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INTRODUCTION 

 In recent years, new optimization techniques based 

on the principles of natural evolution, and with the 

ability to solve extremely complex optimization 

problems, have been developed. These techniques, 

also known as evolutionary algorithms, search for 

the solution of optimization problems, using a 

simplified model of the evolution process found in 

nature. Differential Evolution (DE) is one of these 

recently developed evolutionary computation 

techniques. Differential evolution improves a 

population of candidate solutions over several 

generations using the mutation, crossover and 

selection operators in order to reach an optimal 

solution. Differential evolution presents great 

convergence characteristics and requires few 

control parameters, which remain fixed throughout 

the optimization process and need minimum 

tuning. 

The conventional economic load dispatch (ELD) 

problem of power generation involves allocation of 

power generation to different thermal units to 

minimize the operating cost subject to diverse 

equality and inequality constraints of the power 

system. This makes the economic load dispatch 

problem a large-scale highly nonlinear constrained 

optimization problem. It is therefore of great 

importance to solve this problem as quickly and 

accurately as possible. Conventional techniques 

offer good results, but when the search space is 

nonlinear and has discontinuities, these techniques 

become difficult to solve with a slow convergence 

ratio and not always seeking to the global optimal 

solution. New numerical methods are then needed 

to cope with these difficulties, specially, those with 

high speed search to the optimal and not being 

trapped in local minima [13, 15]. The economic 

load dispatch problem has been solved via many 

traditional optimization methods, including: 

Gradient-based techniques, Newton methods, linear 

programming, and quadratic programming. Most of 

these techniques are not capable of solving 

efficiently optimization problems with a non-

convex, non-continuous, and highly nonlinear 

solution space.  

 HISTORY OF DIFFERENTIAL EVOLUTION 

Originally developed from work done on 

Chebyshev’s polynomial fitting problems, 

differential evolution finds its roots in the genetic 

annealing algorithms of Storn and Price. Classified 

as a parallel direct search method, DE achieved 

third place on benchmark problems at the first 

international contest on evolutionary optimization 

in 1996. Since then, the number of DE research 

papers increased significantly every year and 

differential evolution is now well-known in the 

evolutionary computation community as alternative 

to traditional Eas. The algorithm is considered to be 

easy to understand, simple to implement, reliable, 

and fast. Application areas are just as diverse as is 

the case for the particle swarm optimization 

algorithm and range from function optimization to 

the determination of earthquake hypocenters [2,14 

]. Similar to the previous section, the rest of this 

section first introduces the basic concepts of DE 

before the actual algorithm, associated algorithm 

parameters, and variations are discussed in more 

detail.  

Differential evolution is a mathematical global 

optimization method for solving multidimensional 

functions. Main idea is to generate trial parameter 

vectors. Kenneth Price and Rainer Storn first 

introduced this algorithm, 1994 using vector 

differences for perturbing the vector population. 

Because differential evolution is a simple and 

powerful population-based stochastic search 

technique for solving global optimization problems 

over continuous spaces, and its effectiveness and 

efficiency have been successfully demonstrated in 

the last few years through a vast amount of 
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applications [17], it becomes one of the most 

satisfying methods for solving such engineering 

problems [2]. However, differential evolution 

method was originally proposed, in principle, to 

solve unconstrained optimization problems, hence 

we present a modified differential evolution with 

constraints handling for constrained optimization 

problems, i.e. the archived differential evolution 

[2]. 

 Differential evolution is simple, robust and faster 

in optimization among the population based search 

algorithms that are stochastic in nature. In DE, after 

generating initial population randomly, a weighted 

difference of two randomly chosen individuals is 

added to a third randomly chosen individual to 

create a noisy random vector. Subsequently, 

crossover between the target and noisy random 

vector is carried out to give birth to offspring (trial 

vector). This newly generated trial vector then 

competes with the target vector, and the winner 

takes the position of target vector in next 

generation. Unlike genetic algorithm, differential 

evolution ensures that newly generated population 

is always better than the population in preceding 

generation. Differential evolution and its various 

improvement and modified versions of strategies 

have been successfully applied to many complex 

and non-linear application [17].  

      Fogel crafted a series of experiments in which 

finite state machines represented individual 

organisms in a population of problem solvers. 

These graphical models are used to describe the 

beh5vior or computer software and hardware, and 

so he termed his approach "Evolutionary 

Programming". The experimental procedure was as 

follows. A population of FSMs is exposed to the 

environment that is, the sequence of symbols that 

has been observed up to the current time. For each 

parent machine, as each input symbol is presented 

to the machine, the corresponding output symbol is 

compared with the next input symbol [3, 4]. The 

worth of this prediction is then measured with 

respect to the payoff function. After the last 

prediction is made, a function of the payoff for the 

sequence of symbols indicates the fitness of the 

machine or program. Offspring machines are 

created by randomly mutating the parents and are 

scored in a similar manner. Those machines that 

provide the greatest payoff are retained to become 

parents of the next generation, and the process 

iterates. When new symbols are to be predicted, the 

best available machine serves as the basis for 

making such a prediction and the new observation 

is added to the available database [6, 10].  

  Differential Evolution Algorithm 

The differential Evolution algorithm (DE) is a 

population based algorithm like genetic algorithm 

using the similar operators; crossover, mutation and 

selection. The main difference in constructing 

better solutions is that genetic algorithms rely on 

crossover while differential evolution relies on 

mutation operators. This main operation is based 

on the differences of randomly sampled pairs of 

solutions in the population [9].  

The algorithm uses mutation operation as a search 

mechanism and selection operation to direct the 

search toward the prospective regions in the search 

space [16, 17]. The DE algorithm also uses a non 

uniform crossover that can take child vector 

parameters from one parent more often than it does 

from other. By using the components of the 

existing population members to construct trial 

vectors, the recombination (crossover) operator 

efficiently shuffles information about successful 

combinations, enabling the search for a better 

solution space. The Differential evolution 

algorithm is briefly given below and elaborated 

Fig, 1. 

1. Initialize all the vector population randomly in 

the given upper and lower bound 

2. Evaluate the fitness of each vector in the 

population 

3. Generate a new population where each candidate 

individual is generated in parallel.     

       i. Generate a new population vector  

      ii. Perform crossover CR for target vector with 

its noisy vector to create a trial vector. 

      iii. Evaluate the candidate. 

      iv. Use the candidate in the new generation if it 

is at least as good the current individual. 

 4. Loop to 3 unless the termination criterion is 

met.  

     

     Differential evolution algorithms have a number 

of components, procedures or operators that must 

be specified in order to perform the required 

process. The most important components are 

presented and are explained one by one: 
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Fig 1: Flowchart for Differential Evolution 

Fig 1: Flowchart for Differential Evolution 
Differential evolution is population-based 

stochastic functions minimize (or maximize) 

relating to evolutionary computation, whose simple 

yet powerful and straightforward features make it 

very attractive for numerical optimization. 

Differential evolution uses a rather greedy and less 

stochastic approach to problem solving than do 

EAs. Differential evolution combines simple 

arithmetical operators with the classical operators 

of recombination, mutation, and selection to evolve 

from a randomly generated starting population to a 

final solution. DE differs from conventional genetic 

algorithms in its use of perturbing vectors, which 

are the difference between two randomly chosen 

parameter vectors, a concept borrowed from the 

operators of Nelder and Mead’s simplex 

optimization technique [2, 14]. The DE algorithm 

was first introduced by Storn and Price in 1995 and 

was successfully applied in the optimization of 

some well-known nonlinear, non differentiable and 

non convex functions by Storn [14]. The different 

variants of DE are classified using the following 

notation: DE⁄α⁄β⁄ δ, α where indicates the method 

for selecting the parent chromosome that will form 

the base of the mutated vector, β indicates the 

number of difference vectors used to perturb the 

base chromosome, and δ indicates the 

recombination mechanism used to create the 

offspring population. The bin acronym indicates 

that the recombination is controlled by a series of 

independent binomial experiments. The 

fundamental idea behind differential evolution is a 

scheme whereby it generates the trial parameter 

vectors. In each step, the differential evolution 

mutates vectors by adding weighted, random vector 

differentials to them. If the cost of the trial vector is 

better than that of the target, the target vector is 

replaced by the trial vector in the next generation 

[16]. The variant implemented here was which 

involved the following steps and procedures. 

A. Parameter tuning 

The user chooses the parameters of population size 

Np, the boundary constraints of optimization 

variable �����, �����  the mutation factor fm, the 

crossover rate CR, and the stopping criterion of 

maximum number of iterations (generations) 	���. 

B. Initialization of an individual population 

Set generation. Initialize a population of 

individuals (real-valued –dimensional solution 

vectors) with random values generated according to 

a uniform probability distribution in the 

dimensional problem space. These initial individual 

values are chosen at random from within User-

defined bounds  

      ��
 = ��� �0,1������� − ������; �� =
1,2, … , �; � = 1,2, … , �� �           �1�          
C. Evaluation of the individual population 

Evaluate the function value f(x) of each individual, 

at ��
       �� = 1,2, … , ��variable given by member 

of population. 

D. Mutation operation (or differential 

operation) 

Random Initialization 

Mutation 

Recombination 

Selection 

Stop 

Stopping 

Criteria met 

Yes 

No 
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Mutation is an operation that adds a vector 

differential to a population vector of individuals 

according to the following equation: 

   �
��� + 1� = [�"#,� ��� + $�%�"&,���� −
�"',����(                                     �2�                          �� = 1,2, … �; � = 1,2, … ���   
where �=1, 2, 3, …, n is the individual’s index of 

population; j=1, 2, 3, . . ., Np is the position in n-

dimensional individual; t is the time(generation) 

�
��� = %�
#���, �
&���, … . . �
����(*+ Stands for the 

position of the �,-  individual of population of Np 

real-valued n-dimensional vectors; ����� =[�
,#���, �
,&���, … , �
,����(* Stands for the position 

of the .,- individual of mutant vector, r1, r2 and r3 

are mutually different integer and also different 

from the  running index.  Randomly selected with 

uniform distribution from the set /1 ,2, … . � − 1, � + 1, … |��1, and  $� ≥ 0 is a  real 

parameter called mutation factor, which controls 

the amplification of the difference between two 

individuals so as to avoid search stagnation and is 

usually taken from the range (0.1- 1). 

E. Recombination operation 

Following the mutation operation, recombination is 

applied to the population. Recombination is 

employed to generate a trial vector by replacing 

certain parameters of the target vector with the 

corresponding parameters of a randomly generated 

donor vector. For each vector 2�(t+1), an index ��3���� € {1,2,…..N}, an index is randomly 

chosen using uniform distribution, and a trial 

vector, 4
(t+1) = {4
,#�� +
1�, 4
,&.(t+1)..........4
,�(t+1)}, is generated with 

5
��� + 1� = 

6�
,��� + 1�        �$ ����3��� > 89�:� �� = ��3����  
�
,����              �$ ����3��� > 89�:� �� ≠ ��3���� <   

    (3)                     

 In the above equations, ���3��� is the �,-  th 

evaluation of a uniform random number generation 

with [0, 1], and is a crossover or recombination 

rate in the range (0 - 1). The performance of a 

differential evolution algorithm usually depends on 

three variables: the population size Np, the 

mutation factor=�, and the recombination rate  CR. 

F. Selection operation 

Selection is the procedure of producing better 

offspring. To decide whether or not the vector 5�(t+1), should be a member of the population 

comprising the next generation, it is compared with 

the corresponding vector ��(t). Thus, if denotes the 

objective function under minimization, then �
�� + 1� =
 > 5
�� + 1� ,                      �$ $�5
�� + 1�� < $��
����

   �����,                      :�ℎA�B�CA                                          <
.         (4)                           

In this case, the cost of each trial vector 4
(t+1) is 

compared with that of its parent target vector �
(t). 

If the cost, �
(t), of the target vector is lower than 

that of the trial vector, the target is allowed to 

advance to the next generation. Otherwise, the 

target vector is replaced by the trial vector in the 

next generation [8]. 

G. Stopping criterion 

 Set the generation number for � = � + 1 Proceed 

to Step 3 until a stopping criterion is met, 

usually 	���. The stopping criterion depends on 

the type of problem. 

It is important to note that in DE mutation, 

crossover and selection operations continue over 

the course of evolution until some stopping 

criterion is reached. In addition, there are three 

control parameters in DE, i.e., the population size 

Np, the scaling factor $�  and the crossover 

constant CR. 

Differential Evolution, proposed by Price and Storn 

in 1995, was motivated by the attempts to use 

Genetic Annealing to solve the Chebychev 

polynomial fitting problem. Genetic Annealing is a 

population-based, combinatorial optimization 

algorithm that implements a thermodynamic 

annealing criterion via thresholds. Although 

successfully applied to solve many combinatorial 

tasks, genetic annealing could solve the Chebychev 

problem satisfactorily [11]. Price modified genetic 

annealing by using floating-point encoding instead 

of bit-string one, arithmetic operations instead of 

logical ones, population-driven differential 

mutation instead of bit inversion mutation remove 

the annealing criterion. Storn suggested creating 

separate parent and children population. 

Differential evolution is closely related to many 

other multi-point derivative free search methods, 

such as Evolutionary strategies, genetic algorithms. 

Differential evolution was one of the main avenues 

of research in evolutionary computation in the early 

1990s, including Genetic Algorithms along with 

Genetic Programming, and Evolution Strategies. At 

this time, the term “Evolutionary Computation” 

was invented to describe the entire field of study. 

Currently evolutionary programming is a wide 

evolutionary computing dialect with no fixed 

structure or (representation), in contrast with some 

of the other dialects. It is becoming harder to 

distinguish from evolutionary strategies. Some of 

its original variants are quite similar to the later 

genetic programming, except that the program.  

Differential Evolution technique is that of natural 

evolution, i.e. for a given population of individuals, 

the environmental pressure causes natural selection 

based on survival of fitness and thus causes rise in 

the fitness of the population [15]. Generally a 

quality function is to be maximized. A set of 

candidate solutions is randomly created initially, 

with in the domain of elements of functions and the 

candidate solution is applied to the quality function 

as an abstract fitness measure. Some of better 

candidates based on the fitness are chosen to seed 

the next generation by applying recombination 
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and/or mutation on them. Recombination is an 

operator applied to two or more selected candidates 

and results in one or more new candidates.  

  

  OPTIMIZATION PROBLEM 

FORMULATION 

Main objective of economic power dispatch 

problem is to determine the optimal combination of 

power outputs for all generating units, which 

minimizes the total fuel cost of thermal power 

plants while satisfying load demand and operating 

constraints of a power system [12]. 

The ED problem may be expressed by minimizing 

the fuel cost of generator units under constraints. 

Depending on load variations, the output of 

generators has to be changed to meet the balance 

between loads and generation of a power system. 

The power system model consists of n generating 

units already connected to the system [1]. The ED 

problem can be expressed as: The main objective 

of the ED problem is to determine minimum 

generation cost of the generating units, according 

to the operating constraints of the generators and 

the power system limits. The simplified fuel cost 

function of generators represent as quadratic 

functions, given in equation (5).                                       $����� = � + 3��� + D���&                          

(5)                                                    

where �  3�  and D� are cost coefficients of 

generating unit i , E�  is the real power output of 

generating unit =��E�� is the operating fuel cost of 

generating unit Minimizing the fuel cost function 

equation (6) of all generating units in the power 

system is the objective of ED problem which 

represents as  

                   Minimize  

                                     )(
1

i

n

i

iT xFF ∑
=

=                           

(6)            

Subject to 

(i) Generating capacity constraints 

          ��
��� ≤ �� ≤ �����;       ��

= 1,2, … , ��                                                                
(ii)   Power balance constraints 

            0
1

=−−∑
=

LD

n

i

i PPx  

Main objective of economic power dispatch 

problem is to determine the optimal combination of 

power outputs for all generating units, which 

minimizes the total fuel cost of thermal power 

plants while satisfying load demand and operating 

constraints of a power system [20]. 

The ED problem may be expressed by minimizing 

the fuel cost of generator units under constraints. 

Depending on load variations, the output of 

generators has to be changed to meet the balance 

between loads and generation of a power system. 

The power system model consists of n generating 

units already connected to the system. The effects 

of multi-valves steam turbine produce a ripple 

curve on quadratic fuel cost functions and 

represented as rectified sinusoidal function. 

Considering the valve point loading effects, the 

quadratic cost function in was modified as equation 

(7). 

Minimize operation cost;        $���� =
∑

=

++

n

i

iiiii xcxba
1

2 )( + GA� sin K$������� −
���LG 9C ℎ⁄             ( 7)                

Subjects to; 

i. Power balance constraints 

N �� − EO − EP    = 0
�

�Q#
                                       �7a� 

and, EP = ∑ ∑ ��U�
E
 + ∑ UV��� + UVV��Q#�
Q#��Q#      (7b) 

ii. Generating capacity constraints 

 

����� ≤ �� ≤ �����; �� = 1,2, … , ��      �7c� 

where, � , 3� and D� are the cost coefficients of the i
th 

generator  

n is the number of generators  �� is the real power output of the i
th

 generator 

(MW)  $���� is the operating cost of unit i (Rs/h) EP is the transmission losses (MW)  ����� is the maximum generation output of the i
th 

generator  

����� is the minimum generation output of the i
th

 

generator  U�
 , UV�  and UVV are the U-coefficients  

EO is the total demand (MW). 

Differential evolution is a population based 

optimization algorithm that was originally 

developed for solving unconstrained problems.  By 

applying an exterior penalty function we transform 

a constrained non-linear ED problem into an 

unconstrained problem. Rewrite the problem 

shown in (7) as 

=��E� , �X� = N =��E�� + �X
�

�Q#
. U. ℎ&         �8� 

where, 

 �X  is penalty factor. ℎ is the equality constrained 

defined as 

                    ℎ = 0
1

=−−∑
=

LD

n

i

i PPx                            

(9) 

                                                               

The goal of optimization process is to find a set of 

variables such that the objective function so called 

performance index is minimized or maximized. 
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Non-conventional methods like Genetic algorithm 

and evolutionary programming do not require 

gradients however it works on the fitness of the 

solutions in terms of goals/objective of the problem 

[5, 7]. The chapter describes the non-conventional 

methods to solve the optimization problem having 

single as well as multiple performance indices. The 

detailed stepwise implementation of Differential 

Evolution algorithms technique is also presented. 

DE Algorithm for ELD Problem 
In this section, a new approach, DE algorithm is 

described for solving the ELD problems. 

1. Parameter tuning 

For initialization, choose number of Generator 

units n , population size NP. Specify maximum and 

minimum capacity of each generator, power 

demand, B-coefficients matrix for calculation of 

transmission loss. Initialize DE parameters like 

Crossover Probability CR, Scaling Factor$�. Set 

maximum number of Iteration. 

2. Initialization of an individual population 

    Initialize the Population xji Since the decision 

variables for the ELD problems are real power 

generations, they are used to represent each 

element of a given population set. Each element of 

the Population matrix is initialized randomly within 

the effective real power operating limits. Each 

population set of the population matrix should 

satisfy equality constraint using the concept of 

slack generator. Each individual population set of 

the population matrix represents a potential 

solution to the given problem. 

3. Find Initial feasible solution �
,� =  �
,� + B" ∗ ������ − ������ ∗ ��� �0,1� ∗
ℎ
 ,  �� = 1,2 … , � ; � = 1,2 … , ���                                         

(10) 

where   [\ =
∑ �
,�]�Q^ − EO − EP
                                         �10�      

 

4.   Evalution of function   $
��
�, �X� =
∑ $
���
����Q# + �X ℎ
&                             �11�    
After fitness operation, new offspring population x 

set is generated. In ELD problems these represent 

new modified generation values of generators (x). 

Equality constraint is satisfied using concept of 

slack generator. Fitness value of each newly 

generated population set (offspring matrix P᾽) is 

recomputed, i.e., fuel cost of each power generation 

set. Perform selection operation between parent 

population (x) and newly generated (x᾽) offspring 

based on their fitness values. This loop can be 

terminated after a predefined number of iteration 

5.     Mutation 

Mutation is an operation that adds a vector 

differential to a population vector of individuals 

according to the following equation: 

  �
��� + 1� = [�"#,� ��� + $�%�"&,���� −
�"',����(                 �12�   �� = 1,2, … �; � = 1,2, … ���   
where �=1, 2, 3, …, n is the individual’s index of 

population; j=1, 2, 3, . . ., Np is the position in n-

dimensional individual. 

6. Recombination operation 
Following the mutation operation, recombination is 

applied to the population. Recombination is 

employed to generate a trial vector by replacing 

certain parameters of the target vector with the 

corresponding parameters of a randomly generated 

donor vector. For each vector 2�(t+1), an index ��3���� € {1,2,…..N}, an index is randomly 

chosen using uniform distribution, and a trial 

vector, 4
(t+1) = {4
,#�� +
1�, 4
,&.(t+1)..........4
,�(t+1)}, is generated with 

5
��� + 1� 

6�
,��� + 1�        �$ ����3��� > 89�:� �� = ��3����  
�
,����              �$ ����3��� > 89�:� �� ≠ ��3���� <                 

     (13) 

 In the above equations, ���3��� is the �,-  th 

evaluation of a uniform random number generation 

with [0, 1], and is a crossover or recombination 

rate in the range (0 - 1). The performance of a 

differential evolution algorithm usually depends on 

three variables: the population size Np, the 

mutation factor  =�, and the recombination rate  

CR 

.7. Selection operation 

Selection is the procedure of producing better 

offspring. To decide whether or not the vector 5�(t+1), should be a member of the population 

comprising the next generation, it is compared with 

the corresponding vector ��(t). Thus, if denotes the 

objective function under minimization, then �
�� + 1� =
   > 5
�� + 1� ,         �$ $�5
�� + 1�� < $��
����

   �����,                :�ℎA�B�CA                                          <
.                 (14)                    

In this case, the cost of each trial vector 4
(t+1) is 

compared with that of its parent target vector �
(t). 

If the cost, �
(t), of the target vector is lower than 

that of the trial vector, the target is allowed to 

advance to the next generation. Otherwise, the 

target vector is replaced by the trial vector in the 

next generation [9]. 

8.   Stopping criterion 

 Set the generation number for � = � + 1 Proceed 

to Step 3 until a stopping criterion is met, 

usually 	���. The stopping criterion depends on 

the type of problem. 

Results and discussion 

The DE algorithm is developed in Fortran 77, 

objects oriented language and has been 

successfully tested on benchmark test problems, 

which involve constraints on state variables and 

control variables. The obtained results are widely 
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affected by the search area boundaries, number of 

iteration and tuning of parameter. The different 

benchmark test examples undertaken for study are 

presented in the ensuing section.  

 UNCONSTRAINTS OPTIMIZATION 

PROBLEM ˸ 
 A benchmark test problem is defined below, and is 

solved by differential evolution optimization 

algorithm. 

Test Problem1.   ( A Quadratic Function). This 

Problem is defined by 

        Minimize        f(�#, �&) = (�# + 2�& − 7�& + 

(2�# + �& − 5�& 

     The global minimize is �∗= (1, 3) with 

f(�#∗, �&∗� = 0.where �∗ is optimal point 

In this problem the different parameters to 

implement differential evolution are considered 

such as penalty coefficient, �X is set to 100.0, 

mutation factor, $� is taken as 0.45 and crossover 

factor, CR is adjusted 0.995, and the population 

size Np is set to 60. 

Table 1: Result of DE for unconstraint 

optimization problem 

 

S. 

No. 

Iteratio

n 

�#∗ �&∗ f(`a∗ , `b∗ � 

1 20 0.94338

0 

2.58612

5 

1.05995

9 
2 30 0.95227 2.60248 0.95329

0 
3 40 0.96218 2.61228 0.87529 

4 50 0.96218 2.71228 0.50811 

5 60 0.96412 2.79635 0.27225 

6 70 0.97142 2.83145 0.18466

7 
7 80 0.98852 2.90976 0.04966

3 
8 90 0.99527 2.96456 0.00773

2 
9 100 0.99527 2.9992 0.00014

3 
10 110 0.99889 2.9992 0.00001

6 
 

The best solution is obtained by implementation 

differential evolution algorithm explained. The 

obtained control variable are �#∗ = 0.99889, �&∗ =2.9992 and f(x#∗ , x&∗� = 0.000016. The effect of 

number of iterations while obtaining the result has 

realized through Fig.1. It can be concluded that 

small iterations terminates prematurely. 

 

 

Fig.1: Variation of function with respect to 

iteration for unconstraint problem 1. 

 

Test Problem 2; (Beale᾽s Function). This 

Problem is defined by 

     f(�#, �&) = [1.5-�#�1 − �&�(& + [2.25-�#�1 −�&&�(& + [2.625 − �#�1 − �&'�(& 

   The global minimize is �∗= (3, 0.5) with 

f(�#∗, �&∗�=0.0 

In this problem the different parameters to 

implement differential evolution are considered 

such as penalty coefficient, �X is taken as 100.0, 

mutation factor,  $� is set to 0.45 and Crossover 

factor, CR is adjusted 0.995, and the population 

size Np is set to 60. 

Table 2: Result of DE for unconstraint 

optimization problem 2. 
 

S. 

No. 

Iteration ea∗  eb∗  f(`a∗ , `b∗ � 

1 20 2.97149 0.443764 0.04948 

2 30 2.97149 0.047639 0.00598 

3 40 2.97989 0.48456 0.00245 

4 50 2.98546 0.49152 0.000562 

5 60 2.99128 0.49152 0.000910 

6 70 2.99897 0.49152 0.000037 

7 80 2.99895 0.49854 0.00003 

 

The best solution is obtained. The obtained control 

variable are �#∗ = 2.99895, �&∗ =0.49854 and 

f(x#∗ , x&∗ � = 0.00003. The effect of number of 

iterations while obtaining the result has been 

realized through Fig. 2. It can be concluded that 

small iterations terminates prematurely 
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Fig. 2: Variation of function with respect to 

iteration for unconstraint problem 2. 

 

   ECONOMIC LOAD DISPATCH PROBLEM 
The classical economic dispatch problem is an 

optimization problem that determines the power 

output of each online generator that will result in a 

least cost system operating state [8]. The ELD 

problem can then be written in the following form 

can be described as an optimization (minimization) 

process with the objective:   f���g��A�            $
= N =�

�

�Q#
 ����                                                            

Subject to:  

(i) Power balance constraints:   
              EO =  N ��

�

�Q#
                                                     

(ii) Generating  capacity 

constraints: 

 Generating units have lower (�����) and upper 

(�����) production limits,                                                                                      

                       ����� ≤ ��  ≤  �����                   (i = 1, 

2, …, n)                                       (4.4c) 

The fuel-cost function without valve-point loadings 

of the generating units is given by 

                        Fi(xi) = (aixi
2 + bixi + ci)                                                                       

(4.4d) 

A cost function is obtained based on the ripple 

curve for more accurate modeling which contains 

higher order nonlinearity and discontinuity due to 

the valve point effect and should be refined by a 

sine function [19, 20]. Therefore, the fuel cost 

function can be expressed as   

                   =����� = ����&  +  3��� +  D�� +
hA� sin �$������� −  ����h                             �4.4A� 

 

\   POWER SYSTEM ECONOMIC LOAD 

DISPATCH STUDY 
 

In this section, the proposed approach was tested 

with two standard load dispatch problems (3-

generator). The iteration was varied and the penalty 

multiplier was taken as 1000 for all selected 

methods. 

 

   3- GENERATORS ELECTRICAL POWER 

SYSTEM 

 
A system of 3-Generators with the effects of valve-

point loading was studied in this test. In this case, 

the load demand expected to be determined as 

PD=850 MW [6]. Based on data, Other different 

parameters to implement differential evolution are 

considered such as penalty coefficient, �X  is set to 

10000.0, mutation factor  $� is adjust to 0.45 and 

crossover factor, CR is taken as 0.995, population 

size, Np is set to 100. The three generators test is 

represented in Tables 3, which show that the 

differential evolution succeeded in finding the 

satisfactory solution as compared to other 

optimization method. 

  Table 3: 3-Generator electrical power system’s 

characteristics 
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m
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W
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(R
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1
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Economic load dispatch problem has been solved 

using differential evolution for 3-Generators 

sample system when demand is 850 MW. The 

variation of operating cost with number of iteration 

is given in Fig. 4. The generation schedule is given 

in Table 5.  

Table 4:  Cost at different iterations for 3- 

Generator power system 
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2 

Economic load dispatch problem has been solved 

using differential evolution for 3-Generators 

sample system when demand is 850 MW. The 

variation of operating cost with number of iteration 

is given in Fig. 3. The generation schedule is given 

in Table 5.  

Table 5:  Cost at different iterations for 3- 

Generator power system 

S.N

0. 

Iterati

ons 

Operat

ing 

cost 

(Rs/h) 

x1 

(MW) 

x2 

(MW) 

x3 

(MW) 

1 20 8489.9

37 

496.2

212 

194.6

662 

159.1

041 

2                                         

30 

8397.7

2 

403.0

955 

120.2

685 

326.0

829 

3 40 8438.7

48 

502.6

844 

089.8

426 

257.6

016 

4 50 8339.1

12 

495.4

26 

99.38

15 

255.8

299 

5 60 8295.8

68 

502.7

097 

98.17

0 

248.7

99 

6 70 8258.3

1 

398.4

10 

200.0

00 

250.0

00 

7 80 8251.4

66 

498.5

41 

101.5

429 

249.8

66 

8 90 8249.2

33 

498.5

41 

101.5

429 

249.8

66 

9 100 8242.4

82 

501.7

84 

102.2

00 

245.8

3 

 

 

 
 

 

Fig. 3: Variation of function with respect to 

number of iteration 

   

CONCLUSION 

Differential evolution appears to be the most 

efficient in terms of faster convergence rate and 

quality of solution, which makes it to be much 

efficient in finding the global optimum. More the 

population size, better the results. Higher iteration 

give better results subject to the tuning of the 

parameter like fm, CR. And Np. 
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