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ABSTRACT

The sizes of the electric power systems are ingrgasapidly to meet the energy
requirements. A number of power plants are condeictgarallel to supply the system load
by interconnection of power station. With the depehent of integrated power system, it
becomes necessary to operate the plant units eccalbm Thus evolves Economic Load
Dispatch (ELD) problem.

The ELD problem in a power system is to determime éoptimal combination of
power outputs for all generating units which wilinimize the total fuel cost while satisfying
all practical constraints. To solve the problehELD there are many methods (traditional)
like Lambda lterative Method (LIM), Newton’s Linedrogramming etc. But all those
methods are based on the assumption of continuitly differentiability of cost function.
Practically, the real power limits of the generatoary between minimum and maximum

limits. Hence the optimization of real time ELD ptem becomes more non-linear.

In this thesis, fuzzy logic has been applied in boration with Genetic Algorithm
(GA) to solve various power system problems. Fooatim and better convergence in GA, the
crossover probability and mutation rate are adguste fuzzy logic strategy leading to an
improved GA technique termed as Fuzzy Logic ColadoGenetic Algorithm (FCGA). The
proposed FCGA can be applied to a wide range ofmigdtion problem. The computational
results reveal that the proposed algorithm has liexteconvergence characteristics and is
superior to the GA and LIM.
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CHAPTER 1
INTRODUCTION

1.1 OVERVIEW

The efficient and optimum economic operation ofcele power systems has
always occupied an important position in electwevpr industry. In recent decades, it is
becoming very important for utilities to run thgower systems with minimum cost
while satisfying their customer demand all the tiared trying to make profit. With
limited availability of generating units and theda increase in power demand, fuel cost
and supply limitation, the committed units shoudsive the expected load demand with
the changes in fuel cost and the uncertaintieshénlbad demand forecast in all the
different time intervals in an optimal manner.

The basic objective of ELD of electric power getierais to schedule the committed
generating unit outputs, so as to meet the loacaddmt minimum operating cost while
satisfying all unit and system equality and inegyatonstraintg1]. The ELD problem
has been tackled by many researchers in the[PRSELD problem involves different
problems. The first is Unit Commitment or pre-digpeproblem where in it is required to
select optimally out of the available generatingrses to operate to meet the expected
load and provide a specified margin of operatiragree over a specified period of time.
The second aspect of ELD is on-line economic ddpathere in it is required to
distribute the load among the generating unitsadigtyparallel with the system in such a
manner as to minimize the total cost of supplyiog/@r. In case of ELD, The generations
are not fixed but they are allowed to take valuggrawithin certain limits so as to meet a

particular load demand with minimum fuel consumiptio



1.2 LITERATURE SURVEY

Dhillon et. al [3] formulated the problem as multiobjective one. Thmnsidered
objectives such as operating cost, minimal emisaith minimum transmission losses in
thermal power dispatch systems, considering unioéiga and inaccuracies in system
data. The validity and effectiveness of the metiva® demonstrated by analysing a 6-
generator case.

Coonick A.H., Knight U.G. [4] proposed a new improvement in the decision trBd3g (
technique by adding fuzzy logic to the unit limésd load. Furthermore, the generating
cost obtained via Fuzzy Logic Decision Trees (FLDS Jower than that obtained with
the classical formulation due to the fuzzyfyingloé generating unit limits. This shortens
the time needed to reduce the system generatidrircascontrolled and formal manner.
By using a fuzzy demand, it was also possiblend n expected generating cost and its
corresponding standard deviation.

Palanichamy and Shrikrishna K., [5] discussed Simple algorithm for economic power
dispatch for optimizing the problem while satisfyia set of system operating on straints,
including constraints dictated by the electric kv ELD has been widely used in
power system operation and planning discussed bydémd Woolenberg if6]. Many
approachef4?] have been listed to formulate and solve this gnoblThese approaches
include combining emission dispatch with the ecoigolmad dispatcH7-11], includes
use of Hopfield Neural Networkl3-23], Fuzzy approact32,34,37,43] Evolutionary
Algorithmg12,25-26,44-49]and hybrid methodologif6,36,43,53-54]. Evolutionary
Algorithms constitutes Genetic algorithri@3-47], Particle Swarm Optimisatid®0-52]
and Simulated Annealin@0].

Chen Po- Hung & chan hong [11}his paper proposed a gentic approach for solthing
economic dispatch problem in large scale systemeV& coding technique for solving the
ELD solution is developed in this paper. It is &aghan lambda iteration method.
Bouzeboudja Hamid, Chaker Abdelkader and Alali Ahmel [12] proposed about the
economic load dispatch using the real coded gemdgimrithm (RCGA).The use of real
valued representation in the GAs gives number ofaathges in numerical function



optimization over binary encoding, the efficiendy@As is increased as there is no need
to convert chromosomes to the binary type,less mgmaequired.

Ongsakul W. [16] proposed a genetic algorithm based on merit dodeling solution to
solve dynamic economic dispatch problem for comdbireycle units with linear
decreasing & decresing incrementel cost functiath.wdifferent migration strategies, the
proposed method compromises the solution quality speed up upper bounds for the
best performance.

Subburaj P., Ganesan L., Ramar K. and Rajkumar [33]presented the EP based ELD
problem with stochastic method for competition aselection. The conventional
optimization methods require the objective functian continuous differentible form,
therefore they fail to provide global minima. Thevolutionary Computation (EC)
methods can handle non-differentiable and non ocorofgective functions and give
global or near global optimum solutions. Evolutipn@omputation methods such as GA,
EP are applied to ELD problem. By avoiding the ogdand decoding process of
transformations in GA,use of EP among other EC oughresulted in less population
size and number of iterations. This study projenew approch and it was developed in
such a way that a stochastic optmization techniepgutionary programing is used to
solve ELD problem with non smooth fuel cost funoto

Lee F. & Aggarwal R.K. [34] proposed hybrid scheme is constracted in suchyethed

a genetic algorithm performs a base level searelemrapid decisions to make the local
gradient technique to find the potential hill. Theoposed method also ensure the
dispatch quality as well as speed by allowing adéomatch between a power generation
and load demand at the base search , and compémsatey mismatch at the begning of
local search.

Yalcinoz T., Altun H. and Uzam M [36] presented the new genetic approach based on
arithmetic crossover which improves the qualitytled ELD solution. The new genetic
approach is compared with an improved Hopfield MNuzzy logic controlled genetic
algorithm, an advance engineered-conditioning genapproach and an advance
Hopfield NN approach. In this paper , elitism, lamiietic crossover which defines a linear
combination of two cromosome and mutation are usedhe genetic algorithm to

generate succesive sets of possible operatingigmlic



Sepulveda C.A.Roa, Herrera M., Coonick A.H. [37]presented the economic load
dispatch using the fuzzy decision trees, this papesents a new improvement in the DT
technique by adding fuzzy logic (FL) to the unibiis and load (FLDT). By doing so, the
numerical convergence of the overall technique owes. Furthermor, the generating
cost obtained via FLDT is lover than that obtaiméth the classical formulation due to
the fuzzyfyingof the generating unit limits. By ngi a Fuzzy demand, it was also
possible to find an expected generating cost ancbitresponding standard deviation.
Dang Chuangyin & Li Mingiang [39] This paper proposed floating point genetic
algorithm to solve the unit commitment problem. &h®n the characteristic of typical
load demand, a floating point chromosome repreientand encoding-decoding scheme
are designed to reduce the complexcity in handfimgimum up/ down time limit.
Penalty factors are defined which blend the emisgiosts with the fuel costs. The
familiar quadratic form of objective functions usedhich gives the optimal dispatch
directly. The capacity limits (lower and upper) pfants treated as the operating
constraints and the total generation which is @tion of load plus transmission losses is
considered as the demand constraint.

A.Bakirtzis, V. Petridis & kazarlis S. [40] presented the two genetic algorithm
solutions to ELD problem. Both of them outerforme tdynamic programing (DP)
solution to the problem. The DP gives the geneotit®n to the economic dispatch
problem and does not require any convexity assumgtiThe basic disadvantage of the
GAs is the fact that they may miss the optimum gamdvide a near-optimum solution in
a limited runtime period.

Hazra Jagabondhu and Sinha Avinash [41]presented a comparative study of four
different evolutionary algorithms i.e. genetic aitfum, bacteria foraging optimization,
ant colony optimization and particle swarm optini@a for solving the economic
dispatch problem. All the methods are tested orEIBE bus test system.

Song Y.H., Wang G.S[43] proposed an application of a fuzzy logic cont&dligenetic
algorithm to economic dispatch. The improved genetigorithm with two fuzzy
controllers based on some heuristics to adaptigdjyst the crossover probability and
mutation rate during the optimisation process.Thappsed method can be applied to

wide range of optimization problems.



Benasla L., Belmadant Abderrahim and Rahli Mostefa[55] proposed a New
Economic Dispatch Problem Formulation (NEDPF) ttvesé&cconomic Dispatch Problem
(EDP). This new formulation was based on the raedocbf the number of variables
(number of generators) and elimination of the etyahd inequality constraints, thus the
transformation of the constrained non linear progreng problem to an unconstrained
one. The new unconstrained objective function, iisimized by Hooke-Jeeves’ method.
The advantage of using Hooke-Jeeves’ method tonmuei the new unconstrained
objective function is its simplicity and no necégsif gradients.

Kumar Sushil and Naresh R. [56]proposed an efficient optimization technique based
on genetic algorithm for solution of economic lafispatch problem with continuous and
non smooth cost function and with various constsgaibeing considered. The
effectiveness proposed algorithm has been deméedtom different system considering
transmission loss in thermal power plant.

Mahdad Belkacem, Bouktir Tarek [57] proposed a hybrid Genetic Algorithm and
Fuzzy Logic rules for solving the economic dispgbcbblem under constrained emission
with multi shunt Flexible AC Transmission SysterR&CTS). This approach proposed a
flexible Genetic Algorithm which based on fuzzy iogules with the ability to adjust
continuously the crossover and mutation parameters.

Nanda J. & Badri R. [59] this paper discussed the solution of ELD with lifeev
constraints through the application of genetic athm. The most important advantages
of GA is that they use only the pay of informatioence independent of nature of search
space such as smoothness , convexity.

Holland [63] invented GAIn 1970’s, is a stochastic global search methotrttimics the
metaphor of natural biological evolution. GA’s ogier on a population of candidate’s
solution encoded to string called chromosomes ikeoito obtain optimality. Each
chromosome exchanges information by using stringraiprs borrowed from natural
genetic to produce the better solution. Although §&&ms to be a good method to solve
optimization problem, sometimes the solution olgdifirom GA is only a near global
optimum solution. GA and EP comes under the categbEA. In EP, invented by Fogel
[61-62], the state of the machine is mutatétderefore, EP has been become an optimal

tool and was used in many practical problems.



1.3 SCOPE OF WORK

The scope of the thesis work are summarised asAsl|

1. Main objective of project is to reduce the totastcof generation while satisfying
the power generation limits.

2. Use global search techniques like GA, FCGA to timel optimal solution.

3. Investigate the effectiveness of these methodEE® problem while considering
the transmission losses.

4. Compare the result obtained from the FCGA methaith wie results obtained
from GA and LIM.

1.4 ORGANIZATION OF THE THESIS
The thesis is organised into six chapters. Therosgdion of chapters is as follows:
Chapter 1.

This chapter presents the brief introducti literature review by various
researchers.lt also includes the scope of the wodkorganization of the thesis.
Chapter 2.

This chapter covers the Economic Loadp®tish formulation and Economic Load
Dispatch solution using Lambda Iteration method
Chapter 3.

This chapter entitled as “Theory of Genetic Aldgomt and Fuzz Logic” which
includes the basic theory of both methods. Alsa@més the mapping of Economic Load
Dispatch problem in GA also in Fuzzy Logic.

Chapter 4.

This chapter presents the application of a fuzgjcla@ontrolled genetic algorithm
to ELD, also present the flow chart of ELD usingGA&
Chapter 5.

This chapter presents the detail of results pergiro various cases and the
comparison of results obtained for various methods.

Chapter 6.
This chapter entitled as “Conclusion and Future pgtomainly includes the

conclusion and future scope of this thesis work.



CHAPTER 2
CBENOMIC LOAD DISPATCH

In this chapter, the Basic concepts of Economic dLdaispatch (ELD), problem

formulation and solution using Lambda Iteration Met (LIM) are summarized in brief.

2.1 BASIC THEORY OF ELD

The efficient and optimum economic operation angnping of electric power
generation systems have always occupied an imgopiasition in the electric power
industry. In the power system, transmission netwanle interconnected through tie lines.
Hence the utilities may interchange power, shaserk@ and render assistance to one
another at the time of need. Since the sourcesi@fgy are so diverse, so the choice of
the required sources is made on economic, techarmzhigeographical basis. As there are
few facilities to store electrical energy, the pedduction of a utility must clearly track
its total load.

The Economic Dispatch can be defined as the pramieaBocating generation levels to
the generating units, so that the system loadpglsd entirely and most economically.

The objective of ELD is to minimise the overall to§generation.

2.1.1 FUEL COST FUNCTION

The components of the cost that fall under thegmaieof dispatching procedures
are the costs of the fuel burnt in the fossile plaecause nuclear plants tend to be
operated at constant output levels and hydro plaane essentially no variable operating
costs. The total cost of operation includes thd &ast, costs of labour, supplies and
maintenance. Generally, costs of labour, supplesraaintenance are fixed percentages
of incoming fuel costs.
We assume that the variation of fuel cost of eashegator (Fi) with the active power

output (Pi) is given by a quadratic polynomial



Rsg

NG
F)= ) @B +bR+c) (21)
r
i=1

Where,
= fuel cost of generator i.
RP= power output of generator i
a= measure of losses in the system.
b = represents the fuel cost.
¢ = includes salary and wages, interests and depti@ciand is independent of
generation

NG = number of generation buses

Input of thermal plant is generally measured in/Btand the output is measured in MW.
A simplified input output curve of the thermal ukitown as heat rate cuni® given in
following fig. 2.1(a). Converting the ordinate oédt rate curve from Btu/hr to Rs/hr,

Results in the operating cost cuslewn in fig. 2.1(b).

Fuel input, (Btu/hr)

v

i’Tf”“ irp;ax
Output Pow@)

Fig. 2.1(a).Heat- rate curve of a fossile fired generator
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Operating cost (Rs/h)

»
»

P"  Output Power P P;

Fig 2.1(b) Operating costcurveof a fossile fired generai

Where F"" is the minimum loading limit below which it is ur@nomical to operate the
unit and F"*is the maximum output limit.

2.1.2 INCREMENTAL FUEL COST

In economic evaluation, there is a great tendencyesort to average rates to
arrive at a total cost. Extreme caution should ker@sed in doing this, especially in
dealing with unit fuel cost of energy produced hyeaerating station. The additional fuel
cost of energy produced depends entirely upon taener in which the generation is
added. The input and output curve of generatingswfi thermal plants is shown in fig
2.2, The abscissa is output powemPMW, x-ordinate as fuel (heat) input in joules pe
hours of the ith unit. The ordinate of curve maycbaverted to fuel cost in, Rs/hr by
multiplying the fuel input by the fuel is Rs/joule.
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The slope of cost curve at a point M is given by

tan@® = —° 2.2
n AP (2.2)

1

Where,AF; = increase in fuel cost corresponding to an in&edgpower outputP,. The
increment fuel cost for a generator for any givkstteical power output is defined as the
limiting value of the ratio of the increase in cadtfuel in Rs/h to the corresponding

increase in electrical power output tends to zero.

2.2 DERIVATION OF COORDINATION EQUATION

The ELD problem is defined as to minimize the taipérating cost of a power
system while meeting the total load plus transmaisdbsses within generator limits.

Mathematically the problem is defined as (includingses)
Minimize:

NG
F(B) = ) (aR? +bR+c)
i=1

10



Subject to (1) the energy balance egnat
NG
ZP‘ =P, + P (2.3)

i=1

(2) the inequality straints

P'i.l:mi.ﬂ} = 1::"L = Pllmeuc} (24]

Where,
a b ¢ : cost coefficients
R . load demand
R . real power generation
R . power transmission loss
NG . number of generation busses

One of the most important, simple bufpragimate method of expressing
transmission loss as function of generator powsethkrough B-coefficients. This method
uses the fact that under normal operating conditio@ transmission loss is quadratic in

the injected bus real power.The general form ofdlks formula using B-coefficient is

NG NG
P, = ZZ P, B;F, MW (2.5)
i=1j=1
where,
R. B : real power injection at the ith, jth buses
B . loss coefficients which are constamder certain assumed conditions.

The above loss formula is known as the George'sidéa. Another more accurate form

of transmission loss expression, frequently knowtha Kron’s loss formula is

NG NG NG
P, =By + Z B, P, + Z Z FB,F, MW (2.6)
i=1 i=1 j=1

11



where, B, B, and B are the loss coefficient which are constant urcgetain
assumed conditions.
The above constrained optimization problem is cdede into an unconstrained
optimization problem. Lagrange multiplier methoduged in which a function minimized
(or maximized) is subjected to side conditionshia form of equality constraints.

Using Lagrange multipliers, an augmentes functsodefined as

L(P,2) = F(R) + }"(PD — R _Z P;.) (2.7)

i=1

Where,\ is the Lagrangian multiplier.

Necessary conditions for the optimization problem a

9L (B, 2) _9F(P)
dP. dP.

1 1

P,
H‘[E_l):ﬂ (=123 ... ....NG) (2.8)

Rearranging the above equation

dPp,
aF(P)/ aP=JL.l( 1 — a—;) (i=12 .....NG) (2.9)
Where,
ﬂfij : Incremental cost of th& generator (Rs/MW h)
i
% Incremental transmission losses.
i

Equation 2.9 is known as the exact coordinatioragqn and

3L (P, 2)
— - P, + P, — Z P=0 (2.10)

i=1

By differentiating the transmission loss Eq. 2.83hwiespect to P the increamental

transmission loss can be obtained as

12



3P,
i 1 =Zg]3_ljp} (2.11)

and by differentiating the cost function of Eqg. 2umth respect to B the incremental cost

can be obtained as

9F(P)
= 2a,P. +b, (i=1,2,......,NG) (2.12)
JF,
to find the solution
NG
za.lP;+h.l=}L(1—EZBijP5) (i=1,2,.....,NG) (2.13)
i=1

Rearranging the equation 2.13 to get.B.

NG

2a,P, +b, = A(1- 2b,;P — Z 2B, P) (i=12,....NG) or

117]
i=1

NG

2(a, + AB,)P, + zz ByR=(—-b) (i=12,.....NG) (2.14)

i=1

The above linear equation 2.14 can be solved w@imlthe value of Hf A is known.

2.3 LAMBDA ITERATION METHOD FOR SOLUTION OF THE

ELD PROBLEM
The lambda-iteration method (LIM) is, so far, theshpopular method for the

solution of the economic load dispatdj. It gives a decentralized solution to the ELD
problem by equating the marginal cost of generatibeach thermal unit to the price of
electricity, or, equivalently, the marginal reverafeeach unit under perfect competition
conditions, known as system lambda. LIM is theaitiee method by which the optimum
lambda value that leads to satisfaction of the esyspower balance constraint is
determined. Using the above economic interpretatioh, whenever the choice af is
such that it leads to insufficient generationmust be increased so as to make it

beneficial for the generators to increase prodachenever there is excess generation,

13



A must be decreased to limit generation. There muraber of ways the LIM can be
implemented. In this thesis, quadratic cost fumdios used for the generating units
which is given in Eqg. 2.1and a binary search fe dptimum value of lambda. That is,

the minimum and maximum lambda values are initietijnputed,

_ . {dFl[PL,mlnj} 215

g = M08y (g (215)
dF, (P, in)

3. = min._ {&} 216

min mlnl—l,n dP; ( ]

The initial value chosen for lambda is the mid-paihthe interval qmin, Amay), i.€,

Apin T A
A== 5 == (2.17)

If it leads to insufficient generation, the minimdambda value is updated i@, = A. If
it leads to excess generation, the maximum lamladlaevs updated thnax = A. The new
search interval Muin, Amay), iS then bisected until the lambda value thatideto the

satisfaction of the power balance constraint igmheined.

2.3.1 ALGORITHM OF LAMBDA ITERATION METHOD FOR
SOLVING ELD:

1. Read data, namely cost coefficients,bg and ¢ (i=1,2, ..., NG; j=1,2, ...,NG),
B-coefficients convergence tolerancg, step sizeo, and maximum iterations
allowed, ITnax etc.

2. Compute the initial values of, B=1, 2....... , NG) and\. by assuming that the
transmission losses are zero, i.e=® Then the problem can be stated by

equations
NG

NG
F@)=) R(E), and ) R=R
i=1

i=1
and the solution can be obtained directly usingaéqons B=(A-by)/2a, (i=1, 2,
NG), and

b.
PD + E?I:ci 2_5:1

ne 1
=123,

b=
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3. Assume no generator has been fixed at either |bméror upper limit.

4. Set iteration counter, IT = 1.

5. Compute & (i=1,2, ..., NG) of generators which are not fixécedher upper or
lower limits.

6. Compute transmission losses using equation 2.6

7. ComputeAP =R+ B_-} Py

8. Check AP|<g, if yes then GOTO step 11. Check ¥TIT yay if yes then GOTO
step 11.

9. Modify A" = X +a AP, whereu. is the step size used to increase or decrease the
value of A in order to meet step 7.

10.1T = IT +1,A=A"" and GOTO step 5 and repeat.

11.Check the limits of generators, if no more violatihen GOTO step 13, else fix
as following. If B < P; ™"then B = P; ™"
If Pgi > Py ™ then B = Py ™

12.GOTO step 4.

13.Compute the optimal total cost and losses fromggua.1 and 2.6

14.STOP
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2.3.2 FLOW CHART OF LIM
The flow chart of LIM for solving the ELD probleira shown in fig 2.3

Select initiak
v
Calculate P i=1,.... N
from,
dFdP =2
\ 4
Calculate

NO

YES

Determine new

A

Report solution
P(i=1,..n)and
A

Fig 2LAimbda Iteration flow chart to solve ELD
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CHAPTER 3
GENETIC ALGORITHM AND FUZZY LOGIC

3.1 GENETIC ALGORITHM

Genetic Algorithm (GA) was first intneded by john Holland of Michigan
university in 1970’'s.The GA is a stochastic glolsglarch method that mimics the
metaphor of natural biological evolution such ded®n, crossover, and mutatif@d-
25]. The GA’s combines an atrtificial principal with rggic operation. The artificial
principal is the Darwinians survival of fittest pecipal and the genetic operation is
abstracted from nature to form a robust mechanisan is very effective at finding
optimal solutions to complex real world problems.
GA'’s operate on string structures. The string isaby digits representing a coding of
control parameters for a given problem. The eadarpater of the given problem is
coded with strings of bits. The individual bit iglled ‘gene’ and the content of the each
gene is called ‘allele’. The total strings of sugénes of all parameters written in a
sequence is called a ‘chromosome’ so there exitiramosome for each point in the
search space. Here we have to know about search.spa
In this approach, a GA candidate solution is regméed as a linear string analogous to a
biological chromosome. The general scheme of Gagsstrom a population of randomly
generated candidate solutions (chromosomes). Badmosome is then evaluated and
given a value which corresponds to a fitness laveadbjective function space. In each
generation, chromosomes are chosen based on itresd to reproduce offspring.
Chromosomes with a high level of fitness are mikely to be retained while the ones
with low fitness tend to be discarded. This prodessalled selection. After selection,
offspring chromosomes are constructed from parBnbtnsosomes using operators that
resemble crossover and mutation mechanisms in twadwy biology. The crossover
operator, sometimes called recombination, produeas offspring chromosomes that
inherit information from both sides of parents loynbining partial sets of elements from

them. The mutation operator randomly hanges elesneht chromosome with a low
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probability. Over multiple generations, chromosométh higher fitness values are left
based on the survival of the fittd26].

Search space:lf we are solving some problem, we work towards #ome
solution which is the best among the others. Tlaeepor all possible feasible solution is
called search space.

A set of search points selected and used for psotgss called population i.e. population
is a set of chromosomes. The number of chromosaragbpulation is called population
size and the number of gene’s in each string iedatring length. The population is
processed and evaluated through various operatdB\do generate a new population

and this process is carried out till global optimpaints are reached.

3.2 GA’'S VERSUS TRADITIONAL METHODS:

From the above discussion, it can lmndbat the GA differs substantially from

more traditional search and optimization methodse four most significant differences

are:
1. GA'’s search a population of points in paralheit a single point.

2. GA's do not require derivative informationather auxiliary knowledge.

3. GA's are probabilistic transition rules, neterministic ones.

4. GA’s work on an encoding of the parameteratter than the parameter set itself

except in where real-valued individuals asedi

3.3 OBEJECTIVE FUCTION AND FITNESS FUCTION:

The objective function is used to provide a measef how individuals have
performed in the problem domain. In the case ofimimization problem, the most fit
individual will have the lowest numerical valuetbe associated objective function. This
raw measure of fitness is usually only used anriméeliate stage in determining the
relative performance of individuals in a GA.

Another function, the fitness function is normalised to transform the objective function

value into a measure of relative fitness, thus
F(x) = 9(f(x)) (3.1)
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Where ‘f' is the objective function, ‘g’ transforthe value of the objective function to a
non-negative number and ‘F’ is resulting relatitedss. In many cases, the number of
offspring’s that an individual can except to produc the next generation.

This simple genetic procedure constantly producesn efitter offspring through
successive generations. This process gradually lgedsearch towards a global optimum
solution.A flowchart for a GA is shown in fig.3.1

Create initial population

»
>
A

A

Selection

Crossover

Mutation

A 4
Replace parent population with offspring

NO

Converged?

YES

Fig 3.1 Typical flowchart of genetic algorithm
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It involves nothing more than swapping of genes stniehg cloning. This allows GA to
produce good results in circumstances which ared har achieve through many
conventional methods. The further attraction tohsac algorithm is that it is extremely

robust with respect to the complexity of the protle

3.4 PHASES IN GENETIC ALGORITHM

Typically, the genetic algorithms have three phases
1. Initialization
2. Evaluation

3. Genetic operation

3.4.1 INITIALIZATION

Genetic Algorithms operate with a set of stringgtead of a single string. This set
of strings is known as a population and is putuliothe process of evolution to produce
new individual strings. To start with, the initiglopulation could be made up of
chromosomes chosen at random or based on heulstisdected strings.The initial
population should contain a wide variety of struetj26]. The number of chromosomes
in a population is usually selected to be betwe®argl 10Q11].

We need two parents population size and stringtfeni§opulation size indicates the
effective representation of whole search spacenenpopulation. It affects the efficiency
and performance of GA. The selection of stringgtendepends on the accuracy

requirements of the optimization problem.

3.4.2 EVALUTAION:

In this phase, we determine the suitability of sadutions from the initial set of
solution of the problem. For this suitability deténation, we use a function called fitness
function. This function is derived from the objeetifunction and used in successive
genetic operation.

The fitness function for the maximization problesn i

f(x) o (3.2)
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and for the minimization problem

f(X)IH1+F(X)) 33.

Here f(x) is fithess function and F(x) is objectiumction.

3.4.3 GENETIC OPERATION

In this phase we generate a new popualdtom the previous population using
genetic operators. They are

* Reproduction

» Crossover

* Mutation
3.4.3.1 REPRODUCTION
This is the operator used to copy the old chrom@sorto matting pool according to its
fittest valve. Higher the fitness of the chromosomere is number of the copies in the
next generation chromosome. Chromosomes are sgléaie the population to be
parents to crossover and produce offspring. Acogrdo Darwin’s fittest principle the
best one should survive and create new offspriftat’s why this operator is called
selection operator. The commonly used reproductmperator is proportionate
reproduction operator. Thd istring in the population is selected with a praligb
proportionalfi wheref ; is the fitness value for that string. The prob&pitif selecting !
string is

P = h 3.4
i~ %n £ (j

=171

where ‘n’ is the population size.
The various methods of selecting chromosomes fanpsto crossover are;
* Roulette-wheel selection
* Boltzmann selection
* Tournament selection
* Rank selection
» Steady state selection
The commonly used reproduction operator is theettedwheel selection method where a

string is selected from the mating pool with a @ioibty proportional to the fitness.
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Fig.3.2 A Roulette-wheel is marked for five individualscarding to fithess value

The roulette-wheel mechanism is expected to makditt,g copies of ' string of the

mating pool. The average fitness is

. f
fl‘tavg = Z E [3'5]

In the figure 3.2 a roulette wheel selection tewtogy has been given. Since the third
individual has a higher fitness value than any gtiiés expected that the roulette wheel
selection will choose the third individuals moranhany other individuals.

This selection method is less noisy and is knowstashastic remainder selectif82].
The tournament selection strategy provides selkediiness by holding a tournament
competition among individuals. The best individfraim the tournament is the one with
the highest fithess which is the winner of indivatki Tournament competitor and the
winner are then inserted into the mating pool. Ttvenament competition is repeated

until the mating pool for generating new offsprigdilled.

3.4.3.2 CROSSOVER
The basic operator for producing newontbsome is crossover. In this operator,

information is exchanged among strings of mattiagl o create new strings. The aim of
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the crossover operator is to search the parampteres Crossover is a recombination
operator, which proceeds in three steps. Firstygpeoduction operator selects at random
a pair of two individual string for mating, thenceossover site is selected at random
along the string length and the position valuessarapped between two string following
the cross site.

1. Single point crossover

2. Two point crossover

3. Multi point crossover

4. Uniform crossover

5. Matrix crossover
In the single point crossover, two individual sggnare selected at random from the
matting pool. Next, a crossover site is selectadloanly along the string length and
binary digits (alleles) are swapped between thedtsiags at crossover site. Suppose site
3 is selected at random. It means starting fromdtheit and onwards, bits of strings will

be swapped to produce offspring which is giverignre 3.3

Parent1: x1={01101011%3
Parent2: x2={D001110Q

Offspring 1: x1={010001110Q
Offspring2: x2={101010101 %

Fig 3.3 Single point crossover operation

In a two point crossover operator, two random areschosen and the contents bracketed
by these sites are exchanged between two matedtpatiethe cross site 1 is three and
cross site 2 is six, the strings between three sindare exchanged which is shown in fig
3.4. In a multipoint crossover, again there are tases. One is even no of cross sites and

other is odd no of sites. For even no of sitesstining is treated as aring and cross
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Parent1: X0=10110101 1}
Parent2: %20 000 1110 0}

Offspring 1: x164 3001101 1}
Offspring 2:  x22 0 (110110 0}

Fig 3.4 Two point crossover operation

sites are selected around the circle uniformlyaadom if the number of cross sites is
odd, then a different cross point is always assuatélde string beginning
3.4.3.3 MUTATION

The final genetic operator in the algorithm is ntiota In general evolution,
mutation is a random process where one allelegaine is replaced by another to produce
a new genetic structure. Mutation is an importapération, because newly created
individuals have no new inheritance information dinel number of alleles is constantly
decreasing. This process results in the contractidhe population to one point, which is
wished at the end of convergence process. Divessitye goal of the learning algorithm
to search always in regions not viewed before. &floee, it is necessary to enlarge the
information contained in the population. One wayathieve this goal imutation. The
role of mutation is often seen as providing a got® that the probability of searching
any given string will never be zero and acting akety net to recover good genetic
material that may be lost through the action oéat®bn and crossover. In GA’s mutation
is randomly applied with low probability in the @ of 0.001 & 0.01 and modifies
elements in the chromosome.

Here, binary mutation flips the value of the bitthe loci selected to be the
mutation point. Given that mutation is applied omfly to an entire population of

strings, it is possible that a given string mayrhégated at more than one point.

Offspring x1: 1n1010
New offspring x2: 101010

Fig 3.5Mutation operation
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3.5 ALGORITHM FOR ELD USING GA

The step-wise procedure is outlined below:

1. Read data, namely cost coefficients ba 6, B-coefficients, B(i=1,2,....NG; and
j=1,2,....NG), convergence tolerance, error, step aizd max allowed iterations,
length of string, L, population size; probability of cross over,pprobability of
mutations, lambda min, lambda max.

2. Generate an array of random numbers. Generateofhégtion, (j=1,2,..., L) by

flipping coin. The bit is set according to the cllip as

b _{1, ifp=1orrandom 0 <p
1 o, otherwise

Where, p is the probability (0.5)
Set generation counter, k=0, BIG (minimerror)=0.1, f.=0.0, and f»=1.0
Increment the generation counter k=krd set population counter J=0

Increment population counter j=j+1

3
4
5
6. Decode the string using Eq. (3.6)
7. Using gauss elimination method, find P
8. Calculate transmission loss using Ed)(2
9. Find gand check if (&BIG), then set BIG=;e
10. Find fitness if {F fnay then setfax = fj and if (f<fnin) then set fin=f;
11. If (j<L) then GOTO step 5 and repeat
12. If (BIG< error) then GOTO step 18
13. Find population with max fithess and agerfithess of the population
14. Select the parents for crossover usioghststic remainder roulette wheel
selection method.
15. Perform single point crossover for thieced parents
16. Perform mutation
17. If (k<ITynay then GOTO step 4 and repeat
18. STOP
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3.6 METHODOLOGY

Here solution methodology which includes the enegd@ind decoding, constrained
generation output are explained.
3.6.1 ENCODING & DECODING

Decoding a binary string into unsigmaeger can play very important role in GA
implementation. The inequality power limit constitais performed in such a way that the
individual string is normalized over the unit's ogting region. The inequality constraints
are handled in the manner, which efficiently redutlee searching space, and thus
enhances the performance of the system. Binarydcsttengs having 1's and O's are

used. The equivalent decimal integer of binarygtkiis obtained as
L

y. = Z 21, (3.6)

i=1

Where ,
K is the ith binary digit of the jth string and
L is the number of strings or populatsire
3.6.2 CALCULATION OF GENERATION & TRANSMISSION L OSSES
When the incremental cagtis known for whole population, then the generatian be

obtained as

NG
2(a, + MB,)P" + JJZ 2B Pi=(M-b) ,(i=12.NGj=12...,L) (38
k=1

k=i

The above equation can be rewritten as
NG

ZJ"*iji= c! ,(i=1,2,...,NG j=1,2,....L) (3.9)
k=1
Where,
A =2(a +XB;) (3.10)
A, =20B, (12K (3.11)
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cl=(A—h) (3.12)

Transmission loss for whole population can be oletghias

NG NG

p) =ZZHJBMPLL (G=12..,1) (3.13)

i=1 k=1

3.7 FUZZY LOGIC

Logic is the art and science of reasoning whickksée identify and understand
the principles of demonstration and inference. tagia branch of philosophy and was
part of the classical trivium. As a discipline, iloglates back to Aristotle and remains
integral to fields such as mathematics, computense, and linguistics.

Fuzzy logic is a superset of conventional Booleagic that has been extended to handle
the concept of partial truth-truth-values betweaonipletely true” and “completely
false” [28]. Kosko Bart presents the theory of fuzzy logic ‘d@$e facts were always
fuzzy or vague or inexact... Science treated tlay g fuzzy facts as if they were the
black-white facts of math. Yet no one had put fatsingle fact about the world that was
100% true or 100% fals¢27].

Typically, engineering requires the use of exactnmthematical statements. These
statements correspond with precise informatiaohsas “x = 3.0,” “2< u <6", or

“y = 3t + 24.” The value of “x = 3" has a grade mmrnship comparable with 100% (= 1);
for all other values (2.8, 2.9, 3.1, 3.2), the gsdf membership in the solution is zero. In
the case of real-world values, however, this greidemembership is not true because of
the imprecision of tools, the influence of the aliee, and so forth.

Lotfi A. Zadeh [29] proposed such a theory to make a rapprochememtebet the
precision of classic mathematics and the imprecisgmation from the real world.The
theory is called fuzzy sets theory and works withdgs of membership of x in A, that is,
Ha(X), taken from the set M, which must be a latsticture[30]. Usually, this set M is
taken in the interval [0, 1]. Goguejdl] proposed a further generalization of the theory

using values of the membership taken from the det].«) or ( [-1, 1] for a normalized
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set). Fuzzy logic is the way the human brain works, amdoan mimic this in machines
so they will perform somewhat like humans (not te bonfused with Artificial

Intelligence, where the goal is for machines tofqren exactly like humans). Fuzzy
logic control and analysis systems may be electeohranical in nature, or concerned
only with data, for example economic data, in akes guided by "If-Then rules" stated

in human language.

3.7.1 FUZZY SET

Fuzzy sets have membership properties defined keet@eand 1. This means that
if we take an attribute say 'red' we can expressctilour of any particular apple as a
position in this fuzzy set. We may say for exantpl it is 30% red and thus has a fuzzy
truth value (FTV) or membership function of 0.3.eTtelation of FTV to actual values
depends upon the desired mapping from the realdworthe normalized range O to 1,
and this is arbitrary.
Fuzzy sets support a flexible sense of memberdhgtements to a set. While in crisp set
theory, an element either belongs to or does nonbeo a set, in fuzzy set theory many
degrees of membership (between 0 and 1) are alloWieds a membership function{!
is associated with a fuzzy set A such that thetfananaps every element of the universe
of discourse X (or the reference set) to the irakj@, 1]. Formally the mapping is written
as 5¥: X — [0, 1]. A fuzzy set is defined as fallows:
If X is a universe of discourse and x is a paracuwtlement of X, then a fuzzy set a
defined on X may be written as a collection of oediepairs

A= {(xa0), xEX}

Where each pair (x,4%) is called a single tone. In crisp sets*luis dropped[32].
Fuzzy logic is reasoning with fuzzy sets. Operation fuzzy sets are similar to those of
standard logic but are differently defined. Letassume two FTVs to illustrate, A(0.4)
and B(0.7)33]. Fuzzy Set theory involves the following Operations

I. Union

il. Intersection

lii. Complement
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Iv. De Morgan’'s Law
v. Associativity
vi. Commutativity
vii. Distributivity
Union (the joined boundarys of the values):
A OR B = Maximum of the fuzzy truth values (FTVs.i 0.7
Intersection (the commonality between the values):
A AND B = Minimum of the FTVs i.e., 0.4
(again reducing to bivalent logic in the extremes)
Negation (the opposite of the value)
NOTA=1-FTVAie, 06
(Once more this is simply an extension of normgidp
3.7.2 MEMBERSHIP FUNCTION
The membership function values need not alwayselseribed by discrete values.
Quite often, these turn out to be as described dynéinuous function. The membership
function is a graphical representation of the miagi@ of participation of each input. It
associates a weighting with each of the inputs #rat processed, define functional
overlap between inputs, and ultimately determimesw#put respong@3].
The fuzzy membership functiof82] for the fuzzy linguistic term “cool” relating to

temperature may turn out to be as illustratedgr8ft

1 cool

H(x)

! ! ! »
I | I I »

f — ;
15 20 25 30 35 40 45 58 Temperature

0O 5 10
Fig 3.6 Continuous membership functions for “cool”.
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A membership function can also be given mathmdyics
A= 1/(1+xY (3.14)

the graph is as shown in fig 3.7

Fig 3.7 Continuous membership function dictated by ahmatical function

Different shapes of membership functions exit. Tmmonly used shape to describe the
membership function is triangular, but bell, tramdal and exponential can also be used

as shown in figure 3.8 with their variation

u‘(‘X) H (x) H(x) tl(X)

A 4

VA

X X X X

v

Fig 3.Different shapes of membership function graphs

Human beings make decisions based on rules. Althong may not be aware of it, but
whatever decisions are made are all based on cempkeé if-then statements. For
example, if the weather is fine, then we may det¢algo out. If the forecast says the
weather will be bad today, but fine tomorrow, tive& make a decision not to go today,

and postpone it till tomorrow. Rules associate sda@ad relate one event to anot[&4].
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Fuzzy machines, which always tend to mimic the bigha of man, also work in the

same way. However, the decision and the meansonfsoing that decision are replaced by
fuzzy sets and the rules are replaced by fuzzysriteizzy rules also operate using a
series of if-then statements. For instance, if Kasitive then A, and if Y is negative then
B, where A and B are all sets of X and Y. Fuzzesullefine fuzzy patches, which is the

key idea in fuzzy logic.

3.7.3 CRISP (CLASSICAL) VERSUS FUZZY SET

Crisp set requires a deep understanding of a syseact equation, and precise
numeric value, Fuzzy logic represents an altereatiay of thinking, which allows
modeling complex system using a higher level oftralotion originating from our
knowledge and experience. Fuzzy Logic allows exgings this knowledge with
subjective concepts such as very hot, bright rad,along time which are mapped into
exact numeric ranges.
Consider the query “Is water colourless?” The amstwethis is a definite yes/true or
no/false as warranted by the situation. If “ye®trus accorded a value of 1 and
“no/false” is accorded value of O, this statemeguits in a 0/1 type situation. Such a
logic which demands a binary (0/1) type of handlisgermed crisp in the domain of
fuzzy set theory. Thus statement such as “temperasu32 C”, “the running time of
program is 4 seconds” are examples of crisp sdoati
On the other hand consider the statement, “is Ranes$t?” The answer to this query
need not to be definite “yes” or “no”. consideritige degree to which one know Ram, a
variety of answers spanning a range such as “ertsehonest”, “extremely dishonest”,
“honest at times”, “very honest” could be generatédor instance, “extremely honest”
were to be accorded a value of 1, at the high endpectrum of value “extremely
dishonest” a value of O at the low end of the gpectthen “honest at the times” and
“very honest” could be assigned value of 0.4 ar8b Gespectively. So the situation is
that it can accept values between 0 and 1. Sudtuatien is termed fuzzy32]. The

differenses between crisp and fuzzy may be eanitgrstand by figure 3.9
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My - classical (crisp) set A
Fuzzy set A

1.0

Membership
-~ function p(x)

v

0.0 X

Fig 3.9 Shapes of crisp and fuzzy

3.8 FEATURES OF FUZZY LOGIC

Fuzzy Logic offers several unique features that endéka particularly good choice for
many control problems.

1. ltis inherently robust since it does not requirecise, noise-free inputs and can be
programmed to fail safely if a feedback sensorsqoitis destroyed. The output control is
a smooth control function despite a wide rangeptit variations.

2. Since the fuzzy logic controller processes usfindd rules governing the target
control system, it can be modified easily to imprower drastically alter system
performance. New sensors can easily be incorporatem the system simply by
generating appropriate governing rules.

3. Fuzzy logic is not limited to a few feedback utg and one or two control outputs,
nor is itnecessary to measure or compute rate-afigd parameters in order for it to be 9
implemented. Any sensor data that provides someatidn of a system's actions and
reactions is sufficient. This allows the sensorsbé& inexpensive and imprecise thus
keeping the overall system cost and complexity low.

4. Because of the rule-based operation, any reasonali@er of inputs can be
processed (1-8 or more) and numerous outputs (lv#bee) generated, although defining

the rule base quickly becomes complex if too mampuis and outputs are chosen for a

32



single implementation, since rules defining theiteirelations must also be defined. It
would be better to break the control system int@alken chunks and use several smaller
fuzzy logic controllers distributed on the systeach with more limited responsibilities.
5. Fuzzy logic can control nonlinear systems thaul be difficult or impossible to
model mathematically. This opens doors for confiydtems that would normally be

deemed unfeasible for automation.

3.9 FUZZY EXPERT SYSTEM

A fuzzy expert system is an expert system that wsesllection of fuzzy
membership functions and rules, instead of Boolegit, to reason about data. The rules
in a fuzzy expert system are usually of a form kinto the following:

if x is low and y is high then z is medium

where x and y are input variables (names for knata @dalues), z is an output variable (a
name for a data value to be computed), low is a beeship function (fuzzy subset)
defined on X, high is a membership function definady, and medium is a membership
function defined on z. The antecedent (the rulessnise) describes to what degree the
rule applies, while the conclusion (the rule's empgent) assigns a membership function
to each of one or more output variables. Most tdolsworking with fuzzy expert
systems allow more than one conclusion per rulee 3é&t of rules in a fuzzy expert
system is known as the rule base or knowledge bLEse.general inference process
proceeds in three (or four) steps.
1. Under FUZZIFICATION, the membership functions aefd on the input variables are
applied to their actual values, to determine thgreke of truth for each rule premise.
2. Under INFERENCE, the truth value for the premi$esach rule is computed, and
applied to the conclusion part of each rule. Te&ults in one fuzzy subset to be assigned
to each output variable for each rule. Usually oMiN or PRODUCT are used as
inference rules. In MIN inferencing, the output niership function is clipped off at a
height corresponding to the rule premise's compdegtee of truth (fuzzy logic AND).
In PRODUCT inferencing, the output membership fiorcts scaled by the rule premise's

computed degree of truth.
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3. Under COMPOSITION, all of the fuzzy subsets assijto each output variable are
combined together to form a single fuzzy subseefrh output variable. Again, usually
MAX or SUM are used. In MAX composition, the cométh output fuzzy subset is
constructed by taking the point wise maximum oukepfathe fuzzy subsets assigned to
variable by the inference rule (fuzzy logic OR). 3M composition, the combined
output fuzzy subset is constructed by taking thmtpaise sum over all of the fuzzy
subsets assigned to the output variable by theenée rule.

4. Finally is the (optional) DEFUZZIFICATION, whichsiused, when it is useful to
convert the fuzzy output set to a crisp numberr&laee more defuzzification methods in
which two of the more common techniques are the TEQID and MAXIMUM
methods. In the CENTROID method, the crisp valu¢hef output variable is computed
by finding the variable value of the center of grawf the membership function for the
fuzzy value. In the MAXIMUM method, one of the vale values at which the fuzzy

subset has its maximum truth value is chosen asrifye value for the output variable.

3.10 FUZzZY CONTROL
Fuzzy control, which directly uses fuzzy rulesthe most important application
in fuzzy theory. Using a procedure originated bydbiom Mamdani in the late 70s, three
steps are taken to create a fuzzy controlled madBuh, 35]:
1) Fuzzification (Using membership functions togrizally describe a situation)
2) Rule evaluation (Application of fuzzy rules)
3) Defuzzification (Obtaining the crisp or actuasults)
Advantages
i. Allows the use of vague linguistic terms in tides.
ii. Fuzzy logic solutions are easy to verify andimyze.
Disadvantages
i. Itis difficult to optimize membership function
il. There are many ways of interpreting fuzzy rulesmbining the output of several fuzzy

rules and defuzzifying the outputs.
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CHAPTER 4
ECONOMIC LOAD DISPATCH USINGFCGA

In this chapter fuzzy logic controlled genetic algon (FCGA) is briefly reviewed. This
formulation is applied to ELD, by varying the croger probability and mutation

probability during the GA method.

4.1 FUZZY LOGIC CONTROLLED GENETIC ALGORITHM

This is mainly the hybrid system. Hybrid systeme #&nose which employ
integrated technologies to effectively solve praide Hybrid systems are classified as
sequential, auxiliary and embedded hybrids.
Fuzzy-Genetic Hybrid system applicable on fuzzyirojation problems. The system
obtains optimal solution to problems with fuzzy straints and fuzzy variables. The
hybrid system has been demonstrated on the prob&#noptimization of structures
(civillmachine tool) and obtain the optimal mix fbigh performance concrete. The
optimal solution is obtained by Genetic Algorithrhieh crossover and mutation adjusted

by fuzzy practical rules.

4.2 FUZZY RULES FOR CROSSOVER AND MUTATION
ADJUSTMENT

For better results and to get faster convergenoeyentional GA modes have
been modified. In recent years various techniquege been studied to achieve this
objective, these includ&6]

* Using advanced string coding.
» Generating initial population with some prior knedge.
» Establishing some better evaluation function.
* Including new operators such as elitism, multi pan uniform crossover and
creep mutation.
A refined GA was used to solve the economic ddpat [38] and a Pyramid Genetic

Algorithm (PGA) has been used[89] for voltage profile optimization.
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FCGA proposes a flexible Genetic Algorithm whichséd on fuzzy logic rules with the
ability to adjust continuously the crossover andatian parameters. Figure 4.1 presents

the proposed block diagram of a fuzzy logic comgienetic algorithm.

Ml MY Fuzzy rules for Sac)
—~ ! crossover and | GENETIC f(t
: mutation  Am(0) ALGORITHM  |—1»
> (fyzzy controller)
N e 2 \_

Fig 4.1 Global block diagram of the genetic parameteljsstment.

Crossover and Mutation are considered critical3ér convergence. A suitable value for
mutation provides balance between global and loe&ploration abilities and
consequently results in a reduction of the numbeitepations required to locate the
optimum solution. Experimental results based inliagpon of GA to any practical
networks at normal and abnormal conditions withdloacrementation indicated, that it is
better to adjust dynamically the value of the tvaogmeters, crossover and mutation. It is
intuitive that for a small variation in the chronooses in a particular population, the
effect of crossover during this critical stage bwes insignificant therefore, creating
diversity in the population is required by increesmutation (High value) probability of
the chromosome and reducing (Low value) the valuerassover, note that the terms,
small and high are linguistic. The proposed apgraaoploys practical rules interpreted
in fuzzy logic rules to adjust dynamically the tywarameters (crossover and mutation)

during execution of the GA standard algoritf5#].

4.3 MEMBERSHIP FUNCTION DESIGN

The variables chosen for this controller are chamgaverage fitnessA{(t)),

change in average fitness in last iteratiaf(t1)), change in crossover probabilityq(t))
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and change in mutation probabilitarQi(t)). In this, Af(t) and Af(t-1) are the input
variables and\c(t) is the crossover output anan(t) is the mutation output variable. The
number of linguistic variables describing the fuanpsets of a variable varies according
to the application. Usually an odd number is udéolwever, increasing the number of
fuzzy subsets results in a corresponding increaske number of rules. Each linguistic
variable has its fuzzy membership function. The tership function maps the crisp
values into fuzzy variables. The triangular membigrdunctions are used to define the
degree of membership. It is important to note that degree of membership plays an
important role in designing a fuzzy controller. Baof the input and output fuzzy
variables is assigned nine linguistic fuzzy subserying from negative larger (NL) to
positive larger (PL). Each subset is associatel witriangular membership function to
form a set of nine membership functions for eacdzywariable given in table 4.1

Table 4.1 Membership functions for fuzzy variables

NL NEGATIVE LARGER
NR NEGATIVE LARGE
NM NEGATIVE MEDIUM
NS NEGATIVE SMALL
ZE ZERC

P< POSITIVE SMALL
PM POSITIVE MEDIUM
PR POSITIVE LARGE
PL POSITIVE LARGEF

The inputs to the crossover fuzzy logic controlkme changes in fithess at two
consecutive steps, i.af(t - ), Af(t), and the output of which is change in crossavt).
Membership functions of fuzzy input and output lirgjic variables are shown in Fig 4.2.
Af(t-1), Af(t) are normalised into the range of [-1.0, 1&jdAc(t) is normalised into the

range of [-0.1, 0.1] according to their correspagdinaximum values.
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Fig. 4.2(c)Membership functions fokc(t)

The mutation operation is determined by the flipdtiion with mutation probability rate,

and the mutate bit is randomly performed. The nmutgprobability rate is automatically

modified during the optimization process based be fuzzy logic controller. The

heuristic information for adjusting the mutationobpability rate is if the change in

average fitness is very small in consecutive gdéimsis, then the mutation probability
rate should be increased until the average fitrlesgns to increase in consecutive
generations.

NL MR M5 MK i PS PM PR PL

] T 1 1 1 1 1 1 1

-0.008 =000 -0.00 -0.002 0 0.0o2 0.004 i i 1

output variable "mit}”

= [=1]

(=1 =
=]
=]
=]
=]
=]
=]
=]
=]
=]

Fig. 4.3 Membership functions fakm(t)
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If the average fitness decreases the mutation pilitgarate should be decreased. Only
the change in output of mutation operator membpr&hiction which is shown in fig 4.3.
The inputs to the mutation fuzzy controller are slaene as those of the crossover fuzzy
controller, and the output of which is the changemutationAm(t). The design of the
membership function for both input and rule basgetdor the fuzzy mutation controller

is similar to these for the fuzzy crossover coigrol

4.4 FUZZY RULE BASE FOR SOLVING THE ELD

A set of rules which define the relation betweee thput and output of fuzzy
controller can be found using the available knogkdnh the area of designing ELD.
These rules are defined using the linguistic védembThe two inputsAf(t) and Af(t-1),

result in 81 rules. The typical rules are having fibllowing structure:

Rule 1 If Af(t) is NL (negative larger) ANDAf(t-1) is NM (negative medium) thefic(t)
(output of fuzzy crossover) is NR (negative large).

Rule 2 If Af(t) is PM (positive medium) ANDAf(t-1) is NL (negative larger) thefc(t)
(output of fuzzy crossover) is NS (negative small).

Rule 3 If Af(t) is ZE (zero) ANDAf(t-1) is PR (positive large) thenc(t) (output of
fuzzy crossover) is PM (positive medium).. And $0.a

All the 81 rules governing the mechanism are exgldiin Table 4.2 where all the
symbols are defined in the basic fuzzy logic tewwtogy
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Table 4.2 Rule base of fuzzy logic controller

\ AT(t-1)
e NL NR NM NS ZE PS PM PR PL
AF(Y)

NL NL NR NR NM NM NS NS ZE ZE
NR NR NR NM NM NS NS ZE ZE PS
NM NR NM NM NS NS ZE ZE PS PS
NS NM NM NS NS ZE ZE PS pPS PM
ZE NM NS NS ZE ZE PS PS PM PM
PS NS NS ZE ZE S PS PM PM PR
PM NS ZE ZE PS pPS PM PM PR PR
PR ZE ZE PS PS PM PM PR PR PL
PL ZE PS PS PM PM PR PR PL PL

45 ALGORITHM OF FCGA:

The step-wise procedure is outlined below:

1.

Read data, namely cost coefficients, k@ ¢, B-coefficients, B(i=1,2,....NG;
J=1,2,....NG), convergence tolerance, error, stepam max allowed iterations,
length of string, L, population size, pc probakildf cross over, pm probability
of mutations, lambda min, lambda max.

Generate an array of random numbers. Generateofhdgtion; (j=1,2,..., L)

by flipping coin. The bit is set according to tharcflip as

b _{ 1,ifp=1orrandomo=<p
i 0 , if otherwise

, Where p is the probability (0.5)

3. Set generation counter, k=0, BIG(min error)=041,0.0, and §;,=1.0

Increment the generation counter k=k+1 and set latipn counter j=0

Increment population counter j=j+1
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Decode the string using Eq. (3.6)

Using gauss elimination method, find P

Calculate transmission loss using Eg. (2.6)

Find gand check if (&BIG), then set BIG=je

10.Find fitness if (f> fmay then setfax = fj and if (§<fnin) then set §in=f;

11.1f (j<L) then GOTO step 5 and repeat

12.1f (BIG < error) then GOTO step 22

13.Find population with max fitness and average fisn@i.,gof the population

© © N o

14.Select the parents for crossover using stochastmainder roulette wheel
selection method.

15.1f the change in fi{,4 > 0, and keeps the same sign in consecitive geoesaR
rate should be increased, otherwigeale should be decreased.

16.Generate a random number,YRf Rn<Pc then GOTO step 17 otherwise GOTO
step 18

17.Perform single point crossover for the selecteepigr

18.1f the change in fi{,y is very small then R rate should be increased until the
fitagbegins to increage. And if filydecreases thePate should be decreased.

19. Generate a random numberRf R,<P,, then GOTO step 20 otherwise GOTO
step 21

20.Perform mutation operation for the selected parents

21.1f (k<IT nay) then GOTO step 4 and repeat

22.STOP
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4.6

FLOW CHART OF FCGA
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initial
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A 4
Fuzzy mutation

controller <
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number< Py,
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Fig 4.#low chart of FCGA to solve ELD
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CHAPTER 5
RESULTS AND DISCUSSIONS

The results of ELD after the implementation of megd fuzzy logic controlled
genetic algorithm are discussed and compared WelSA and classical method (lambda
iteration). The algorithms are implemented in MATBAo solve ELD problem. The
main objective is to minimize the cost of genenmatad thermal plants using FCGA, GA
and classical Lambda lIteratin Method. The perforgeais evaluated with losses for two
set generator data, which are referred as Probkm Problem Il

Problem I: Three generator test syste[&8]

Problem II: Ten generator test systefd$

5.1 PROBLEM I: 3 GENERATOR TEST SYSTEMS

The specifications of three generator test systeendatailed in table5.1. The
coefficients of fuel cost are given below in Tabbe$(a). Maximum and minimum power
limits are given in Table 5.1(b). The power demasdconsidered to be 300MW.
Transmission loss coefficients are given in Tahid. The results corresponding to
Lambda Iteration method, GA and FCGA are detaitedgaction 5.1.1, 5.1.2 and 5.1.3
respectively.

Table 5.1 (a)
Unit no a 0 c
1 0.00525 8.663 3as.
0.00609 10.040 136.9
3 0.00592 9.760 159
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Table 5.1(b)

Limits Max Min
P 250 50
P 150 5
P 100 15
Table 5.1 (c)
0.000136 0.0000175 0.000184
0.0000175 0.000154 0.000283
0.000184 0.000283 0.000161

TABLE-5.1Specifications of 3-generator test
a) Cost coefficients
b) Power generation limits
c) (oss coefficients

=16
Population of string, pop = 20

Length of the string, |

Crossover probability, p= 0.8
Mutation probability,,p = 0.01
The min and max value of incremental cost are asdias
A =10
Amax = 12.5

5.1.1 OPTIMUM SOLUTION USING LIM FOR PROBLEM-I

Developed program returns the generated powetpthkcost, total losses and error. The

simulated results for LIM are shown in table 5.2,

Table 5.2. Results using LIM fahree generator test system

Total cost Power Loss Error
P1 P P
3615.11 202.49 81.0267 27.0149 10.5311 0.0006

52
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5.1.2 OPTIMUM SOLUTION USING GA FOR PROBLEM-I

The simulated results of ELD using GA are showraible 5.3, the results of GA are

better than the results of lambda iteration method,

Table 5.BLD Result using GAor three generator test system

S.no| Fitness Losses Power (P TC Error
P P, Ps
1 0.99941 10.5493 20256 81.0595 27.1071 3617.15177094
2 0.997438 10.5926 202.859 81.3118 27.1921 3624.02/70561
3 0.999849 | 10.5331 202.448 80.9649 27.0752 3614.58045392
4 0.999756 10.531| 202.434 80.953 27.0713 3614.26732181
5 0.999169 10.5182 202.345 80.8781 27.046 3612.22490864
6 0.999185 | 10.5185 202.347 80.88p1 27.0467 3612.P7244826
7 0.999827 | 10.5402 202.497 81.0063 27.0892 361500519943
8 0.999132 | 10.5554 202.602 81.095 27.1191 3618.1260653
9 0.999009 10.5581 202.621 81.1108 27.1244 3618.95297745
10 | 0.999802 10.532] 202.441 80.939 27.0733 3614.42598049
11 | 0.999703 | 10.5429 202.515 81.022 27.0945 361408890918
12 0.999734 10.5422 202.511 81.0181 27.0932 361608798175
13 | 0.999827 | 10.5402 202.497 81.0063 27.0892 36150.0519943
14 0.99988 10.5337 202.452 80.9688 27.0766 361469361168
15 | 0.977177| 11.0533 202.013 83.97p1 28.0Y75 3696.4100691
16 0.993734 106747 203.425 81.7888 27.3522 363(.(L89162
17 | 0.999564 | 10.5459 202.536 81.0398 27.1005 3616.62130825
18 | 0.999957 | 10.5354 202.464 80.9787 27.0799 3614095129291
19 0.999178 10.5544 202.595 81.08P1 27.1171 361)/.96246744
20 | 0.999849 | 10.5331 202.448 80.9649 27.0752 3614.8845392

46



In 18" row we obtained the optimum solution which showtgiple 5.4

Table 5.©Optimum Result using Gfor three generator test system

Fitness Losses Power)(P TC Error
P P P
0.999957 | 10.5354 202.464 80.9787 27.0799 3614950120291

5.1.3 OPTIMUM SOLUTION USING FCGA FOR PROBLEM-I

The number of generations that evolve depends @thghan acceptable solution

is reached or a set number of iterations is exakediter a while all the chromosomes

and associated costs would become the same ifré n@ for mutations. At this point,

the algorithm should be stopped.The results falfiteration using FCGA are shown in

table 5.5 and the optimum result for three genesace shown in table 5.6
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Table 5.5ELD Result using FCGAor three generator test system

Sno.| Fitness Losses Power (P TC Error
P1 ) P
1 ]0.999841| 10.5351 202.46p 80.9767 27.0792 3614.9 47666
2 | 0.998146| 10.577| 202.75p 81.2211 27.1616 3621.56 570653
3 0.99988 | 10.5388 202.487 80.9984 27.0865 3615.493384b1
4 | 0.999873| 10.5392 202.49 81.0004 27.0872 3615.54380824
5 0.99907 | 10.5562 202.611 81.1029 27.1217 3618.34 79090
6 0.99978 | 10.5412 202.504 81.0122 27.0912 3615.87 6500H
7 1 0.999725| 10.5304 202.429 °80.9491 27.0699 3614.1982@935
8 | 0.999595| 10.5452 202.53p 81.03%8 27.0992 3616.51121851
9 | 0.997228| 10.4757  202.0% 80.6297 26.9621 3605.45 34038
10 | 0.999911| 10.5344 202.457 80.9728 27.0779 3614.79268417
11 | 0.999116| 10.5554 202.604  81.09F  27.1198 3618.17 6509
12 | 0.998885| 10.5608 202.639 81.1265 27.1297 3618.98334835
13 | 0.999756| 10.531| 202.434 80.9583 27.0713 3614.26 32131
14 | 0.999873| 10.5392 202.49 81.0004 27.0872 3615.54380824
15 | 0.999509| 10.5256 202.396 80.9215 27.0606 3613.4 47024
16 | 0.997884| 10.5828 203.791 81.2547 27.1728 3622.47636M51
17 | 0.999571| 10.527| 202.405 80.9294 27.0633 3613.61 288712
18 | 0.998901| 10.5605 202.637 81.1246  27.129 3618.93 300
18 | 0.999641| 10.5442 202.525 81.0299 27.0972 3616.3510764
20 | 0.999734| 10.5422 202.511  81.018 27.0932 3614.037981¥5
Table 5@ptimum Result using FCGA
Fitness Losses Power (P TC Error
Py P> Ps
0.99991: | 10.534 202.45 80.972¢ 27.077¢ 3614.7¢ 0.026841
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5.2 PROBLEM II: TEN GENERATOR TEST SYSTEM

Again the proposed technique has been performed sample system which
consists of ten generator system. The power densaodnsidered to be 1440MW. The
coefficients of fuel cost are given below in Tabkeg(a). Maximum and minimum power

limits are given in Table 5.7(b). Transmission loesfficients are taken frof].

Table 5.7 (a)
Unit no a bi G
1 0.001220 7.92 630
2 0.004700 7.91 190
3 0.001320 7.93 625
4 0.001153 7.92 723
5 0.001154 7.93 717
6 0.001562 7.92 561
7 0.001153 7.92 723
8 0.001321 7.91 618
9 0.001319 7.00 561
10 0.001530 7.00 561
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Table 5.7 (b)

Limits Max Min
P 700 160
P, 300 65
P; 680 150
Pa 780 170
Ps 750 160
Ps 600 130
P, 780 170
Ps 670 145
Py 640 140
Pi1o 590 120

TABLE-5.7 Specifications of 10-generator test
(a) Cost coefficients
(b) Power generation limits
The simulated results are presented for varioubleno using 10-generator sample test
system. The results corresponding to Lambda Iteration oebthGA and FCGA are
detailed in section 5.2.1, 5.2.2 and 5.2.3 respelgti
5.2.1 OPTIMUM SOLUTION USING LIM FOR PROBLEM-II

TABLE-5.8 Results of ELD using LIM for ten generator testteys

TC Power (R) Losses
Pr | P2 P3 Ps |Ps |Ps [Pz |Pg |Pg | P

17608.4| 160 | 65 150 | 170 160 130 170 145 140 163.928.9357

5.2.2 OPTIMUM SOLUTION USING GA FOR PROBLEM-II
The results of the above said problem has alsa bb&ined by utilizing GA.

The length of string, population of string, crossowprobability p, and mutation
probability p, are same as problemdlhe results of ELD obtained by applying the GA
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is shown in table 5.9 and the optimum result iswsh in table 5.10. For this optimal

result the power distribution to the ten generat®shown in table 5.11

Table 5.9ELD Result using GAor ten generator test system

S.no Fitness Losses Total cost Error
1 0.999954 13.9364 17609 0.0664733
2 0.998255 13.961 17627.6 2.51773
3 0.998328 13.912 17590.2 2.41143
4 0.998487 13.9142 17591.9 2.18148
5 0.999976 13.9361 17608.7 0.0345486
6 0.999378 13.9447 17615.3 0.896448
7 0.999895 13.9343 17607.3 0.150618
8 0.999537 13.9424 17613.5 0.666622
9 0.999289 13.946 17616.2 1.02413
1C 0.999254 13.9465 17616.6 1.0752
11 0.999957 13.9351 17608 0.0612264
12 0.999972 13.9362 17608.8 0.0409336
13 0.999369 13.9448 17615.4 0.909216
14 0.999263 13.9463 17616.5 1.06243
15 0.999272 13.9462 17616.4 1.04966
16 0.999922 13.9346 17607.6 0.112307
17 0.999945 13.9365 17609.1 0.0792431
18 0.999378 13.9447 17615.3 0.896448
19 0.999839 13.9381 17610.2 0.232478
2C 0.999949 13.9365 17609 0.0728582

Table B8.10ptimal Result using GA
Fitness Losses Total cost Error
0.999976 13.9361 17608.7 0.0345486
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Table 5.1Power distribution of optimum result using GA

P. [P [ Ps [P, [ Ps | Ps | P, | P | P | Pro TP

160 65 150 170 160 130 170 145 140 1M83.9453.971

5.2.3 OPTIMUM SOLUTION USING FCGA FOR PROBLEM-II

The final iteration results of FCGA for ten generatare shown in table 5.12, and
the optimum result is shown in table 5.13

Table 5.12 ELD Results using FCGA for ten generators testesyst

S. No Fitness Losses Totakto Error

1 0.999972 13.9362 17608.8 0.0409336
2 0.999723 13.9318 17605.4 0.399643
3 0.999669 13.931 17604.9 0.476271
4 0.999935 13.9348 17607.8 0.0931518
5 0.999365 13.9449 17615.4 0.9156

6 0.999351 13.9451 17615.6 0.934751
7 0.999356 13.945 17651.5 0.934851
8 0.999953 13.9351 17608 0.0676114
9 0.999918 13.9346 17607.6 0.118692
10 0.9978 13.9676 17632.5 3.17504
11 0.997818 13.9673 17632.3 3.14951
12 0.999989 13.9356 17608.3 0.0165312
13 0.995327 14.0043 17659.8 6.76013
14 0.997615 13.9703 17634.6 3.44304
15 0.999966 13.9353 17608.1 0.0484563
16 0.999949 13.9365 17609 0.0728582
17 0.998647 13.9165 17593.7 1.95153
18 0.998638 13.9164 17593.6 1.96431
19 0.998633 13.9163 17593.5 1.97069
20 0.998288 13.9114 17589.8 2.46892
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Table 5.1®ptimum result using FCGA

Fitness Losses Total cost Error

0.999989 13.9356 17608.3 0.0165312

For this optimum result the power distribution he tten generators are shown in table
5.14
Table 5.14Power distribution of optimum result using FCGA

PP [P [P [P [P [P [P [P | P | Po TP

160 65 150 170 160 130 170 145 140 1168.9453.919
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CHAPTER-6
CONCLUSIONS ANFUTURE SCOPE

6.1 CONCLUSION

In this project, Fuzzy Logic Controlled Genetic Atdhm has been successfully
introduced to obtain the optimum solution of ELmwer system has large variation in
load from time to time and it is not possible towdndhe load dispatch for every possible
load demand.As there is no general procedure falirfg out the optimum solution of
economical load dispatch. This is where FCGA plagsmportant role to find out the
optimum solution in a fraction of second. In thegwsed method two fuzzy controllers
have been designed to adaptively adjust the cressprobability and mutation rate
during the optimization process based on some $texgi
For the testing of proposed algorithm, three ganesaand ten generators test systems are
used. The results obtained from proposed methodlacecompared with conventional
GA and the Lambda Iteration Method.

It is found that FCGA is giving better results tHaA and LIM. i.e.FCGA proves their fast
algorithm and yields true optimum generations ahbaperating costs and transmission

line losses of the power system.

6.2 FUTURE WORK

Having gone through the study of fuzzy logic cola genetic algorithm for

Economic Load Dispatch, the scope of the work leembdentified as —

1. extend the fuzzy logic controlled genetic algorithased ELD to truly the large
number of units i.e 30 or even higher units

2. extend the problem of ELD by using the TABU seaanld also with the hybrid of
Fuzzy logic controlled TABU search

3. extend the fuzzy logic controlled genetic algoritimased ELD solution by
including the various Facts devices
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