encoding is the process of representing the solution in

process of representing individual genes. The process Chromosome A
can be performed using bits, numbers trees, array or any other objects , Chromosome B
* Just as in & chromosome e T e
§ g ﬂ-n. Gwnr BEnE contrals particular n_.rm_.m.n_“w—.mm:_n ofthe mﬂ&md_g . Mﬂﬁg—u—ﬂ of ﬂa—a—ma ‘T
: I the string represents g Characteristic of the solution, ¥ : * The problem : There are
1 the followin 3 has to visit all of them
2 key ideas S 10 visi 0
1. Use a daw structure as close as possible 10 the natyra| re ; Minimize traveled disf
2. Write i i lepresentation, oy B
. g Benelic aperators as :ﬂ_n&.u—.._. mm.—mmam.-.w e{-: visit ng ;
3 M possible, onmure tha a EENOtypes correspong 10 feasib) : gc B
5 ’ easible soluti Ul !
A. —&-g—_wmn. Enisure —.——E BEneLic C—X..Hu_.:q B vo_ﬂzcﬂm. | ﬂ—s g—:ﬁ

B Preserve faaoito:
Preserye :.m_w_v:___w, * Used in problems w

binary encoding woult
develop some specific e
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._..‘...,. ¥ p - : ork .
- l,.”w R of neurons 1< tain the netwad ”noqﬂnmuos&:w i&mrﬂm for i
ncoding: Real s it SICEUE aﬂaga___ 4586 23203 24545 current population is ne

- A 12324 53243 0.& R

M” H“MHHM B >=Em5=§§§u§?§3 ﬂ“ _s“”p ﬂ.& tieprey]

Chromosome € (bacK), (back), (right)s (forward), (1eft) o Thrug

s solutions by unmno_mﬂm

greater probability

[EEXE] 7ree Encoding

33
e s |
-

ot compuling

. Selection is the process of
in reproduction oper: :
encode successful st

some objects. such as « [f the selection

In tree encoding ever chromosome is a trec of : ;

commands in programming Janguage. It is used in genetic programming. 8 B..r.n unn ssar

Fxample of problem : Finding a function from given values. i A ; Em_u.. there is an

The problem : Some input and output values are given. Task is to find a mo_cn_ﬁ“..:.

which will give the best (closest to wanted) output 1o all inputs. « Selection
selection

romosome is functions represented in a free.

Encoding : Ch
1|I|I|I|I|I|I|I|] - P 1)
Chromosome B 1, Proportionate seleci
Chromosome B o In _u_.o_.ue e
on their fitness :

do until

{ do_until step wall)

(+x(/5y))

Population Initialization and Selection Methods
The process begins with a set of individuals which is called a Population
individual is a solution to the problem you want to solve. An individual is ¢!
by a set of parameters (variables) known as Genes. Genes are joined 55 a s
form & Chromosome (solution). .
In a genetic algorithm, the set of genes of an indivi .
. ividual is represented using a
Secus 26 n._v_ﬁua..cm.ﬁ_w. binary values are used (string of 1s and 0s). We
we encode the genes in a chromosome. el
Reproduction selects good strings in a i
population [
R R cometicn 16 wﬂza mo_._._u_m a mating pool.
. sometimes known as

slice _.Eam_don»?mﬁ
* There are a number:
I. Cannot be used

TECHNICAL PUBLICATIONS® . 3 _—
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Genetic L__m_o_:“saa

,3,,__._.“_ #€the rank of individual i,
rerd T/
Pisthe ﬁovc_m:a: size, . -
o fitness to assign © the best indiviAuet:

Max represents th
sents the fitness 1©© as ,
formed usin,

ol selection can be Pe .
election is that the population must be

opst individual:
sign to the worst indiv!

Min repre g the subjective fitness.

p,=st/ 2sf, Roulette whe

One disadvantage associated with linear rank S

sorted on each cyele.
Selection has to balanc
1. Too strong selection means sub 0
ucing the diversity needed
n too slow evolution.

parents {0 CroSSOVEr are ©

rossover and mutation.

¢ with variation from ¢
iduals will take over the

ptimal highly fit indiv
population. red for change and progress.

2. Too weak selection will result i
The various methods of selecting chromosomes for
1. Roulette-Wheel selection

2. Boltzmann selection

3. Tournament selection

4, Rank selection

5. Steady state selection

EEX] Roulette-Wheel Selection

The commonly-used reproduction operator is the proportionate reproduction operator
where a string is selected for the mating pool with a probability proportional t0 its

. ——yr
fitness. Thus, the i" string in the population is selected with a probability proportional 10

F,.

The von._.__m:on size is usually kept fixed in a simple GA, the sum of the probability of
each string being selected for the mating pools must be one. Therefore, the probability

oth

for selecting the i string is
F

Se=——
2F

fmd

P

where n is the population size.
The expected value of an individual is individual's
the population.

Al RUBAA COLLEGE OF ENG NEERI NG Tl RUPPUR

|

TECHNICAL %Iflllllll
Dt o

fitness divided by the actual fitness O

.{

soft 0@3025@

J-13 4
Genetic A

Fach current string in the population has a slot assi i ich is i
it's fitness We spin the weighted Roul Y AR O R

b 4 oulette wheel thus define 2
il umber of solutions). s defined n times (where
Each :Ew Roulette 5.:9& stops. the string corresponding to that slot are createds
that are fitter mmw assigned a larger slot and hence have a better chance of app
the new population. .
One way to implement this selection scheme is to imagine a Roulette-wheel
circumference marked for each string proportionate to the string's fitness. The
wheel is spun n times. Each time selecting an instance of the string chose
Roulette-wheel pointer. .

Example of Roulette wheel selection

Sr.No  String  Fitness % of Total
1. 01101 14.4
2 s 11000 49.2
3y 01000 5.5
4. 10011 30.9
S Towl - 100.0

Fig. 3.3.1 shows a Roulette-wheel for each individual having different fitness valu

44 §
gy e
.‘_._H......:L 4 3
ol
Fig. 3.3.1 Roulette-wheel f
E Rank mo_onﬁas -t
* Each individual in th

selection is bast _....
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Genetic h___moa_,._:__dw
e

fit individuals from _.mm_a:m

d reduce the populatioy

an prevent VT
<. which woul

acceptable

ethod 15 that it €
of less fit one

pis o find an

]

Ml the expense solution.

"¢, .95.\._.?‘.&.. b &

Vigo. or altem
e #«_and might hinder atte
gemetiC.d el sity anc <

-

EEE] T6urnament Selection

e Subgroups of individuals are

¢ larger population and members of each

‘hosen from th ;
¢ | from each subgroup is chosep

i e ¢ individua
subgroup compete against cach other. Only one indi

to reproduce.

omly selecting a subset of individuals from the

o Tournament selection works by rand i i i
The individuals in this subset

population, often referred to as the tournament SIZE.

compete against each other, and the one with the highest fitness value is selected as a

parent for reproduction. This process is repeated until the desired number of parents s
selected.

e The effectiveness of tournament selection heavily depends on the choice of tournament
size. The tournament size determines the number of individuals that compete against
each other in each tournament. A larger tournament size increases the selective pressure
and promotes the selection of fitter individuals. However. it also reduces the diversity of
the population. potentially leading to premature convergence or getting stuck in local
optima.

* The tournament selection process provides several advantages over other selection

methods. Firstly, it allows for selective pressure, meaning that individuals with higher

o e o e S i T e

subsequent generations. Consequently 85.:»” m»%.nma_” i peing pass S

of the population towards optimal .S_cmozw o: selection promotes the convergsi:

over time,

mnﬁ.:a_.f_ the tournament selection process is

computationally efficient,

17

(L] Boltzmann Selection
e e
* In this selection method, 4 con

: tinuoy
selection according to 4 preset wnr&&omm_.roﬁﬂ
that the selection pressure is low, The gerees. .

mqa Qcﬁ@_‘bxn 3 15

increases the selection pressure, thereby allowing the GA to narrow in more closal

the best part of the search space while maintaining the appropriate degree of diversif

Under Boltzmann selection, the selection we;
(BF )
(’__ = axv i

i

ght for each population member is,

where B is the selection strength and determines the relative probability of selecti
Jifferent population members.

« For zero [5 each population member is selected with equal probability, while for
high 3 only the fittest population member will be selected.

E Genetic Operators

¢ Generation of successors is determined by a set of operators that recombine and m

selected members of the current population. Operators correspond to idealized versior
of the genetic operations found in biological evolution.

Selection Opel

Fig. 3.4.1

.Dmsnzoovm_.wﬂo_.mmﬂ_._nanmic_.wo_.mn:nannmumimﬁ_ncmmnaoamg.
individual. . S

E— Selection Operator :

it

* Key idea : give preference to better individuals, allowing them
the next generation. ....

It determines which parents participate.
The goodness of each individual

Fitness may be determine .
Selection replicates the n
Proportional to th at



https://www.studocu.com/in?utm_campaign=shared-document&utm_source=studocu-document&utm_medium=social_sharing&utm_content=ccs364-notes

RUBAA COLLEGE OF ENG NEERI NG TI RUPPUR

TR N ses Senclodlorihny

1

Genetic Algorithme

= GO mON solecion methods used in GAs are
2 Rliin
= o ¥ ﬁb.:wwv;@u.qﬁ_:

e—<Tapsfament selection

84 i phrtionate selection

EXE®Y Crossover Operator _

* A binary variation operator is called recombination or crossover. A method of MiXing
good solutions to produce better ones is called crossover.

e Crossover means choosing a random position in the string (say, after 2 digits) and |
exchanging the segments either to the right or to the lefi of this point with another string
partitioned similarly to produce two new off spring.

* Crossover produces two new offspring from two parent strings by copying selected bits
from each parent. Bit at position “i” in each offspring is copied from the bit at position
“I"" in one of the two parents. The choice which parent contributes bit “I'* is determined
by an additional string. called cross-over mask.

* In the crossover operator, new strings are created by exchanging information among
strings of the mating pool.

The primary objective of the recombination operator is to emphasize the good solutions
and eliminate the bad solutions in a population, while keeping the population size
constant. _

® “Selects The Best. Discards The Rest” “Recombination™ s
“Reproduction™.

different from

* Ildentity the good solutions in a population. Make multiple copies of the good solutions.

Eliminate bad solutions from the population so that multiple copies of good solutions
can be placed in the population, It is the process in which two chromosomes (strings)
combine their genetic material (bits) to produce a new offs

pring which possesses both
their characteristics.

Two strings are picked from the mating pool at random to cross |
over. The method chosen depends on the Encoding Method, _
* Crossover can be rather complicated and very depends on ;
chromosome, Specific crossover made for a speci
of the genetic algorithm,

Steps of crossover :

1. The reproduction operator selects at random a e SR,
mating. L mﬂmrﬁ_ﬁﬁ

soft Computing

2. A cross site is sele

3. Finally, the positic
site.

E Crossover Types

1. Single-point crossov
2. Two-point crossover,
3. Uniform crossover

1. One point crossover
» One point crossover is the

Parent 1

* Example :

are randomly generated
* Two crossover points are




2
2
=
2
i
s
g
@
:
8
3

Q.«.thnl @%:5@
3-18 --!--ar

X X[ XXX|XX
YY|[YYY[YY

Parent | :
Parent 2 :
Offspring 1 : XXYYYXX

Offspring2: YYXXXYY

3. Uniform crossover

In uniform crossover. a value of the first parent’s gene is assigned fo the first ommuzsm

and the value of the second parent's gene is to the second offspring with a Probability
value p_.
With probability P, the value of the first parent’s gene is assigned to the second

offspring and the value of the second parent’s gene is assigned to the first offspring.
Example :

Parent | : XXXXXXX
Parent 2 : YYNYYNTY
Offspring | : XYXYYXY

Offspring2: YXYXXYX

good a
. If offspring

is suitable for large strings,

Crossover example :

101100

(position is randomly selected)
01%1011 10%1100
Now combine the first digits of A wj

o el th the last digits of B ang the first digits of B with
the last digits of A. This BIVES YOU two new om.mvnbw.
011100
101011

TECHNICAL mkco.dozuo-!fsa-? ¥
knowleqgg

soft Cormputing .
s LB cead Al S —

o If these new sgj

—  Giad
NS or offspr: 2 =

:é::m. are betier solutions th
Optimal solutions angd
condition (fo, €xample

system will keep these a5 more an the parent sofy

repeated until some they will be

Come pare
the best solution) js satisfied

Matrix crossover

¢ Some real problems are natu
kind of problems s tg be rithms, then S i
very conveniently and naturally be ¢ G : g7 :
ensi
¢ Two-dimensional substring crossover generales two  offspring 2.3:50 |
choosing only one of the tWo crossover Strategies (horizontal or vertical), .
» Alternatively, the two-dj i

* The new offspring chromosomes

that result from executing
become infeasible for some appli

the crossover operatj
cation problems.

Parent 1 Offspring 1
_ q ? H I 3 9
? i / I = 5 4 :
6 12 11 10 (¥
Parent 2 Offspring 2
——— 7 o
AR 5 6 L3 g e
Fig. 3.4.2 Horizontal substring crossover vy
g =i .....&ﬁi
i s ool
Parent 1 Offspring1
! 3 9 8 g
3 4 7 2
6 12 11 10
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3-20 =enelic Algorthmg
Offspring 2 _
g i 1 ! Phacelun
I Lt : e e
® - 2 g2 | U Lfi:_ A

Fig. 3.4.3 Vertical substring crossover

Effects of Genetic Operators

» Using selection alone will tend to fill the population with copies of the best individual
from the papulation

e Using sclection and crossover operators will tend 1o cause the algorithms to conv erge on
& good but sub-optimal solution

« Using mutation alone induces a random walk through the search space.

* LUsing selection and mutation creates a parallel, noise-tolerant, hill climbing algorithm.

* Omly crossover can combine information from two parents.

e Only mutation can introduce new information (alleles).

* Crossover does not change the allele frequencies of the population.

EX} mutation

* The mutation operator introduces new genetic structures in the population by randomly
changing some of its building blocks, helping the algorithm escape local minima traps.

* This operator randomly flips some of the bits in a chromosome. For example, the string
00000100 might be mutated in its second position to yield 01000100. Mutation can
occur at each bit position in a string with some probability, usually very small.

* I helps 10 increasc scarching power. In the Mutation process, each element in an
individual is changed with a small probability of p,. With some low probability, 8
portion of the new individuals will have some of their bits flipped.

s Main purpose is to maintain diversity within the population and inhibit prematur®
convergence. Mutation alone induces a random walk through the search space.

e The mutation rate is usually kept low so good chromosomes obtained from crossover ¢
not Jost. Mutation increases diversity in the population and thus allows the algorithm
search more distinct pomts

o The mutation depends on the encoding as well as the crossover. For ..w.aw::u_n when we¢
are encoding permutations, mutation could be exchanging two genes.

S —— e

FTECHNICAL PUBLICA __..galﬂ &1 Up st for kn S—
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e [t is the process by string o ¢ St
is ¢ 200
% ¥ deliberage )y, changed 5o as ¢
3 L o
"m v__.:_.i_.x-m.u mamtain diy
2 Oflen the p

adds new inform

which a

the population set Mutat

chromosome will he mut

\—a_n-.ﬂ._ mes how

e Mutation
aton i

ultimately helps to a a4y o the genetic search proe

local optima. I i an operator that j
Opulation tends 1o become ho
€T Operators

the chromos }
] somes of individuals 1o be different from those

d getting trapped u
the population whenever the e
to repeated use of reproduction and crossov

« Mutation may cause

diversity in

parent individu

If crossover is supposed 1o cxploit the current solution to find better
supposed to help for exploration of the whole search space (_i:!os“v.-
process of randomly disturbing genetic information. They operate af the big
the bits are being copied from the Curtent string fo the new string, there is p
that each bit may become mutated.

The need for mutation is to create a point in the neighborhood of the current
thereby achieving a local search around the current solution. The mutation i
to maintain diversity in the population. For example, the following population
four eight bit strings may be considered :

01101011
00111101 il
00010110 g

01111100 sx

* It can be noticed that all four strings have a 0 in the left most bit position. |
optimum solution requires in that position, then i

operator described above will be able to create | in that e

Example of Mutation
* For chromosomes using binary % randomly &

Note : The number of bits to be inve

* Exchange mutation : The I
permutation. ¢« ST,
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' The movement of a randomly chosen element a random number of
V._..L:

mutation : Choose two points on the string in random and random|y

cments between these two positions.

: bit involves changing 0 1o 1 and 1 to 0 based on a mutation chromosome

1011 0101
1000 1001
0011 1100

* Interchanging : Two random positions of the string are chosen and the bits
corresponding to those positions are interchanged.
Parent 10110101

11110001

* Reserving : A random position is chosen and the bits next to that position are reversed
and child chromosome is produced.

10110101
10110110

Example : Suppose a Genetic Algorithm uses chromosomes of the form x = abedefgh with

a fixed length of eight genes. Each gene can be any digit between 0 and 9. Let the fitness of
individual x be calculated as :

fix) = nm+glﬁn+5+ﬁn+aiﬁm+_.:

And let the initial population consist of four individuals x|
chromosomes :

s o X4 with the following

Xl =635413532
:x:H3+mv|3+:+a+mvra+~vuc

X2=871 26601
:xmguAm+.:|:+~v+a+2r3+:uww

Ad = d 30 2019 ats

f(x3) = (2 + u.__lﬁc+u._._+: +wv|«m+mVHi_m

TECHNICAL PUBLICATIONS®. an up-thrist for
knowiedge

mcn ....E:E:r:c

R
x4 ..p_xmucap
f(x4) = (4 4 1)~ (8«

)2 +0)— (94 4h=-19
The arrangement is (assume _?2_3_3:53

XJ
(the fittest individual)

Xl x3 x4

(least fit m..E?E:m_..
Put the calculations in table for

u:u_urn:u
duals St ; N
Indivi String representation €S Arrangement et
Xl 65413532 = X2(fittest individual
indiy
X2 87126601 X1(second fittost —ﬂ_?w“.h_v E
X3 23921285 .
X3 (third fittest individual)
X4 41852094 X4 (least it individual)
So Average fitness : — (.75 Best : 23 Worst: - 19
Average fithess = (9+23 +— 16+ — 19y 4=-0.75
X2=8§" 7 1 2 6 6 0 1
Xl=6 5 4 1 3 S5 2

Offspring 1 = 8
Offspring 2 = 6

Xl=6
X3=2

Offspring 3 = 6
Offspring 4 = 2

X2=8§
X3=2

Offspring 5 = 8
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Genelic m__.m.o:__ziw
\/ ; o (L 73 (8 g (PR e
spring 1 =8 _ - +...+Q.+uvl. = *
g F (Offspring 1=(8+ H-(0+2
g Aol )
3 $ g ; L 1y=17
spring 2= © ) < fe)-©0+D
Offspring (o s 5)-(4+ 1+ (6
e 9 ] I} 2 3 2
yffspring 3 =6 2 = Bl A E
o Iom%%msnai |$+5+:+L (
3 8 5
ingd =12 3 4 1 A5
Offspring 4 = = 3 . ) .
Iom%:@ﬁu@+w._13+_Ta+3 @+5=—3
Sspring 3 2 6 6 8 2
Gmwﬁﬂ:munm 3 1 2 t
Iom%n:mﬁlfﬂu: ) +(6+6) -8 =110
Offspring 6 =2 T 1 2 6 z 8 1
_;om.,mnaam&nnm._ril: +5+3+5|Am+ 1)}="5
put the calculation in table for simplicity :
] .. String representation Fitness

§7123532 15
65416601 _
65921232 -3

23413585 =5

27921201 1

23926601 3
Average fitness : 6.833  Best: 17 Worst : — 5

So that, the overall fitness is improved. since the average is better and worst is improved.
Average finess = (IS5 +17+(=5)+(=2)+ 11 +5)/ 6
= 6.8333
EXX] Mutation Rate (P,,)

g E&f.atm_v. are not subjected 1o crossover, they remai ; :
operator is used to change some elements in selected m:&i-nw_h:.”aon.b_”."nm. The Ecwm.nﬂuu
als with a probability P

TECHNICAL PUBLICATIONS® . ap Up-thrust for knorie,

3-25 Genetic Algan

ft Co mputing

=
Jcading tO additional genetic diversity to help the search process escape from.

c?::m_ traps.

gmall Py values are commonly adopted in genetic algorithms.

a Bit-wise Operator

ng is the process of representing the solutio
information. It is a process of representing in
bits, numbers, trees, array or any other objects. _
cular characteristic of the ini i
of the solution.

n in the form of a string that ¢@

Encodi
dividual genes. The P

the necessary
can be performed using
s in a chromosome. each gene controls a parti
similarly, each bit in the string represents a characteristic
When choosing an encoding method rely on the following key ideas

ucture as close as possible to the natural representation.

e Justa

L]
1. Use a data str
2. Write appropriate genetic operators as needed.

3. If possible, ensure that all genotypes correspond to feasibl

4. If possible. ensure that genetic operators preserve feasibility.

e solutions.

EXd Fitness Function
concept in genetic algorithms. The fitness of ac

o Take Fitness is an important
determines how likely it is that it will reproduce. Fitness is usually measured in t€

how well the chromosome solves some goal problem.
e Fitness can also be subjective (aesthetic). E.g.. if the genetic algorithm is to be

sort numbers, then the fitness of a chromosome will be aﬂﬁd:u& _uw {

correct sorting it produces.
* A fitness function quantifies

solution may be ranked against

cach solution depending on how close it actually is to sof

the optimality of a solution (chromese
all the other solutions. A fitne

* [deal fitness function correlates cl¢
* Example : In TSP, f(x) is sum of di
value, the fitter the solution is.

function is a problem spe
are given a performance !
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.0 m
) anth = ¢
\ P Hit=A survival = @ De N
- B, 1
2 M R
{ esentation and measures the quality

E.._:.:a repr
always pr
rize the total value of objects

fined over the

function is oblem dependent.
{itness func §

e The fimess function 1s a¢

125.:_&_ solution. The
knapsack proble
ack of some fix

of the re| ..
m we want 10 maxin

ed capacity. A Tepr
ach bit represents & different object and the value of
object i in the knapsack.

ts may exceed the capacity of

e For instance, in the esentation of a solution

{hat we can put in a knaps
might be an array of bits, where ¢
the bit (0 or 1) represents whether or not the
« Not every such representation is valid, as the size of objec ; . :
ysack. The fimess of the solution is the sum of values of all objects in the

the knapsac
tion is valid or 0 otherwise.

knapsack if the representa
even impossible to define the fitness

In some problems, it is hard or
expression; in these cases, interactive genetic
algorithms are used.

EXJ Two Marks Questions with Answers

50

Q1 Whatis genetic algorithm ?

Ans. 1 A genetic algorithm is a search technique used in computing to find true or approximate
solutions 10 optimization and search problems,

Q.2 What do you mean genetic programming ?

Ans. : Genetic programming is genctic algorithm wherein the population contains programs: rather
than bit strings.

Q.3  Explain the “Darwinian theory of survival”,

Ans. : More individuals are produced cach generation that can survive, Phenotypic variation exists

among individuals and the variation is heritable. T} mdivi
e. Those individuals with heritable traits i
to the environment will survive, sl

Q4  State the importance of genetic algorithm,
Ans. : Genetic algorithm is that the problem solving strate
. Al
direct the search; therefore they do not require any proble
and they can operate well on search spaces that have

g Involves using “the strings® fitness 10
1= |
specific knowledge of the search space,

aps, | A, P
search, the __u.a_z__m _” Jumps or noise”, As each individual
] C algorithm se
y n- " -
with numerous search direction arches
S,

string within a population directs the

points on the problem state space , in parallel, numerous

TECHNICAL PUBLICATIONS® | pos
Upthrust for
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\\\\.\\l‘l Ganetic Algorithn

as compare and contract genetic algorithm with traditional algorithm

 Computing 3-27

UL T —

Genetic algorithm

.\.1..|1|.|
GA generates a population of points at

each iteration. The best point in the

Traditional algorithm

It generates a single point at each iteration,
The sequence of points approaches an opti

population approaches an optimal solution.
solution.
Byreats e
Selects the next population by - Selects the next point in the sequence by a
computation which uses random number  deterministic computation.
generators.

Improvement in each iteration is problem
specific.
Rules are probabilistic. . Rules are fully deterministic.

Convergence in each iteration in pro
independent.

Q.6 What two requirements should a problem satisfy it by a genetic algorithm ?
Ans. : GA can only be applied to problems that satisfy the following requirements :

i) The fitness function can be well define.

ii) Solutions should be decomposable into steps (building blocks) which could be then encox

chromosomes.

Q.7 What is use of crossover operator ?

Ans. : A crossover operator is used to recombine two strings to get a better string. In cro:
operation, recombination process creates different individuals in the successive gener ions

combining material from two individuals of the previous generation.
Q8  Explain two point crossover.

Ans. : Two crossover points are selected, binary string from the be:
first crossover point is copied from the first parent, the part asuﬂg D

Ans. ; The basic components common to almost all g
I Fitness function for optimization

A population of chromosomes
Selection of which chromoso

€ Crossover to produce next

L
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“tion inGA?
Sl

" of Rtness fund

2 A _.._:‘.:;z sunction 4 L€ of ohjective -t .
on with & single figure of merit. A fitness function é.
wy be ranked against

so that particular golution 0

(chromosome )
value 18 assigned 10 each solution depending

Define the term encoding.
_.._.Q.a%am the soluti

on how close it

au ‘ ,
on in the form ol &

. Encoding is the process of re
pus of ?ézﬁs_im ir

information, 1t is @ proc
array or any other objects.

Ans.

necessary
using bits, numbers, 1rees,

use of tree encoding.

ery chromosome is a tree
¢ is used in genetic progran
e called as selection operator.
pulation and forms a mating

performed

Q.12 Explain
Ans. : In trec encoding ev

of some objects. such a

in programming language. 1 Iming.
Why ?

Q13 znt..oacuuo: is sometim
Ans. : Reproduction selects good strings in & po

the reproduction operation 1o be sometimes known as the sele

reasons for
the various methods of selecting ¢

Jﬁ.u_. What are
Ans. : Various methods are |

| Roulette-Wheel selection 2. Boltzmann selection

3. Tournament selection 4. Rank selection

Q15 Howisa population with increa

Ans, - If two parents have superior fitness, there is a good cha

will produce an offspring with even higher fitness.

sing fitness generated ?

Q.16 Define mutation rate.

Ans.
muted.

NMArizes the 2

he other S0

ctually is 1€ solvin

(dividual genes:

s functions or commands

ction operator.

hromosomes for parents to cross

5. Steady state selection

nee that a combination of their genes

+ Mutaty . - . . \
on rate is the probability of mutation which is used to calculate number of bits to be

Q?._....,____u:_,,__cg__ nis

oodness of a

v of a solution

s, A fitness

g the problem.

gtring that conveys the

The process can be

pool. This is one of the

over 7

UNIT IV

Neuro Fuzzy Modeling
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P__m:.__.__.r._ Fuzzy ?49.\__9_____&

previous layers.
. . qystem. The ANFIS is Zwf
E)z_..._m Architectur / od Fuzzy [pference Systefi. = - _ _. 3 2w = Flaf !
: rfp.-s.a__.r-?_qﬁ : ; :_...ur.: for the solution of (| Sh
. ANFIS cands for Adaptive g neurdl :c:.::, ____. kg _ i N._..e_
jata driven procedure representin® - _4,‘(,.._._,,:_»._;. for the synthesis of ANFI§
e B > s, et 2 of wrical samples of et AT :
function %c_,,;__‘.;__..._,7”:““35 g & raining S€t of numet ples of the » ANFIS serve as a basis for constructing a set of fuzzy if-then rules with approg
: ) stering 3
networks are gypically DS © pership functions to gene ot ; .
. : membersiip generate the sti ulated input- i
unknown fanction _.,vnm_J_..?Jw::u:s iy & slied 1© classification tasks, rule-based FIS ] P d input-output pairs.
+ ANFIS networks have been ﬁ_f.e..,aﬂw: ..,..:W.“_?c_._..,_:u_. o, Tthe AINEIS SHTURRIES it is observed that given the values of premise parametes
. iti st - - - S " @, a li . .
process control, pattem ae.sm_:._s_,_:__ s A +ased fuzzy inference system. final output can be expressed as a linear combination of the consequent paramete
2 s .,.ﬁ._._.EEE,:cm..mﬁ ¢ . o
o g 41! shows basic ST ization pefuzzication Combination d tages a d Li itati f
Fugzication Rule ZOJ..H_E layer layer Advantage nd Lim ons of ANFIS
layer fayer 3
Advantages .
|, Faster convergence than typical feed forward neural network.
= 5. It uses small size training set.
3. Compact model.
4. ANFIS is capable of handling complex and nonlinear problems.
Fig. 4.1.1 Basic structure of the ANFIS P g2 p pro
; s : : Limitations :
o Layer 1: This was the fuzzification layer. It consisted of defined membership functions .
p value that was calculated . Surface collisions around the points.
s consistent with underlying monotonic relations.

{ was a degree of membershi

of the input variables. The outpu
based on a (Gaussian membership function.

__wnn i
T

1,(X) = EXp [ = 5
\ = S

where ¢, 8, are parameters of a membership function.
Laver 2 : This layer executed fuzzy AND of the previous part of the fuzzy rules.
w, = Ry (%) py (x)

Layer 3 : This was the normalized layer. This layer normalized the membership functions:

f the

Laver 4 : This was the defuzzificati :
3 zzification layer. This laver executed 0
fuzzy rules. - uted the consequent part

$___ e..__v,...ﬁ_.,d:

where p, g, , are linear paramelers,

TECHNICAL PUBLICATIONS®
A Up-thrust for krowlegge

¥ Hybrid Learning

Im
Plemented by the ANFIS.

momiptting 4-3
w_‘_qm....-‘ . i~ Neuro Fuzzy Mod

payer 5 ; This outpul and combination layer was calculated by summing up the outpuk

2. Coefficient signs not alway
3. The learning procedure of ANFIS does not provide the means to apply cons
to the membership functions.

that restrict the kind of modifications applied

¢ The ANFIS can be trained by 2 hybrid gSm&manB In En,
algorithm uses least-squares method to identify the consequent P
4. In the backward pass the errors aré agated

are updated by gradient descent.

* We can apply the gradient method to ident
method is generally slow and likely to w_n.,“ m. 8
E_mooaznamn:nm%ﬁ_maa method B@ﬁn.g _

* We assume that, the adaptive network .Enﬂ.

By ~?_u_-. A

Output = _Aﬂ.av A._a.mg.....:.w

where T is the set of input V2
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S ANSRNN —— - -
Zh, ML A

X L ich that the composite function H o F is the linear in SOMme
Y Jootion W osuch that t I

, '

Tm X .V?, wentified by the least square method.

4.4 21__:,_._ ..,..h__Nh...”__ Mo tialir (9]

H . R @Q Are (D rentee
AT fo1 S can be decomposed into two sets S = S, @ S, where @ fepresents

\\\_\C\ st H ol

iIs lincar in the elements of S,, then upon applying 1 y,

Hioutput) = Ho _,ﬂ L .,#V

which 1s linear in the clements of 8.

* Now given values of elements of S, . we can plug P training data and obtain a matrix
eguation

AX =B

where X is an unknown vector whose elements are parameters in S,

® Let | S, | = M. then the dimensions of A Xand Bare P X M, M x | and P x |
respectively

* Since number of training data pairs (P) is usually greater than number of linear

parameters (M), this is an over determined problem.

X ANFIS as Universal Approximator

* When the number of rules is not restricted. a zero-order Sugeno model has unlimited
approximation power for matching well any nonlinear function arbi

trarily on a compact
set. This can be proved using the Stone-Weierstrass theorem,

* Let domain D be a compact space of N dimensions, and let F be a set of continuous real-

valued functions on D satisfying the following criteria :
1) ldentity function : The constant fix)=1isinF,
2) Separability :

For any two points X) # X,in D, there is a f in F such that
fix,)# fix,).

3) Algebraic closure : If fand £ are any two functions in E;
for any two real numbers a and b,
Stone-Weierstrass theorem - Il :

® [f F is dense on C(D) for set of continuous
and any function g in C(D), there is a functj
x € D.

then fg and af + bg are in F

real-valued function on D. For any € >0
on f£in F such that |g(x) ~ fix)| < € for all

TECHNICAL PUBLICA

TIoNS® _ 5, up-thrust for nowiedge

|

B

|. ..||.& 5

o The ANFIS satisfies q) thege requirem —
R ents
the domain is alimosg alwayg Compacy o
» It is possible, applying this
zero-order Sugeno mode|

— :z,.w.:sd,inm.g
Pplications of fuzzy, inference Syst

% nj. i
theorem 10 prove the Universy| app |

1. Indentity function . The constant fx) -
o The first hypothesis requires ;
identity function f{x)= | < Misreicasy

fuzzy inference system with o

€ is able 19 compute the ident
2. Separability : For any two points x < o :
3 = X m D, there ; i
Lo i 3 5 afinF such

fuzzy inference system with app
Aigebraic Closure - Addition |

* Algebraic closure addition : If f and
for any two real numbers a and b.

ropriate parameters.

g are any two functions in F. then af + bg are in!

* Suppose that we have two fuzzy inference system S and S: each of them has two rules.
* The final output of each system is specified as

m.NH.ihmH+¢fﬁ
: Wi W,
R e
Sz —ti—ndd

W, W,

uﬁaonnn:nmmu”

w,f +w.f,
g o Wi o
az+bz =a W, W,

E_mq_ (af, + ___-m_.w;_..i_mww (af) -

mﬁ.

* Therefore, it is possible to const
Ngebraic Closure - Mu tig
* Iffand g are any two
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o Therefore, itis possible

Neuro Fuzzy Modeling

putes Z Z.

to construct & four-

[ Coactive Neure Fuzzy Modeling . ...
CANFIS stands for Coactive Neuro-Fuzzy [nference System. has extended basic ide &.,
a _, In this ANFIS concept has been nﬁmaa@ﬁ_ to any number of

from non linear fuzzy rules.

] oS prodecessox
input-/output pai
This CANFIS realizes the

rules.

« CANFIS enable
rule formations.
network to quickly sol

e Fig.44.1 shows

Inputs

®=
@=

ANFIS.

lds advantages

ferencing accomplishing fuzzy if then

dition. CANFIS yie
Sugeno type fuzzy in
e of nonlinear

s to obtain more than one outputs and bas the wm.é:sm

The CANFIS model integrates fuzzy inputs with a modular neural
ve poorly defined problems.

architecture of CANFIS.

Fuzzy membership (Multiplication)

valugs genaration

Input
iayer oo:hﬁ“..aa ﬁosvﬁv

Fig. 4.4.1 Architecture of CANFIS

TECHNICAL l..ﬁtﬁhﬂ__atma
- an up-thrust for knowledige

_.Ea_un.. of out
to express correl

, In MANFIS
gach AN
_uo.a.mww_
increase i t

E framework
Mo ic ideas of its predecessor ANFIS : The ANFIS con

ANFIS has
has
advan

o To get mul
per require
independent

correlations be

increases.
« Another way

rules among multiple AN
« In both CANFIS and RBFN, lo¢

local center and the input vector. By comparison both the
each weight vector and input vector is taken in & backpropagation MLP to m
similarity between training patterns. e
« CANFIS powerful capability stems from pattern dependent weights betwee
r. Membership values

consequent layer an
those dynamically chan
s CANFIS is locally tuned. RB
the MLP, although the RBFN
can be a better extrapolator than
* RBFN fails to estimate the VaX
because of the local nature of its
* Neuron functions for acap
for alternative Gaussian

hidden layer

FIS has an independent set of fuzzy rules,

g corTe
he number of outputs.

been extended to any num
tages from nonlinear fuzzy rules.

tiple outputs from ANFIS, multi
ment of output.

4-7
Neuro Fuzzy Modeling

?:w, required. Fuzzy rules are constructed with shared membership va
ations between outputs. Py
no modifiable parameters are shared by the juxtaposed ANFIS m
which makes it difficult to ¢

lations between outputs. Also the adjustable parameters increases W

extended the bas
CANFIS ¥

ber of input-output pairs. In addition,

ple ANFIS models are used side by s

In multiple ANFIS (MANFIS), each ANFIS ha
set of fuzzy rules, which makes it difficult to realize possible ol
tween outputs. Output increases as number of adjustable para

g multiple outputs is to maintain the same antecedents of fi

FIS models.
ality is considered by Euclidean norms between

methods, the inner prod

of generatin

d the fuzzy association 12y

X a_s_ssnaﬁm »

geable weights that
FN may

RS e


https://www.studocu.com/in?utm_campaign=shared-document&utm_source=studocu-document&utm_medium=social_sharing&utm_content=ccs364-notes

JAI RUBAA COLLEGE OF ENG NEERI NG TI RUPPUR

4-8 Neuro Fuzzy ___Jx__lom.“_mmm_w

Mobs for Adaptive Networks

Ve network is a system that processes information and makeg
: network when necessary. Such networks can be found in Computer
nic life forms. They are used to interpret large amounts of compley
are the basis of modern artificial intelligence technology.

\/
XX] Nonlinear Rule

* Suppose we have a sigmoidal function as a neuron function in the consequent layer,
Then we have a nonlinear consequent given as

1
w1 +exp[-(px+qy+r)]

5

* When each rule’s consequent is realized by an NN, then it is called as neural rule. When
four consequent NNs have sigmoidal output neuron functions with no hidden layers, the
four neural rules are reduced to sigmoidal rules.

EXE] Truncation Filter Function and Modified Sigmoidal Functions

* Sometimes we require very small desired output from NN. The NN is required to learn
extreme values close to the rim of the output range.

* When normal sigmoidal logistic functions are introduced at the output layer of an NN, it
is known that the NN fails to learn such extreme values. To improve the performance of
NN, replace the square error function with an entropic function.

* Alternative way is to introduce a modified sigmoidal function () and a truncation
filter function (f, ) as neuron functions for the output layer.

MIN ifx < MIN

MAX ifx>MAX

X otherwise

MIN ifx <MIN

foos = TMAX ifx 2 MAX

X otherwise

]

fioe (X)

Where fix) is the normal sigmoidal logistic function.

1

fix) = 1 +exp(—x)

TECHNICAL PUBLICATIONS® - an up.thuss for knowledge
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sot Computing

E Neuro Fuzzy Spectrum
o Neuro-fuzzy system is y
inspired by neural netwg

————— 4

rules) by processing data samples.

o Neuro-fuzzy models

1

J|.|[.|r||.|..|m||.|||.l.l[

fuzzy System that
rk theory 1o deter

allow prior knowled
appropriate linguistic labels, Fig. 4.6.1 sho

Neuro gy,

uses i i
e _aa_.:_zm algorithm derived frq
mi _.

Ne its parameters (fuzzy sets and fiy
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Fig. 4.6.1 Neuro fuzzy spectrum .

* The learning process is often follows the diagonal route of improving mapping precis|
and deteriorating interpretability at the same time, this situation is called as dilems
between interpretability and precision. gl

* Adaptive neuro-fuzzy models like ANFIS / CANFIS transit smoothly between

ends of neuro-fuzzy spectrum.

* The hybrid learning rule generally inten
* Various approaches to alleviating the dilemma :

. Modify the learning algorithms

Apply another way of m__,..s_ﬂ.amwno:_
NN models have structures simi

interpretable, but this is _.En?ww

to ANFIS / C
g .o.-. |
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néw error measure designed to increase interpretability. such as an eppqp
erm similar to Shannon's information entropy.

EXE] Convergence based on the Steepest Descent Method

* Adaptive methods of gradient descent are variations of the standard gradient descent
algorithm that adjust the learning rate based on the characteristics of the data and the
optimization process. The goal of adaptive methods is to improve the convergence of
the optimization by scaling the learning rate in a more suitable way for the task at hand.
Gradient descent is a widely used optimization algorithm to find parameter values that
minimize a cost function. In machine learning, gradient descent is often used to optimize
the parameters of a model to improve its performance.

* The main idea behind gradient descent is to iteratively improve the values of the
parameters by following the negative gradient of the cost function. By taking small steps
in the direction that reduces the cost function, gradient descent can efficiently find the
optimal values of the parameters.

X Two Marks Questions with Answers

a4 Why to use fuzzy logic in neural ne x...q

Ans. : S0ME 1easons to use fuzzy logic i :nEn_.
1. Fuzzy logic is largely yseq to define th

mu

2. When crisp values are not .
Possible tg 4
PPLy. th
and
that time fuzzy

3. We have already studied that training
in unexpected situations, At
values.

4. When we use fuzzy logic in neural networks then th A

processing can be done in parallel. s

a5 Explain dilemma between _2.“..5..2»!__2 and precision.

Ans. : The learning process is often follows the diagonal route of |

and deteriorating interpretability at the same time, .

interpretability and precision.

Q6 Whatis ANFIS ?

this situation is called as ¢

Ans. 1 ANFIS stands for Adaptive-Network-based Fuzzy Inference System. The ANFIS is a
data driven procedure representing a neural network approach for the solution of function
approximation problems. Data driven procedures for the synthesis of ANFIS networks are
typically based on clustering a training set of numerical samples of the unknown function to be
approximated.

Q.1 What is neuro - fuzzy system ?

Ans. : A neuro-fuzzy system is a neural network which is functionally equivalent to a Fuzzy
inference model. It can be trained to develop IF-THEN fuzzy rules and determine membership
functions for input and output variables of the system.

Q.2 What is fuzzy neuron ?

Ans. : Fuzzy neuron is a basic element of fuzzy BP network. Here input vector and weight
vector are represented by triangular LR type fuzzy number. A network of fuzzy neurons is

different from a traditional network because the function of each neuron is identified and its

semantics is defined. The function of such networks is the modeling of inference rules for
classification.

Q.3 State fuzzy inference.

Ans. : Fuzzy inference can be defined as a process of mapping from a given input to an outputs

using the theory of fuzzy sets.
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5.2 Applications

e In the template matching approach, re
character with a set of stored templates, [
extracted from a standard character i image 1

ht triangle. * Adecision tree is formed based on the pre

netric ratios can also be considered as functions of a variable which is the feature vector. When an unknown n_umaaﬁ_.

Sife of an angle. This angle measure can either be given in degrees or radians, from node to node till a unique decision is
Iﬂ_.w. we will use radians. The graph of a sine function y = sin(x) is looks like this : . are more sensitive to font and size varia

T * classification methods,
> et e Multilayer Perception (MLP) is often used for t
Batiad =2n are trained with a set of standard patterns by supe;
¥ =sin(x) e E _ e Printed character recognition system is based on
1

i 1 classification or case based reasoning. Iterative t
Y A e T sesiod

v * Let us consider the binary XOR problem. Here we :aﬂm .mw
7 —4n -3z —2n -n m 2n 3w 4n to class 0 of the vector has an even number of 1s; otl
/ A/ \ost— N/ =t Truth table of two input XOR is as follows :
[ = X M
15 ammw& Qcﬁ&.. 1 0
o — ¢ e
Fig. 5.1.1

* A sine wave refers to the graphical representation of the general function. The sine 4
‘function and sine waves are used to model periodic phenomena and processes that

follow predictable cyclical patterns.

Training data is representative and noise free. Here we used as |
* Most financial/economic data can be modeled by varying the amplitude and periodicity

. logic design approach.
of the general sine function. The amplitude dictates the magnitude of the swings, _

CE to
i | * Find the prototype nearest to the new data point and mmmﬁ: th wﬁwﬁr
whereas the periodicity dictates how often the swings happen. _ olhes. To sl B e e bt a

used.
¥ Printed Character Recognition _ for this purpose, membership function is
|

* If we take “[x, y] is near [0, 1]}" to mean that
i : ropriate operator
pattern recognition because of its immense application potential. OCR uses two need to do is assign w:n_m_um_.. P

methods : template matching and feature classification. Operators are product and mifl.

* Optical Character Recognition (OCR) is one of the most popular areas of research in
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0 AND y is near 1 THEN output = 1

| AND y is near 0 THEN output = 1

- |t :_”:. input data [x. y] is close to one of the prototypes, it is then assigned to that
protolype class.

« I printed character recognition, each of 26 letters is defined asa 7 X 5 pixel matrix, The
challenge is to build a fuzzy interface system that can classify a given set of 35 pixels to
ane of the 26 alphaset characters. These 26 prototypes are noise free.

e Construct MFs for each of the 35 inputs. In the prototypes, each pixel is either 0 or 1, so
we can set up MFs for “near 0" and “near 17,

e Set up rules : Each prototype represents a rule, so we have 26 rules, each of them an
AND rule with 35 preconditions. Each rules output is not critical and set it for an
arbitrary constant of MF.

e Use the fuzzy inference system : Note that the output is a categorical variable for which
no numerical order is assumed.

EE] Fuzzy Filtered Neural Networks

s Fuzzy filtering is task of partitioning a large number of physical data channels into much
fewer fuzzy channels. These channels adaptable during a training process, are employed
for both noise filtering and feature detection.

e Fuzzy channel defines a range of input signal intensity characterized by an appropriate
membership function. The position and shape of membership function are adjusted
during a learning process so that the system error is minimized,

Advantages of fuzzy filtering :

I. The feature detected are insensitive to variations in samples and effect of noise is
negligible.
2. Duplicate features are automatically combined.

3. This model provides a meaningful interpretation of the detected features.

4. I reduces the complexity of the architecture.

e Fuzzy filiering is implemented by using multilayer-feedforward adaptive network.

Fig. 5.3.1 shows fuzzy filtered neural network,

TECHNICAL PUBLICATIONS® . an up-thrust for knowledge

Fig. 5.3.1 Fuzzy filtered neural network

e Layer 1 is input layer. Each node in layer 2 is associated with a
membership function ; ;

1

R_.I.u.

8

(X)) =

b,
15

where x, = Position of a physical channel

A = Linguistic term associated with node function
{a. b, x;} = Parameter set
¢ The node output is a normalized weighted sum :
2 () fix)
2 (%)
where f(x, ) is the intensity of input channel X,

* So the fuzzy filter behaves as a bandpass filter with the added capability of learning.

E Plasma Spectrum Analysis

- e . 3 roces
* In VLSI manufacturing, it is necessary to determine the endpoints of an etching process

i o d of monitoring a
and to detect contamination in @ chemical chamber. q&n _._.u.am—__tamﬁnﬂhw mmam_.&nn_ vwmwu
chemical process should be to use the full range mu MSQMM”*. Lﬁmmw.nnnnﬁ reaction.
optical emission spectrometer ta determine the actua
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» Afier training for 250 epochs the recognition rate of the mode] w

e The images are pre-processed to fit a 32

5-6 Applications

AR

fWMH o 1 method is used for plasma analysis and it is three layer network
r w fadf frexamines 731 optical channels and uses backpropagation to adjust
: ‘w,a the inputs are associated with four control variables of an oxide
rn 5/ 490w er, chamber pressure and gas (H, and CF,) flows.

s.dw»&f ;f,,,7...Ewam_.mﬁamaoaa:._wﬂoa.nonnﬂaanﬁv_omxun_._aoam_n_ammm.:./zﬁr
fully chosen initial weights and learning rates, the MLP can effectively identify

small signal changes in a noisy environment.

X3 Hand Written Neural Recognition

* A fuzzy filtered neural network is used for the application of handwritten numeral
recognition. This application is a problem of feature recognition. Typical neural
networks are not as efficient in feature recognition as the quantity of the features they
can compute. decreases. as the number of parameters increase.

* Fig. 5.5.1 shows some example of hand written numerical.

N 3 9 8 63 & 9
Ol 23 96561684
O\ 23 9SS ¢y F9

Fig. 6.5.1 Example of hand written numerical

» All the datasets can be grouped together in different sets (fuzzy sets) haying similar
characteristic. For example. if we deal with an application involving one of the features
as color of an object, different fuzzy sets can be formed based on the different colors
Each of these fuzzy sets will have their own membership function depending on their
color and other parameters.

e A training data set of images of handwritten numerals from different people was used in
order to train the multilayer feedforward adaptive neural network. Some part of the
training set is shown above. A three layer feedforward neural network is used and the
weights of the layers in the networks are adjusted by backpropagation algorithm.

as approximately 85 %

x 32 matrix and left aligned. These images are
then given as input to the fuzzy filters. A fuzzy filter is a robust input-output model
which is invariably unrelated to fluctuations in the input signal frequency or redundant
values of the provided input,

e —
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5.6

Since a fuzzy filter is used for feg eature f
false positives making it g reliable mwmsa..._n.m..
for training along with saving the A

dimensional fuzzy filtered |

reference color.

To overcome practical obstacles in color reci
Multilayer Perceptron (MLP) approach is used.
Two types of simple MLPs, NN, and NN,,..4 have been applied as a touchstone to the
recipe prediction to fathom the intrinsic diffi teulty of the task, NN has normal
sigmodal functions and NN__ ¢ has modified sigmoidal functions in the ocGE layer.

Both NN, and NN, 4 have the same model size, mapping surface spectral reflectance
of a target color.

pe prediction, simple cmnr.ﬂ_duwmmmn:

Main concerns in color recipe prediction
1Py

proportions with enough precision to specify levels such as 0.01%, which is the

It is difficult to predict colorant concentrations. Sometimes it needs to predict

desired minimal proportion level.

2. P2 : It is necessary to specify use of a limited number of colorants to use for
acceptable cost performance requirements. At the same time, in the choice of
colorants, we need to avoid the use of complementary colorants and of the same

types of colorants.

uared error of colorant vectors may not COrrespe
ce. The question is which colorant has 99 Boﬂ

ol

3. P3 : The magnitude of mean sq
exactly to that of color differen
significant impact on the entire color. o &

4. P4 : It is important to consider human visual sensitivityto GORE SREEERE Rl

lor.
closely related to perceptual attributes of €olor may have the same

ts
. P5 : Some different combinations of eoloran

s.
attributes of color as seen by human:

n
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learning process so that the sysiem error 1s minimized.

5.8 Applications

1 output relation in a typical color recipe prediction system.
10 Outputs

|—— white
——JI —— Black

——o Grean 1
distribution Red 1

! . |—— Green2

_ W J = prediction Violet

WMeasure P Red 2
Yellow 1

— Yellow 2
i iz Blue

Colorant
proportions

Surface spectral
reflactance

Fig. 5.6.1 Input output relation in a typical color recipe prediction system

* Following is the data set for desired number of colorants required to produce color in

data sets.
Parameter Two Three colorants  Four colorants  Desired average #
colorants desired desired of colorants to use
desired
1446 wuining dam - 60 1382 3.95
302 1est datn 0 13 289 3.96

e Initially we need to specify which colorants 10 use. The above table shows the desired
number of colorants in data sets. The average number of colorants required to produce
any color is fewer than five: this means that 6 of the 10 final outputs should be zero.

Xl Two Marks Questions with Answers
| @1 What is task of fuzzy filtering ?

__ Ans. : Fuzzy fillering is task of partitioning a large number of physical data channels into much

_ fewer fuzzy channels. These channels adaptable during a training process, are employed for
both noise filtering and feature detection
Q.2 Whatis fuzzy channel 7
Ans. : Fuzzy channel defines a range of input signal intensity characterized by an appropriate

membership function. The position and shape of membership function are adjusted during 2

-||.|||.||||.|||1..
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a3 Explain advantages of fuzzy file, ring.

Ans. :

|, The feature detected are insensitive 1o variations i
in

2, Duplicate features are automatically combined.

“amples and effect of noise is negligif

3. This model provides a meaningfu interpretation of the S

detected features,
4. It reduces the complexity of the architecture.
Q4  Whatis functions of input layer in neural network 2

Ans. : Input layer takes input from outside sources and then these v

1 . alues are multiplj
interconnecting weights of each neuron, ultiplied by the
Q5  Explain any one approaches of Neuro-Fuzzy modeis.

Ans. : One approach is to use the neural nets to define the parameters to be used for the fuzzy |
sets. Once the parameters are learned by the neural network. they no longer exist. |
Q.6 Describe Neuro-Fuzzy model.

Ans. : The Neuro-Fuzzy models are a combination of neural networks as well as the fuzzy logic
concept. These approaches are combined in order to obtain a better mimic of the human brain.
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