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Economic Load Dispatch (ELD) is an important and difficult optimization problem in power
system planning. This article aims at addressing two practically important issues related to
ELD optimization: (1) analyzing the ELD problem from the perspective of evolutionary
optimization; (2) developing effective algorithms for ELD problems of large scale. The first
issue is addressed by investigating the fitness landscape of ELD problems with the purpose
of estimating the expected performance of different approaches. To address the second
issue, a new algorithm named “Estimation of Distribution and Differential Evolution Coop-
eration” (ED-DE) is proposed, which is a serial hybrid of two effective evolutionary compu-
tation (EC) techniques: estimation of distribution and differential evolution. The
advantages of ED-DE over the previous ELD optimization algorithms are experimentally
testified on ELD problems with the number of generators scaling from 10 to 160. The best
solution records of classical 13 and 40-generator ELD problems with valve points, and the

best solution records of 10, 20, 40, 80 and 160-generator ELD problems with both valve
points and multiple fuels are updated in this work. To further evaluate the efficiency and
effectiveness of ED-DE, we also compare it with other state-of-the-art evolutionary algo-
rithms (EAs) on typical function optimization tasks.

© 2010 Elsevier Inc. All rights reserved.

1. Introduction

During the last decades, the electrical power market became more and more liberal and highly competitive. In order to
survive and grow in this environment, corporations today can no longer solely rely on traditional means of system planning.
Economic Load Dispatch (ELD) optimization [28], the search for optimal operating conditions for the generator units of a
power plant, hence became one of the most important tasks in designing superior power systems. Minimizing the opera-
tional costs whilst satisfying the power demands of all customers [2,5,6,8-10,13,16,17,28,31] is, however, very difficult. Gen-
erator units usually have several nonlinear characteristics, such as discontinuous operational zones, ramp rate limits, and
non-smooth or convex cost functions [28] which render exact mathematical methods infeasible for ELD problems. Evolution-
ary Computation approaches, on the other hand, gained remarkable importance in this domain since they can provide solu-
tions leading to a considerable reduction of generator fuel consumption and provide these solutions at low computational
costs.

While the utility of algorithms like particle swarm optimization (PSO) or differential evolution (DE) in the area of ELD
optimization is undisputed, there is still a lack of research concerning important questions from practice. The nature of
the fitness landscapes of these problems, having a major impact on the efficiency of the optimization process, has not yet

Preview

This document is a preview version
and not necessarily identical with
the original.

* Corresponding author. Tel.: +86 551 3601802.
E-mail addresses: wyustc@mail.ustc.edu.cn (Y. Wang), binli@ustc.edu.cn (B. Li), tweise@gmx.de (T. Weise).

0020-0255/$ - see front matter © 2010 Elsevier Inc. All rights reserved.

doi:10.1016/.ins.2010.02.015 http://www.it-weise.de/

Please cite this article in press as: Y. Wang et al., Estimation of distribution and differential evolution cooperation for large scale economic
load dispatch optimization of power systems, Inform. Sci. (2010), doi:10.1016/.ins.2010.02.015



http://dx.doi.org/10.1016/j.ins.2010.02.015
mailto:wyustc@mail.ustc.edu.cn
mailto:binli@ustc.edu.cn
mailto:tweise@gmx.de
http://www.sciencedirect.com/science/journal/00200255
http://www.elsevier.com/locate/ins
http://dx.doi.org/10.1016/j.ins.2010.02.015
Thomas Weise
preview

Thomas Weise
preview


2 Y. Wang et al./ Information Sciences xxx (2010) XxX—Xxx

been analyzed sufficiently. Furthermore, many ELD problems from practice involve more than 40 generators and there still
exist only very few approaches able to tackle such problem instances. In this article, we on one hand provide a detailed study
of the characteristics of the fitness landscapes of several ELD problems. On the other hand, we will use this analysis to con-
struct a new, dedicated optimization algorithm for which we show that it is able to outperform the best optimization meth-
ods previously applied to ELD optimization in literature.

1.1. Literature review

Since the global optima of ELD problems are usually very difficult to specify mathematically, various evolutionary algo-
rithms (EAs) have been developed in order to solve them. The major advantages of these EAs over the mathematical methods
can be summarized as follows [1,7,23,26,32,37]: (1) Being black-box approaches, EAs require less knowledge about the pre-
cise mathematical definitions of the objective functions and the interactions between the parameters subject to optimiza-
tion, whereas their highly nonlinear characteristic would have to be approximated first for mathematical approaches; (2)
EAs usually generate a population of candidate solutions and can handle constraints automatically under an appropriate
strategy selected beforehand in a single run. Particularly, some recently developed EAs, such as DE [2] and PSO [8-
10,13,16,17,21,29,42] have shown excellent performance on ELD problems. Generally speaking, research concerning EA-
based ELD optimization mainly focuses on the following three issues:

o Developing dedicated operators: Similar to the applications of EAs in other domains, designing operators to specifically
meet the particular requirements of ELD problems has attracted much attention. The reason for this is that classical evo-
lutionary approaches were developed for general purposes and their performance may not be good in specific applica-
tions. The most important works of this kind include the development of mixing multiple ensemble mutations based
evolutionary programming (EP) [20], involving the matrix repairing mechanism to improve the performance of the clas-
sical genetic algorithm (GA) [24], multiplier updating strategy for GA [5] and etc. Recently, multiple variants of PSO have
been proposed for ELD optimization [28] and the most effective experimental results were reported in [4], in which a self-
organizing hierarchical strategy was introduced into PSO.

o Combination of EAs and mathematical optimization techniques: Many previous EAs pay most attention to the explo-
ration of the search space. Such EAs often failed to obtain high-quality solutions for large scale ELD problems [33]. Various
hybrids of EAs and mathematical optimization techniques have demonstrated promising performance [20]. Amongst
these mathematical optimization techniques, sequential quadratic programming (SQP) was widely adopted, such as
DEC-SQP [6], EP-SQP [20] and PSO-SQP [29].

o Exploring more reasonable constraint handling strategies: The constraint handling strategy plays a crucial role in ELD
optimization. Generally speaking, two types of constraint handling strategies for EA-based ELD optimization have been
researched: preventing the creation of infeasible solutions [17] and penalizing infeasible solutions [5,20]. Usually, the
computational cost of the latter strategy is lower than of the former one. However, by preventing the occurrence of infea-
sible solutions from the start, most often a feasible global optimum can be obtained, whereas by just penalizing them, one
sometimes may get stuck at infeasible points in the search space [14]. Note that such infeasible final solutions are gen-
erally worthless in ELD optimization.

1.2. Motivation and contributions

Although a large number of EA-based algorithms have been proposed for ELD optimization, the issue of scalability has not
been addressed sufficiently. The number of techniques which can actually be applied to large scale real-world ELD problems
(i.e. problems with more than 40 generators) remains low. The only published work that considers such instances is [5]. The
reason for this situation is that, although some algorithms have shown excellent performance, their computational costs
tend to increase rapidly when the scale of the ELD problem grows. Besides, the best solution records reported for some rel-
atively large scale test problems, such as the classical 40-generator problem, are updated year by year [4,6,17,20]. All this
tells us that research on efficient EA techniques for large scale ELD problems is important and necessary. Also, there is a sur-
prising lack of analysis of ELD problems in the available literature.

In this article, we address the above issues as follows: (1) In a certain sense, analyzing the basic properties of ELD prob-
lems naturally leads to the design of more appropriate approaches. Here, we investigate the differences between ELD prob-
lems with and without equality constraints and with and without multiple local optima by studying their corresponding
fitness landscapes. (2) Based on this fitness landscape analysis, the new algorithm "Estimation of Distribution and Differen-
tial Evolution Cooperation” (ED-DE), especially suitable for large scale ELD optimization, is proposed. ED-DE tries to combine
two effective EAs, the self-adaptive mixed distribution based univariate estimation of distribution algorithm (MUEDA) [33]
and a modified DE (MDE), to form a new cooperative optimizer. Unlike the previous works that combine multiple algorithms
in a parallel way [18,25,30], a serial cooperation framework is adopted to better combine the distinct merits of both
sub-algorithms. To validate the efficiency and effectiveness of this framework beyond ELD optimization, some typical test
functions for numerical global optimization are employed to test the performance of ED-DE. Because of the univariate
assumption taken in MUEDA, ED-DE can also be treated as being designed specifically for the ELD problems, where the
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contributions of the variables to the objective functions are independent. Compared with other works in the ELD optimiza-
tion domain, the major differences and contributions are summarized as follows:

¢ In this article, the visible and potential difficulties of ELD problems are thoroughly analyzed. Especially, the influence of
singular local optima is emphasized. Furthermore, the expected performance of different techniques is discussed based on
the above analysis. To our knowledge, few works have spent adequate effort on analyzing the characteristics of ELD prob-
lems. With this article we close this gap in research.

e Unlike the commonly used parallel cooperation paradigm, a serial cooperative framework is proposed for ELD
optimization.

e The performance of ED-DE is assessed on large scale ELD problems with valve points only and with both, valve points and
multiple fuels - two problem classes which did not yet receive sufficient attention in the research community. The best
known solutions of all ELD benchmark problems are surpassed by our ED-DE approach. It is therefore evident that ED-DE
is very robust, efficient, and has a high performance when applied to complex large scale ELD problems.

The remainder of this article is structured as follows: In section 2, ELD problems are defined formally. In section 3, the
fitness landscape properties of ELD problems are investigated. In section 4, the new algorithm ED-DE is proposed. In section
5, ED-DE is compared with the best previously known algorithms on large scale non-smooth ELD test cases. In section 6, fur-
ther analysis of ED-DE is carried out on function optimization tasks. In section 7, a brief conclusion is given and the future
work is outlined.

2. Formulations of ELD problems

Without loss of generality, ELD optimization can be stated as a minimization problem as follows [4,8,9,28,42]:

minimize C = F;(P)
jel
subject to D = ZPj, (1)
Jjel
ijin < Pj < ijax fOl'j = ‘1,27 R (N

Variables in Eq. (1) are defined as follows:

total generator cost;

set for all generators.

cost function of jth generator;

total demand of J.

the minimum output of generator j;
the maximum output of generator j;
electrical output of generator;
number of generators.

3
2
B3

EIIPIOITO

In formal terms, the ELD problems can be defined as minimizing the total cost C subject to the power balance constraint
D= Zde}- and generating capacity constraints Pjpin < Pj < Pjmax. The most simplified way to represent the cost function of
each generator is using a quadratic function as in Eq. (2) [17], which can easily be solved mathematically.

Fi(Pj) = a; + biP; + 6P}, (2)

where q;, bj, ¢; are the cost coefficients of generator j.

2.1. Non-smooth ELD problem with valve points
Practical ELD applications commonly do not have such a smooth fitness landscape. Instead, their objective functions al-

ways have non-differentiable points due to valve point effects. To take such effects into account, sinusoidal functions are
usually added to the quadratic cost functions as follows [4,6,10,20]:

Fi(Pj) = a; + biP; + ;P + [ej - sin(f;) - (Pjmin — P})], 3)

where e; and f; are the coefficients of generator j reflecting valve point effects.
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2.2. Non-smooth ELD problem with both valve points and multiple fuels

To create an even more accurate ELD simulation, the effects of multiple fuels should also be considered in the formulation
of the ELD problem [5] as well. The definition of ELD problems with both valve points and multiple fuels can be represented
as follows [5,15]:

aji + bj Py + ¢ P} + lejy - sin(fir) - (Pﬁi" - le) |, for fuell P/"™ < P; < Py,

Fi(P) ={ %2+ biaP; + C;oP? + lejy - sin(fi) - (P}S‘” - jz) |, forfuel2 Py < Pj < Pp, 4)

Qi + bjkPj + Cjkpjz + ‘Ejk . Sin(f}k) . ( j’-zm — ij) l, for fuelk ij—l < Pj < PJ(nax}

where Pj is the ith breakpoint for the jth generator. With this formulation, the simulation becomes much more practical
compared to the above two kinds of simulation.

3. Investigation and discussion of the ELD problem

The ELD problems defined in the above section can briefly be classified into four categories based on the global landscapes
(smooth or non-smooth) and constraints (with or without equality constraint). The fitness landscapes of these four catego-
ries are illustrated as in Fig. 1:

e Case A (smooth problem without equality constraint): ELD problems with inequality constraint but without equality con-
straint where the objective values are evaluated according to Eq. (2) (generating condition).

e Case B (non-smooth problem without equality constraint): ELD problems with inequality constraint but without equality
constraint where the objective values are computed as defined in Eq. (3).
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Fig. 1. Fitness landscape of smooth or non-smooth problems with different constraints.
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e Case C (smooth problem with equality constraint): ELD problems with inequality constraint, equality constraint, and Eq.
(2) as objective function.

e Case D (non-smooth problem with equality constraint): ELD problems with inequality and equality constraint where the
objective values are evaluated according to Eq. (3).

The major purpose of classifying these categories is to study the potential characteristics of ELD problems under different
constraints and objective functions. In principle, changes in the constraints or generating condition always results in remark-
able differences in terms of the fitness landscape.

3.1. Discussion on the characteristics of the fitness landscape

Compared with the smooth cases A and C, the multiple local optima of cases B and D are caused by the sinusoidal function
(le; - sin(fj) - (Pjmin — Py)|) in Eq. (3). This addend turns the optimization task into a multimodal one. In a certain sense, the lo-
cal optima could greatly degrade the performance of the mathematical optimization algorithms, especially when each local
optimum is a non-differentiable singular point. For the classical mathematical optimization approaches, such singular points
may cause the search to shrink towards the local optima, prohibiting the algorithm from finding the global optimum. There-
fore, the widely adopted strategy SQP [2,6,29] inevitably loses its effectiveness on such landscapes.

In terms of general shape, the fitness landscape of non-smooth problems keeps decreasing towards the global optima and
their distribution seems to be regular in the low dimensional space. For such problems, EAs have shown excellent perfor-
mance [6,17], but the performance on large scale ELD problems remains unknown. Due to the fast recent development of
EAs, the best solutions found for large scale non-smooth ELD problems, such as 40-generator problem, are updated year
by year. The difficulty of solving these problems mainly stems from the curse of the dimensionality, which is also one of
the essential challenges for EAs in general [27].

3.2. Discussion on the characteristics of the feasible space

For the cases without equality constraint, the feasible search region spreads over the whole search space under the
inequality constraints. However, the feasible region shrinks sharply to a line when the equality constraint is considered
in the 2D search space. If the equality constraint is not considered, the fitness landscape of case D is exactly the same as
of case C, which contains a lot of singular points. Since the feasible region is tiny in ELD problems with equality constraint,
the probability of generating feasible solutions with an EA operator is extremely limited if only penalty strategies are ap-
plied. The reason that causes case D to be much more difficult is that it is almost impossible for algorithms to escape from
the local optima if using a penalty strategy with a large penalty coefficient, while it is also very difficult for algorithms to
guarantee the feasibility of the final solution in the case of small penalty coefficients. To avoid such situations, a strategy that
prevents generating infeasible solutions is adopted in the ED-DE algorithm. In addition, the mutation parameters are con-
trolled dynamically to help ED-DE to achieve a better balance between exploration and exploitation.

4. Algorithm: Estimation of distribution and differential evolution cooperation

As introduced in section 1, the new algorithm ED-DE combines two effective EAs, MUEDA and modified DE (MDE), to form
a new serial cooperative optimizer. More promising results are expected when the characteristic merits of both EAs are suc-
cessfully united in the cooperative optimizer. Generally speaking, the motivation of combining these two EAs in a successive
manner are:

e EDAs employ probabilistic models to describe the promising area in the solution space and use these models to guide the
generation of the candidate solutions for the next generation [11,12,18,34,39,41]. In order to reduce the complexity of
learning the probabilistic model, a univariate EDA named MUEDA [33] is adopted in ED-DE. It is commonly believed that
the univariate EDAs are suitable for relatively simple problems where the decision variables are usually independent from
each other [39]. To enhance the exploration ability of the univariate EDA, a Lévy model is combined with a Gaussian model
to guide the generation of the candidate solutions in MUEDA. It is shown in [33] that the MUEDA performs well in both
convergence speed and final accuracy on unimodal problems and many simple multimodal problems, but its performance
on complex multimodal problems is unsatisfying. Therefore, in ED-DE, we utilize the merit of the fast convergence of
MUEDA to conduct the first stage search. It is also interesting to see that, even for complex problems, MUEDA is able
to shrink the search region towards the promising area within a few generations, which could provide a good initial state
to MDE.

e Due to the limited performance of MUEDA on complex problems, MDE is implemented as a complement to conduct the
second stage search. In principle, DE makes use of the differential information amongst the population and has experi-
mentally shown very good performance on the multimodal problems [3,23]. In a rugged region of the fitness landscape,
MUEDA may fail to proceed to better solutions. Then, MDE is adaptively launched to re-boost the search. With both tech-
niques combined, ED-DE can effectively cope with complex multimodal problems.
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With these considerations, a new kind of hybrid evolutionary algorithm, estimation of distribution and differential evo-
lution cooperation (ED-DE in short), is proposed. Unlike previous hybrid EAs, a serial structure is chosen to effectively com-
bine the merits of two EAs in ED-DE: MUEDA is implemented in the first stage to extract the global information and force the
search population to approach the global optimum as close as possible. When a difficult area of the search space is reached
and MUEDA fails to generate better solutions, MDE is triggered to continue the search. The initial population of MDE is a
mixture of selected good solutions inherited from MUEDA and new randomly generated solutions. The MDE will continue
the search until the termination condition is met. In the rest of this section, we present the general framework of ED-DE
and then, list the features which render it especially suitable for ELD problems will be discussed.

4.1. Algorithmic framework of ED-DE

As mentioned above, ED-DE adaptively utilizes MUEDA and MDE as its sub-optimizers. To take advantage of the merits of
these two algorithms, a serial cooperative framework is adopted. One key problem of such a framework is the decision when
to stop using MUEDA and to start the MDE phase. Based on the observation that the decline of the performance of MUEDA
may result in an extremely low convergence speed [33], a trigger is defined based on the criterion that the best solution
found in the current generation is not remarkably better than those in the previous generations. The definition of this cri-
terion is given in Eq. (5):

foce-p) — foc <y 5)
focie-p)

where the fog() stands for the fitness value of the best candidate solution found until generation t and y is a threshold that
can be tuned to suit different problems. Without loss of generality, we set yy = 0.9 in this article. Since a fitness quality in-
creases of 1 in logarithmic space means 90% reduction in linear space, y» = 0.9 is used to ensure that MUEDA increases the
fitness quality by over one order of magnitude (0.9?' = 0.109) in a minimization problem within D x 21 generations. It has
been verified in [33] that the convergence speed of MUEDA is much faster than that boundary condition defined in Eq. (5) in
most cases. The framework of ED-DE is shown in Table 1. To make the algorithm robust for different problems, we make all
the parameters except population size of ED-DE self-adaptive to the dimension of the problem. In other words, little prior
knowledge is needed beforehand for different problems and the setting of external parameters is self-adaptive. The details
of the sub-optimizers will be introduced in the following sub-sections.

4.2. Discussion: Why ED-DE is suitable for ELD problems

As discussed in section 3, the fitness landscape of ELD problems decreases gradually towards the global optimum with a
number of local optima distributed around. [33,34] have proven that MUEDA performs well in the problems with such land-
scapes. This is due to the fact that EDAs are able to effectively model relatively regular landscapes [13,18]. In the first stage of
ED-DE, the global information of ELD problems can be extracted by MUEDA, and more search attention is paid to identifying
the most promising regions. As to the mixed sampling operator of MUEDA, the implementation of sampling based on

Table 1
Procedure of ED-DE.

ED-DE

Input:

e Optimization task (including the criterion of determining the fitness values and the dimensionality);
e a transformation criterion (trigger) (defined in Eq. (5));

e atermination condition;

Output: The best solution found.

Step 0 Initialization: Randomly initialize the population X,. Set t = 0. Conduct the initialized probabilistic model P(0).
Step 1 Optimization by MUEDA:

Step 1.0 Reproduction: Generate the new candidates by sampling the probabilistic model P(t).

Step 1.1 Set t =t + 1.

Step 1.2 Update: Apply selection strategy to X; and update P(t) by the selected population X;.

Step 1.3 If the termination criterion is met, go to step 4; else go to step 2.

Step 2 Trigger Determine whether to trigger MDE or continue MUEDA by Eq. (5). In case of former, go to step 3, otherwise, go back to step 2.
Step 3 Optimization by MDE:

Step 3.1 Reproduction: Optimize the subgroup by DE operators, which mainly include mutation and crossover.

Step 3.2 Update: Apply selection strategy to update X; to X;,1.

Step 3.3 Sett=t+1.

Step 3.4 If the termination criterion is met, go to step 4; else go to step 3.

Step 4 Terminate and output.
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heavy-tail distributions (such as the Lévy distribution) is helpful for the algorithm to escape from the local optima of the
non-smooth ELD problems. When the first sub-optimizer MUEDA is trapped by some local optima, MDE is launched to make
up the demerit of MUEDA on complex multimodal landscapes. With the information inherited from MUEDA, MDE does not
have to start its search from scratch.

Parallel frameworks of hybrid optimization algorithms receive much attention in research [18,25]. This hybrid form
makes it possible to benefit from various algorithms simultaneously at each generation. However, the merits of these algo-
rithms may not be fully utilized due to the disparities of them in convergence speed or diversity maintenance. This is espe-
cially true when the convergence speeds of the algorithms are significantly different. If we used a parallel framework to
hybridize MUEDA and MDE into ED-DE, for instance, the MDE may initially be useless in relatively simple problems, because
the convergence speed of MUEDA is much higher than MDE. For complex problems on the other hand, MUEDA cannot pro-
vide an adequate contribution to the search procedure in relation to its consumption of computational cost. These view-
points are also verified by experiments on function optimization presented later in this article.

When looking into the relationship of variables in ELD problems, it is interesting to see that the variables in the feasible
space are independent while in the infeasible space they are dependent. In the feasible space, the constraints are satisfied, so
the only objective of ELD optimization is to minimize the separable function C = >, F;(P;). With a purposive constraint han-
dling strategy, the sub-optimizers MUEDA and MDE are expected to perform well in such problems.

4.3. Sub-optimizer 1: Self-adaptive mixed distribution based univariate estimation of distribution algorithm

Compared with the mutation operators of GA, ES and EP that mainly mutate the individuals, the sampling operator of EDA
mutates the distribution of the whole population at each generation. The MUEDA adopted in ED-DE is similar to that in [33].
The joint probability distribution P(X) over a set of random variables x = x; where i = 1,2...,D for a D dimensional space is
defined as follows:

D
P®) = [ [P, (6)
i1

where P(x;) stands for the independent distribution for the ith variable. It is apparent that the probabilistic model used in
MUEDA is univariate.

To strengthen the global search ability, a sampling distribution that mixes Gaussian and Cauchy distribution together is
adopted in MUEDA [33]. Such a mixed distribution sampling operator is the major difference between MUEDA and other
EDAs based on univariate probability model, such as univariate marginal distribution algorithm (UMDAC) [12]. The compar-
ison among Gaussian, Cauchy and mixed distribution is shown in Fig. 2. The Cauchy distribution has a thicker tail and hence,
creates candidate solutions distant from the expected value of the model more frequently than the Gaussian distribution
which, in turn, favors to create points closer to the mean. The shape of the mixed distribution is located between those
two and is hence expected to achieve a reasonable balance between exploration and exploitation. Such a mixed distribution
has been verified to be able to strengthen the exploration ability of EDA [33]. In addition, the parameters in MUEDA are self-
adaptive. The definition of mixed distribution is expressed as follows:

1 1
le<1—5>-1v(0,1)+5.c, (7)
where N(0, 1) stands for the standard Gaussian distribution with mean 0 and § = 1, D is the dimension of the optimization
problem and C denotes the Cauchy distribution. The procedure of MUEDA is described in Table 2. More details of MUEDA are
available in [33].

‘‘‘‘ Gaussian
= = = Cauchy

—— Mixed

Probability

Fig. 2. Comparison among Gaussian probability distribution, Lévy probability distribution with o« = 1 and mixed Lévy o = 1 and Gaussian distribution. The
vertical coordinate is of log scale and y = 1.
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Table 2
Procedure of MUEDA.

MUEDA

Step O Initialization: & (L)

e Step 0.0 Set the weight vector W for step 2 (STDC) according to W(i) = 0.55 — e \"°/ fori=1,2,...,D.
e Step 0.1 Randomly initialize the population Xo. Conduct the probabilistic model P, based on Xj.

e Step 0.2 Sett=0.

Step 1 Reproduction and update:

e Step 1.0 Reproduction: Sample the new candidates based on P, under mixed distribution Nj.

e Step1.1Sett=t+1.

e Step 1.2 Selection: Select top 20% individuals by truncation strategy.

e Step 1.3 Update: Update the model by the selected individuals under update coefficient 1 (the same as UMDAc [12]).

Step 2 Standard Deviation Control Strategy (STDC) [33]
Step 3 If termination condition is not met, goto Step 1; otherwise end MUEDA.

4.4. Sub-optimizer 2: Modified differential evolution

Generally speaking, any evolutionary algorithm which is able to effectively cope with multimodal problems can be used
as the second sub-optimizer. In this article, we choose DE for this purpose because of its well-known robustness [3,19,22,40].
In principle, DE makes use of the differences between randomly selected vectors (individuals) as the source of evolutionary
dynamics. Therefore, DE is able to control the evolutionary variation in a way similar to the concept of jumping in neighbor-
hood search by adding a weighted vector to the target vector properly. To accelerate the convergence speed of DE, a chaotic
parameter based strategy (CPC) is used, which is similar to [35]. The procedure of MDE is shown in Table 3.

Setting suitable parameter values for DE is usually considered as a problem dependent task and requires much previous
experience. Many works [3,19,34] tried to investigate more effective approaches to address such an issue, but no consistent
methodology has been proposed yet [3]. In MDE, the two most effective differential evolution strategies [19] (DE/rand/1 Eq.
(11) and DE/current to best/1 Eq. (12)) are probabilistically adopted based on an adaptive chaotic control mechanism, which is

Table 3
Procedure of MDE.

MDE

Step O Initialization:

e Step 0.0 Randomly initialize the population X, of size NP.
e Step 0.1 Sett=0.

e Step 0.2 Set parameters CRo = 0.3, y =0.2.

Step 1 Reproduction and updating loop:

Fri1 =4 %xCR x (1 -CRy), (8)
Ry =4 x Fryq x (1 = Fr), ©)
P=4xyx(1-7), (10)
for i =1 : NP Select three parents x; ,x;, and x;, randomly from the current population, where i # i # i, # i3
e Mutation: if rand > y/2
v =X +F- (%, —Xi;), (11)
else
vi =X + F - (Xi, — Xpest) + F - (xi; — X3,), (12)
e Crossover: Cross the temporal individual #; with the ith individual of population x; for variables j=1,...,D:
v;;, if rand < CR,
vy = { i, if ) (13)
Xij, Otherwise,
e Selection:
vi, if f(vi) <f(x:),
Xis1 = . 14
i {xi, otherwise, (14)

where f stands for the fitness value.
end for
Step 2 If termination condition is not met, goto Step 1; otherwise end MDE.
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Fig. 3. Chaotic control of F and CR.

expressed as Eq. (10). It is apparent that the strategy DE/rand/1 is used with a larger probability due to its universality. The
parameters CR and F are self-adaptive by Eqgs. (9) and (8), where the initial value of CR, CRy is set to be 0.3. The change curves
of CR and F are shown in Fig. 3. It can be observed that the CR and F values spread between [0, 1] in the whole region through-
out the search process. The CR and F parameters are dependent. In detail, the general rule is to provide relatively large CR
when F is small and to provide relatively small CR when F is large.

4.5. Computational complexity analysis

In this section, we consider the population size in analyzing computational complexity. Assuming the population size is
NP, the time complexity of one generation for ED-DE can be estimated as follows:

(1) Sub-optimizer MUEDA: the time complexity for initializing NP individuals is O(NP); the time complexity for building
the probabilistic model based on the NP/5 best individuals, including the mean vector (O(NP/5)) and standard devi-
ation vector (O(NP/5)), is O(NP/5); the time complexity for the sampling procedure for 4NP/5 new individuals is
O(4NP/5). Therefore, the worst total time complexity is: O(NP) + O(NP/5) + O(4NP/5) = O(NP).

(2) Sub-optimizer MDE: the time complexity for initializing NP individuals is O(NP); the time complexity for mutating NP
individuals is O(NP); the time complexity for crossing between two population of size NP is O(NP); the time complex-
ity for tournament selection is O(NP). Therefore, the worst total time complexity is: O(NP) + O(NP) + O(NP)+
O(NP) = O(NP).

It is apparent that the worst time complexities of these two sub-optimizer are both linear to the population size (O(NP)).
According to the operational rules of the symbol O, the worst time complexity of any one generation for ED-DE can therefore
be simplified to O(NP). In the experiments of function optimization, a runtime analysis is also provided to validate the high
convergence speed of ED-DE.

4.6. Constraint handling strategy

One important problem of applying ED-DE to the ELD problems is that the candidate solutions generated will not always
satisfy the inequality and equality constraints simultaneously. The inequality constraints are usually easy to be satisfied by
classical EA operators, while the equality constraints are always hard to meet. Therefore, it is necessary to explore some new
sampling mechanisms to handle the equality constraints. In this article, a constraint handling strategy similar to that
adopted in MPSO [17] is used. The detailed procedure is shown in Table 4. For the initializing process, step 3 is replace
by randomly generating the value of the selected element x; with respect to the inequality constraint and setting
sum = sum + x;.

Table 4
Framework of generating feasible candidates.

Framework of generating feasible candidates

Step 1. Set index = 1, sum = 0;

Step 2. Randomly select an element (i.e., generator) of the individual from the elements that have not been selected before;

Step 3. Generate the value of the selected element x; by EA operator with the consideration of satisfying its inequality constraint. Set sum = sum + x;;

Step 4. If index =D — 1 then go to Step 5, otherwise index = index + 1 and go to Step 2.

Step 5. The value of the last element is determined by subtracting sum from the total demand D (Eq. (2)). If the value is within its boundary, go to
Step 6; otherwise go to Step 1;

Step 6. A feasible candidate is successfully generated.
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5. Performances on ELD optimization problems

To show the advantages of ED-DE, its experimental results are compared with the existing state-of-the-art ELD optimi-
zation algorithms. We also test the scalability of ED-DE by applying it to extremely large scale ELD optimization problems
with both, valve points and multi-fuels (up to 160 generators). The algorithms selected for comparison are:

CEP, FEP: classical evolutionary programming and fast evolutionary programming [20].

DEC-SQP: combination of chaotic differential evolution and sequential quadratic programming (SQP) [6].

MPSO: modified particle swarm optimization [17].

PSO, PSO-SQP: particle swarm optimization and hybrid of PSO and SQP [15,29].

SOH-PSO: self-organizing hierarchical particle swarm optimization [4].

DE: differential evolution [15].

CGA-MU, IGA-MU: a classical genetic algorithm and the improved genetic algorithm with multiple update strategy given
in [5].

To make the comparison fair, the computational cost used by ED-DE is guaranteed to be not higher than any of the com-
pared algorithms. With this guarantee, the results of the compared algorithms are directly cited from the references listed
above. The computer environment we used for our experiments is a Windows XP system with an Intel (R) Core (TM) 2 duo
CPU, E7200 2.53 GHz, and 2 GiB of memory.

5.1. Experiments on large scale ELD problems with valve points only

In literature, ELD problems with valve points have attracted much attention [4,6,17,20]. From this class of ELD problems,
the 13-generator and 40-generator problems, first presented in [36] are considered to be the most difficult ones [6]. In this
section, we will compare ED-DE with ELD optimization algorithms for which the top performance on the 13-generator and
40-generator problem is reported in literature.

5.1.1. Experiment on 13-generator problem

In the 13-generator problem, the load demand is set to 1800 MW. We restrict the Fitness Evaluation Size FES, i.e., the
number of objective function evaluations, to 32000 (size of population NP = 40, number of generations = 800) here. The sta-
tistical results of this experiment are summarized in Table 5. Table 6 depicts the frequency of attaining a cost within the
specified ranges out of 50 runs for each algorithm with different initial trial solutions.

From Table 5, it can be observed that the proposed algorithm outperforms all the algorithms used for comparison and that
DEC-SQP is the runner-up approach. For CEP and FEP, the search cannot be effectively forced towards the global optimum.
ED-DE and DEC-SQP seem more suited for this large scale system and they perform identically. It is interesting to note that a
new best solution for this problem has been discovered by ED-DE (see Table 5). Moreover, the robustness of ED-DE is verified
in Table 6 which illustrates its superior ability of finding better solutions. Table 6 depicts the times of attaining a cost within
the specified ranges out of 50 runs for each algorithm with randomly generated initial trial solutions. This is in virtue of the
fact that ED-DE strengthens the convergence speed by MUEDA and maintains the diversity by MDE.

5.1.2. Experiments on the 40-generator problem

The 40-generator problem is much larger and much more difficult than 13-generator problem. Many attempts have been
made to find the global optimum of this problem [4,6,17,20]. Amongst these works, the best solution obtained by the
algorithms used for comparison is 121,501.14 $ found with SOH-PSO [4]. The load demand is 10500 MW. This time, we re-

Table 5

Statistical comparison on non-smooth 13-generator suit. The unit for cost is $.
Metrics ED-DE PSO PSO-SQP DEC-SQP CEP FEP
Maximum cost 17975.89 - - - 18404.04 18453.82
Minimum cost 17963.86 18030.72 17969.93 17963.94 18048.21 18018.00
Mean cost 17972.70 18205.78 18029.99 17973.13 18190.32 18200.79

Table 6

Relative Frequency of convergence in percent for 13-generator problem. The unit for cost is $.

Algorithms ~ 17950-18000 18000-18050 18050-18100 18100-18150 18150-18200 18200-18300 18300-18400 18400-18500

ED-DE 50 0 0 0 0 0 0 0
CEP 0 1 3 17 8 13 7 1
FEP 0 1 6 9 13 15 3 3
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Table 7

Statistical comparison on non-smooth 40-generator suit. The unit for cost is $.
Metrics ED-DE MPSO SOH-PSO DEC-SQP FEP CEP
Minimum Cost 121,412.50 122,252.27 121,501.14 121,741.98 122,679.71 123,488.29
Mean Cost 121,460.70 - 121,853.57 122,295.13 124,119.37 124,793.48
Maximum Cost 121,517.80 - 122,446.30 122,839.29 127,245.59 126,902.89
Std 26.29 - - 386.18 - -

Table 8

Relative frequency of convergence in percent for 40-generator problem. The unit for cost is $.
Algorithm  121000- 121500- 122000- 122500- 123000- 123500- 1240000- 124500- 125000- 126000-

121500 122000 122500 123000 123500 124000 124500 125000 126000 127000

ED-DE 34 16 0 0 0 0 0 0 0 0
SOH-PSO 0 38 12 0 0 0 0 0 0 0
SPSO 0 0 28 15 4 2 1 0 0 0
PC-PSO 0 14 11 25 0 0 0 0 0 0
CEP 0 0 0 0 1 2 21 11 8 7
FEP 0 0 0 3 12 13 10 5 3 3

strict FES to 40000 (NP = 40, number of generations = 1000). The statistical result of 50 runs is summarized in Table 7. Table 8
shows the number of times where a cost within the specified ranges was attained during the 50 runs for each algorithm with
different initial trial solutions.

In Table 7, the minimum cost found by ED-DE within 50 runs again surpasses the best results known from literature. ED-
DE shows a distinct advantage over the classical approaches. Regarding the mean cost and maximum cost, the performance
of the proposed algorithm indicates that it is steady and robust, which demonstrates the strong capability of handling large
scale ELD optimization problems. Although not all runs of ED-DE find the best solution of the 40-generator problem, ED-DE
tends to locate the population in a more reasonable region and to perform effectively in exploring the global optimal working
condition. It is also observed that the worst solution of ED-DE outperforms almost all the best solutions found by the other
approaches except the newly proposed algorithm SOH-PSO. From Table 8, it can further be seen that, in terms of robustness,
ED-DE significantly outperforms the PSO and EP-based algorithms. Compared with the implementation of SQP in DEC-SQP, it
is apparent that MUEDA is able to improve the search of DE further. Due to the heavy-tail distribution used in the MUEDA,
the probability of being trapped by local optima is reduced. Thus, the result of ED-DE for large scale ELD optimization turns
out to be very encouraging and promising. We will evaluate ED-DE further on more difficult and larger problems in the fol-
lowing section.

5.2. Experiments on ELD problems with both valve points and multiple fuels

Previously, few attempts have been made to optimize ELD problems with consideration of both valve points and multiple
fuels [5] which, however, are of utmost importance in real-world power systems. The number of non-differentiable points in
the objective function increases when multiple fuels are taken into consideration. As far as the authors know, the only two
approaches applied to such problems are reported in [5,15]. Moreover, only IGA-MU and CGA-MU have been applied to the
problems with more than 40 generators. In this section, ED-DE is compared with these algorithms under the same compar-
ison metrics reported in [5].

5.2.1. Experiments on basic 10-generator problem

Compared with the problems with valve points only, this problem is much harder due to the consideration of multiple
fuels. The load demand is set to be 2700 MW. We restrict the FES to 15000 (NP = 30, number of generations = 500). The sta-
tistical results of 50 runs are summarized in Table 9. Table 10 records the best solutions found by the different algorithms.
Table 11 depicts the number of times a cost within the specific ranges out of 100 runs was attained with 100 different initial
trial solutions for each algorithm.

Table 9

Statistical comparison on 10-generator problem with both Valve Points and Multiple Fuels. The unit for cost is $.
Algorithm ED-DE DE RGA PSO CGA-MU IGA-MU
Minimum Cost 623.8290 624.5146 624.5081 624.5074 627.6087 624.5178
Maximum Cost 623.8894 624.5458 624.5088 624.5074 633.8652 630.8705
Mean Cost 623.8807 624.5246 624.5079 624.5074 624.7193 625.8692
Requested FES 15000 20000 20000 20000 2700000 450000
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