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ABSTRACT

Many real world problems need to optimize available resources to meet the desired objec-

tives. It is an essential part for the better performance of a system. Optimization helps

the planners to have suitable efficient options appropriate for their various applications

and needs. Although, the optimization process has been characterized in distinct scenar-

ios, yet the objective is always to obtain a set of decision variables in the feasible search

space that maximizes beneficial objectives of the system. A practical optimization prob-

lem involves simultaneous optimization of several incommensurable and often competing

objectives. In such a case, there is no single optimal solution, but rather a set of possible

solutions. These solutions are optimal in the wider sense that no other solutions in the

search space are superior to them, when considering all the objectives together.

Broadly, multi-objective optimization techniques are grouped under two major cat-

egories: non-interactive and interactive. In the non-interactive method, a global per-

formance function of the objectives is identified and optimized with respect to the con-

straints. On the other hand, in the interactive method, a local preference function or

trade-off among objectives is identified by interacting with decision makers (DMs) and

the solution process proceeds gradually towards a global satisfactory solution. The solu-

tion procedure for these problems involves two parts: Firstly, a setup to generate feasible

solution and secondly, a tool to select compromise solution that best suits the conflicting

objectives of the problem.

Nowadays, the use of optimization algorithms is an essential part of the multiobjective

solution approach, as these are responsible to generate potential solution of considered

problem in feasible search space. The Evolutionary Algorithm (EA) is an effective tool

to explore the problem’s search area. Among the available optimization techniques, the
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EAs are widely accepted. The initial development phase of EA’s was dominated by Evo-

lutionary Programming (EP), due to its single operator based mechanism. Later on,

Particle Swarm Optimization (PSO) algorithm has received wide attention from the re-

search community due to better exploration and exploitation capabilities. Recently, the

Differential Evolution (DE) algorithm has gotten popular among the research community,

due to its well balanced diversification and intensification process. Owing to improve the

performance of a standard algorithm, hybridization is the possible alternative. It means

that although, an appropriate standard algorithm results in better performance and still

its performance can be further improved if standard algorithm is combined with spe-

cific heuristics or operators that incorporate domain knowledge. Furthermore, hybrid

algorithms emphasize on the complementary advantage of population-based search (ex-

ploration) and their refinement (exploitative) by local search techniques. The exploration

provides a consistent estimate of the global optimum, while the exploitative part concen-

trates on the search effort around the best solution. The combined method extracts the

virtues of the parent approaches and tries to materialize efficient solution approach. De-

pending on the introduction of local search technique along with population based method

in the search process, the hybrid algorithms are classified as before/after/interleaved pro-

cedure or mixture of these.

On the other hand, the application of non-linear dynamics has recently drawn atten-

tion in the field of optimization. One of the applications is the use of chaos map to select

algorithm-dependent parameters replacing uniform random variables. The empirical stud-

ies have shown that chaotic sequences have a high level of mixing capability and thus it is

expected that their use to replace fixed procedures, may result in a better balance of the

exploration and exploitation. So, in the context of improving performance of EP, PSO

and DE, a useful diversity is ensured by combining deterministic chaotic sequence with

them.

Among the wide variety of optimization applications, power system scheduling is a

realistic active application of the optimization process. The power dispatch problem from

the field of power system optimization presents a challenging task to EAs. The dispatch

problems are categorized as single objective, such as Economic Load Dispatch (ELD),
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Minimum Emission Dispatch (MED) and Multi-objective Load Dispatch (MOLD). The

ELD problem aims to minimize the power generation cost, whereas the MED is directed

to minimize the gaseous pollutant emission. The MOLD intends to minimize the two con-

flicting objectives power generation cost and pollutant emission simultaneously. Apart,

from these objectives the system associated constraints of ramp-rate limits, avoiding pro-

hibited operating zone, valve point loading effect and multiple fuel source options are also

considered for practical realization. Therefore, in the above stated power system dispatch

problem, the motive is to obtain a generation schedule in the feasible search space that

minimizes associated objectives, while satisfying the system operational constraints.

After careful study of the recent reported work in literature, it has been observed

that: no single optimization technique suits best for various kinds of real life problems,

direct search methods are better at local exploitation of solution but are sensitive to

initial guess and step size. The random search methods EP, PSO and DE have proven

their effectiveness as a better exploration, search process, but still they have limitations.

The performance issues of these techniques are improved by hybridizing these techniques

with local search techniques or adding heuristics. Another alternative incorporated is

the application of chaotic sequence to modify the evolution and selection operators used

in EP, PSO and DE algorithms. Apart from this, the multi-objective problem handling

procedures and constraint handling techniques is another direction of research.

In the light of aforementioned gaps, the main contributions of this research are: The

evolutionary programming algorithm is coordinated along with Powell’s pattern search

and chaotic sequence and a technique chaotic evolutionary programming and Powell’s

search is proposed. Further, the predator prey optimization (PPO) performance is im-

proved using concepts of collaborative behavior, psychology along with local search tech-

niques. The proposed algorithms are termed as synergic predator prey optimization

(SPPO), adaptive predator prey optimization (APPO) and fly and walk predator prey

optimization (FWPO). Lastly, the unification of differential evolution algorithm with

Powell’s search and chaotic sequence is proposed as chaotic differential evolution and

Powell’s search (CDEPS). The formulated hybrid algorithms, namely: CEPPS, SPPO,

APPO, FWPO and CDEPS have been validated using the standard test problems. The
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nature of functions selected for experimentation is uni-modal, multi-modal, separable,

non-separable, continuous and discontinuous. In order to validate the formulated algo-

rithms on real world problem, the economic dispatch problems for the multi fuel system,

Taiwan power system consisting of 40 generators and Korean power system having 140

generators are implemented. Finally, multi-objective load dispatch has been considered

for performance validation.

The limitations of weighting method to handle conflicting objective of multi-objective

problem is elevated by using it as an interactive approach. In addition, surrogate worth

trade off method (SWT) is incorporated in the research work to handle multi-objective

problem, in interactive and non-interactive manner. The constraints being an essential

constituent of real world power system problems, the constraints are handled either by

using the concept of slack generator or by incorporation of power distribution.

In this thesis, the research work is organized in seven chapters. In the first chapter,

the importance of optimization, eminent milestones in the development of optimization

procedures is presented. The review of approaches to solve multi-objective optimization

problems has been reviewed. The power system dispatch problem being a realistic appli-

cation of optimization, the significant contributions of various authors related to dispatch

problems and its relevant topics have been briefly reviewed in this chapter. The requisite

theoretical, mathematical, and computational backgrounds of different local and global

optimization techniques are reviewed which are utilized in the present study to determine

the solution of optimization problems.

Second chapter, introduces a synergic predator-prey optimization (SPPO) algorithm

to solve economic load dispatch problem for thermal units with practical aspects. The

basic PPO model comprises prey and predator as essential components. In the SPPO,

the decision making of prey is bifurcated into corroborative and impeded parts. It com-

prises four behaviors namely inertial, cognitive, collective swarm intelligence, and prey’s

individual and neighborhood concern of predator. In order to, improve the quality of prey

swarm, which influence the convergence rate, opposition based initialization is used. In

order to, verify robustness of proposed algorithm general benchmark problems and small,

medium, and large power generation test power systems are simulated.
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The chapter three, incorporates chaotic evolutionary programming and pattern search

(CEPPS) as solution procedure, In CEPPS, the chaotic mutation operator is used in the

evolution phase. Similarly, the selection operation is also a chaotic sequence guided. In

order to, ensure exploitation, Powell’s pattern search operator is included, which operates

under stochastic process. The surrogate worth trade off approach is utilized to select a

compromised solution from the Pareto front, which suits both the considered objectives

in the feasible search space. The generalized test functions and realistic MOLD problem

is considered to investigate the performance of the proposed solution approach. The

performance comparison of CEPPS and chaotic evolutionary programming, applying on

generalized benchmark test functions, shows that CEPPS has better search capabilities.

However, while implementing dispatch problems, the CEPPS has resulted in premature

convergence.

Fourth chapter, presents adaptive predator-prey optimization (APPO) to solve MOLD

problem with objectives of operating cost and pollutant emission. In APPO, the fear

factor from predator is based on the cognitive and social behavior of prey, to ensure

continuous mobility (magnitude and direction) of prey, resulting in better diversification

of solutions in the domain throughout the search process. In this chapter, the multi-

objective optimization problem is handled by weighting method, whereby the weight

pattern assigned to the objectives has been undertaken as decision variables. This results

in non-inferior solutions at each swarm move. In order to select a best-compromised solu-

tion, fuzzy theory is applied. The performance of the proposed algorithm is investigated

on power system test problems. The proposed method provides better results in terms

of fuel cost and pollutant emission. In addition, the better satisfaction level of both the

conflicting objectives, well distributed Pareto front, acceptable solution in a single trial

run and insensitivity to parameter variations is observed in comparison to other existing

methods reported in literature.

The chapter five, presents a fuzzy surrogate worth trade-off approach to decide the pre-

ferred solution among the non-dominated solutions’ set. The uniformity of non-dominated

solutions’ set is maintained exploiting a quality measure approach. This chapter describes

a novel foraging activity paradigm to generate non-dominated solutions. The presented
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approach comprises of fly and walk behavior of preys. The direction of turn heuristic

of prey handles system’s equality constraint. The search algorithm balances exploration

and exploitation and handles system constraints autonomously. The performance of the

proposed algorithm is investigated using generalized benchmark functions and multi-fuel,

medium and large power system MTPLD problems. The experimental results show that

the proposed approach is robust, depends on least parameters and retains Pareto quality

in independent trials while generating non-dominated solutions in a trial run.

Sixth chapter, utilizes a chaotic differential evolution and Powell’s pattern search al-

gorithm (CDEPS) is proposed to solve MOLD problem. The chaotic differential evolution

method is responsible for the diversification and Powell’s pattern search is dedicated to

exploitation. Further, the performance of two CDEPS variants based on Gauss map and

Tent map is investigated. Another objective of this chapter is to introduce SWT as a non-

interactive approach to solve MOLD problem. The performance analysis is done using

generalized benchmark test functions and complex MTPLD problems. The Wilcoxon’s

test is used to analyze the experimental results. The exhaustive analysis shows that the

Tent map based CDEPS has better ability to generate quality generation schedule with

faster convergence rate.

Finally, the chapter seven, presents a brief summary and conclusions of all the chapters

and the recommendation for further research.
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CHAPTER 1

INTRODUCTION

Optimization is a procedure to search a best, feasible solution with respect to an objective.

The objective can be cost of operation and amount of harmful gases, while meeting a set

of system constraints. For decades, the optimization problems either unconstrained or

constrained are frequently encountered in various fields of economics, management, science

and engineering. Therefore, many engineers and researchers devote to this field rigorously

and have proposed plenty of prominent algorithms. These techniques are classified as:

directed search methods, gradient methods and random search techniques. However, it

is observed that there does not exist a universal solution procedure to solve all kinds of

problems [78]. The system constraints as well as resource limitations such as calculation

complexity or memory requirements and/ or execution time requirements further enhance

the complexity.

The real life problems are often associated with multiple objectives. In complex en-

gineering optimization problems there often exists several non-commensurable criteria

which must be considered. The situation is formulated as a multi-criterion or multiobjec-

tive optimization problem in which the goal of the engineer is to maximize or minimize not

a single objective function but several objective functions simultaneously. The purpose

of multiobjective problems in the mathematical programming framework is to optimize

the different objective functions simultaneously. Owing to the conflicting nature of ob-

jectives, an optimal solution that simultaneously maximizes/ minimizes all the criteria is

not attainable. Instead, there are several solutions, called efficient solutions that have the

property, that no improvement in any objective is possible without sacrificing one or more
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of other objectives. Such possible solutions are known as non-inferior or Pareto optimal

solutions. Many real-world optimization applications involve the optimization of multiple

non-commensurable and often competing objectives simultaneously. The solutions pro-

cedure of these multiobjective optimization problems is a two step process and can be

classified as [147]:

� Priori preference articulation where multiple objectives are aggregated into a scalar

function with adequate weights. It transforms the multiobjective problem into a

single-objective problem prior to optimization.

� Progressive preference articulation, i.e., decision and optimization are intertwined

where partial preference information is provided, upon which the optimization oc-

curs.

� Posteriori preference articulation where a family of trade-off solutions is found before

a decision is made to determine the best solution.

The set of all the Pareto optimal points is called the Pareto set (PS) and the set of all the

Pareto optimal objective vectors is the Pareto front (PF). In many real-life applications

of multi objective optimization, an approximation to the PF is required by a decision

maker for selecting a final preferred solution. Most multiobjective optimization problems

may have many or even infinite Pareto optimal vectors. It is very time-consuming, if not

impossible, to obtain the complete Pareto front. On the other hand, the decision maker

may not be interested in having an unduly large number of Pareto optimal vectors due

to memory and execution time constraints. Therefore, many multiobjective optimization

algorithms opt a manageable number of Pareto optimal vectors that are best represen-

tatives of the entire PF. Some researchers have also made an effort to approximate the

Pareto front by using a mathematical model [469].

Among the complex engineering optimization problems, from the power system engi-

neering domain, a crucial issue is optimal use of available resources to generate econom-

ical power. The heavy dependency on electricity in daily life has resulted in concerns

of planning operation and control of the interconnected power system. Among these,

an important problem is the economic operation of power system, which means that at
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every step in the planning, scheduling and operation of generators, the system must be

optimal, leading to absolute economy. The transmission losses also play an important

role in the economic operation of the power system. The historical background of op-

timal planning of electric power resources is reported as far back as the early 1920′s,

where the concern was economical allocation of generation to available power generators

[13]. Today’s Economic Load Dispatch (ELD) is an important optimization task in power

system operation, which aims to allocate generation among the committed units, to di-

vide the power economically, while satisfying various system constraints. Practical, ELD

problem has complex and nonlinear characteristics with many equality and inequality

constraints. In practice, because of physical operation limitations such as faults in the

machines themselves or the associated auxiliaries, such as boiler, feed pumps etc., units

can have prohibited operating regions that must be avoided in practical applications. Fur-

ther, due to acceleration restrictions of generating units, the practical power generators

have ramp rate limits constraints. In addition, the generating units may have multi-valve

steam turbines with number of steam admission valves that are opened sequentially to

obtain ever-increasing output of the units and the valve point effects produce a ripple-like

heat rate curve. Moreover, the generating units that have multi-fuel source, lead to the

problem of determining the most economic fuel utilization [163].

Since, the area of interest for optimizing the power generation system is expanded

variety of other objectives like security, reliability and environmental effects are to be

considered along with economical objectives [26]. These considerations can be of conflict-

ing nature and requires decision making for the optimal operation of the power system.

In a large number of real life problems also, decision making is a problem while han-

dling multiple goals. The achievement of these goals is expressed in terms of quantitative

performance criteria, some of which can be selected as the optimization objectives. The

situation is formulated as multiobjective optimization problem (MOP) in which the goal

is to maximize/ minimize several objectives at the same time.

Many approaches and objectives are proposed for the solution of MOP [92]. These

methods are categorized in two groups: Non-interactive and interactive methods [58]. In

non-interactive methods a global preference function of the objectives is identified and
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optimized with respect to the constraints. In the interactive methods, a local prefer-

ence function or trade-off among objectives is identified by interacting with the decision

maker and the solution process gradually moves towards the globally satisfactory solu-

tion. Mostly, interactive methods are used to find non-inferior solutions. Qualitatively

a non-inferior solution of a MOP is one where any improvement of one objective func-

tion can be achieved only at the expense of another. The most widely used methods of

generating such non-inferior solutions are weighting method. Solution methodologies for

solving the interactive MOP differ in two major ways [93]: The procedure used to generate

non-inferior solutions, The ways used to interact with the Decision maker (DM) and the

type of information made available to the DM. In almost all decision making problems,

there are several criteria for judging the possible alternatives. The main concern of DM

is to fulfill conflicting goals while satisfying the constraints of the optimization problem

formulated for the given system.

1.1 OPTIMIZATION PROBLEM

The optimization problem aims to find solutions which are optimal or near-optimal with

respect to desired goals. Usually, such kind of problems cannot be solved in one step,

but a solution process is to be followed. Often, the solution process involves hierarchical

steps, namely: recognizing and defining problems, constructing and solving models, and

evaluating and implementing solutions. Combinatorial optimization problems are con-

cerned with the efficient allocation of limited resources to meet desired objectives. The

decision variables take values from bounded, discrete sets and additional constraints on

basic resources. Usually, a problem has many possible alternatives and the predetermined

goal/objective determines a best alternative as a solution. The situation is different for

continuous optimization problems, which are concerned with the optimal setting of pa-

rameters or continuous decision variables. Here, no limited number of alternatives exist,

but optimal values for continuous variables have to be determined. In real world prob-

lems there is involvement of more than one decision variables and at least one objective

function.
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1.1.1 Single Objective Optimization Problem

The optimization problem with more than one variable and a single objective function

is termed as scalar optimization problem [462]. Considering a decision vector X =

[x1, x2, ..., xn], a single objective problem is defined as:

Mathematically,

Minimize/Maximize f(X) (1.1)

subject to:

Inequality constraints gj(X) ≤ 0 (j = 1, 2, ..., p) (1.2)

Equality constraints hk(X) = 0 (k = 1, 2, ..., q) (1.3)

Decision boundaries xmini ≤ xi ≤ xmaxi (i = 1, 2, ..., n) (1.4)

where n is the number of decision variables, p is number of inequality constraints and q

is number of equality constraints. xmini is the lower bound on decision variable, xmaxi is

the upper bound on decision variable .

It is desired to obtain a solution X∗ such that the above stated objective is either

maximized or minimized in such a way that the stated constraints are satisfied. The

associated common definitions are as follows:

� Feasible solution: It is a decision vector X that satisfies all the constraints imposed

by the problem on it. A set of all feasible solutions defines the feasible region of the

problem.

� Local solutions: A local solution is a solution of problem, that there does not exist

any solution in its neighborhood, with better objective function value. However, it

may not be a best solution of the problem.

� Global solutions: It is a solution of the problem, such that there exists no other

feasible solution having better objective function value.

5



CHAPTER 1

xmaxxmin x1 x2x*

Feasible region

Local minima

Global minima

x

O
b

je
ct

iv
e 

fu
n

ct
io

n
 f

(x
)

Figure 1.1: Local vs global solution

� Continuous function: A function f(x) is said to be continuous at a point x1 in its

domain, if the limit of f(x) as x approaches c through the domain of f(x) exists

and is equal to f(c). Mathematically,

lim
x→c

f(x) = f(c) (1.5)

� Unimodal function: The function f(x) is said to be unimodal on [xmin, xmax] if for

any two points x1 and x2, such that xmin < x1 < x2 < xmax,

f(x1) ≥ f(x∗) ≤ f(x2) (1.6)

� Multi-modal function: A multi-modal function has multiple local minima, in its

search space, but there is only one global minima.
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1.1.2 Multiobjective Optimization Problem

The MOP always have more than one non-commensurable objective to be minimized or

maximized simultaneously [461]. These problems are also called as multi criterion decision

making (MCDM) problem. The solution of the MOP problem must satisfy Vilfredo

Pareto’s concept of Pareto efficiency, which states that “It is impossible to make any

one individual better off without making at least one individual worse off”. Therefore,

the solution procedures often results in a set of solutions, instead of a single solution.

Mathematically, a MOP with M objectives is defined as:

Minimize

F (X) = [f1(X), f2(X), ..., fM(X)]T (1.7)

subject to:

Inequality constraints

gj(X) ≤ 0 (j = 1, 2, ..., p) (1.8)

Equality constraints

hk(X) = 0 (k = 1, 2, ..., q) (1.9)

Decision boundaries

xmini ≤ xi ≤ xmaxi (i = 1, 2, ..., n) (1.10)

The multiobjective programming is an act of multi facet decision making in a prob-

lem, where more than one conflicting objective are to be satisfied simultaneously. The

terminology of significance related to MOP is as follows:

� Pareto-optimality: A point, x∗ ∈ X, is Pareto-optimal iff there does not exist

another point, x ∈ X, such that F (x) ≺ F (X∗) for at least one objective function.
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{x ∈ X|∃ x∗ ∈ X : ∀i fi(x∗) ≤ fi(x)}

� Weak Pareto Optimality: A solution x∗ ∈ X is a weak Pareto optimal if there does

not exist another solution xi ∈ X , such that F (x) < F (x∗).

{x∗ ∈ X|@ x ∈ X : ∀i fi(x) < fi(x
∗)}

� Pareto optimal set: The Pareto optimal set is P ∗ is defined as:

P ∗ = {x ∈ X|∃ y ∈ X : ∀i f(y) � f(x)}

� Pareto front: For a Pareto Optimal set FP ∗, the Pareto front is defined as:

FP ∗ = {F (x) = (f1(x), ..., fk(x)|x ∈ P ∗}

� Ideal point: It represents the lower bounds of the Pareto front and it is represented

as z∗i such that

z∗i = {z ∈ Z|∀imin(zi)}

� Nadir point: It represents the upper bound of Pareto front and it is represented as

znadi such that

znadi = {z ∈ Z|∀imax(zi)}

� Decision maker: As stated above, in MOP there are always multiple Pareto optimal

solutions, but from an implementation point of view only one optimal solution is to

be selected. This aspect of MOP requires a decision maker (DM) that can provide

preference information to choose the best solution in a particular instance [282]. It

is incorporated with the help of a Preference function, which can balance conflicting

objectives, by favorably finding trade-off between objectives.

� Preferences: It refers to a decision maker’s opinion in concern to solutions in the

objective space.

� Utility function: In terms of multiobjective optimization, an individual utility func-

tion is defined for each objective function and represents the relative importance of

the objective.
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� Global criterion: A global criterion is a scalar function that mathematically com-

bines multiple objective functions, it does not necessarily involve utility or prefer-

ences [147].

� Compromised solution: It is an alternative to the idea of Pareto optimality and

efficiency, which yields a single point solution. It entails minimizing the difference

between the potential optimal point and utopia point [476]

� Utopia point: A point F ∗∈ zk is a utopia point [147], iff

F ∗i = min(x)Fi(x)|x ∈ X;∀i

1.2 OPTIMIZATION TECHNIQUES

Nowadays, optimization is an indispensable part of decision making in relation to design,

planning and operation problems. The optimization always involves certain decision vari-

ables, problem constraints and objective functions. The objective function for a problem

is selected as per expectations from the system. Optimization is an act to select a set of

decision variables, such that the desired objectives are either minimized or maximized,

subject to system constraints. The selected set of decision variable is called an optimal

solution of the problem. The procedure adopted to obtain an optimal solution is called

optimization algorithm. An optimization algorithm proceeds iteratively to satisfy the

objectives, until termination criteria is satisfied. The optimization problems are classified

in several ways:

1.2.1 Conventional Techniques

Conventional optimization methods are also addressed as deterministic optimization tech-

niques. In this category, the solution procedures are classified as: gradient techniques,

direct search methods and random techniques. The pros and cons of gradient techniques

and directed search methods are summarized as follows:

Gradient methods: These methods require 1st and 2nd order derivative of function

under investigation. Since, the objective function in most of the engineering design prob-

lems is not differentiable, these methods cannot be applied directly. Hence, the gradient
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based search methods cannot be applied to the problems where the objective function

is discontinuous. On the contrary, in problems where the derivative information of the

objective function is easily available, gradient search methods are very efficient. Most

gradient based search methods work by searching along several search directions itera-

tively. The algorithms vary according to the way the search directions are defined. The

most generally used gradient based optimization methods include Newton’s method [7],

Marquardts method, conjugate gradient method [201] and steepest descent method [5].

The convergence behavior of these algorithms depends upon the initially selected starting

point and the nature of the objective function.

Directed search methods: These methods possess excellent simplicity, flexibility and

reliability. The models are useful when no analytical solution is available for an optimiza-

tion problem, because there is always a possibility that the numerical solution may get

stuck in local optima. The directed search methods explore the search area, consider-

ing a single variable at a time, hence these methods require a large number of function

evaluations to find a solution. Moreover, the algorithm may prematurely converge to an

unsatisfactory solution, especially in the case of functions with highly non-linear interac-

tions among variables, lacks finite termination on quadratic objectives [97]. In few words,

a carefully selected directed search method is an effective tool for solving many nonlinear

optimization problems.

1.2.2 Random Search Techniques

A random search technique is an algorithm that uses some kind of randomness or prob-

ability in its operational mechanism. These may be called as a Monte Carlo method

or a stochastic algorithm. The term meta-heuristic is also commonly associated with

a random search algorithms [300]. Many nature inspired algorithms such as Genetic

Algorithm (GA), Evolutionary Programming (EP), Evolutionary Strategy (ES), Particle

swarm optimization (PSO) and Genetic Programming (GP), differential evolution (DE)

have already gained wide acceptance in solving optimization problems [346]. The era of

random techniques (population based techniques) started in 1989, with the introduction

of GA followed by EP and ES. Since then, the repository of random search techniques has
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Table 1.1: Prominent evolutionary algorithms

Algorithm Year Principle References
Simulated annealing (SA) 1983 Thermodynamic effects [18]
Genetic algorithm (GA) 1989 Survival of fittest [23]
Evolutionary programming (EP) 1993 Survival of fittest [38]
Particle swarm optimization (PSO) 1995 Bird foraging behavior [54]
Ant colony optimization (ACO) 1996 Ant behavior [62]
Differential evolution (DE) 1997 Survival of fittest [471]
Harmony search (HS) 2001 Music improvisation [101]
Electromagnetism optimization (EMO) 2003 Attraction repulsion mechanism [123]
Shuffled frog leaping (SFLA) 2004 Frog movement [196]
Artificial immune systems (AIS) 2005 Immune system [36]
Bee colony optimization (BCO) 2006 Bee swarm [187]
Cat swarm optimization (CSO) 2006 Cat behavior [192]
Artificial bee colony (ABC) 2007 Foraging activity [223]
Firefly (FA) 2007 Flashing light pattern [479]
Biogeography-Based Optimization (BBPSO) 2008 Biogeography [263]
Gravitational search (GSA) 2009 Law of gravity [292]
Bat algorithm (BA) 2010 Echolocation [480]
Brain Storm optimization (BSO) 2011 Human brain storming [350]
Flower pollination (FP) 2011 Pollination process [478]
Bacterial foraging (BFO) 2012 Foraging activity [365]
Krill herd (KHA) 2012 Herd foraging activity [357]
Invasive weed optimization (IWO) 2014 Biological invasion [477]

been increasing continuously till date with the introduction of state of the art concepts.

A majority of contributions are nature inspired/ physical or chemical phenomenon based.

The information related to these techniques in the past decade is summarized in Table:

1.1.

In general, the nature remains the main source of inspiration for the research com-

munity, as a result the majority of the recently proposed algorithms are nature inspired.

Further, the nature-inspired algorithms are classified as bio-inspired and swarm intelli-

gence based algorithms [378]. The swarm intelligence based methodology mimics the

collective behavior mechanism of insects like ants, bees etc. or other social groups like

bird flocks, fish schools etc. The foraging behavior to locate the better foraging areas,

based on cognitive and social experience is the underneath working concept. The famous

algorithms in this class are PSO, Ant Colony Optimization (ACO), Bacterial Foraging

Activity (BFO), Krill Herd Algorithm (KHA). The bio-inspired algorithms, follows the

fundamental aspects of the neo-Darwinian evolutionary process [113]. These stochastic

approaches follow the concepts of natural evolution. These methods simultaneously search

with a population of candidate solutions and associate an objective score as a fitness value
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for each one. The algorithms then select among the population to favor those solutions

that are more fit. The next generation (new population/ offspring’s) consists of replicates

of the better fitness solutions that have been genetically mutated and crossed over in a

biological metaphor. The decision variables are perturbed in such a way that they inherit

characters of their parents, as well as change in random ways. The EP, ES and GA are

famous techniques in this category that have dominated in the previous decade. The

physical or chemical phenomenon base algorithm involves certain physical or chemical

laws such as electrical charges, gravitational laws, musical concepts etc. [378]. In short,

a variety of new population based techniques are proposed as a successful optimization

solution procedure. A few techniques, which have attracted sight of the research commu-

nity are tabulated in Table 1.1. The objective of these techniques is to provide a better

quality solution procedure, with faster convergence rate and lesser resource utilization.

Among these techniques the EP, PSO and DE have dominated in the past decade. The

yearly publication data of duration 2000-2016, is presented in Fig. 1.2

(a) IEEE yearly publication distribution (b) Elsevier yearly publication distribution

Figure 1.2: Yearly publication distribution in reputed journals

In 1965, the EP was initially proposed as an approach to artificial intelligence [465] and

later on successfully applied to many real world optimization problems. The mutation

and selection operators are the two main constituents of EP. The mutation operator

is responsible for generation of new solutions (offspring), whereas selection operation

is employed to decide parents for the next generation. The EP solution procedure is

presented in algorithm. 1.1:
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Algorithm 1.1 Evolutionary programming algorithm

Initialize individual’s population

1: while stopping criteria unmet do
2: Evaluate fitness score of each individual based on the objective function
3: Create offspring of each individual
4: Evaluate fitness score of each offspring based on the objective function
5: Conduct pairwise comparison over the union of parents and offspring
6: Select better individuals for the next generation
7: end while

The main disadvantage of the EP is that it is slow to converge to a good near-optimum

in solving some of the multi-modal optimization problems [68]. As mutation is a key

search operator that generates new offspring of the current parents. A new mutation

operator based on Cauchy random numbers is proposed to outperforms the classical EP

[91]. Further, to improve the performance of the EP the heuristic methods are suggested

for initialization of population [64]. In addition, the EP is integrated with fuzzy theory

resulting in algorithms such as fuzzy controlled EP [73], fuzzy EP [124], fuzzy adaptive

EP [136] etc.

The applications of EP involve mobile robot path planning [412], optimal power flow

[418], optimal allocation of flexible AC transmission systems [420], recurrent neural net-

work design [45], flexible job shop scheduling [419], fuzzy rule base designing [95] etc. In

the field of electrical power system EP is widely applied to various problems. It is used to

solve to economic dispatch (ELD) problem [181] etc. An EP [72] and its hybrid [65] based

approach has been suggested to handle constrained optimization problems. Further, the

EP is extended with an interactive fuzzy satisfying approach to solve the multiobjective

scheduling problem [139]. The EP has been used without non domination sorting proce-

dure to solve the multiobjective problem [291]. A multiobjective EP and its applications

to power generation expansion planning has been presented [285]. Multiobjective EP has

been used to solve combined economic emission load dispatch problem [265]. Recently, in

2016 the EP has been successfully used in diverse applications such as optimal reactive

power dispatch [450], impedance spectroscopy analysis [440], optical network problem

[455], partial inverse modeling [454], wheeling problem [108] etc.

In 1995, the PSO algorithm was initially introduced by Kennedy and Eberhart [54].
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The basic idea behind PSO is to simulate a swarm of bees, fishes, or birds looking for food.

Apart from searching for their targets independently and stochastically, these species also

exchange information with each other so that all of them can eventually move toward the

target from different directions. Since the foraging paths are different for each particle, a

wide area of design space is explored and this increases the chance of finding the global

optimum solution. The PSO is developed through simulation of a simplified social sys-

tem, and has been found to be robust in solving nonlinear optimization problems. The

PSO generates high-quality solutions quickly and has stable convergence characteristic

than other stochastic methods [126]. In addition, the PSO algorithm in comparison to

other evolutionary algorithms can easily be programmed and is independent of encoding

processes. In PSO, a number of the particles are placed in the search space of problem or

function, and each evaluates the objective function at its current location. Each particle,

then determines its movement through the search space by combining some aspect of the

history of its own current and best-fitness locations with those of one or more members

of the swarm, with some random perturbations. The next iteration takes place after all

particles have been moved. Eventually the swarm as a whole, like a flock of birds collec-

tively foraging for food, is likely to move close to an optimum of the fitness function. The

functioning of the PSO search procedure is explained with the help of Algorithm 1.2:

Algorithm 1.2 Particle swarm optimization algorithm

Initialize particle’s population array

1: while stopping criteria unmet do
2: Evaluate fitness score of each particle based on the objective function
3: Update particle’s individual experience on basis of fitness value
4: Update global best experience of swarm
5: Update velocity and position of particles
6: end while

However, the particle’s velocity update is parameter dependent that can affect the

result significantly. Improper setting of these parameters might decrease the search effi-

ciency or even result in divergence of the search process [100]. Although the PSO algo-

rithm has a coordinated searching scheme, this does not give it an apparent advantage

over other evolutionary algorithms in finding the global optimum solution, especially for

those highly-noised multi-modal problems. PSO behavior has been enormously analyzed
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for its parameter dependency, parameter selection, stability etc. [303, 210]. A standard

has been designed to be a straightforward extension of the original PSO algorithm while

taking into account more recent developments that can be expected to improve perfor-

mance on standard measures [215]. In order to improve the performance of PSO various

modifications have been suggested such as the introduction of a inertia weight [85], con-

striction factor [111], fully informed particle swarm [148], static topologies [148], dynamic

topologies [168]. Moreover, PSO variants such as binary PSO [71], adaptive PSO[256],

regulated discrete PSO [107], angle modulation PSO [175] have been presented. A sur-

vey on parameter selection for PSO has been presented [382]. Further, PSO is hybridized

with mutation operator [79], evolutionary methods [117], breeding [106], Cauchy mutation

[119], ACO [140], DE [103], GP [178] etc. In addition, a velocity independent PSO model

called bare bones PSO (BBPSO) [128], BBPSO with jumps [283] have been proposed.

A wide variety of survey papers related to PSO’s overview, methods, analysis, taxonomy

such as [293] etc. have appeared in literature, that present better view of PSO conception.

On the basis of literature, the PSO has been applied in a wide variety of applications.

An important field among PSO’s applications is power system optimization. Valle et

al. [245] has discussed in detail the basic concepts, variants and applications of PSO in

power systems. A detailed study of PSO variants is highlighted and an approach called

Frankstien’s PSO is proposed and its advantages are discussed [276]. The other related

compiled literary studies are [296]. Recently, in 2016, the PSO applications in the power

system field include economic dispatch incorporating solar energy [428], FACTS setting

[433], photo-voltaic multiple peaks power tracking [451], optimal power management of

plug-in hybrid electric vehicles [436], maximum power point tracking in PV system [429]

etc.

Differential evolution optimization algorithm was proposed by Storn and Price in 1995

[474]. It has a faster convergence behavior, ability to find the true global minimum, re-

gardless of the initial system parameter values and less number of control parameters [75].

A detailed revision of basic concepts of DE, its variants and applications to constrained

multiobjective problems has been discussed by Das and Suganthan [334]. The basic strat-

egy employs the difference of two randomly selected parameter vectors as the source of
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random variations for a third parameter vector. The DE’s iterative search process is

explained in Algorithm 1.3.

Algorithm 1.3 Differential evolution algorithm

Initialize individual’s population array randomly

1: while stopping criteria unmet do
2: Evaluate fitness score of each particle based on the objective function
3: Select three individual’s randomly
4: Perform mutation operation to generate mutant
5: Perform recombination operation to generate trial vector
6: Select an offspring for the next generation out of trial and target vector
7: end while

Storn and Price [75] suggested a total of ten different working strategies for DE. These

strategies were derived from the five different DE mutation schemes and each mutation

strategy was combined with either the exponential/binomial crossover. This yielded a

total of ten DE strategies. However, similar to other EAs, DE algorithm has also ex-

perienced some challenging problems. Despite, fast and reasonable solution, sometimes

it does not guarantee a global optimal solution. The improved DE has also faster con-

vergence, but often it has probability of searching towards a local optimum or getting

premature convergence. This drawback can be overcome by a larger population size, but

it results in excessive memory requirements and large computational time [340]. Further,

if the size of power system problem is large, DE may face problem of dimensionality [344].

The DE algorithm stagnates at local optimal even if the population is diverse [279]. The

success of DE in solving a specific problem crucially depends on appropriately choosing

trial vector generation strategies and their associated control parameter values. Employ-

ing a trial-and-error scheme to search for the most suitable strategy and its associated

parameter settings requires high computational costs. Moreover, at different stages of

evolution, different strategies coupled with different parameter settings may be required

in order to achieve the best performance [290].

In order to overcome deficiencies DE with adaptive strategy [290], fuzzy adaptive DE

[173], trigonometric mutation DE [125], DE with random localization [199], greedy ran-

dom search based DE [162], improved self adaptive DE [290], self adaptive DE [174],

self adaptive DE with control parameter settings [189], opposition-based DE [260], DE
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with global and local neighborhoods [275], DE with new mutation strategy [302]. Das

et al. [275] proposed two kinds of topological neighborhood models for DE in order to

achieve better balance between its explorative and exploitative tendencies. Hybridization

with PSO [138], ACO [228], BFO [214], and SA [339] has been proposed for performance

improvement. He and Han proposes a hybrid binary DE based on Artificial Immune Sys-

tem (AIS) for tackling discrete optimization problems [220]. In addition, the attraction-

repulsion concept of electromagnetism [222] to boost the mutation operation and crossover

based adaptive local search [222], has been proposed to improve the performance of the

classical DE. A hybridization of DE with the neighborhood search [235] and DE based

mimetic approach [287] has also been proposed.

In terms of optimizing high-dimensional problems, cooperative co-evolution [49] with

divide-and-conquer strategy has been proved an effective choice with DE. The involved

steps are: 1) Problem decomposition: splitting the object vectors into some smaller sub-

components. 2) Optimize subcomponents: evolve each subcomponent with a certain

optimizer separately. 3) Cooperative combination: combine all subcomponents to form

the whole system. In order to improve performance of DE for multi-modal problems,

the niching techniques include crowding distance [154], neighborhood mutation [366], fit-

ness sharing [266], restricted tournament selection [324] and speciation [171] have been

proposed.

The survey papers on conceptual and performance details related to DE includes

[252, 318, 225, 267]. A comparative studies related to DE include discussion on selection

schemes [60], self adapting control parameters [189] etc. are available in the literature for

curious readers.

The DE has been successfully applied to a wide variety of problems. Hybrid DE

algorithm has been to solve the permutation flow-shop scheduling problem with the make-

span criterion [259], scheduling problems [204], no-wait flow-shop scheduling problem

[231]. Similarly, a self-adaptive differential evolution has been used for two-stage assembly

scheduling problem to minimize maximum lateness with setup times [212].

In the field of power system the DE is used for optimal power scheduling [261], transient

stability [242], optimal power flow [311], environmental/ economic power [328],optimal re-
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active power dispatch [338], power flow with FACTS [240], emission constrained economic

dispatch [310], power system security [349], large capacitor placement problem [141], auto-

matic generation control of inter connected system [383], maximum power point tracking

of PV cell [326], load frequency control of multi-source system [399] etc. In the cur-

rent year, DE has been applied to estimate maximum power delivered by PV cells [439],

optimal reactive power flow [432], combined heat and power dispatch [444], multiobjec-

tive reactive power dispatch [431], expansion planning with solar power plant [452] and

wind plant [453], optimizing power consumption in wireless networks [441], economic and

emission diaptch [428], squirrel cage induction generator design [446], contingency man-

agement [448], modeling of PV module [437], design of proportional integral controller for

fuel cell power plant [427], power electronic circuit management [447] etc.

A wide variety of procedures are developed, that are applied to solve problems of

diverse fields. In the past decade, as per publications account in some of the popular

scientific database the major dominant methods are EP, PSO and DE. However, from

the problem solving perspective none of the algorithm can solve all the problems. As

per literature, there are several types of problems where a simple EA fails to obtain an

acceptable solution [182]. Hybridization is the key to obtain a universal solution procedure

to solve such kind of practical problems.

1.2.3 Hybrid Search Techniques

In practical optimization problems, a general purpose algorithm may fail to deliver ade-

quate performance. In order to improve the performance of standard algorithm hybridiza-

tion is the possible alternative [460]. It means that although, an appropriate standard

algorithm may result in better performance, however much greater gain is achieved by

combining it with specific heuristics or operators that incorporate domain knowledge

[115]. In case of many difficult problems, when well studied, the best results are obtained

by hybrid approaches where specific heuristics are combined with well proven strategies.

The different methods when combined together in a synergistic manner with the incorpo-

ration of domain knowledge [305] greatly enhances the problem-solving capability of the

plagiarized algorithm. Hybridization methodology merges global search algorithms with a
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refinement procedure. Furthermore, hybrid algorithms emphasize on the complementary

advantage of population-based search (exploration) and their refinement (exploitative).

The exploration provides a consistent estimate of the global optimum, while the exploita-

tive part concentrate the search effort around the best solution. The combined method

extracts the virtues of the parent approaches and materialize efficient solution approach

[202]. The algorithms are hybridized to achieve the following objectives [134]:

� Improve the performance of EA.

� Improve the quality of solution by EA.

� Incorporate the EA as part of a larger system.

In the past decade, population based hybrid algorithms are in eye of research commu-

nity. To achieve the above stated objectives, the first hybrid article appeared in IEEE

Xplore in 1990 [457] and in science direct in 1992 [456]. The architectures of hybrid EA’s

are classified as follows:

� Hybridization between two EAs.

� Neural network assisted EAs.

� Fuzzy logic guided EAs.

� EA hybridized with other heuristics (local search, hill climbing, greedy search pro-

cedure etc.)

The refinement procedures are incorporated at different stage of the population based

search. On this basis, the hybrid algorithms are classified as before/after/interleaved pro-

cedure. Further, the mode of inheritance is another way to classify the hybrid algorithms.

The two common modes of inheritance are namely Lamarckian and Baldwinian inheri-

tances. Recently, adaptive hybrids have emerged in the field of optimization. Adaption

of parameters and operators is one of the important and promising area of research. Re-

cently, manifold examples of hybrid algorithms have appeared in literature and is following

an uptrend.
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In order to improve the performance of EP, it is hybridized with GA [89], SA [226],

dynamic mutation [169], PSO [152], tabu search [226], SQP [110], neurofuzzy [373], GA-

PSO [385], quantum theory [389], DE [308], clustering algorithm [165], tabu search [150],

q-Gaussian distribution [264], learning mutation operator [248], fuzzy mutated operator

[258], natural immune system [251], Self adaptive EP [144], chaotic mutation operator

[241] etc. The application of hybrid EP in the field of power systems includes opti-

mal reactive power dispatch [158], dynamic economic dispatch [110], optimal power flow

[203, 308], reactive power planning [143], reactive power optimization [164], power system

stabilizer [272], combined heat and power [120], security constrained optimal power flow

[153], short term hydro thermal scheduling [250], economical output of fuel cells [166], op-

timal power flow with POZ constraints [363], unit commitment problem [226], non convex

economic load dispatch [152], multiobjective reactive power optimization [169], multi-area

unit commitment [295] etc.

The last decades, pie-chart distribution of major hybrid algorithms, (Fig. 1.3b) exhibit

hybrid PSO as a main predominant. The first article related to PSO hybrid appeared in

IEEE Xplore and science direct in 2000 and 2005 respectively. Since 2000, an enormous

contribution of PSO hybrids to solve miscellanea problems is observed in various journals.

The yearly distribution (Fig. 1.3) also exhibit PSO hybrids as a major contributory.

(a) Last decade’s publication of major hybrid
algorithm in IEEE journals

Note:hpso-hybrid PSO, hga hybrid genetic algorithm, hde hybrid dif-
ferential evolution, haco hybrid ant colony

(b) Last decade’s major hybrid algorithms
(courtesy [352])

Figure 1.3: Hybrid publication distribution in reputed journals
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In the past decade, a wide variety of PSO hybrids have been proposed. The con-

ventional mathematical solution approach (local search techniques) has been fused with

the PSO [170] with an objective of optimality of search procedure as well as the solu-

tion. A concept of Gaussian mutation has been used by adding a small perturbation

to a randomly selected velocity vector of random particles [127]. A sequential quadratic

programming (SQP) has been used to fine tune the solutions obtained from PSO [339]. A

survey on hybrids of PSO and ACO is compiled by Hendtlass et al. [102]. To improve the

performance of PSO, it has been hybridized with ACO [333], EP [257], SQP [156, 377],

mutation operators [314], fuzzy theory [319], Nelder-mead simplex method [301], linear

interior method [164], tabu search [167], gradient descent method [289], SA [304], AIS

[160], random walk strategy [244] etc. A blend of binary PSO and real PSO has been

used for power scheduling problem [209]. Banks et al. have compiled a review on PSO hy-

bridization, combinatorial, multi-criteria and constrained optimization, and applications

[239].

The hybrid PSO has been used to solve problem of distribution estimation [132],

loss minimization [167], unit commitment [209], optimal power flow [213], short term

hydro power generation [249], real time energy management [323], optimal power system

stabilizer design [372] etc.

The objective being optimality of DE’s performance, DE is hybridized with other EAs

and local search methods. The case studies include hybridization with SQP [377], PSO

[138], GA [247], BBO [305], krill herd [404], adaptive local search [254], self tuning hybrid

DE [189], self adaptive DE [174], tune free DE[299], taguchi DE [390], interior point

assisted DE [337], scatter search [217], quadratic programming [194] etc.

Hybrid DE is successfully applied to solve problem of network reconfiguration of dis-

tribution systems [274], optimal control [80], ELD [347], engineering design [313], large

scale economic dispatch [337], dynamic economic dispatch [345], hydrothermal scheduling

[250], capacitor placement in large distribution system [191], ELD with multiple fuel [238],

economic emission load dispatch [367], optimal reactive power [381], non convex economic

dispatch [386] etc.
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1.3 MULTIOBJECTIVE OPTIMIZATION

The solution procedure to solve MOP primarily consists of two stages: i) find a set of

Pareto optimal solutions ii) selection of the most preferred solution out of Pareto front.

The approaches can be classified as multi-criteria decision making MCDM and evolu-

tionary multiobjective optimization [282] as shown in Fig. 1.4. MCDM is an extremely

important discipline that deals with decision making problems with multiple objectives.

Many approaches and methods have been proposed in recent years to solve multiob-

jective optimization problems. The DM is responsible for the selection of the best solution

from among all the generated solutions. The mathematical programming techniques can

be classified on the basis of decision maker’s preferences incorporation to the search pro-

cess. The inclusion of decision maker depends upon variety of factors such as availability

of Pareto front, the nature of information available, the nature of final solution, etc. These

methods to deal with multiobjective optimization problems are broadly grouped under

two major categories: non-interactive approach and interactive approach. Each category

has its own pros and cons as discussed in the ensuing sections.

1. Non-interactive approach: As Pareto optimal solutions cannot be ordered com-

pletely, an extra preference information is expected from a decision maker to select

the most preferred solution for a problem involving multiple conflicting objectives

[253]. The unavailability of DM and his/her preferences encourage the use of non-

interactive approaches. In the non-interactive methods, a global preference function

of the objectives is identified and optimized with respect to the constraints. On this

basis, the procedures are classified in three ways [459]:

(a) A priori approach: In this method the user specifies preferences, which is ar-

ticulated in terms of goals or the relative importance of different objectives.

Alternatively, these preferences are also called parameters. The parameters

are either being set to reflect decision maker preferences or varied continuously

to represent the complete Pareto front. The implementation of methods in

this class requires a utility function. Based on utility function the common

approaches are weighted global criterion method, weighted sum method, lexi-
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cographic method etc. The important point of concern is that if appropriate

preference is given to objectives, a satisfactory solution can be obtained with-

out utilizing too much effort of DM. Nevertheless, in most of the cases the

DM is unaware of its expectations in advance and may be disappointed at the

quality of the solution obtained [253].

(b) A posteriori approach: In many cases the decision maker is unable to express

an explicit approximation of the preference function. In such cases generate

first choose later approaches are better [116]. The commonly used methods

are linear combinations of weights [470], normal boundary intersection [81],

ε-constraint method [470], normal constraint method [131] etc. The methods

categorized in this class allow DM to inspect the options before deciding the

final solution. The main points of concern about this class is the method to

present options (possible solutions) to the DM. One has to compromise between

computational expense to extract number of points for presentation and clearer

representation of the Pareto optimal set. Therefore, this class is suitable for

MOP with lesser number of conflicting objectives [147].

The weighted sum method a common approach to MOP can be used as

a posteriori approach in such a way that distinct weight vectors are used to

generate different Pareto optimal solutions. It is explained as follows:

The weighted sum method is also known as a parametric approach. The MOP

is converted to scalar objective optimization problem (SOOP) as follows:

Minimize

M∑
k=1

wkfk(x) (1.11)

subject to:

M∑
k=1

wk = 1, wi ≥ 0 (k = 1, 2, ...,M) (1.12)

where fk(x) is the kth objective function. wk is the weight associated with kth
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objective function.

The approach yields meaningful results to the decision maker only when solved

many times for different values of normalized weight wk. The weighting coef-

ficients do not reflect proportionally the relative importance of objectives, but

are only factors which, when varied locate points in the non-inferior set [463].

In addition, the related discussion includes a partial weighting method [21],

graphical interpretation of the weighted sum method [70], a mathematical re-

lation between weights and DM’s preferences [473]. The selection of weights

being crucial task for successful application of the weighted sum method, re-

sults in the development of systematic approaches which are surveyed by [157]

etc.

The main disadvantages of the weighted sum method are that despite many

methods for determining weights, a satisfactory, a priori selection of weights

does not necessarily guarantee that the final solution will be acceptable. The

weights must be functions of the original objectives, not constants, in order

for a weighted sum to mimic a preference function accurately [63]. Further,

it is impossible to obtain points on non-convex portions of the Pareto optimal

set in the criterion space [98]. In addition, the consistently and continuously

varying weights may not necessarily result in an even distribution of Pareto

optimal points and an accurate, complete representation of the Pareto optimal

set [70].

(c) No-preference methods: In no-preference methods, the solution process doesn’t

considers the opinions of the DM. Thus, the problem is solved using some rela-

tively simple method and the idea is to find a compromise solution typically in

the middle of the Pareto optimal set because there is no preference information

available to direct the solution process otherwise. These methods are suitable

for situations where there is no DM available or (s)he has no special expecta-

tions of the solution. An implicit function/ relation is responsible for selection

of acceptable solution without the involvement of preferences. Therefore, this

class is also known as a neutral preference approach.
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2. Interactive approach: In the interactive method, the DM identifies a local preference

function or trade-off among objectives and the solution process gradually proceeds

towards the globally satisfactory solution. An iterative solution algorithm repeats

several times to generate a solution pattern. After each iteration, the DM evaluates

the available solution and specify preference information in an appropriate form that

the iterative process can utilize. The analyst aims at determining the preference

structure of the DM in an interactive way. The underlying solution method utilizes

this preference information to generate new solution patterns at the next iteration.

This procedure is continued till DM is satisfied with some of the selected solutions.

Algorithm 1.4 Interactive approach procedure

while DM not satisfied with solution do
Find a Pareto optimal solution
Interact with decision maker
Update preferences
Update priorities of DM

end while

An important aspect of this approach is that the DM is also supported in the itera-

tive process. The DM who is specifying preferences can learn about the interdepen-

dencies in the problem and adjust its priorities at each iteration. The information

obtained during the current and the previous iterations can be used by DM to state

preferences as per expected solution in the next iteration [284]. The DM works in

the learning phase, where it is allowed to adapt his/ her mind to new requirements.

In short, there are a large number of traditional approaches used to solve MOPs, yet

these methods have limitations viz. requires a number of trials to obtain Pareto front

points, domain knowledge requirement, sensitive to the shape of Pareto front. These

limitations lead to the development of another class of MOP solution approaches

called Multi Objective Evolutionary Algorithm (MOEA).
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Indicator based
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MODE [137]

DE for multi-objective optimization [180]

multi-objective differential evolution algorithm [269]

multi-objective self-adaptive DE [281]

modified DE (MDE) [353]

Figure 1.5: Multiobjective evolutionary algorithm classification
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1.3.1 Multi objective Evolutionary Algorithm

The development of MOEA has originated from EA’s working principle. The EAs are

stochastic approaches that mimic some kind of a natural evolutionary process. David

Schaffer, introduces the first MOEA in 1984 [20]. Since then, till date a wide variety of

Algorithm 1.5 Multiobjective evolutionary algorithm pseudo code

Initialize population x(t), i← 0, t← 0

while stopping criteria unmet & ++t ≤ max. number of iterations do
while + + i ≤ NP do

Evaluate objective vector F(xi)
Assign a fitness to xi

end while
Select a group of parent x

′
based on fitness value

Recombine x
′

to generate x
′′

offsprings
Perform mutation on x

′′

Combine x
′

and x
′′

end while

MOEA based on famous stochastic approaches such as GA, PSO, ACO, SA etc. are pro-

posed. In 2006, a GA based approach to solve MOP has been discussed [467]. A number

of comprehensive review articles are published in literature to investigate the MOEAs

such as [282, 322] etc. The MOEA offers important features like: ability to approximate

true optimal set in reasonable computational time in a single run, less susceptibility to

shape or continuity of Pareto front, requires less domain knowledge, easy implementation

etc. The MOEA aims to achieve the objectives, namely i) minimization of distance of

the generated vectors to true Pareto front. ii) maximization of diversity of Pareto front

approximation. The basic structure of MOEA is explained by algorithm 1.5 [282].

1.3.2 Metrics for Multiobjective Evolutionary Algorithm

As seen in the above discussion that a wide classification of multiobjective solution proce-

dures are proposed, and none of them is suitable for all kinds of application. In order to

compare the strengths and weaknesses of various algorithms a metrics survey is presented

by Carlos and Colelho [88]. An important literary study related to MOEA metrics is

tabulated in Table 1.2.
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Table 1.2: Metrics for multiobjective algorithm performance

Metric Concept Reference
Generational distance Distance of solution from true Pareto-front [86]
Pareto-front Spread Statistical metric to measure Pareto front points dis-

tribution
[50]

Objective space size Coverage of objective space by non dominated solu-
tions

[92]

Metric fraction Non dominated solution set comparison [92]
Solutions number Number of solutions obtained [96]
Function evaluation Time/algorithmic complexity of solution procedure [82]
C-measure Compare the relative quality of two sets of solutions [92]
D-measure Measures proximity to the optimal solution [92]
U-measure Uniformity of Pareto front [129]

1.4 ECONOMIC LOAD DISPATCH

Economic load dispatch (ELD) is an optimization problem to schedule the electric power

generators cost effectively to supply demand load power. The problem also involves

transmission losses apart from non-linearities of power generators. Commonly considered

the non-linearities are Prohibited operating zones (POZ) [126], security constraints [22],

spinning reserve constraint [17], valve throttling losses [4], ramp rate limits [43] etc. Today

’s ELD problem exhibit complex and highly nonlinear characteristics, because of the large

number of equality and inequality constraints.

In the 1930’s the methods used to solve ELD are: the base point load method, best

point loading, equal incremental approach [26]. The use of digital computers for load

scheduling begins in 1954, thereby starting a new era of solution approaches to solve

ELD problems. The efforts include mathematical programming methods and conventional

optimization techniques such as lambda iteration method and gradient search techniques

[41]. However, the applicability of gradient methods requires completely differentiable

and continuously defined objective function [84]. The other applied methods are branch

and bound method [35] and Newton method [33], but such methods require assumptions

such as piecewise linear cost function. The conventional techniques may not converge to

feasible solution with non-differentiable or discontinuous objective function(s) [364]. The

optimization methods such as linear programming (LP) [53], quadratic programming (QP)

[11], Lagrangian relaxation (LR) [29] and dynamic programming (DP) [32] are able to solve
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non-smooth and non-convex characteristics of dispatch problem but these methods suffer

from dimensionality curse. So, the classical methods are incapable of providing the global

optimum in the aspect of rapidity and accuracy [340].

An alternative approach for economic dispatch problems is artificial intelligence tech-

niques [104]. The contributed work includes neural network applications[87, 56], prob-

abilistic neural network [28], two phase neural network [149], expert systems [25] etc.

Further, the Hop-field network has been widely applied to solve the ELD problem [42].

Some of the examples are adaptive Hop-field neural network [83], improved Hop-field net-

work [55], augmented Hop-field network [77], a fast computation Hop-field method [76]

etc. Bansal [186] has provided an overview and literature survey of artificial neural net-

works applications to power systems. A view of applications of optimization methods for

power system has been presented in [161].

Further, the population based random search techniques are widely used for solution

of ELD problem. GA with multiplier updating has been used to solve the ELD with

valve point effects and multi-fuel options [163]. A combination of GA with active power

optimization based on the Newton’s second order approach has been proposed. [316].The

solution of security constrained ELD problem has been obtained through the application

of EP [181]. The EP techniques has been used with three types of mutation: Gaussian,

Cauchy and combined GaussianCauchy mutation [198]. An ES based approach has been

proposed for the solution of the ELD problem with noncontinuous and non-smooth/non-

convex cost functions considering generator constraints [177]. A survey of soft computing

technique has been presented and the issues related to the implementation of the soft

computing techniques are highlighted for a successful application to solve ELD problem.

The discussion is focused on Hop-field neural network approach, multilayer perceptron

neural networks, GA and tabu search application in the ELD problem and concludes that

stochastic global optimization approaches exhibit very good performance [237].

The PSO technique has been applied to solve ELD [126, 176]. The basic PSO has

certain deficiencies and to overcome these four modified versions of PSO have been applied

to the ELD with valve-point effects. The proposed strategies, explore the vicinity of

particle’s best position found so far leads to a better result [190]. Moreover, combination of
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chaotic sequence and PSO is presented to solve ELD problems with generator constraints.

These methods are better alternative approaches than the traditional PSO algorithm

[216, 246]. PSO performs well for less complicated problems but fails to locate global

minima for complex multi-minima functions. Therefore, a Gaussian random variable is

introduced to the velocity term which improves search efficiency and guarantees a high

probability of obtaining the global optimum without considerably worsening the speed of

convergence and the simplicity of the structure of PSO [411]. Further, an attractive and

repulsive PSO [208], new particle swarm optimization [227] and anti-predatory activity

based PSO [262] algorithm has been employed for ELD solution. Alternatively, a fast

PSO approach [332], improved parallel PSO approach [315] for solving the ELD problem

has been proposed. The experimentation on smooth and non-smooth load functions,

indicate that the proposed approach provides good results in lower computational time.

Another category of PSO variants used to solve ELD have entirely different operating

mechanism, e.g. bare-bones PSO algorithm [371], θ-PSO [379] resulting in the control

parameter tuning free particle updating strategy. A survey of PSO applications in electric

power systems is presented and with the development of deregulated electricity market,

PSO applications in bidding strategy, congestion management, market simulation and

behavior analysis are needed to be studied further [234]. Alrashidi et al. have presented

comprehensive coverage of PSO applications to solve electric power system optimization

problems [185]. It highlights many applications in which PSO was successfully applied and

concludes that PSO is still in its infancy and further development and research are needed

to enhance its overall performance characteristics [185]. A summary of applications of PSO

techniques to the ELD problems and their advantages and disadvantages in resolving the

ELD problems have been discussed in [170]. Furthermore, the possible future applications

of PSO in the area of electric power systems and its potential theoretical studies have

been concluded [270]. The combination of PSO with a Quasi-Newton method has been

proposed, where the former produces good potential solutions, and the latter fine-tunes

the final solution [195]. An efficient and reliable GA based PSO technique to solve the

ELD problem in power systems is presented. The comparison of results proved that the

proposed algorithm can obtain higher quality solutions efficiently in ELD problems [230].
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A self-organizing hierarchical PSO is used for the non-convex ELD. It is observed that

the time-varying acceleration coefficients improve performance [243].

In another work, the DE algorithm has been studied for solving the ELD problem

in power systems. The special measures were taken to satisfy equality and inequality

constraints [254]. An improved DE algorithm for solving the ELD problem with nonlinear

generator features is proposed, which outperforms other contenders [218]. A variable

scaling hybrid DE is used to solve the large-scale power dispatch problems. The hybrid

DE method based on parallel processors of the two-membered evolution strategy with

variable scaling factor is used [274]. Further, three chaotic DE methods are proposed

based on the Tent equation to solve problems valve-point effects. The chaotic sequences

are applied for DE parameter tuning, a chaotic local search operation and to handle the

complicated constraints efficiently [344]. A combination of chaotic DE and QP is used to

solve ELD problem [194].

The application of other meta-heuristic to solve ELD includes the use of the taguchi

method [172], SA [205], harmony search algorithm [280], self-organizing migrating algo-

rithm [309], firefly algorithm [370], cuckoo search algorithm [387] etc. An efficient KHA

with the crossover and mutation operation to solve both convex and non-convex ELD

problems of thermal power units has been proposed [397]. A binary successive approxi-

mation based evolutionary search strategy has been applied to solve the economic emission

load dispatch problem in which a slack generator unit is used to meet the load demand

[277]. A random drift PSO algorithm, to solve the ELD problems from power systems

area, employs a set of evolution equations that can enhance the global search ability of the

algorithm [403]. A backtracking search algorithm for solving both convex and non-convex

ELD problems has been successfully applied, which is another evolutionary algorithm for

solving of numerical optimization problems as it uses a single control parameter and two

crossover and mutation strategies for powerful exploration of the problem’s search space

[398]. A modified flower pollination algorithm (MFPA) is proposed in which the local

pollination of FPA is controlled by a scaling factor and an intensive exploitation phase is

added to tune the best solution. The effectiveness of MFPA is tested on some mathemat-

ical benchmarks and four large practical power system test cases [413]. An optimization
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method called root tree optimization algorithm has been proposed as ELD solution proce-

dure [445]. A modified artificial bee colony algorithm have been proposed that introduces

a new relation to update the solutions within the search space, in order to increase the

ability of algorithm to avoid premature convergence and to find stable and high quality

solutions [424]. Further, the application of chaos theory has been widely explored in the

solution procedures of ELD. The case studies include chaotic artificial immune network

[278], chaotic teaching-learning-based optimization [442], chaotic bat algorithm [426] etc.

In addition, the integrated and hybrid techniques are widely accepted procedures for

ELD problems. The integrated algorithm includes a combination of EP and SA [325],

society-civilization algorithm with PSO [294], harmony search algorithm and PSO [348],

ACO and a real coded GA [355], DE and harmony search [388], PSO and GSA based on

fuzzy logic [414], DE algorithm based on PSO [386] etc.

Alternatively, the hybrid algorithms such as the BFA and simplex algorithm [255],

multi-agent based hybrid PSO [343], chaotic PSO algorithm and SQP [354], bee colony

optimization and SQP [374] etc. Further, opposition based hybrids such as harmony search

with arithmetic crossover operation and opposition based learning [402], an invasive weed

optimization merged with oppositional based learning has been used to solve the ELD

problems [410].

A decentralized approach for solving the ELD has been presented. The proposed

approach consists of two or three stages. In the first stage, a flooding-based consensus

algorithm has been proposed in order to achieve consensus among the agents with respect

to the units and system data. In the second stage, a suitable algorithm has been used for

solving the economic dispatch problem in parallel. For cases in which a nondeterministic

method is used in the second stage, a third stage is applied to achieve consensus about the

final solution of the problem, with a flooding-based consensus algorithm for sharing the

information required during this stage. The proposed approach is highly effective for solv-

ing the non-convex formulation of the economic dispatch problem and for incorporating

transmission losses accurately in a fully decentralized manner [415].

To summarize, the ELD problem is widely modified since its introduction in early 20’s.

Today’s ELD problem exhibit non-linear, non-smooth and non-convex characteristics,
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which is difficult to solve by conventional techniques. The constraints consist of the

generator ramp rate limits, non-convex and discontinuous nature of prohibited operating

zones, non-smooth characteristic of valve-point effects, multiple fuel generation units, and

transmission losses in realistic power systems.Therefore, the new solution procedures to

solve ELD are invented, which evolves through phases of development, where each phase

has its own significance. In the past decade,the population based techniques remain

prominent and proved their proficiency to obtain the solution. A wide range of heuristic

approaches with promising performance are introduced which are computationally efficient

in terms of memory and speed. In the initial phase EP has dominated, whereas in the

later phase the PSO and DE have emerged as better techniques, with the highest number

of contributions. The integrated and hybrid techniques are also proved worth as an ELD

solution procedure.

Emission dispatch problem plans the electric power generators with an aim to minimize

the pollutants emission [46]. The earlier effort to solve the emission minimization problem

is reported in 1971, where on-line steam unit dispatch program is developed, which results

in the minimizing of Nitrogen Oxide emissions. A unique mathematical representation

of the steam generating units coupled with a Newton-Raphson convergence technique

for dispatch produces base points and participation factors for any load level and any

unit configuration. It concludes that emission reduction results in a cost increase [8]. A

study on scheduling of thermal generating units to meet the requirements of the 1990

amendments to the Clean air act with respect to SO2 and NOx emissions is presented and

a set of dispatching algorithms is included along with a solution algorithm [57]. A dynamic

dispatch procedure is proposed, which is capable of taking into account the integral nature

of the emission constraints. The management of multi-fuel plants with different pollution

rates, are taken into account with the purpose of obtaining a cost-effective operation for

all thermal plants in compliance with emission limitations [31].

1.5 MULTIOBJECTIVE LOAD DISPATCH

A multiobjective load dispatch (MOLD) problem considers more than one non-commensurable

objectives simultaneously and a single option is expected from the solution procedure.
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The cost and gaseous pollutant emission are commonly considered objectives. As these

objectives are of a conflicting nature, it is impossible to obtain such a solution. So,

a compromising or satisficing solution is selected, which satisfies the various objectives

at-least upto considerable extent [147]. Talaq and El-Hawary [51] have summarized the

conventional procedures used to solve MOLD problem. A dynamic programming recursive

approach is used for the emission constrained economic dispatch problem.The optimiza-

tion algorithm has been developed with a sequential dynamic programming model [200].

A GA and fuzzy based approach has been applied to search for the active and reactive

power scheduling for MOLD [188].

The MOLD requires a procedure to handle conflicting objectives of the problem. The

most commonly employed techniques are price penalty factor, ε- constraint method and

weighting sum method and its alternatives. Case studies that involve application of the

price penalty factor method are optimized with shuffled frog leaping algorithm [273],

PSO [298], GSA [358], spiral optimization algorithm [393] etc. The MOLD is handled

using the price penalty factor method and flower pollination algorithm is used to solve

dispatch problem [425]. The ε- constraint method involves minimizing of an objective,

which represent the other objectives in the form of a constraint. Some of the exemplary

cases to solve MOLD involve a GA approach with ε-dominance [288], bacterial foraging

meta-heuristic algorithm [320]. Moreover, fuzzy decision making process is employed

to extract one of the Pareto-optimal solutions as the best compromised non-dominated

solution [327]. Fuzzy logic has been applied in combination with EP to solve the emission

constrained economic dispatch problem [258].

The weighted sum strategy converts the multiobjective problem of minimizing the vec-

tor into a scalar problem by constructing a weighted sum of all the objectives. A MOLD

problem relating to real and reactive power scheduling of thermal power generating units

has been solved using a weighting method to generate non-inferior solutions and interac-

tion with the decision maker is obtained via cardinal priority ranking of the objectives.

The cardinal priority ranking is constructed in the functional space and then transformed

into the decision space, so the cardinal priority ranking of objectives relates the decision

makers preferences to non-inferior solutions through normalized weights [297]. A binary
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successive approximation-based evolutionary search strategy has been proposed to solve

the MOLD problem by searching the generation pattern of committed units, fuzzy set the-

ory helps the decision maker to choose the optimal operating point over the trade-off curve

and adjust the generation schedule in the most preferred manner. The weight pattern

assigned to objectives is searched for more significant digits in a fixed number of iterations

[277]. A multiobjective EP method to solve the MOLD has been proposed, where the

single objective optimization problem is formulated using the weighted sum method [265].

An explicit interactive trade-off analysis based on the surrogate worth trade-off function

to determine the most preferred solution has been undertaken [229]. A multiobjective

backtracking search algorithm for MOLD problem, where the multiobjective problem is

converted to single objective using a weighting sum approach [449]. A MOLD problem is

converted into a scalar optimization problem which is solved for a different set of weight

pattern to generate non-inferior solutions [207]. The PSO algorithm has been used to

solve MOLD problem and considers deregulation of the power industry. It is formulated

as a highly nonlinear constrained MOLD with conflicting objective functions and PSO

algorithm is used to solve the formulated problem [184].

A fuzzified multiobjective PSO algorithm has been implemented for MOLD consid-

ering both economic and environmental issues [232]. An optimization technique based

on progressive articulation of preference information is presented to solve MOLD. The

proposed method handles the problem in an interactive way and does not need to know

any global preference structure or some type of initial goals of the decision maker for the

objectives [233]. An orthogonal least-squares method is combined with the enhanced PSO

to construct the radial basis function network for real-time power dispatch. The goals

considered are fuel cost, power wheeling cost, and NOx/CO2 emissions. The radial basis

function network is composed of three-layer structures, which contain the input, hidden,

and output layer [221]. A multiobjective PSO for MOLD is proposed by redefining global

best and local best individuals in the multiobjective optimization domain. A cluster-

ing algorithm to manage the size of the Pareto-optimal set and fuzzy-based mechanism

to extract the best compromise solution are imposed [211]. A PSO algorithm has been

used to solve the MOLD problem formulated as a multiobjective one with two competing
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functions [236]. A modified bacterial foraging algorithm applied for the solution of the

MOLD problem. The approach utilizes the natural selection of global optimum bacterium

having successful foraging strategies in the fitness function [312]. An application of the

ABC algorithm has been used for MOLD problem. ABS strategy is based on mathemati-

cal modeling to solve economic, emission and combined economic and emissions dispatch

problems by a single equivalent objective function [336].

A modified non-dominated sorting genetic algorithm for MOLD is proposed. The

available NSGA-II has the drawbacks such as, lack of uniform diversity in obtained non-

dominated solutions and absence of a lateral diversity-preserving operator among the

currently-best non-dominated solutions. These two drawbacks have been overcome by

introducing dynamic crowding distance and controlled elitism into the NSGA-II [335]. A

non-dominated sorting-based hybrid cuckoo search algorithm using conventional cuckoo

search algorithm and arithmetic crossover operations has been proposed. The effectiveness

of the proposed algorithm is analyzed for various multiobjective cases to illustrate the

effectiveness[408]. Multiobjective Differential Evolution (MODE) has been proposed to

solve the MOLD problem [330]. A multiobjective harmony search algorithm has been

proposed for MOLD problem. The algorithm uses a non dominated sorting and ranking

procedure with dynamic crowding distance to develop and maintain a well distributed

Pareto-optimal [351]. A multiobjective-teaching-learning-based optimization algorithm

has been used to solve MOLD problem. In the suggested method, the optimization

process is done based on the phase angles, instead of the design variables themselves

whereby the nonlinear characteristics of the problem are considered. A fuzzy clustering

approach is utilized to handle the size of the repository and obtain profitable solutions

from the decision maker’s point of view [362].

The other reported work in literature includes a discussion on the use of hierarchical

decision structure for modeling and solving MOLD problems in a fuzzy decision environ-

ment has been presented. In the proposed approach, minimization of the functions of

fuel-cost, environmental-emission and transmission-loss are considered at the three hier-

archical levels to solve the problem within a power plant operational system. A priority

based linear fuzzy goal programming method is employed to achieve the highest member-
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ship value of the defined fuzzy goals [421]. The decision maker preferences are used to

guide the search and to select the population for the next generation. An improved DE

method is proposed where the selection operation is modified to reduce the complexity

of multi-attribute decision making with the help of a fuzzy framework. Solutions are as-

signed a fuzzy rank on the basis of their level of satisfaction for different objectives before

the population selection and then the fuzzy rank is used to select and pass on better

solutions to the next generation [422]. A nonlinear fractional programming approach is

provided for addressing the environmental economic power dispatch problem. The ob-

jective to be minimized are realized by two simultaneous models. The first model is to

minimize the quotient of two competing and conflicting functions (i.e. [total emission

function]/[total fuel cost function]), and the second one is to minimize the total fuel cost

expressed by a quadratic objective function. In particular, the process of solving the first

model uses Dinkelbachs algorithm to convert the minimization problem with the nonlin-

ear fractional objective function into a sequence of non-fractional minimization problems

[435]. A stochastic MOLD problem has been formulated with consideration of the uncer-

tainties in the system production cost and nature of the load demand along with risk as

another conflicting objective to be minimized. The weighted minimax technique is used

to simulate the trade-off relation between the conflicting objectives in the non-inferior

domain [37].

A review presents major studies of power system ELD techniques, such as neural

network, fuzzy logic, genetic algorithm and other optimization techniques available in the

literature. From the literature, it is clearly observed that PSO provides better performance

than other conventional techniques. Other modern optimization techniques like ACO can

be used for the significant performance of the power system [342].

To summarize the MOLD survey, due to clean fuel act act 1980, the pollutant emission

is an essential consideration of present day ELD problem. Since, the two objectives are

of a conflicting nature, it is difficult to achieve consensus of suitable solution. In order to

accomplish an acceptable solution of the problem that satisfies both the objectives, special

multiobjective handling techniques are adopted. The most commonly used methods are

weighting method, price penalty method and ε-method. Moreover, the MOEA such as
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NSGA, Strength Pareto Evolutionary algorithm (SPEA), Pareto Differential Evolution

(PDE), Multiobjective Particle Swarm Optimization (MPSO) etc. are developed. These

are based on population dependent optimization techniques. In both the categories the

most commonly used algorithms are GA, PSO, DE, BFA, GSA etc. A discussion on

optimization techniques is presented in the ensuing sections.

1.6 SCOPE OF WORK

After careful review of the recent reported work by various authors, the intent of the pur-

posed research is outlined here. No single optimization technique suits best for various

kinds of real life problems. Direct search methods provide local optimal solution, but it

is sensitive to initial guess and step size. Random search methods such as GA, EP, DE,

PSO etc., which mimic the behavior of natural species have proved their effectiveness, but

still they have problems like sensitive to tuning parameters, encoding schemes, operators

etc. Improper selection of these parameters results in high computational costs or some-

times pre-mature convergence. The solution procedure of the multiobjective optimization

problem is non-inferior due to contradictions among objectives taken and has been ob-

tained either through weighting method or ε-constraint method. The major weakness of

the ε-constraint method is computational inefficiency where there are several objective

functions. The number of solutions of the scalar problem required to identify the non-

inferior solution set, increases exponentially with the number of objectives. In existing

weight simulation technique, weights are simulated in a systematic manner to generate

non-inferior solutions so that the trade-off relationship among participating objectives can

be investigated. But the number of non-inferior solutions of the problem increases expo-

nentially with the number of objectives, which leads to increase in the burden on decision

maker. Another limitation with the simulated weight problem is that the decision maker

may not be provided with the weight set that corresponds to the global solution during

simulation by virtue of step size considered. Thus decision maker selects the best solution

only among generated non-inferior solutions and provided to him/her. Therefore, there

is great scope to consider ramp rate limits, POZs, system spinning reserve, valve loading

effects and multiple fuel source options to solve a realistic economic dispatch problem,
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which makes the finding of the optimum solution difficult. Further, it is required to search

for better and realistic strategies to achieve various objectives along with desired quality

of power supply and satisfy simultaneously various system constraints.

1.7 OBJECTIVES

The research work will investigate the solution methodology of multiobjective optimiza-

tion problems by exploring interactive and non-interactive solution procedures utilizing

fuzzy set theory. The work will be extended to explore the global optimization techniques

to solve optimization problems as well as multiobjective optimization problems. It is also

the plan of the proposed research to develop refined methodologies which can be applied

for optimal power dispatch. To be more specific the proposed objectives of research is

outlined below:

1. To develop hybrid optimization techniques using Evolutionary Programming and

pattern search, Predator Prey Optimization and pattern search, Differential Evolu-

tion and Powells method to solve constrained optimization problems.

2. To validate the applicability of hybrid optimization techniques on the standard test

problems.

3. To apply proposed hybrid optimization techniques on multiobjective electric power

dispatch problem.

1.8 OUTLINE OF THESIS

This thesis considers the Evolutionary Programming (EP), Predator Prey Optimization

(PPO) and Differential Evolution (DE) algorithms to propose their hybridized versions

with local search techniques as self sufficient and robust technique to find the solution

of single objective and multiobjective optimization problems. Single objective optimiza-

tion problems undertaken are standard benchmark functions, and real life economic load

dispatch of power systems. The multiobjective optimization problems includes power

generation cost and emission of gaseous pollutant’s objectives, which are conflicting in
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nature. Apart from energy balance and decision boundary constraint, the complexities

of multi-fuel, valve point loading effect, ramp rate limits, prohibited operating zone have

been considered for the power system. A constraint handling strategy has been devised

to tackle the equality and inequality constraints violated in the solution search process.

To solve multiple objective optimization problem, the interactive weighting method and

surrogate worth trade-off approach have been implemented. The work undertaken in the

present study has been arranged in the thesis in the following manner:

The significant contributions of various authors related to advances of optimization tech-

niques and its relevant topics have been briefly reviewed in the present chapter. The

chapter also reviews the existing practices and options to solve scalar and multiobjective

optimization problems. A review of significant contributions to solve ELD and MOLD

have been presented.

Chapter 2, presents the mathematical formulation of the economic load dispatch prob-

lem along with equality and inequality constraints. In order to obtain the solution of ELD

problem, an algorithm Synergic Predator Prey Optimization (SPPO) is introduced. In

this algorithm the opposition based population initialization process has been incorpo-

rated. The behavior of prey has been modified with the concept of cognitive behavior

split-up. The cognitive behavior of prey is quantized to local best and local not best parts.

Similarly, social behavior depends upon global best and global not best constituents. In

order to, ensure exploitation throughout the search process collaborative predator effect

has been introduced. The predator’s effect is treated as a function of cognitive and social

behavior of prey. The concept of variable elimination approach has implemented to satisfy

the energy balance constraint. Results are tabulated and compared with the results ob-

tained by other algorithms. Statistical analysis of the results obtained from the proposed

algorithm is done with the help of student’s T-test and non-parametric Wilcoxon signed

rank test.

In chapter 3, the mathematical foundation of multiobjective load dispatch problem

has been introduced. A hybrid of chaotic evolutionary programming and Powell’s pat-

tern search called Chaotic Evolutionary Programming Pattern Search (CEPPS) has been

proposed and applied to obtain the solution of MOLD problem. In this algorithm, the con-
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ventional evolutionary programming algorithm has been modified with chaotic sequence

based population initialization, mutation and selection operators. Two types of chaotic

sequence viz. Tent map and Gauss map have been implemented. The Powell’s pattern

search has been hybridized with proposed chaotic EP as an interleaved process. The inter-

leaved improvement is activated under stochastic control. The two objectives of MOLD

problem, power generation cost and gaseous pollutant emission have been handled using

surrogate worth trade-off approach. The comparison of the obtained results has been

performed with other results available in the literature.

In chapter 4, Adaptive Predator Prey Optimization (APPO) is established as a solution

procedure to solve multiobjective load dispatch problem. The established approach is a

refinement of predator prey optimization algorithm. This approach treats the fear factor

of prey from predator in relation to the indecisive state of mind. The fear of prey is

bifurcated into cognitive and social behavior. An adaptive mechanism is incorporated to

decide the velocity limits of prey. In case of the velocity constraint violation by prey,

a discrete velocity variation concept has been implemented. An interactive weighting

method has been applied to solve MOLD, whereby the weight vector is a part of search

variables explored by APPO. It resulted in advantage that the weight vector is updated

automatically, to generate complete Pareto front. Fuzzy decision making is adopted to

select the best compromised solution of the problem. The results obtained by APPO are

tabulated and compared with the results available in the literature.

Chapter 5, presents the mathematical ground work of a natural foraging behavior

based algorithm Fly and Walk Predator Prey Optimization (FWPO) as a solution pro-

cedure. The foraging behavior decisions have been explored to introduce the concept of

fly and walk. The fly operation ensures adaptive exploration, whereas walk is a Hooke

Jeeves motivated exploitation process. A heuristic approach called ‘direction of turn’

has been incorporated to satisfy the system decision boundary and power balance con-

straints. A fuzzy theory oriented surrogate worth trade-off concept has been implemented

as an interactive process to decide the compromised solution of multiobjective problem.

A Pareto uniformity approach is exploited to indicate the distribution of compromise so-

lutions. The impact of velocity limit variation on convergence behaviour of FWPO has
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been verified using standard test functions. The results obtained by FWPO for ELD and

MOLD problem are tabulated and are compared with the available literature.

In chapter 6, an algorithm Chaotic Differential Evolution and Powell’s method (CDEPS)

is proposed. This algorithm considers chaotic sequence to establish stochastic behavior as

well as maintain control the parameters of differential evolution algorithm. Two chaotic

sequence maps, namely Guass map and Tent map have been incorporated in the popula-

tion initialization, evolution and selection operation. The Powell’s pattern search has been

implemented as an interleaved process to improve the quality of best solution searched

during the iterative process. The resultant algorithm is implemented to obtain the solution

of MOLD. The surrogate worth trade-off approach has been applied as a non-interactive

approach to handle the conflicting objective functions. This modification helps to obtain

the solution of the multiobjective problem without the need of Pareto front. The result

obtained by chaotic differential evolution Powell’s pattern search method are compared

with the available literature.

Finally, Chapter 7 presents the observations and conclusion of the research work car-

ried over and documented in this thesis. Further, new search directions identified while

carrying over this research work, which can be explored in the future are highlighted.
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SYNERGIC PREDATOR PREY OPTIMIZATION

FOR ECONOMIC LOAD DISPATCH

2.1 INTRODUCTION

Economic load dispatch (ELD) is a constrained optimization task in power system to

schedule committed generating units for an economical power generation. Practical ELD

problem exhibits nonlinear characteristics, because of the multi-fuel options [397], valve-

point loading effect, ramp-rate limits, prohibited operating zone (POZ) constraints [270]

and transmission losses [277]. Further, [183] has considered the effect of spinning reserve

requirement in ELD problem.

The conventional optimization techniques [41] requires completely differentiable and

continuous objective function and constraints [84] to solve optimization problems. In the

last decade, various researchers have solved ELD problem by conventional techniques after

simplifying the ELD problem with a number of assumptions. Because of this, conventional

techniques are unable to search the global optimal solution. The dynamic programming

can handle the nonlinear and discontinuous optimization problems, but requires large

computational time and suffers from the curse of dimensionality [170]. To overcome dis-

advantages of conventional techniques, various global optimization techniques such as

Genetic Algorithm (GA) [66], Particle Swarm Optimization (PSO) [126], Simulated An-

nealing (SA) [94], Evolutionary Programming (EP) [135], Biogeography Based Optimiza-

tion (BBO) [263], Differential Evolution (DE) [334] etc. and their variants are applied

to solve ELD problem. Recently, the ELD problem is solved using teaching learning al-
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gorithm [409], particle diffusion algorithm [416], social spider algorithm [443], modified

artificial bee colony algorithm [424], chaotic teacher learning algorithm [442] etc.

Among population based techniques, the PSO introduced by Kennedy and Eberhart

[54], is found to be robust in solving nonlinear optimization problems. PSO caught at-

tention of the power system community and succeeded to solve many complex power

system optimization problems. Oca et al. presents the basic concepts and variants of

PSO [276]. In brief the advantages of PSO are concluded as: simple concept, easy imple-

mentation, computational efficiency in comparison to other heuristic techniques [218]. At

the same time the unresolved issues of PSO are: lack of mathematical background, large

computational time compared to mathematical approaches, initial point and parameter

dependency, optimal design parameters setup, stochastic nature of the final solution, in-

ability to handle scattering and optimization problem, premature convergence/ partial

optimism [218] due to homogeneity of particles.

One of the major concerns for PSO performance is a diversity of particles. The at-

tempts to tackle this crucial issue include neighborhood topologies [224], adjustment of

parameters in standard PSO [85], parameter adaptation mechanism [219], modified mod-

els of PSO [148]. In another effort to ameliorate the performance of PSO, it is blended

with local/global search techniques. The examples are a combination of genetic algorithm

and PSO [145], hybrid PSO [314]. These approaches improved the solution quality and

convergence behavior, but leads to the drawback of algorithmic complexity, computation-

ally onerous [375], problem specific approach etc.

In the hunt of betterment usually the existing solution procedures are complexed,

although simple natural biological approaches exists for such problems, which are often

ignored. These approaches usually lacks theoretical background, but are effective in ob-

taining solution. Among these the introduction of multi-swarm systems [155], bio-inspired

PSO [206] and predator effects [262] based mechanism are also proposed to improve per-

formance of PSO. The predator prey optimization (PPO) introduces a second population

called predator, to ensure population diversity. The predator and prey are responsible for

convergence and diversification respectively [197] The predator always targets the best

position of the swarm and the preys avoid it based on its individual decision. The PPO
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has better convergence and solution accuracy than PSO [118].

The PPO has the capability to solve large scale nonlinear optimization problems and

the numerical result comparison shows the supremacy of PPO over PSO and its variants

[400, 401]. In another effort Silva et al. [118] have proposed biogeography based opti-

mization method combined with the PPO technique for designing a brush-less DC wheel

motor. The success of search algorithm requires balanced exploration and exploitation.

The PPOs exploitation capability is uncertain as the predator’s effect is a random process.

In spite of various successful applications of PPO to solve complex optimization problems,

the psychology aspect of prey particles lacks exploration. The prey being a part of the

swarm, its individual decision-making is partial. The decision of prey for new place must

be a group activity as the swarm together influences decision-making. A groups tend

to make decisions that are more extreme than those of its individual members, in the

direction of the individual inclinations [155].

In optimization algorithms, the convergence rate of algorithm is highly correlated to

quality of the initial population. The proximity of starting point to the optimal solu-

tion, results a faster convergence and contrary [405]. In the worst-case initialization, the

convergence will take much more time or the solution can be intractable. Looking si-

multaneously for a better candidate solution in both current and opposite directions may

help to solve this problem quickly and efficiently. In opposition based learning research

field a variety of new models have been studied for dealing with significant problems. Xu

et al. [405] presented a survey of opposition-based meta heuristics recently applied in

engineering applications.

In the light of various observations of the literature survey, the contributions related

to ELD solution methodology are: A new version of the PPO model called Synergic PPO

(SPPO). The SPPO blends the psychology of preys along with a mathematical model of

the PPO. This outcomes in collaborative intelligence that drives the search variables. The

proposed SPPO divides the self-intelligence of the prey into two evolutionary elements,

i.e., best and non-best experiences. These elements help in information exchange at a

steady rate, which ensures uniform diversity. The prey movement will be guided by best

and non best experience along with the predator’s effect. The predator always chases the
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global best prey and the predator’s effect depend on the swarms realization of predator. In

this research work the collaborative predator’s effect is introduced as a gizmo to counteract

search in initial and final phase. In the initial phase the predator ’s effect being small,

the search will be more explorative and in the final juncture as the predator ’s effect will

dominate and the search will shift to exploitation. An opposition based initialization of

prey particle positions is utilized to start with good candidates of prey particles. As the

priori information about the solution is ambiguous, it is better to check the quality of

their opposite solutions instead of using random guess. The ELD problem, having multi-

fuel options considering nonlinearities of generators, is solved. A variant of the multi-fuel

system with transmission losses is proposed and analyzed. The transmission losses are

obtained using Kron’s relations. In this chapter, generalized benchmark problems and

three test power system with different cases are considered to prove the supremacy of

proposed SPPO based ELD solution approach.

The chapter is organized into six sections. Section 2.2 presents the ELD problem.

Section 2.3 presents the constraint handling procedures applied in the search process,

Section 2.4 explains the SPPO based solution procedure to solve the ELD test problems.

The comparison of results is presented in section 2.5. Finally, section 2.6 concludes this

chapter.

2.2 ECONOMIC LOAD DISPATCH PROBLEM

The ELD problem is defined as to minimize the entire operating cost of a power system

and simultaneously meet the system operational constraints. Mathematically, the multi-

fuel ELD is stated as below [463]:

Minimize operating cost

f(Pj) =

Ng∑
j=1

(a1jkP
2
j +b1jkPj+c1jk+|d1jk sin{e1jk(Pmin

j −Pj)}|) (Pmin
jk ≤ Pj ≤ Pmax

jk )

(2.1)

where Pj is the generated real power and P= [P1, P2,. . . , PNg]
T ; Ng is the number

of generators; a1jk, b1jk, c1jk, d1jk and e1jk are thermal generators’ cost coefficients of
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jthgenerator’s kth fuel option; Pmin
jk and Pmax

jk are the generator’s lower and upper limits

for kth fuel option.

subjected to:

(i) Power balance equality constraint [463]

Ng∑
j=1

Pj − (PD + PL) = 0 (2.2)

(ii) Generator operating limits [463]

Pmin
j ≤ Pj ≤ Pmax

j (j = 1, 2, ..., Ng) (2.3)

(iii) Ramp rate limit [126]

� As generation increases

Pj − P 0
j ≤ URj (j = 1, 2, ..., Ng) (2.4)

� As generation decreases

P 0
j − Pj ≤ DRj (j = 1, 2, ..., Ng) (2.5)

(iv) Prohibited operating zone constraint [126]

Pmin
j ≤ Pj ≤ PL

j,1 (j = 1, 2, ..., Ng)

PU
j,i−1 ≤ Pj ≤ PL

j,i (i = 1, 2, ..., Nzj; j = 1, 2, ..., Ng)

PU
j,Nzj ≤ Pj ≤ Pmax

j (j = 1, 2, ..., Ng) (2.6)

where PD and PL are the forecast demand and transmission loss of the network respec-

tively; Nzj is number of prohibited zones of the jth generator; P 0
j is the previous generated

power; URj and DRj are the up-ramp limit and down-ramp limit of the jth generator;

PL
j,i and PU

j,i are lower and upper range of ith prohibited zone respectively of jth generator.
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The transmission loss PL is represented by Kron’s loss formula [277]:

PL = B00 +

Ng∑
j=1

Bj0Pj +

Ng∑
i=1

Ng∑
j=1

PiBijPj (2.7)

and B00,Bj0 and Bij respectively are transmission loss coefficients.

2.3 CONSTRAINT HANDLING

The constrained nonlinear optimization problem can be solved by direct and indirect

methods. In the direct methods, the constraints are handled in an explicit manner,

whereas indirect methods convert constrained problems into unconstrained minimization

problem. The equality constraints are handled by variable elimination method and penalty

method as discussed in ensuing subsection:

2.3.1 Equality Constraints Handling

In the equality constrained optimization problem, one variable is theoretically eliminated

by using one equality constraint. The variable to be eliminated is called slack variable. Let

Ng committed generating units are responsible for delivering the power output subject to

their respective energy balance constraint and the capacity constraints. Ng-1 variables are

searched using SPPO algorithm. Let Ps is the power of a randomly selected slack generator

among committed units to meet the energy balance constraint. The power output of the

slack unit is computed by rewriting the energy balance Eq.(2.2). Considering Eq.(2.2)

and (2.7), a simplified quadratic equation is written as follows:

XPs + Y Ps + Z = 0 (2.8)

where

X = Bss

Y =

Ng∑
j=1

(Bjs +Bsj)Pj +Bs0 − 1
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Z = PD +B00 +

Ng∑
i=1

Ng∑
j=1

PiBj0Pj +

Ng∑
j=1

Bj0Pj −
Ng∑
j=1

Pj

The positive roots of the equation are obtained as

Ps = (−Y ±
√
Y 2 − 4XZ)/2X and Y 2 − 4XZ ≥ 0 (2.9)

In the process of equality constraint handling, the power of slack thermal unit can violate

its boundary. The exterior penalty method is applied to handle the violation. So, the

augmented objective function A(P ) becomes:

A(P ) = f(P ) + rk〈Ts〉 (2.10)

where

〈Ts〉 =


(Ps − pmaxs )2 ;Ps ≥ Pmax

s

(Pmin
s − Ps) ;Ps < Pmin

s

0 ; otherwise

(2.11)

and rk is the penalty parameter with high value.

2.3.2 Ramp Rate Limit Constraint Handling

The generator ramp rate being an inequality constraint restricts the operating scope of

on-line units between two adjacent points. Mathematically, it is specified by Eq. (2.4)

and (2.5). This constraint is undertaken by adjusting the minimum and maximum limit

of generator’s power as follows:

max(Pmin
j , P 0

j −DRj) ≤ Pj ≤ min(Pmax
j , P 0

j − URj) (j = 1, 2, ..., Ng) (2.12)

2.3.3 Prohibited Operating Zone Constraint Handling

The POZ constraints on the system are specified by the Eq. 2.6. The operation in these

areas is to be avoided, for better performance of the system. A heuristic approach is
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applied to adjust the generator power within a permitted range, in case the POZ limits are

breached. The prohibited zone constraint violation is avoided by updating the generation

as described under:

Pj =


PL
j,NZ−1 − rand()

PU
j,NZ−1−P

L
j,NZ−1

PU
j,NZ−1

;Pj ≤ PL
j,NZ

PL
j,NZ+1 − rand()

PU
j,NZ+1−P

L
j,NZ+1

PU
j,NZ+1

;Pj ≥ PU
j,NZ (j = 1, 2, ..., Ng)

Pj ; otherwise

(2.13)

The power of the generator is updated repeatedly until there is no violation of prohibited

zones.

2.4 SYNERGIC PREDATOR PREY OPTIMIZATION

Kennedy and Eberhart, (1995) [54] introduced PSO, which considers that solution of the

problem is population of particles moving through the problem hyperspace with distinct

velocities. At each iteration, the velocities of the individual particles are stochastically

adjusted according to self and social best experiences decided according to objective func-

tion [206]. The movement of each particle naturally evolves to an optimal or near-optimal

solution. The mathematical foundations of PSO are elaborated in section A.1 of appendix

A. Higashitani et al. [197] proposed a modification called predator prey algorithm (PPO),

to shun the problem of stagnation at local minima of the basic PSO algorithm. PPO off-

sets exploration and exploitation by using an element called predator. To enhance the

computational time to achieve optimal result and secure diversity of prey population in

the evolutionary process, this chapter suggests improvements in prey behavior as: (i) op-

position based initiation, to ensure good quality solutions at initial state and (ii) collective

intelligence based dynamics, to ensure the prey dynamism in exploration and exploitation

phase. The proposed algorithm named SPPO is shown as a flowchart in Fig. 2.1 and is

discussed in the following sections:
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2.4.1 Representation of Prey Particles

In Ng dimensional search space, P and v denote prey particles position and velocity.

Therefore, the position and velocity of ith prey at tth iteration is represented as

P t
i =[P t

i1, P
t
i2, ..., P

t
iNg

] and vti=[vti1, v
t
i2, ..., v

t
iNg

] respectively. The previous best position of

the ith prey particle is represented as PB
i =[PB

i1 , P
B
i2 , ..., P

B
iNg

]. gB represents the best prey

particle position among all the particles. The preys position and velocity are initialized

as follows:

2.4.2 Initialization of Prey Swarm

In SPPO algorithm, the prey particle and predator are two principle components. The

prey particle positions denote generator’s power within the operational constraints of

generators, Eq.(2.3). In the absence of any prior knowledge about the optimal resolution,

the power generations, which are treated as prey particle positions P t
i , are generated

randomly using the mathematical relation given below.

P 0
ij = Pmin

j + rand()(Pmax
j − Pmin

j ) (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.14)

where P 0
ij is the initial position of ith prey particle at t = 0 iteration representing genera-

tion of jth generator, NP is number of prey particles.

2.4.3 Opposition Based Prey Swarm Initialization

The computation time to arrive at the optimal solution depends on the quality of the

initial population of prey particle. If the starting point is close to the optimal solution,

it can result in faster convergence. On the other hand, if it is very far from the optimal

location (opposite location in worst case), the convergence will be slower or even the

optimal solution can be untraceable. Therefore, to improve the computational time, it

is better to start with better population of prey particles giving quality solutions. An

opposition based scheme is applied to the SPPO during the population initialization that

selects good candidatures of the current population of prey particles. One of the ways

to achieve this is to simultaneously generate the initial solution randomly and check its
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opposite solutions in the specified search range and finally keep best half solutions as

initial guess out of the total 2NP (random and its opposite) solutions. The main idea

is to find better candidate solutions out of an estimate and its corresponding opposite

estimate within specified search range. The opposite solutions representing prey position

are generated as follows:

P 0
i+NP ,j

= Pmax
j − Pmin

j − P 0
ij (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.15)

2.4.4 Prey Swarm Velocity Initiation

The prey behavior is followed by position and velocity. The limit of prey velocity is given

by:

vminj ≤ vij ≤ vmaxj (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.16)

where [vminj vmaxj ]=k[pminj pmaxj ]; k < 1.0.

The initial velocities are generated randomly as follows:

v0ij = vminj + rand()(vmaxj − vminj ) (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.17)

2.4.5 Predator Velocity and Position Initialization

The predator position, PPj and velocity, Pvj has dimensions Ng and are initialized ran-

domly within the desired operational limits as follows:

PP 0
j = PPmin

j + rand()(PPmax
j −PPmin

j ) (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.18)

Pv0j = Pvminj + rand()(Pvmaxj − Pvminj ) (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.19)

where PPmin
j , PPmax

j are the lower and upper limits on predator position; Pvminj , Pvmaxj

are the lower and upper limits on predator velocity.
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2.4.6 Generation of Feasible Solution

The heuristic random search strategy is applied to generate feasible solution by varying

the thermal generation represented by prey position to satisfy the power balance con-

straint. The unmatched power is distributed randomly among the committed generators,

while satisfying the power generation limits. Mathematically, the operation is represented

below. The generators are updated as:

P 0
ij = Pmin

j + rand()(Pmax
j − Pmin

j )αti (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.20)

where

αti =
1

PD

Ng∑
j=1

P t
ij − (PD + P t

Li)

The procedure is iterated until the equality constraint given by Eq. (2.2) is satisfied.

2.4.7 Updating Prey Positions

The modified velocity and position of each prey is calculated using the current position

w.r.t. best individual and global experience. One of the usual problems faced by the ma-

jority of PSO variants is problem of premature clustering in the early phases of the search

operation. This affects in limited positional information exchange in the swarm and hence

further improvement of prey positions gets restricted. This phenomenon reduces the ca-

pability of preys to explore the search area effectively. This trouble is more prevalent in

multi-modal problems, and absence of any mechanism to pass through the vale of multi-

modal search domain, results in poor convergence behavior of the algorithm. Hence, the

algorithm is unable to realize truly global solution. Even the introduction of local search

techniques or other adaptations to counter this problem merely increases algorithmic com-

plexity. Hence, it becomes necessary to introduce a simple bio-inspired mechanism that

can elevate above stated problem. It is widely accepted fact that bio-inspired techniques

have simple mechanism and are able to solve complex problems effectively. This chapter

presents, a modification called collaborative intelligence of prey swarm to balance ex-
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ploration and exploitation, which ensure diversity of the swarm. In SPPO, the swarm

consists of prey particles moving within search space, whose conduct is regulated by dif-

ferent aspects viz. attraction for the best position, repulsion for the not-best position and

fear of predator. Each individual will contribute to movement decisions in proportion of

these effects. These aspects are detailed as follows:

1. Cognitive behavior split up: Silvakumar et al. [118] proposed a split-up of cognitive

behavior of PSO to personal best PB
i and personal worst position/ experience PB

i .

In such, the particle has to recall both the best and worst experiences (refer Section

A.3 Appendix A). The adjustment helps to explore the solutions effectively as it

aids in preserving diversity. As the iterative process advances, the best situation is

improved, but the worst position remains approximately same. Thus, the effect of

PW
ij to update the velocity remains almost negligible and the expected diversity level

remains ambiguous. In order to ensure the exploration capability of particles, it is

better if the cognitive behavior depends on local best PB
i and local not-best PNB

i

positions, instead of best and worst positions. Similarly, social behavior depends

on global best gB and global not-best gNB positions. Mathematically, velocity is

updated by the expression given below:

vt+1
ij = wvtij + c11rand()(PB

ij − P t
ij) + c12rand()(gBj − P t

ij) + c21rand()(P t
ij − PNB

ij )

+ c22rand()(P t
ij − gNBj ) (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.21)

and

PB,t
ij =


P t
ij ;A(P t

ij) ≤ A(PB,t−1
ij )

P t−1
ij ;A(P t

ij) ≥ A(PB,t−1
ij )

PNB,t
ij =


P t
ij ;A(P t

ij) ≤ A(PNB,t−1
ij )

P t−1
ij ;A(P t

ij) ≥ A(PNB,t−1
ij )
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gB,tj =


gtj ;A(gtj) ≤ A(gB,t−1j )

gt−1j ;A(gtj) ≥ A(gB,t−1j )

gNB,tj =


gtj ;A(gtj) ≤ A(gNB,t−1j )

gt−1j ;A(gtj) ≥ A(gNB,t−1j )

where A(.) is the augmented objective function (Eq. 2.10) of the optimization

problem to be minimized. C11, C12, C21 and C22 are the acceleration coefficients.

The inertia weight, w is calculated by adopting following relation and it shows the

decreasing trend w.r.t. iterations

w = fw[(wmax − wmin)/(t/ITmax)] (2.22)

where ITmax is the maximum number of iterations. Randomness is maintained by

applying a chaotic sequence, which is given below:

fw = 4fw(1− fw) ; fw /∈ [0, 0.25, 0.5, 0.75, 1] (2.23)

Exploration is process of visiting an entirely new region of the search space, whilst

exploitation is the process of visiting those regions of a search space within the neigh-

borhood of previously visited points. So, after a few initial iterations, the swarm

particles improved and PNB
ij and gNBj of ith particle loses its dynamic behavior and

becomes a static limit and after that as the iterations progress towards best solu-

tion, exploration capability of PSO does not remain affective and the exploitation

becomes effective.

2. Collaborative predator effect: In order to exploit the region of interest, particularly

when the particles cluster at a better solution, the purpose of fear factor due to

predator becomes significant. The promising candidate region is to be intensely

searched to locate optimum precisely. The predator ’s effect has the ability to
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perturb the particles. The predator targets the global best prey particle and the

prey particle tries to get rid of predator (refer Section A.2 Appendix A). The

predator ’s position PP t
j and velocity Pvtj update equations are [197]:

Pvt+1
j = cP rand()(gBj − PP t

j ) (j = 1, 2, ..., Ng) (2.24)

PP t+1
j = PP t

j + Pvt+1
j (j = 1, 2, ..., Ng) (2.25)

where cp is acceleration constant for predator. Pvtj and PP t
j is predator ’s velocity

and position at tth iteration, respectively. In the turbulent environment because of

predator, the prey particles are forced to attain new positions, which help in ex-

ploitation. This chapter treats the predator effect on prey as a function of cognitive

and social behavior of prey. This further is likely to be influenced by two factors:

the individual’s realization and the swarms realization of the predator ’s position.

The favorable experiences reinforce the decision, whereas unfavorable aspects have

an inhibitory impact on the decision-making. Therefore, the cognitive and social

fear of prey depends on best and not-best position of prey, resulting in continuous

behavior guided perturbation of dynamic magnitude. Mathematically, velocity of

prey particles is expressed by rewriting Eq. (2.21) as:

vt+1
ij =wvtij + c11rand()(PB

ij − P t
ij) + c12rand()(gBj − P t

ij)

+ c21rand()(P t
ij − PNB

ij ) + c22rand()(P t
ij − gNBj )

+ c31rand()(ae−bβ) (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.26)

where β = bw1|PB
ij − PPj| + w2|PPj − PNB

ij | + w3|gBj − PPj| + w4|PPj − gNBij | +

w1|P t
ij − PPj|c and

∑5
k=1, wk = 1 The weights are set giving equal weightage as

w1 = w2 = w3 = w4 = 0.125 and w5 = 0.5; Nevertheless, random variation may also

be applied.

As and when convergence happens, the prey particles are nearer to predator and a

behavior guided perturbation in the swarm is introduced. Further PNB
ij and gNBj of

ith particle loses its dynamic behavior and becomes a static limit and controls the
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perturbation resulting in better exploitation. On the other hand, when the prey

particles are away from predator during the exploration process in initial iterations

and the predator has a small influence on prey particles. Prey position of the swarm

is updated as follows:

P t+1
ij = P t

ij + vt+1
ij (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (2.27)

In this work, maximum number of iterations is taken as the stopping criterion. If

the stopping criterion is unmet, the procedure stated above is repeated. The Fig.

2.1 presents the flowchart representation of SPPO based solution approach.

2.5 EXPERIMENTAL RESULTS AND ANALYSIS

To prove the capability of the SPPO solution approach, the generalized benchmark test

functions as well as standard real world problems related to power system operation have

been undertaken. The SPPO algorithm has been implemented on Pentium-4, 80GB and

2 GHz system using Fortran Power Station 4.0.

2.5.1 Test Systems

In order to illustrate the effectiveness of the proposed methodology, the considered gen-

eralized benchmark problems that are uni-modal, multi-modal, separable, non-separable

and discontinuous in nature are tabulated in Table 2.1. The Table 2.1 presents the search

space of and optimal value of respective generalized functions which have been simulated

to check the convergence speed and robustness. The details of undertaken functions are

presented in Appendix C.

Further, the algorithm has been applied to solve the ELD problem of electric power

system. The small generation capacity, electric power system consists of ten multi-fuel

operated generators along with the additional complexities of power generators and trans-

mission losses. Six different cases of this system are undertaken, which are designated

as Case 1 to 6. The Case 1 has a quadratic cost function, the Case 2 has non-smooth

cost function, whereas Case 3 has POZ and ramp rate constraints imposed on power gen-
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Figure 2.1: Synergic predator prey optimization
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erators. The Case 4 to 6 includes transmission losses in addition to the complexities of

Case 1 to 3 respectively. In order to introduce transmission losses to Test system-1, the

B-coefficients are obtained from [330] and are tabulated in Appendix D.1. The medium

capacity system has forty power generators with non-smooth behavior and its generator

characteristics are shown in Appendix D.2. The large capacity test power system has 140

power generators and its power generator characteristics are presented in Appendix D.3.

The undertaken electric power systems have different cases, which are classified according

to additional complexity as shown in Table 2.2. The additional complexity is due to valve

point loading effect, ramp rate limit constraint, POZ avoidance and transmission losses.

The literature referred for system characteristics is also depicted in Table 2.2. The pa-

rameters of any global search technique affect the quality of solution, so the parameters of

proposed technique are set after number of trails. The best parameters of the algorithm

selected for various problems are tabulated in Table 2.3.

Table 2.1: Generalized bench mark functions considered for analysis of SPPO

Test function Search space Global minima
F1 Griewank function [-600,600] 0.0
F2 Rastrigin function [-10, 10] 0.0
F3 Rosenbrock function [-30, 30] 0.0
F4 Schwefel 2.22 function [-10,10] 0.0
F5 Sphere function [-100, 100] 0.0
F6 Step function [-10, 10] 0.0
F7 Step 2 function [-10, 10] 0.0

2.5.2 Generalized Test Functions

In order to, test the efficiency of SPPO to obtain solution, the experiments are performed

for 50 trials on every test problem. The experimental results for each algorithm on each

test function are listed in Table 2.4. The graph, in Fig. 2.2 illustrates the evolution of

the best fitness curve for different test functions, out of 50 trials. The curves present

the convergence in initial 200 iterations, on log10 scale. The Table 2.4 presents the best,

worst and mean fitness value after 1000 iterations. It is observed that the SPPO is able

to converge to the expected value in almost all the functions. In the worst performance

case also the final fitness value is near to the expected optimal solution. For convenience
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Table 2.2: Electrical power test systems undertaken for performance analysis

Test
power
system

Case Power
genera-
tors

Demand
power
(MW)

Valve
point
load-
ing

Ramp
rate

Prohibited
operating
zone

Transm-
ission
loss

1 1 10 [163] 2700 Ö Ö Ö Ö

2 Multi-fuel

system

X Ö Ö Ö

3 Ö Ö X Ö

4 Ö Ö Ö X
5 X Ö X X
6 Ö Ö X X

2 1 40 [330] 10500 X Ö Ö X
Taiwan
power
system

3 1 140
[321]

49342 Ö X X Ö

2 Korean
power
system

X X X Ö

Table 2.3: SPPO parameter setting

Parameter Generalized test function Test power system
1 2 3

a 0.001 0.001 0.01 0.01
b 1.0 1.0 1.0 1.0
Pf 0.5 0.5 0.001 0.5
Np 10 10 50 50

ITmax 1000 50 100 1000
Note:c11 = c12 = c22 = c31 = cp = 2.0

to show search ability, the Fig. 2.2a presents the convergence behavior of SPPO for 200

iterations, as the major improvement in solution in case of each test function is observed

in this region. The convergence behavior shows that in case of Griewank (F1), Rastrigin

(F2) and Sphere (F5) functions the algorithm progresses swiftly, and achieves an optimal

solution, whereas for Rosenbrock (F3) and Schwefel (F4) functions the SPPO is slow to

converge, but achieves an optimal solution (Table 2.4) in 1000 iterations. The Fig. 2.2b

illustrates the convergence behavior of basic PPO of undertaken benchmark problems. It

can be clearly observed by comparing the Fig. 2.2a and 2.2b that for each function SPPO

converges gradually, to find the optimum solution.
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Table 2.4: Analysis of generalized test functions under investigation (10-D) [380]

Test function Search space Best fitness Worst fitness Mean fitness
Griewank function, F1 [-600,600] 6.7x10−3 1.0 2.3x10−2

Rastrigin function, F2 [-10, 10] 0.0 2.3x10−1 5.6x10−2

Rosenbrock function, F3 [-30, 30] 4.5x10−1 6.3 1.6
Schwefel 2.22 function, F4 [-10,10] 0.0 0.0 0.0
Sphere function, F5 [-100, 100] 0.0 0.0 0.0
Step function, F6 [-10, 10] 0.0 0.0 0.0
Step 2 function, F7 [-10, 10] 0.0 0.0 0.0

(a) SPPO (b) PPO

Figure 2.2: Generalized benchmark problems convergence analysis

2.5.3 Test Power System-1

The test power system-1 is a multi-fuel system with 10 generators. The comparison of

power generation cost with other algorithms available in literature, for Case 1 to 3 has

been illustrated in Table 2.5. The cost has been compared with Ant Colony Optimiza-

tion (ACO), Biogeography based optimization (BBO) [306], Composite Particle Swarm

Optimization (CCPSO) [386], Conventional Genetic Algorithm with Mutation Update

(CGA-MU) [163], Differential Evolution (DE) [373], Enhanced Augmented Hopfield Neu-

ral Network (ELHN) [369], Improved Genetic Algorithm (IGA) [163], Improved Genetic

Algorithm with multiplier update (IGA-MU) [163], Improved Particle Swarm Optimiza-

tion (IPSO) [373], Real Coded Genetic Algorithm (RCGA) [386], Seeker Based Optimiza-

tion Algorithm (SBOA) [386], Quadratic Programing Augmented Hopfield Neural Network

(QP-ALHN) [376], Particle Swarm Optimization (PSO) [373], Hybrid of DE and PSO

(DEPSO) [386], Hybrid of DE and BBO (DEBBO) [386], Krill herd optimization (KHA)

[397] . The comparison shows that the cost obtained by SPPO for both the cases-1 and
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Table 2.5: Test power system-1, ELD cost comparison (PD=2700MW)

Algorithm Cost($/h)
Case-1 Case-2 Case-3

ACO[373] – 623.7, (624.193)a –
BBO [306] 624.5178 – –
CCPSO[386] – 623.82 –
CGA-MU [373] 623.8095 624.7193 –
DE[373] 623.8098 624.4606 –
DEBBO [305] 624.5178 – –
DEPSO[386] – 623.83, (624.5283)a –
ELHN [369] 624.5178 – –
IGA [163] 624.5178 – –
IGA-MU [163] 623.8093 624.5178 –
IPSO[373] 623.8089, (623.80910)a 623.8730 –
KHA [397] 624.5178 – –
PSO[373] 623.8094 624.2449 –
QP-ALHN [376] 623.809 – 624.3212
RCGA [386] – 623.83, (624.52)a –
SBOA [386] – 598.16, (686.273)a –
SPPO 623.809 623.8279 624.3210

Note: a Actual cost calculated from given power distribution

Table 2.6: Test power system-1, ELD Power distribution plan by SPPO (PD=2700 MW)

Generator Case-1 Case-2 Case-3
Fuel type Power (MW) Fuel type Power (MW) Fuel type Power (MW)

P1 2 218.3507 2 218.1014 2 221.999
P2 1 211.5895 1 209.9070 1 212.828
P3 1 280.7704 1 280.6587 1 284.275
P4 3 239.679 3 239.8207 3 240.462
P5 1 278.4467 1 279.9406 1 259.999
P6 3 239.5304 3 239.5267 3 240.503
P7 1 288.5161 1 287.6992 1 293.308
P8 3 239.6159 3 240.0893 3 240.515
P9 3 428.6269 3 426.3904 3 437.115
P10 1 274.8742 1 275.8660 1 269.998
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Table 2.7: Test power system-1, ELD Power distribution plan by SPPO (PD = 2700MW )

Generator Case-4 Case-5 Case-6
Fuel type Power (MW) Fuel type Power (MW) Fuel type Power (MW)

P1 2 229.708 2 223.204 2 226.340
P2 1 222.829 1 220.878 1 216.586
P3 1 304.310 1 311.486 1 293.766
P4 3 240.348 3 242.933 3 243.282
P5 1 316.169 1 311.179 1 335.00
P6 3 246.015 3 240.267 3 243.474
P7 1 317.186 1 314.904 1 305.201
P8 3 236.998 3 240.222 3 242.982
P9 3 432.065 3 434.135 3 439.999
P10 1 295.962 1 302.488 1 295.005

Cost($/h) 700.296 700.776 700.482
PL (MW) 141.593 141.642 141.635

3, is less than the cost obtained by other algorithms. However, the cost obtained for

case-2 by SPPO is better than others, while the results are competitive with CCPSO, as

proposed method gives 9.4Ö10−3 $/h higher operating cost, which is very small difference.

The obtained optimal generation schedule is tabulated in Table 2.6. Table 2.7 presents

optimal generation schedule for cases 4-6. The convergence characteristic comparison

with other principally similar techniques such as PPO and APSO has been performed

using test power system-1, case-6 as shown in Fig. 2.3. The convergence plot shows that

in the initial phase, the SPPO performance is near to other algorithms, but after a few

iterations, SPPO swiftly moves towards the optimal solutions at a uniform pace under

the influence of collective intelligence based mechanism. The results obtained by SPPO

are better with lower operating cost than the other applied techniques.

2.5.4 Test Power System-2

The test power system 2 shown in Table 2.2 is a medium size power system problem hav-

ing 40 generators. The comparison of results obtained by SPPO has been performed with

Classical Evolutionary Programming (CEP) [135], Differential Evolution (DE) [193], Dif-

ferential Evolution Sequential Quadratic Programming (DE-SQP) [193], Fast Evolution-

ary Programming (FEP) [135], hybrid of PSO with local random search (PSO-LRS) [227],

hybrid CEP-PSO (CEP-PSO) [135], Improved Fast Evolutionary Programming (IFEP)

[135], Multiobjective Differential Evolution (MODE) [330], Modified Particle Swarm Op-
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Figure 2.3: Convergence characteristics of Test power system-1, case-2

timization (MPSO) [176], New Particle Swarm Optimization (NPSO) [227], New Particle

Swarm Optimization with Local Random Search (NPSO-LRS) [227], Particle Swarm Op-

timization (PSO) [135], Quasi Teacher Learner Based Optimization (QTLBO) [384], Real

Coded Chemical Reaction Optimization (RCCRO) [394], Teacher Learner Based Opti-

mization (TLBO) [384], and Predator Prey Optimization (PPO). The comparison of cost

of power generation has been presented in Table 2.8. The cost comparison shows that

the SPPO has obtained a solution with lesser power generation cost. The corresponding

power generation schedule is presented in Table 2.9.

2.5.5 Test Power System-3

The test power system-3 mentioned in Table 2.1 has 140 generators with ramp rate lim-

its and POZ constraints. The Case-1 of this system has been undertaken for study and

corresponding power generator characteristics are referred from Appendix D.3. The com-

parison of the cost of power schedule obtained by SPPO with other algorithms available

in literature is shown in Table 2.10. The results are compared with Anti Predator Swarm

Optimization (APSO), Composite Particle Swarm Optimization (CCPSO) [321], Continu-

ous Quick Group Search Optimizer (CQGSO) [360], Differential Harmony Search (DHS)

[388], Predator Prey Optimization (PPO). The comparison with aforementioned tech-

niques shows the better quality of obtained solution than CCPSO, DHE, PPO, APSO.
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Table 2.8: Test power system-2, ELD cost
comparison (PD = 10500MW )

Algorithm Cost (x105$/h)
CEP [135] 1.23500
CEP-PSO [152] 1.23670
DE [193] 1.21900
DE-SQP [193] 1.21741
FEP [135] 1.24500
IFEP [135] 1.23000
MODE [330] 1.21840
MPSO [176] 1.22252
NPSO [227] 1.21704
NPSO-LRS [227] 1.21664
PSO [152] 1.26848
PSO-LRS [227] 1.21704
PPO 1.21413
QTLBO [384] 1.21428
RCCRO [394] 1.21412
TLBO [384] 1.21685
SPPO 1.21402

Table 2.9: Test power system 2, ELD power distribution plan by SPPO
(PD = 10500MW )

Unit Power Unit Power Unit Power Unit Power
P1 111.87 P11 168.71 P21 523.28 P31 190.0
P2 110.86 P12 94 P22 523.54 P32 190.0
P3 97.59 P13 215.09 P23 523.31 P33 190.0
P4 179.52 P14 394.40 P24 523.21 P34 165.34
P5 88.91 P15 394.27 P25 523.42 P35 200.0
P6 140.0 P16 304.63 P26 523.31 P36 200.0
P7 260.80 P17 489.37 P27 10.0 P37 110.0
P8 284.61 P18 489.60 P28 10.0 P38 110.0
P9 284.92 P19 511.29 P29 10.0 P39 110.0
P10 130.0 P20 511.64 P30 90.96 P40 511.36
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Table 2.10: Test system-3, ELD cost comparison

Algorithm Cost ($/h)
Case-1 Case-2

APSO 1655684.5 1657963.0
CCPSO [321] 1655685.0 1657962.75
CQGSO [360] 1655679.42 1657962.74
DHS [388] – 1657944.86
PPO 1655684.0 1657963.5
SPPO 1655680.0 1657962.0

The solution obtained by SPPO is competitive with solution of CQGSO as there is differ-

ence in obtained operating cost is 0.58 $/h, which is insignificant. The Table 2.11 depicts

corresponding generation schedule. The cost versus iteration plot of SPPO shown in Fig.

2.4, exhibits steady convergence and shows supremacy to obtain better optimal solution

in less number of iterations. Further, from the frequency distribution comparison in Fig.

2.5 by performing 30 independent trial runs, it is evident that for most of the random

independent trials, the SPPO algorithm was able to obtain the solution in the range near

optimal solution as compared to others.

2.5.6 Statistical Performance Analysis of SPPO Algorithm

Figure 2.4: Convergence characteristics comparison test power system-3

1. Parameter sensitivity: To investigate the effect of parameter variation and depen-

dency on initial generated solution, parameter sensitivity and robustness of SPPO
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Figure 2.5: Frequency distribution of test power system-3

Table 2.11: Test system-3, Optimal power generation schedule (MW) using SPPO

Unit Case-1 Case-2 Unit Case-1 Case-2 Unit Case-1 Case-2 Unit Case-1 Case-2
P1 118.988 119.0 P36 500.0 500.0 P71 142.640 138.7773 P106 880.9 880.9
P2 164.0 164.0 P37 241.0 241.0 P72 368.612 388.3275 P107 873.7 873.7
P3 190.0 190.0 P38 241.0 241.0 P73 195.0 195.0 P108 877.4 877.4
P4 190.0 190.0 P39 774.0 774.0 P74 219.608 187.5903 P109 871.7 871.7
P5 190.0 168.45 P40 769.0 769.0 P75 217.556 203.9351 P110 864.8 864.8
P6 190.0 190.0 P41 3.0 3.0 P76 267.225 265.8373 P111 882.0 882.0
P7 490.0 490.0 P42 3.0 3.0 P77 389.802 399.3057 P112 94.0 94.0
P8 490.0 490.0 P43 250.0 250.0 P78 330.0 330.0 P113 94.0 94.0
P9 496.0 496.0 P44 250.0 250.0 P79 531.0 531.0 P114 94.0 94.0
P10 496.0 496.0 P45 250.0 250.0 P80 531.0 531.0 P115 244.0 244.0
P11 496.0 496.0 P46 250.0 250.0 P81 542.0 542.0 P116 244.0 244.0
P12 496.0 496.0 P47 250.0 250.0 P82 56.0 56.0 P117 244.0 244.0
P13 506.0 506.0 P48 250.0 250.0 P83 115.0 115.0 P118 95.0 95.0
P14 509.0 509.0 P49 249.99 250.0 P84 115.0 115.0 P119 95.0 95.0
P15 506.0 506.0 P50 250.0 250.0 P85 115.0 115.0 P120 116.0 116.0
P16 505.0 505.0 P51 165.08 165.0 P86 207.0 207.0 P121 175.0 175.0
P17 506.0 506.0 P52 165.0 165.0 P87 207.0 207.0 P122 2.0 2.0
P18 506.0 506.0 P53 165.0 165.0 P88 175.0 175.0 P123 4.0 4.0
P19 505.0 505.0 P54 165.0 165.0 P89 175.0 175.0 P124 15.0 15.0
P20 505.0 505.0 P55 180.0 180.0 P90 178.63 176.93 P125 9.0 9.0
P21 505.0 505.0 P56 180.0 180.0 P91 175.0 175.0 P126 12.0 12.0
P22 505.0 505.0 P57 103.0 103.0 P92 575.4 575.4 P127 10.0 10.0
P23 505.0 505.0 P58 198.0 198.0 P93 547.5 547.5 P128 112.0 112.0
P24 505.0 505.0 P59 312.0 312.0 P94 836.8 836.8 P129 4.0 4.0
P25 537.0 537.0 P60 311.25 307.68 P95 837.5 837.5 P130 5.0 5.0
P26 537.0 537.0 P61 163.0 163.0 P96 682.0 682.0 P131 5.0 5.0
P27 549.0 549.0 P62 95.0 95.0 P97 720.0 720.0 P132 50.0 50.0
P28 549.0 549.0 P63 511.0 511.0 P98 718.0 718.0 P133 5.0 5.0
P29 501.0 501.0 P64 511.0 511.0 P99 720.0 720.0 P134 42.0 42.0
P30 499.0 499.0 P65 490.0 490.0 P100 964.0 964.0 P135 42.0 42.0
P31 506.0 506.0 P66 252.99 258.51 P101 958.0 958.0 P136 41.0 41.0
P32 506.0 506.0 P67 490.0 490.0 P102 947.9 947.9 P137 17.0 17.0
P33 506.0 506.0 P68 490.0 490.0 P103 934.0 934.0 P138 7.0 7.0
P34 506.0 506.0 P69 130.0 130.0 P104 935.0 935.0 P139 7.0 7.0
P35 500.0 500.0 P70 296.46 339.44 P105 876.5 876.5 P140 26.01 26.0
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Table 2.12: Analysis of the parameter sensitivity (Test power System-3, Case-1)

Parameter Operating Cost ($/h)
Scope Step Mean Minimum Maximum S.D. variation (%)

c11 0-4.0 0.2 1662744.0 1655680.0 1667609.2 1032.7 0.72%
c12 0-4.0 0.2 1662695.5 1655680.0 1667710.0 1532.1 0.72%
c21 0-4.0 0.2 1658835.3 1655680.0 1659990.5 2032.8 0.26%
c22 0-4.0 0.2 1662286.35 1655680.0 1666892.7 2055.1 0.67%
c31 0-4.0 0.2 1662792.9 1655680.0 1667905.8 2322.2 0.73%
cP 0-4.0 0.2 1663985.45 1655680.0 1668290.9 1372.3 0.76%
a 0-0.2 0.002 1658450.0 1655680.0 1659220.0 1566.6 0.21%
b 0-2.0 0.01 1658445.0 1655680.0 1659210.0 3632.5 0.21%
Pf 0-0.1 0.01 1668756.0 1655680.0 1679832.0 4057.0 1.45%

Table 2.13: Test power system-3, case-1, Descriptive statistics

Algorithm Operating Cost ($/h)
Mean Minimum Maximum S.D.

PPO 1658200.9 1655684.0 1667800.0 2067.12
APSO 1657684.5 1655684.5 1667800.0 3343.51
SPPO 1657265.04 1655680.0 1667800.0 2872.80

Table 2.14: Student’s T-test for sample mean (α = 0.05)

Statistics Test power system-1 Test power system-3
P-value 0.282924 0.974071
t-calculated 1.09482 0.032784
t-critical 2.048407 1.699127

Table 2.15: One-sample Wilcoxon signed rank test (α = 0.05)

Statistics Test power system-1 Test power system-3
P-value 0.069967 0.061143
z-score 1.812121 1.872462

T-critical 23.8986 136.7475
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algorithm has been tested on test power system-3. Table 2.12 shows the experimen-

tal study undertaken for parameter sensitivity analysis. The various parameters of

the SPPO are varied by 2% of the values chosen for investigation. From the ob-

servation table, it is observed that the obtained solution varies in the small range

around the mean value and relative deviation from minimum operating cost is less

that 1%. An almost similar trend has been observed in statistical analysis of other

investigated systems.

2. Robustness test: In order to verify the capability of the proposed SPPO approach to

obtain solution thirty independent trial runs are performed on Test power systems 3,

case-1. The standard deviation of the obtained solution is computed for independent

trail runs. The descriptive statistics are tabulated in Table 2.13. It is observed

from the statistics that the operating cost obtained by proposed technique shows

minimum standard deviation, so the results obtained by proposed technique have

high precision as compared to others. Although the standard deviation for the

proposed approach is least in comparison to others. As, its magnitude is significant.

Therefore, student’s T-test (one sample) two tailed is applied to test the equality

of sample mean and population mean at 5% confidence level. The test statistics

are tabulated in Table 2.14. As the p-value is greater than 0.05, there is very little

evidence to reject the null hypothesis, hence the population mean and sample mean

are nearly equal. Similarly, the t-test also validates the solutions of test system-3,

as shown in Table 2.14, result statistics.

3. Wilcoxon signed rank test: In order to study the performance of the proposed

algorithm SPPO statistically, the simulation experiments are performed for 50 ob-

servations, with different initialization. The one-sample Wilcoxon signed rank test

has been applied with significance level of 5% to test power system-1, case-1. The

results of the test presented in Table 2.14 proves that there is no evidence to re-

ject null hypothesis. Thus, the obtained observations are distributed symmetrically

about the median.
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2.6 CONCLUSIONS

In this chapter, an optimization algorithm synergic predator prey optimization that is

a modification of the basic behavior of predator prey optimization has been presented.

The proposed algorithm splits intelligence of prey to best and not-best components and

fear factor of prey has been treated as a collaborative function of cognitive and social

behavior of prey particle. The proposed algorithm has been presented as an efficient search

technique for solving ELD. Moreover, proposed method ensures diversity of solutions

during the search and explores the search space effectively. The operating cost functions of

generating units are non-smooth and involve complexity because of additional constraints

like multi-fuel options, ramp rate limits, and prohibited zones. The applied approach

ensures that prey guiding components do not stay at a particular position for a large

number of iterations. Computer simulations are performed to verify the effectiveness

of SPPO. The numerical results reveal the better practicability, solution accuracy and

mature convergence capability of SPPO algorithm. The results of synergic predator prey

optimization are competitive with composite particle swarm optimization and continuous

quick group search algorithm. Overall, the SPPO emerges out as an alternative solution

procedure for economic load dispatch problem’s solution.
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MULTIOBJECTIVE LOAD DISPATCH USING

CHAOTIC EVOLUTIONARY PROGRAMMING

AND POWELL’S METHOD

3.1 INTRODUCTION

The practical problems related to electrical power generation scheduling and planning

are highly constrained and multiobjective in nature. In order to obtain the solution of

these problems population based algorithms are widely accepted. These techniques are

widely accepted, due to their derivative free mechanism, parallel processing nature, fast

convergence rate, performance independent of hyperspace etc. In the recent years, Genetic

Algorithm (GA), Evolutionary Programming (EP), Simulated Annealing (SA), Particle

Swarm Optimization (PSO) are the most preferred solution approaches in diverse fields.

Among the various application fields, power system is a prominent field. Economic Load

Dispatch (ELD), Minimum emission dispatch (MED) and Multiobjective load dispatch

(MOLD) is an important power system optimization task with an objective to allocate

generation among committed units in such a way that the system constraints are satisfied

and power is available at the minimum generation cost as well as minimum pollutant

emission. The input-output characteristics of modern units are highly non-linear due

to ramp rate limits, valve point loading effects etc. These problems are multi-modal in

nature and the classical approaches such as gradient approaches are unable to address the

problems satisfactorily.

In this respect, stochastic search algorithms such as GA [52], ES [177], EP [67], SA

72



MOLD USING CHAOTIC EVOLUTIONARY PROGRAMMING AND POWELL’S METHOD

[44], PSO [126] etc. have been proved effective in solving nonlinear ELD problems without

any restrictions on the shape of the cost curves. Although these heuristic methods do not

always guarantee discovering the globally optimal solution in finite time, however provide a

fast and reasonable solution, which may be a suboptimal or near-globally optimal solution.

EAs have more flexibility and robustness as compared to conventional calculus-based

methods. Among various EAs, EP has dominated the field of optimization in the decade

of the nineties. The EP is a little bit different from other EA’s as: firstly, it requires

the real valued control parameters, secondly, EP’s behavior is guided by mutation and

selection, i.e. EP uses single evolution operator. Therefore, EP uses lesser computational

resources and may result in smaller computational time. The field of EP has matured

through development of classical EP [69], self adaptive EP [47], fast EP [68], scaled

Gaussian mutation EP [67], EP with the mean of Gaussian and Cauchy mutations with

empirical learning rate [69], EP with Gaussian mutation with empirical learning [34], EP

with the better of Gaussian and Cauchy mutations with empirical learning rate [91]. All

these modifications have been proposed to improve the limitation of EP, that it is slow

to converge for multi-modal functions [91]. Further, a fast EP algorithm based on Levy

probability distribution based mutation operator has been proposed, thereby resulting in

better performance than CEP [146]. Liu et al. have shown empirically that EP with

cooperative convolution can speed up convergence rates on the large-scale problems [105].

To summarize the literature survey, it has been observed that the modifications in the EP

are primarily focused on mutation operator. In particular, these alterations are random

number oriented.

Recently, the application of non-linear dynamics has drawn attention in the field of

optimization. One of the application is the use of chaos map to select algorithm control

parameters [368], tune the parameters of search algorithms [194, 340]. The generation

of random sequences with a long period and good uniformity is very important for a

stochastic algorithm. Chaotic map is a random number generation function. It is er-

godic, non-repetitive, non-linear, and dynamic in nature [434]. Although, the nature of

chaos is apparently random, it also possesses an element of regularity, exhibits sensitive

dependence on initial conditions and includes infinite unstable periodic motions in nonlin-
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ear systems [406]. Various chaotic maps such as tent map, logistic map, Chebyshev map,

and iterative chaotic map with infinite collapses map have been reported in the literature.

Since different chaotic maps lead to diverse algorithm behavior, therefore chaos based

methods are potential alternatives to pseudo random sequences. In almost all stochastic

meta-heuristic algorithms randomness is achieved by using probability distributions, often

uniform or Gaussian. In principle, it can be advantageous to replace such randomness

by chaotic maps because chaos has very similar properties of randomness with better

statistical and dynamical properties. Such dynamical mixing is important to ensure that

algorithm generates diverse solutions and potentially explores the multi-modal objective

landscape. Due to its properties, the algorithms can potentially carry out iterative search

steps at higher speeds than standard stochastic search with standard probability distri-

butions [435].

On the basis of the above facts and arguments, it is required to empirically investigate

the performance of the EP by incorporating chaotic sequence and local search technique.

Therefore, the objective of this chapter is to introduce and study chaotic sequence based

EP (CEP). In order to, accomplish the above mentioned tasks, firstly, a chaotic random

number based mutation operator is proposed. Secondly, a chaotic sequence guided tour-

nament selection operator is implemented. Further, the Powells pattern search is applied

to enhance the exploitation of proposed solution procedure. The resultant algorithm is

called Chaotic Evolutionary Programming Pattern Search (CEPPS). The performance

of CEPPS algorithm is analyzed for solution optimality using standard benchmark test

function and hence implemented to solve MOLD problem. The conflicting objectives are

handled by the surrogate worth trade off method. The case studies of electrical power

system networks having small, medium and high power generation capacity are simulated.

At the same time, to give a naturalistic aspect of load dispatch problem, multi-objective

case of multi-fuel system and 140-units Korean system are simulated. Multi-fuel system

considers transmission losses along with non-linearity due to valve point loading, ramp

rate limits and Prohibited Operating Zone (POZ). The results obtained by proposed so-

lution approach are compared with the results of available state-of-the-art algorithms.

The chapter is organized into five parts. Section 3.2, presents the mathematical foun-
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dation of multi-objective load dispatch problem. Section 3.3 discuss conceptual details of

CEPPS algorithm. Section 3.4 presents the CEPPS based solution approach to solve Mul-

tiobjective load dispatch (MOLD) problem is conversed. Section 3.5, presents numerical

results by the proposed method and compare it with some of the most recently published

work. Finally, Section 3.6 concludes the chapter.

3.2 MULTI-OBJECTIVE LOAD DISPATCH

The MOLD problem aims to allocate committed thermal generators total load demand in

such a way that the two conflicting objectives viz. operating cost and pollutants’ emission

are minimized simultaneously, in the feasible space. In case of multi-fuel option, the

power generators have alternative fuels and each unit is represented by several piecewise,

quadratic functions of fuel. Mathematically, MOLD problem is expressed as:

Minimize operating cost [121]

f1(Pj) =

Ng∑
j=1

(a1jkP
2
j +b1jkPj+c1jk+|d1jk sin{e1jk(Pmin

jk −Pj)}|) (Pmin
jk ≤ Pj ≤ Pmax

jk )

(3.1)

Minimize pollutant emission [121]

f2(Pj) =

Ng∑
j=1

(a2jkP
2
j + b2jkPj + c2jk +d2jk exp(e2jkPj)) (Pmin

jk ≤ Pj ≤ Pmax
jk ) (3.2)

where Pj is the generated real power and P= [P1, P2,. . . , PNg]
T ; Ng is the number

of generators; a1jk, b1jk, c1jk, d1jk and e1jk are thermal generators’ cost coefficients of

jthgenerator’s kth fuel option; Pjk
min and Pjk

max are the generator’s lower and upper limits

for kth fuel option; a2jk, b2jk, c2jk, d2jk and e2jk are pollutant emission coefficient of jth

thermal generators for kth fuel option.

subjected to:
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(i) Power balance equality constraint [463]

Ng∑
j=1

Pj − (PD + PL) = 0 (3.3)

(ii) Generator operating limits [463]

Pmin
j ≤ Pj ≤ Pmax

j (j = 1, 2, ..., Ng) (3.4)

(iii) Ramp rate limit [126]

� As generation increases

Pj − P 0
j ≤ URj (j = 1, 2, ..., Ng) (3.5)

� As generation decreases

P 0
j − Pj ≤ DRj (j = 1, 2, ..., Ng) (3.6)

(iv) Prohibited operating zone constraint [126]

Pmin
j ≤ Pj ≤ PL

j,1 (j = 1, 2, ..., Ng) (3.7)

PU
j,i−1 ≤ Pj ≤ PL

j,i (i = 1, 2, ..., Nzj; j = 1, 2, ..., Ng) (3.8)

PU
j,Nzj ≤ Pj ≤ Pmax

j (j = 1, 2, ..., Ng) (3.9)

where PD and PL are the fore-casted demand and transmission loss of the network

respectively; Nzj is number of prohibited zones of the jth generator; Pj
0 is the previous

generated power; URj and DRj are the up-ramp limit and down-ramp limit of the jth

generator; PL
j,i andP

U
j,i are lower and upper range of ith prohibited zone respectively of jth

generator.
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3.3 PROPOSED HYBRID SEARCH ALGORITHM

The proposed solution approach clubs Chaotic Evolutionary Programming (CEP) ap-

proach with Powell’s pattern search (PS), to optimize the generation schedule of MOLD

problem. The CEP aims to explore the global solution, whereas PS focuses on exploita-

tion of search area. The PS phase remains normally in hibernation and is activated after

a prefixed number of iterations. These aspects are explained in the ensuing subsections:

3.3.1 Chaotic Evolutionary Programming

The principle of EP is to generate offspring and select better quality solution among

offspring and existing parents. The mutation is the only evolutionary operator operating

on parent population and the selection operation selects parents for the next generation

from the existing pool of parents and offspring. In CEP the random numbers are generated

by randomly initialized preselected chaotic sequence. The well accepted chaotic map,

namely Gauss map and Tent map are used for randomization in the search process. So,

in a Ng dimensional search space, an ith individual vector (pi, ηi) is a possible solution of

the problem, where Pi is the objective variable and ηi is the associated strategy parameter.

Mathematically, the evolution concept of chaotic EP to generate offspring is illustrated

as follows:

P t+1
ij = P t

ij + ηijχj(0, 1) (j = 1, 2, ..., Ng, i = 1, 2, ..., NP ) (3.10)

ηt+1
ij = ηtijexp(τ

t+1χ(0, 1) + τχj(0, 1)) (j = 1, 2, ..., Ng, i = 1, 2, ..., NP ) (3.11)

where χj(0, 1) ∈ [0, 1] is a chaotic process generated random number, generated for jth

individual. The parameters τ and τ t+1 are given by

(√
2
√
Ng

)−1
and

(√
2Ng

)−1
re-

spectively. A Gauss map based chaotic sequence is represented as:

χn+1 =


0 ;χn<0

1/χn ; otherwise

(3.12)
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and Tent map chaotic sequence follows:

χn+1 =


χn/0.7 ;χn<0.7

10/3χn(χn − 1) ; otherwise

(3.13)

Once, the offspring are generated at tth generation, each individual of combined pop-

ulation (parent and offspring) compete with others for survival in t+ 1th generation. For

selection an individual’s score wi in stochastic competition is given by

wi =

NP∑
n=1

wn (i = 1, 2, ..., NP ) (3.14)

with

wn =


1 ;χ1 <

fm
fi+ft

0 ; otherwise

(3.15)

where fm is the fitness of mth randomly selected competitor in combined population;

m = int(2Lχ2 + 1), fi is the fitness value of ith individual, χ1, χ2 ∈ [0, 1] are random

numbers generated by chaotic sequence.

3.3.2 Powell’s Pattern Search

Powell’s method is a direct numerical search technique to find the solution of optimization

problem. The move from one point to another will be successful if the solution quality

improves. The pattern move is to locate a solution of problem in already ascertained

direction. The pattern move accelerates the search space exploitation to enhance conver-

gence speed. These steps are elaborated as follows: Initially linearly independent search

directions S, of order Ng are created as

Sij =


1 ; i = j

0 ; otherwise

(i = 1, 2, ..., Ng, j = 1, 2..., Ng) (3.16)
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and a unidirectional search is performed in each direction considering Pi as a best point

as follows:

Pj =


Pj + λ∗iSij ; f(Pj + λ∗iSij) < f(Pj)

Pj ; otherwise

(i = 1, 2, ..., Ng) (3.17)

where λ∗i ∈ [λmini , λmaxi ] is a randomly generated step size and λmini , λmaxi are two extremes

of step size.

The following equation gives pattern search direction:

Sij = Pj − Pj−N (j = 1, 2, ..., Ng) (3.18)

and unidirectional search is performed.

3.4 SOLUTION METHODOLOGY

The solution approach to solve the multiobjective load dispatch problem, involves three

main parts (i) The chaotic evolutionary programming pattern search procedure to evolve

potential solutions (ii) Generation of Pareto-front (iii) Interaction with the surrogate

worth trade-off decision maker to decide compromise solution. The stepwise flowchart of

solution approach is shown in Figure 3.3 and is explained in the following sections:

3.4.1 Solution Representation and Initialization

The population, individuals represent the power of a generator an has dimensions as

that of number of generators Ng . The initial population is randomly generated within

respective limits of power generators. Therefore, each individual position in the population

presents a solution in the feasible space of MOLD problem. An ith solution at tth iteration

is denoted by
[
P t
i1, P

t
i2, ..., P

t
iNg

]
. The associated strategy parameter is represented by[

ηti1, η
t
i2, ..., η

t
iNg

]
. Mathematically, the initialization process for individual’s is illustrated

79



CHAPTER 3

as follows:

Pij = Pmin
j + χ(Pmax

j − Pmin
j ) (j = 1, 2..., Ng, i = 1, 2, ..., NP ) (3.19)

where χ ∈ [0, 1] is a chaotic sequence generated number and the jth generator’s operational

limits is represented as [Pmin
j , Pmax

j ].

3.4.2 Non-inferior Solution Set Reformation

The Pareto front obtained from feasible solutions is modified by incorporating non-

dominated solutions generated at each iteration. Considering the imprecise nature of

DM’s judgment, the objective functions are transformed to fuzzy representation by con-

sidering extremum of objective function as follows:

µ (fk (P )) =


1 ; fk(P ) ≤ fmink

fmax
k −fk(P )

fmax
k −fmin

k
; fmink < fk (P ) < fmaxk

0 ; fk(P ) ≥ fmaxk

(k = 1, 2, ...,M) (3.20)

where µ(fk(P )) is the membership function of kth objective function. The objective

function is accepted if its membership is 1 and rejected if it is 0. fmink and fmaxk are the

extremum of kth objective function, M is number of objective functions. The behaviour of

membership function µ(fk(P )) with respect to the objective function fk(P ) is presented

in Fig. 3.1.

A feasible solution P1 will replace a point P2 in the Pareto-front, iff

µ (fk (P1)) > µ (fk (P2)) (k = 1, 2, ...,M) (3.21)

3.4.3 Surrogate Worth Trade-off Decision Maker

The Decision maker (DM) makes trade-off within the frontier, instead of considering a

complete range of available solutions. The SWT function is a quality inference tool that

acts as an interface between the Pareto-front and the decision maker. The Surrogate worth
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Figure 3.1: Membership function behaviour

trade-off (SWT) function takes into account the membership representation of objective

functions, as an alternative to objective function value. It assigns trade-off values to

the available non-inferior solutions at each iteration. Let µA be the aggregating function

defined as follows:

µA =

∑M
x=1

∑M
y=1
y 6=x

µ(fx(P ))
µ(fy(P ))

M(M − 1)
(3.22)

Using, the aggregated information available from Eq. (3.22) the SWT function is mathe-

matically defined as follows:

µD =


µA ;µA ≤ 1

µ−1A ;µA > 1

(3.23)

Here µD indicates the degree of satisfaction of objectives and as it approaches unity, the

problem’s objectives are better satisfied. Figure 3.2 graphically illustrates the relation of

µD and µ(fk).
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Figure 3.2: Graphical representation of surrogate worth trade-off (µD) behaviour

3.4.4 Population Individuals Update

The iterative process updates individual’s population that represents the power generation

of thermal generators. The chaotic mutation operator Eq. (3.10) and (3.11) is responsible

for generation of offspring. The tournament selection operator (Section 3.3.1) selects

better performing individuals for k + 1th generation out of existing parents and their

offspring at kth generation, on the basis of the number of assigned wins. The Eq. (3.15)

used to assign wins is rewritten considering Eq. (3.23) as follows:

wn =


1 ;χ1 <

µDm

µDi+µDt

0 ; otherwise

(3.24)

The quality of population individual’s is improved by Powell’s pattern search as men-

tioned in section 3.3.2 as an interleaved process. The iterative process continues until

a termination criterion is satisfied. The termination criteria used in this paper is the

number of swarm moves (ITmax). Figure 3.3 depicts a stepwise solution procedure.
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Start

Np, Ng, M, and ITmax

Initilze parents’s randomly representing search variables

Inilize iteration counter t=0

Initilize populaton counter i=0

Generate off spring

Evaluate objective functions

Update the Pareto-frontier

Interact with decision maker for prefrences

Update compromise solution

++i≤NP

Select parents for t+ 1th generation from parents and off spring

MOD(k, ITHIT )

Improve quality of parents by Powell’s search procedure

++t≤ITmax

Stop

No

Yes

No

Yes

Yes

No

Figure 3.3: Flow chart of CEPPS based solution approach
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3.5 SIMULATION CASES AND RESULTS

To prove the capability of the CEPPS solution approach, the generalized benchmark test

functions as well as standard real world problems related to power system operation are

undertaken. The Gauss and Tent map sequences are applied to investigate their behavior

while implementing CEP and CEPPS. On using Gauss map and Tent sequence the CEP

method is termed as CEP-1 and CEP-2. A similar notation is used for CEPPS procedures.

3.5.1 Test Systems

In order to illustrate the effectiveness of the proposed methodology, the generalized bench-

mark problems specified in Table 2.1 are simulated. The considered generalized bench-

mark problems that are uni-modal, multi-modal, separable, non-separable and discontin-

uous in nature. The details of these functions has been presented in Appendix C. The

performance investigation, aims to compare the convergence behavior of CEP and CEPPS.

The small, medium and large capacity power dispatch problems shown in Table 2.2 are

undertaken to verify the practicability of SWT method whereby search is performed by

CEPPS algorithm to generate the non-dominated solutions. The power generator char-

acteristics are referred from Appendix D. The achieved results from proposed CEPPS

variants are compared with the results obtained from CEP while implementing on gener-

alized benchmark problem. The better one is further implemented to solve electric power

system under different situation. The important observations of the simulation results

are discussed in the following sections.

3.5.2 Generalized Test Functions

In order to compare the performance of CEPPS variants with CEP, seven benchmark test

functions listed in Table 2.1 are solved using CEPPS and CEP variants. The convergence

behavior of considered algorithms for test functions is plotted in Figure 3.4 for comparison.

The best, worst and mean experimental results after 1000 iterations for each test function

performing 30 trial runs are also listed in Table 3.1.

The convergence comparison plots for considered benchmark test functions are shown
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Table 3.1: Performance analysis of generalized benchmark test functions

Test function Fitness CEP-1 CEP-2 CEPPS-1 CEPPS-2
Worst 4.600014 1.083315 11.05058 9.29×10−01

Griewank function [380] Average 4.600014 1.083315 11.05058 9.29×10−01

Best 4.600014 1.083315 5.48433 0.01×10−01

Worst 21893.57 305.4496 40041.02 97.11104
Rastrigin function [380] Average 21893.57 305.4496 40041.02 61.70118

Best 21893.57 305.4496 15691.13 61.70180
Worst 7.54×10+08 222.4695 1.00×10+10 43304.03

Rosenbrock function [380] Average 7.54×10+08 22.36219 1.00×10+10 7300.95
Best 7.54×10+08 22.36219 2.91×10+08 7300.95
Worst 48.16846 68.45393 7.574684 27.71013

Schwefel’s 2.22 function[380] Average 48.16846 68.45393 7.574684 27.71013
Best 48.16846 68.45393 7.574684 27.71013
Worst 13094.38 8.236108 50471.00 4.79×10−19

Sphere function [380] Average 13094.38 8.236108 50471.00 9.40×10−20

Best 13094.38 8.236108 18642.14 9.40×10−20

Worst 670 37 969 28
Step function [380] Average 670 37 969 28

Best 670 15 532 15
Worst 15349 6 39277 8

Step-2 function [380] Average 15349 6 39277 5
Best 15349 6 17381 5

in Figure 3.4 on a logarithmic scale. Figure 3.4a presents the convergence behavior of

the Griewank’s function which shows that the CEP-1 and CEPPS-1 are fast to converge

in initial phase but have resulted in premature convergence. However, the CEP-2 and

CEPPS-2 which were slow to converge initially, have resulted in much better solution.

Finally, the best solution is obtained by CEPPS-2, as compared to others. The Figure

3.4b, depicts the behavior of Rastrigin’s function, where same trend as in the case of the

Griewank’s function shown by various contenders is observed. However, for this function

CEPPS-2 has performed significantly better than CEP-2 and achieved better solution.

The appraisal of Figure 3.4c shows that in case of Rosenbrock’s function the perfor-

mance of CEP-2 is better than CEPPS-2, where as both CEP-1 and CEPPS-1 resulted

in premature convergence. Further, the experimental result of Sphere function in Figure

3.4e, shows that the CEPPS-2 algorithm has performed best in terms of convergence rate.

In case of Schwefel’s function, both CEP-1 and CEP-2 are worst performers, and CEPPS-

1 resulted in best solution of the problem. The convergence plot in Figure 3.4f and Figure

3.4g for step and step-2 function, presents CEP-2 and CEPPS-2 as a better performing
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(a) Griewank function (b) Rastrigin function

(c) Rosenbrock function (d) Schwefel’s 2.22 function

(e) Sphere function (f) Step function

(g) Step-2 function

Figure 3.4: Generalized benchmark test functions convergence comparison
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variant than others. Further, CEP-2 has performed even better than CEPPS-2 in case of

Step-2 function.

Hence, the convergence plots clearly show that in comparison to CEP-1 and CEPPS-1,

the CEP-2 and CEPPS-2 variants perform better. The better performance is either in

terms of solution quality or/ convergence rate. Moreover, it is observed that CEPPS-1

performs better on some of the benchmark, whereas CEP-2 and CEPPS-2 shows superi-

ority for other considered benchmark functions.

Further, in comparison to the synergic predator prey optimization algorithm (SPPO)

results given in Table 2.4, the CEPPS has performed poorly for all the test functions.

Table 3.2: Test power system-1, Comparison of ELD (PD = 2700MW )

Algorithm cost($/h)
Case-1 Case-2 Case-3 Case-4 Case-5 Case-6

BBO [306] 624.51 – –
CCPSO [321] – 623.82 – – – –
CGA-MU [373] 623.80 624.71 – – – –
DE [373] 623.80 624.46 – – – –
DEBBO [305] 624.51 – –
ELHN [369] 624.51 – –
IGA [163] 624.51 – –
IGA-MU [163] 623.80 624.51 –
KHA [397] 624.51 – –
PSO[373] 623.80 624.24 –
QP-ALHN [376] 623.80 – 624.32
SPPO 623.80 623.82 624.32 700.29 700.77 700.48
CEPPS-1 623.75 623.87 623.76 699.70 699.54 704.94
CEPPS-2 623.75 623.88 623.77 699.77 699.73 700.60

3.5.3 Test Power System-1

Firstly, this system depicted in Table 2.2, has been solved for ELD by applying CEPPS-2.

In all the case population size NP is fixed at 50 and the number of iterations ITmax is

fixed at 2000. The cost comparison is performed with other published work and is pre-

sented in Table 3.2. The results of Biogeography based optimization (BBO) [306], Compos-

ite Particle Swarm Optimization (CCPSO) [386], Conventional Genetic Algorithm with

Mutation Update (CGA-MU) [163], Differential Evolution (DE) [373], Improved Genetic

Algorithm (IGA) [163], Improved Genetic Algorithm with multiplier update (IGA-MU)
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[163], Enhanced Augmented Hopfield Neural Network (ELHN) [373], Hybrid of DE and

BBO (DEBBO) [386], Krill herd optimization (KHA) [397], Quadratic Programing Aug-

mented Hopfield Neural Network (QP-ALHN) [376], Particle Swarm Optimization (PSO)

[373] and Synergic Predator Prey Optimization (SPPO). The result comparison shows

Table 3.3: Test power system-1, Cost and emission for ELD and MED respectively

Case ELD MED
Min. Cost($/h) Max. Emission(lb/h) Min. Emission(lb/h) Max. Cost ($/h)

1 623.75 11929.08 103.84 697.84
2 623.87 10798.01 103.84 703.26
3 623.76 12173.60 100.64 699.47
4 699.70 77292.20 126.34 791.57
5 699.54 39404.71 149.31 796.45
6 700.60 21074.90 163.47 776.40

that CEPPS-2 has resulted in a solution with lower power generation cost in comparison

to other results available in literature in all the cases except for Case-2 and Case-6. In

Case-2, the results are comparable with CCPSO and SPPO algorithm. The proposed

method gives 0.05 and 0.06 $/h, higher cost than SPPO and CCPSO respectively that

is very small difference. In Case-6, also the results of CEPPS-2 are competitive with

SPPO, having only a difference of 0.12$/h. However, among CEPPS-1 and CEPPS-2,

the CEPPS-1 has obtained better solution in the majority of cases. The minimum value

of pollutant emission while performing MED is shown in Table 3.2 along with generation

cost which is contrary in nature. Further, the Test system-1 is formulated in the multi-

objective framework. The quality of compromise solution is indicated by µD (Eq. 3.23).

The comparison of MOLD solution obtained by CEPPS-1 and CEPPS-2 is presented in

Table 3.4 and 3.5. The comparison of MOLD results on basis of µD shows that CEPPS-1

has obtained a better quality compromised solution in the majority of the cases in com-

parison to CEPSS-2. The corresponding MTPLD power distribution plan is tabulated in

Table 3.6 and 3.7 respectively.

3.5.4 Test Power System-2

This test system has 40 generators and to obtain the solution NP and ITmax are consid-

ered as 100 and 3000 respectively. The optimal solution comparison for ELD, MED and
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Table 3.4: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-1 Case-2 Case-3
Cost($/h) Emission(lb/h) µD Cost($/h) Emission(lb/h) µD Cost($/h) Emission(lb/h) µD

CEPPS-1 629.49 1185.10 0.922 629.97 1263.65 0.922 629.62 1208.05 0.922
CEPPS-2 629.52 1192.03 0.922 630.15 1277.18 0.920 628.07 663.66 0.947

Table 3.5: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-4 Case-5 Case-6
Cost($/h) Emission(lb/h) µD Cost($/h) Emission(lb/h) µD Cost($/h) Emission(lb/h) µD

CEPPS-1 701.31 1049.95 0.999 701.33 981.0 0.999 705.11 879.83 0.999
CEPPS-2 705.10 1129.55 0.998 704.97 972.46 0.999 704.97 3086.99 0.995

Table 3.6: Test power system 1, MOLD Power distribution (PD = 2700MW )

Case-1 Case-2 Case-3
Generator Fuel type Power(MW) Fuel type Power(MW) Fuel type Power(MW)

P1 2 209.20 2 210.93 2 208.19
P2 1 209.30 1 207.41 1 207.26
P3 1 228.65 1 231.42 1 230.15
P4 3 247.41 3 241.68 3 241.41
P5 1 294.35 1 299.23 1 291.67
P6 3 245.72 3 242.48 3 245.47
P7 1 311.21 1 319.04 1 321.27
P8 3 244.56 3 247.48 3 245.11
P9 3 438.64 3 439.15 3 439.66
P10 1 270.80 1 261.03 1 269.66

Table 3.7: Test power system-1, MOLD Power distribution (PD=2700)

Case-4 Case-5 Case-6
Generator Fuel type Power(MW) Fuel type Power (MW) Fuel type Power(MW)

P1 2 223.88 2 219.30 2 220.17
P2 1 213.60 1 219.33 1 216.78
P3 3 334.84 3 334.75 3 250.99
P4 3 240.45 3 241.04 3 245.43
P5 1 305.03 1 302.75 1 345.44
P6 3 243.10 3 244.49 3 240.19
P7 1 306.92 1 312.07 1 347.66
P8 3 242.22 3 242.50 3 240.33
P9 3 435.86 3 439.12 3 439.89
P10 1 295.56 1 285.92 1 294.78

PL(MW) 141.62 141.41 141.80
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Table 3.8: Test power system-2, Optimal solution (cost, emission) comparison
(PD = 10500MW )

Algorithm ELD MED MOLD
Cost Emission Cost Emission Cost Emission µD

Ö105$/h Ö105lb/h Ö105$/h Ö105lb/h Ö105$/h Ö105lb/h

GSA [358] – – – – 1.25782 2.10932 0.988
LMPSO [417] – – – – 1.24668 2.19048 0.947
MABS I [424] 1.21412 3.59901 1.29995 1.766820 1.24490 2.5656 0.872
MABS II [424] 1.21412 3.59901 1.29996 1.766820 1.24491 2.56551 0.872
MODE [330] 1.2184 3.7479 1.2996 1.7668 1.25792 2.1119 0.989
NSGA II [330] – – – – 1.25825 2.10949 0.989
PDE [330] – – – – 1.25730 2.1177 0.987
SEPA II [330] – – – – 1.25807 2.1109 0.989
SMPSO [417] – – – – 1.24660 2.17256 0.949
TLBO [384] 1.21685 3.64593 1.29953 1.766835 1.26020 2.06648 0.995
PPO 1.21413 3.60420 1.29979 1.766843 1.25750 1.99125 0.994
SPPO 1.21402 3.56724 – – – –
CEPPS-1 1.27180 3.74117 1.34516 2.46508 1.28124 3.14471 0.944
CEPPS-2 1.21487 3.63871 1.32889 2.25013 1.28515 3.27227 0.938

MOLD are presented in Table 3.8. The results are compared with the results of Gravita-

tional Search Algorithm (GSA) [358], Non-dominated sorting Genetic Algorithm (NSGA)

[330], Modulated Artifical Bee Colony (MABS) [424], Multiobjective Differential Evolution

(MODE) [330], Modulated Particle Swarm Optimization (LMPSO) [417], Pareto Differen-

tial Evolution (PDE) [330], Quasi Teacher Learner Based Optimization (QTLBO) [384],

Real Coded Chemical Reaction Optimization (RCCRO), Sinusoidal Modulated Particle

Swarm Optimization (SMPSO) [417], Strength Pareto Evolutionary algorithm (SPEA)

[330], Teacher Learner Based Optimization (TLBO) [384], Predator Prey Optimization

(PPO) and Synergic Predator Prey Optimization (SPPO). The ELD solution compari-

son with other algorithm’s results from the literature shows that CEPPS-2 has resulted

in lesser cost as compared to MODE and TLBO. However, it has resulted in slightly

higher cost in comparison to others. While considering the MOLD, the comparison of

compromise solution with results available in literature is performed using index µD. The

comparison of the results shows that the CEPPS results are better than MABS-1 and

MABS-2 and RCCRO, whereas the quality of compromise solution is poorer than other

algorithms considered for comparison.
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Table 3.9: Test power system-2, Power generation (in MW) schedule by CEPPS
(PD = 10500MW )

Unit ELD MED MOLD Unit ELD MED MOLD
P1 76.56 41.68 114.0 P21 537.22 483.03 488.34
P2 41.11 41.56 40.90 P22 522.15 490.19 519.37
P3 69.06 94.99 93.53 P23 521.68 458.42 512.01
P4 128.93 92.90 169.44 P24 530.18 446.54 525.58
P5 54.69 55.74 97.0 P25 522.90 434.08 520.71
P6 107.07 77.87 104.19 P26 526.14 483.41 519.46
P7 192.53 294.42 243.85 P27 22.46 32.23 16.86
P8 300.0 296.31 300 P28 17.59 59.97 17.38
P9 300.0 300.0 240.17 P29 16.32 53.38 27.79
P10 137.40 167.17 200.48 P30 62.67 56.73 88.08
P11 306.15 306.83 337.45 P31 166.27 189.89 190.0
P12 237.89 320.66 248.28 P32 160.88 164.31 190.0
P13 446.40 442.46 477.94 P33 142.32 185.87 124.33
P14 301.61 474.39 336.43 P34 163.10 200.0 164.43
P15 384.94 458.03 442.79 P35 176.74 191.14 177.55
P16 493.50 457.63 298.09 P36 158.08 174.85 167.33
P17 490.38 441.23 477.61 P37 72.10 78.70 46.29
P18 500.0 462.37 413.35 P38 56.46 33.78 88.70
P19 512.42 452.31 432.98 P39 27.13 46.39 43.10
P20 511.44 472.01 491.75 P40 505.33 486.33 512.30

Table 3.10: Test power system 3, ELD solution
comparison (PD = 49342MW )

Algorithm cost($/h)
Case-1 Case-2

CCPSO [321] 1655685.0 1657962.75
CQGSO [360] 1655679.42 1657962.74
DHS [388] – 1657944.86
GSO 1734405.7 –
PPO 1655684.0 1657963.5
APSO 1655684.5 1657963.0
SPPO 1655680.0 1657962.0
CEPPS-1 1778880.0 1795760.0
CEPPS-2 1778471.0 1784659.0
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Table 3.11: Test power system 3, Solution comparison (PD = 49342MW )

Algorithm Case-1 Case-2
ELD MED ELD MED

Cost Emission Cost Emission Cost Emission Cost Emission
$/h lb/h $/h lb/h $/h lb/h $/h lb/h

CEPPS-1 1778880 6613403 1947279 5112745 1795760 6562387 1953030 5112745
CEPPS-2 1778471 6538250 1970072 5051650 1784659 6550347 1975453 5051650

Table 3.12: Test power system 3, MOLD solution comparison (PD = 49342MW )

Algorithm Case-1 Case-2
Cost($/h) Emission(lb/h) µD Cost($/h) Emission(lb/h) µD

CEPPS-1 1831802 5902779 0.876 1832679 5932484 0.883
CEPPS-2 1815388 5695509 0.940 1821931 5790238 0.929

3.5.5 Test Power System-3

This is a Korean power system having 140 power generators. In order to, obtain the

solution for all cases the NP and ITmax is fixed at 200 and 5000 respectively. Firstly, the

optimal ELD solution of this problem has been obtained using CEEPS and is compared

with other available solutions from the literature, in Table 3.10. The results of CEEPS-

1 and CEPPS-2 are compared with Composite Particle Swarm Optimization (CCPSO)

[321], Continuous Quick Group Search Optimizer (CQGSO) [360], Differential Harmony

Search (DHS) [388], Anti Predator Swarm Optimization (APSO), Predator Prey Optimiza-

tion (PPO). The cost comparison, shows that CEPPS variants have resulted in premature

convergence for both cases-1 and 2. However, among CEEPS-1 and CEPPS-2, the latter

one has obtained a solution with lesser power generation cost. Similarly, while performing

the minimum emission dispatch, the outcomes of two CEPPS variants are presented in

Table 3.11, which shows that CEPPS-2 has ability to obtain the better solution. Fur-

ther, while performing multi-objective load dispatch the compromise solution obtained

by CEPPS-1 and CEPPS-2 has been compared in Table 3.12. From the comparison on

basis of µD, it is concluded that CEPPS-2 has obtained a better compromise solution.

The optimal power distribution plan for MOLD by CEPPS-2 has been tabulated in Table

3.13.
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Table 3.13: Test power system-3, Optimal power allocation using CEPPS-2 (in MW)

Unit ELD MED MOLD Unit ELD MED MOLD Unit ELD MED MOLD Unit ELD MED MOLD
1 81.79 80.42 91.50 36 500.00 408.81 407.12 71 311.11 236.70 312.52 106 838.85 836.09 845.68
2 124.54 142.58 150.77 37 210.89 180.35 187.33 72 396.29 443.19 455.00 107 859.75 820.68 827.12
3 153.86 145.06 168.19 38 210.14 206.70 225.69 73 541.00 463.65 527.01 108 821.38 806.10 832.95
4 190.00 128.20 183.70 39 774.00 511.13 725.92 74 351.42 393.93 477.72 109 848.20 806.66 810.12
5 183.84 105.86 113.68 40 769.00 501.04 769.00 75 449.12 333.77 458.42 110 864.80 833.14 845.70
6 149.29 133.52 95.49 41 6.26 5.83 11.06 76 366.21 449.18 394.31 111 852.80 842.12 827.11
7 490.00 405.15 490.00 42 10.31 28.00 5.96 77 239.63 447.10 289.23 112 120.65 149.12 126.00
8 470.58 417.01 405.72 43 216.80 164.13 192.26 78 378.87 488.69 441.42 113 100.75 182.52 147.75
9 494.53 449.81 496.00 44 173.13 177.09 184.36 79 531.00 309.15 438.33 114 125.30 149.51 122.34
10 496.00 377.50 496.00 45 185.53 206.03 199.08 80 467.42 455.69 512.98 115 298.37 340.08 313.36
11 494.38 314.20 481.99 46 174.30 176.23 176.94 81 442.30 441.76 516.68 116 303.56 372.85 305.40
12 496.00 298.93 496.00 47 224.58 178.91 175.61 82 79.54 60.81 72.35 117 275.89 288.03 282.76
13 505.46 386.35 481.50 48 201.86 234.61 180.79 83 177.53 245.00 147.30 118 110.04 124.31 98.43
14 509.00 367.02 506.71 49 198.88 168.88 197.76 84 148.74 191.48 148.68 119 110.64 151.62 116.88
15 506.00 506.00 430.76 50 218.93 244.34 216.07 85 134.06 141.94 150.97 120 170.47 142.34 144.39
16 460.39 364.46 488.25 51 199.63 500.83 216.87 86 209.39 258.02 213.90 121 194.51 246.68 215.21
17 506.00 503.07 422.48 52 192.28 504.00 264.85 87 258.43 214.07 219.49 122 6.26 6.30 3.60
18 506.00 393.56 506.00 53 189.75 495.30 344.10 88 199.48 301.37 281.46 123 15.91 26.67 23.54
19 505.00 315.00 498.29 54 207.98 504.00 320.35 89 230.98 335.60 280.06 124 66.74 32.51 37.06
20 505.00 393.80 505.00 55 253.72 471.00 237.43 90 219.16 231.48 201.30 125 22.18 25.28 14.55
21 407.28 505.00 365.67 56 529.01 514.79 500.48 91 188.72 336.21 185.39 126 17.07 28.23 14.56
22 421.09 475.24 438.14 57 248.47 278.25 341.00 92 549.15 552.50 575.40 127 14.60 22.55 13.95
23 466.82 505.00 495.76 58 379.10 566.60 379.24 93 547.50 519.27 547.50 128 268.17 334.00 205.69
24 486.78 354.65 505.00 59 153.05 190.76 194.27 94 803.24 820.40 820.58 129 7.35 8.03 4.55
25 537.00 515.00 537.00 60 216.15 263.31 226.14 95 831.14 822.52 813.95 130 19.10 14.35 17.13
26 432.83 449.13 428.29 61 320.09 464.24 398.08 96 638.49 680.79 651.09 131 5.53 16.18 11.57
27 445.39 288.66 382.87 62 168.23 302.00 131.30 97 663.23 711.92 656.49 132 83.33 55.57 63.42
28 452.40 346.54 444.97 63 329.93 511.00 472.44 98 718.00 661.85 718.00 133 10.00 6.19 5.91
29 501.00 322.41 351.97 64 249.00 380.40 397.41 99 720.00 682.96 720.00 134 54.21 56.51 50.99
30 417.09 445.15 458.29 65 327.49 389.66 269.54 100 948.43 917.37 956.53 135 53.94 48.10 55.88
31 506.00 506.00 488.05 66 289.10 452.53 261.46 101 928.88 945.12 953.14 136 53.56 94.81 49.73
32 492.20 431.42 451.56 67 435.30 213.40 271.36 102 912.91 895.75 939.74 137 20.85 21.65 26.04
33 506.00 411.95 496.48 68 408.58 200.53 307.17 103 934.00 864.53 871.95 138 18.51 8.22 11.75
34 342.66 454.56 414.50 69 147.85 140.04 207.53 104 935.00 888.83 892.83 139 10.13 7.98 17.92
35 484.32 500.00 476.74 70 344.12 356.00 285.94 105 829.84 837.44 854.30 140 28.47 28.11 31.79

3.5.6 Robustness Analysis

A statistical analysis is performed with 30 independent trials to compare the performances

of CEPPS-1 and CEPPS-2. The Test power system-1 has been considered for the robust-

ness analysis. Thirty independent trials are performed in both cases 1-3, for ELD of the

system using CEPPS-1 and CEPPS-2. The corresponding data statistics are tabulated in

Table 3.14, from where it is evident that CEEPS-1 has provided better solution quality,

whereas CEPPS-2 has provided problem’s solution with lesser standard deviation.

Table 3.14: Test power system-1, Descriptive statistics

Attributes CEEPS-1 CEEPS-2
Case-1 Case-2 Case-3 Case-1 Case-2 Case-3

Maximum 623.78 624.23 623.8 623.76 626.45 623.76
Minimum 623.75 623.87 623.76 623.75 623.88 623.77
Mean 623.76 623.96 623.76 623.76 624.11 623.76
S.D. 0.0047 0.061 0.009 0.0031 0.051 0.002
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3.6 CONCLUSION

In this chapter, a hybrid called chaotic evolutionary programming and pattern search

(CEPPS) has been presented. The CEPPS follows a chaotic map sequence of random

numbers. In order to enhance the exploration capability Powell’s pattern has been in-

troduced in the search process under stochastic control. The two chaos maps, namely

Gauss map and Tent map are considered for performance analysis of CEPPS. The pro-

posed algorithm is investigated as a solution procedure to solve MOLD. The conflicting

objectives of MOLD have been taken care by surrogate worth trade-off approach. Com-

puter simulations are performed on generalized test functions and MOLD problems to

verify the effectiveness of CEPPS variants. The numerical results of generalized bench-

mark problems reveal that tent map based CEPPS has better search capability to find

the optimal solution in the majority of test problems. The experimentation on Test power

systems have shown that for a smaller power generation system, the CEPPS variants have

obtained a better solution than the results available in the literature. In specific cases,

the results are comparable with the synergic predator prey optimization and composite

particle swarm optimization algorithm. However, while handling the ELD of higher power

generation systems, the CEPPS variants have resulted in premature convergence. While,

dealing with MOLD of smaller system, it is observed that the CEPPS has obtained the

better solution than a few algorithms considered for comparison, whereas for other sys-

tems it has resulted in premature convergence. Further, it is observed in comparison

to the Gauss map based CEPPS, tent map based CEPPS has better ability to search

solution, while dealing with test power systems.
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MULTIOBJECTIVE LOAD DISPATCH USING

ADAPTIVE PREDATOR PREY OPTIMIZATION

4.1 INTRODUCTION

Real-world optimization problems, related to engineering field, are mostly multiobjective

optimization problems with conflicting goals, which have a cumbersome solution proce-

dure. Multiobjective load dispatch (MOLD) is unitary of the main problems of power

system operation. The objective of MOLD problem is to operate the power generators in

such a way that it generates required load demand and minimizes the operating costs and

pollutants emission objectives simultaneously while satisfying physical and operational

constraints. In later years, the MOLD has attained considerable attention, as it results

in beneficial economics and pollutant emission.

On the basis of the process applied to tackle multiple objectives of a problem, the

MOLD solution approaches are classified in three categories [268]. The first approach

treats pollutant emission as a constraint with permissible limit, but it is silent regarding

trade-off front information [31], time consuming, results in weak non-dominated solutions

[122] and requires a set of parameters to provide feasible solutions [147]. The price penalty

method is an alternative approach, but it is unable to come up to the conflict of objectives.

The second approach treats gaseous pollutant emission as an objective along with operat-

ing fuel cost function. The problem is undertaken as single objective, using the weighting-

sum method [93, 277]. The weighting method belongs to priori articulation of preference

category [147] and allows the user to specify preferences, which may be articulated in
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terms of relative importance of different objectives. These parameters are continuously

varied in an attempt to present the complete Pareto front. This method has advantages

of least programming and computation complexity. The major drawbacks of weighting

method are that the priori selection of weights does not assure acceptability of the final so-

lution, inability to obtain points on non-convex portions of Pareto front, lesser preference

articulation potential, require multiple trails of algorithm with user specified preferences

and uneven spread of points on Pareto-curve [70]. The third approach considers both

operating fuel cost and gaseous pollutant emission simultaneously as competing objec-

tives [268]. Due to the development of multiobjective evolutionary algorithm (MOEA)

this approach has received wide interests as a Pareto-optimal solution set can be obtained

in a single run. Some of the MOEA techniques are summarized as a Nitched Pareto Ge-

netic Algorithm (NPGA) [359], Non-dominated sorting Genetic Algorithm (NSGA) [286],

MOEA [121], Strength Pareto Evolutionary algorithm (SPEA) [121], SPEA-II [330] and

adaptive group search algorithm [438]. Still, these algorithms have some drawbacks such

as NSGA is unable to maintain lateral diversity and uniformity of Pareto-front [341],

Multiobjective Differential Evolution (MODE) ends up with premature convergence while

handling multi-modal problems [345]. The MOEA approach, when used with a problem

having large number of objectives, Pareto dominance sorting based approach becomes

ineffective in finding out the quality solution [341]. The MOEA results in Pareto solution

set and if these solutions are more uniformly distributed in Pareto front, the quality of

the solution becomes better and one such quality measure is discussed in [129].

To get the quality global solution of the MOLD problem with better computational

efficiency is still a potential research field. A view of conventional techniques applied

to solve MOLD problem is summarized by Talaq and El-Hawary [51]. The traditional

gradient based optimization techniques may not converge to feasible solution with non-

differentiable and/or has a discontinuous objective function [364]. Abido [268] has applied

Pareto based multiobjective procedures to handle conflicting targets of MOLD problem.

The alternative techniques to solve MOLD are multiobjective chaotic ant swarm opti-

mization algorithm [307], multiobjective harmony search algorithm [351], combination of

differential evolution and biogeography based algorithm [331], chaotic artificial bee colony
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[423]. The fuzzy theory based approaches, such as fuzzy logic controlled genetic algorithm

[74], fuzzy based modified bacterial foraging activity [312] are also used for solving MOLD.

Evolutionary algorithms (EA) are stochastic optimization techniques that mimic the

simplified model of the natural development process. The success of EA is due to their

parallel processing mechanism, which results in an extended exploration of the search

space. In the previous decade population based optimization techniques Genetic Algo-

rithm (GA) [126], Simulated Annealing (SA) [133], Evolutionary Programming (EP) [91]

and Particle Swarm Optimization (PSO) [54] are applied on a variety of applications.

In comparison to other population based techniques, PSO has emerged as computation-

ally better technique in terms of memory and speed [317]. Despite having the benefits

of computational efficiency, the basic PSO suffers from problem of parameters tuning

and uniqueness of solution [197]. To improve the global search capability many revised

versions of PSO are available in the literature. These mainly focus on improvement in

the evolution process, exploring best parameter combinations, reducing inertia weight,

constriction factor [317], quantum behavior [317], chaotic concepts [245], neighborhood

topologies [114] etc.

The introduction of predator-prey behavior was another attempt to ameliorate the

performance of PSO resulting in Predator Prey Optimization (PPO) [197, 118]. In the

PPO, a second population of particles, called predators balance exploration and exploita-

tion. The predator has a different dynamic behavior of the prey particles. A best prey

individual in the swarm enchant predator, while the prey particles are annoyed by the

predator’s presence (refer section A.2 appendix A). The intensity and frequency of the

interactions between predators and prey sustain diversity in the swarm, especially when

it is approaching convergence, thus cutting the risk of convergence to local sub-optima

[197]. PPO is successfully applied to power system optimization problem [361]. At the

same time, it is observed that the PPO’s performance is also parameter dependent and

the decision of prey to retreat from predator does not resemble a natural decision making

procedure. So, there is still a scope to modify the model of PPO and recently, PPO

hybrids [400] are suggested to solve multi-modal problems. Further, a PPO’s redefined

model based on prey’s decision making is introduced, but this model too uses partial

97



CHAPTER 4

aspect of the decision making.

The natural decision-making process is influenced by recognition of circumstances

and one such paradigm is Recognition Primed Model (RPD) [396]. Reinforcement and

inhabitation are two important aspects of decision-making. Thus, Adaptive Predator

Prey Optimization (APPO) algorithm is suggested, where the fear factor depends on the

cognitive and social behavior of preys. It ensures continuous mobility (magnitude and

direction) of prey and hence resulting better diversification of solutions in the domain

throughout the search process. In addition, in case of velocity limit violations, the velocity

changes in discrete steps in view of predators position. It results in steady movement of

particles and hence better exploitation of the search area.

The intent of the chapter is to solve MOLD problem using the modified weighting

method. The modified weighting method proceeds as an interactive process instead of a

priori approach of conventional weighting method, as it overcomes inability to generate

an acceptable solution in a single trial of conventional weighting method. The proposed

APPO approach is used to obtain the optimal solution of MOLD. In APPO, the state

of mental ambiguity of prey is exploited to determine the effective direction of prey’s

movement. Preys follow kinematic rules to handle velocity limit violation and have a

feature of adaptive velocity limits for preys. A fuzzy based decision-making approach

updates the best-compromised solution. To corroborate the effectiveness of proposed

solution approach standard electrical power system networks having small, medium and

big power generation capacity is employed. At the same time, to give a naturalistic

aspect of load dispatch problem, multiobjective case of multi-fuel system and 140 units

Korean system are simulated. Multi-fuel system considers transmission losses along with

nonlinearities of valve point loading, ramp rate limits and Prohibited Operating Zone

(POZ). The results obtained by the proposed solution approach are compared with the

results of available state-of-the-art algorithms. The proposed solution procedure has a

lesser computation requirement and ensures acceptable solution in a single run.

This chapter is divided into seven sections. Section 4.2, presents conceptual details of

APPO algorithm. Section 4.3 proposes weighting approach as an interactive approach.

Section 4.4 presents decision making to find the best solution. The section 4.5 presents
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the proposed solution approach to solve MOLD problem. Section 4.6, presents numerical

results by the proposed method and compares with some of the most recently published

work. Finally, Section 4.7 concludes the chapter.

4.2 ADAPTIVE PREDATOR PREY OPTIMIZATION

APPO is a refined swarm based search procedure, sharing mathematical foundations of

the PPO concept (section A.2, Appendix A). The possible solutions of the problem

are prey. Another principle component of APPO is a predator, whose intention is to

chase the best position of prey particle. During this tracking, the prey particles near

predator try to move away. In PPO, the preys decision for a safe position is based on

fear, which is related to specific behavior of escape and avoidance (section A.2, Appendix

A). Whereas in APPO, the fear factor is proposed in relation to the indecisive state of

mind having previous best experiences (reinforcement) as well as revulsion for a predator

(inhibition). Thus, to exemplify this behavior of prey, it becomes necessary to split fear

factor into two roles i.e. cognitive fear and social fear. It is considered that fear of

predator is remembered by the prey, considering its previous experience cognitively as

well as socially. Therefore, in APPO previous individual and swarm experiences decide

the diversity of the prey particles. At the same time, prey particles restrict their movement

by adjusting the minimum and maximum velocities adaptively. Moreover, prey particle

adjusts its velocity on the violation of velocity limits considering the predator’s position.

The ensuing sub-sections outline the detail of APPO. The fundamental of APPO approach

is to roughly mimic the RPD model of naturalistic decision making [40]. To implement

this model prey’s fear is treated as social fear and cognitive fear. The new direction of

prey’s movement will depend upon fear factor, which is the ability of prey to recognize

danger leading to an impulse to flee/ confront it. The relative proximity of individual’s

best position and global best position from the predator jointly influence fear factor. The

ultimate purpose of the alteration is to maintain diversification among swarm positions,

by applying varying impact of individual and social behavior according to fear component.
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Thus, the velocity update rule becomes:

vt+1
ij = wvtij+c1rand()(xBij − xtij) + rand()a1γe

−bβi1 + c2rand()(gBj − xtij)

+ rand()a2γ e
−bβ2 (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (4.1)

and

γ =


0 ;Pf < Ff

1 ;Pf ≥ Ff

where a1 and a2 represents the maximum amplitude of the predator’s effect over prey

due to cognitive and social behaviors, respectively. βi1 and β2 are factors that depend on

prey’s experience and predator position given by expression:

βi1 =

√√√√ Ng∑
j=1

(
xBij − xij

)2
and β2 =

√√√√ Ng∑
j=1

(
gBj − xpj

)2

4.2.1 Discrete Velocity Variation

In addition, the prey’s velocity should not violate the extreme limits, so that, the move-

ment of a particle remains within the search domain. In case of velocity limit violation,

the prey cannot change velocity abruptly due to the presence of a predator. On the other

hand, the prey may violate limits to have a narrow escape from a predator. So, the change

in velocity change is based on predator’s position resulting in fear to prey. Thus, in this

paper an iterative procedure is taken over to adjust the velocities, until the velocity limits

are met. Mathematically, it is presented as:

vtij = vtij + rand()(vmax
ij − vmin

ij ) + c4rand()γ
(
xtpj − xtij

)
(4.2)

(j = 1, 2, ..., Ng; i = 1, 2, ..., NP )
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The positions of prey particles are updated using following relation:

xt+1
ij = xtij + vt+1

ij (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (4.3)

4.2.2 Adaptive Velocity Limit

Further to explore the search area effectively, it becomes necessary that as the swarm

moves ahead towards a solution, the velocity limits are adjusted in a certain fashion,

so that the swarm particles changes their position in variable step size within velocity

restrictions. Therefore, velocity range reduces depending on the moves of the swarm as

described below:

vmin
j = vmin

j + δt (j = 1, 2, ..., Ng) (4.4)

vmax
j = vmax

j − δt (j = 1, 2, ..., Ng) (4.5)

where δt = δt

ITmax (m−MOD (tmax,m)) and ITmax is the maximum number of swarm

moves. m is the value to be fixed such that m < ITmax.

4.3 WEIGHTING SUM METHOD

The conventional weighting sum method converts MOLD constrained optimization prob-

lem into a single objective constrained optimization problem. Weighting method gives

non-inferior solution set when searched by varying assigned weights, wk to the objectives

and it requires enormous computation time to determine the complete Pareto front by

varying the weights. To surmount these problems, the present work treats the preference

weight vector as search variables and is updated as iterative process continues. Therefore,

the assigned weights, wk to objectives are searched along with decision vector Pj using

APPO. Each movement of swarm provides a set of non-inferior solutions. The thermal

power dispatch problem (Eq. (3.1)) is rewritten by assigning preference weights as below:
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Minimize

F (xj) = wkfk (xj) (k = 1, 2, ...,M) (4.6)

subject to

M∑
k=1

wk = 1, wk ≥ 0

and constraints represented by Eqs. (3.3) to (3.7)

where M is number of objectives, wk ∈ [0, 1] is kth normalized weight, fk is the kth

objective function.

Pareto front/efficient frontier is a set of Pareto efficient choices from the available options.

multiobjective optimization problems with conflicting goals result in a set of optimal

solutions, instead of single optimal solution, because no solution can be called better

than other solutions with respect to all the objectives [268]. Let P is a non-inferior

solution vector of multiobjective problem, when w1 and w2 weights are assigned to f1(P )

and f2(P ) objectives, respectively. Similarly P∗ is non-inferior solution of multiobjective

optimization problem when w∗1 and w∗2 weights are assigned to f1(P ) and f2(P ) objectives

respectively. A point P ∗ is non-inferior if there does not exist another point P ∗χ, such that

F (P ) = F (P ∗) and f1(P ) < f2(P
∗) for at-least one objective function. As weightage w1

decreases, the weightage, w2 to the objective function, f2 will increase because the weights

are normalized. Since the objectives are of a conflicting nature, so the solution generated

by a given weightage identifies the non-inferior solution that may provide compromised

solution. A decision maker has to make trade-off within the Pareto-frontier, rather than

considering the full range of every parameter.

4.4 FUZZY DECISION MAKING

The main purpose of decision maker is to select a solution, which satisfies all conflicting

goals, while living up to the constraints of the system. Considering the imprecise nature of

decision maker’s judgment, the decision maker may have imprecise goals for each objective
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function. The decision maker finds membership function, µ(fk) in a subjective manner by

taking account of minimum and maximum value of each objective function together with

the rate of increase of membership functions. The membership value of objective function

in a fuzzy set, indicates the satisfaction of a solution to the kth ∈ [0, 1] objective function

µk(fk) assumes strictly monotonically decreasing and continuous function, defined as:

µk (fk) =


1 ; fk ≤ fmink

fmax
k −fk

fmax
k −fmin

k
; fmink < fk < fmaxk

0 ; fk ≥ fmaxk

(k = 1, 2, ...,M) (4.7)

where fmink and fmaxk are the extrema of kth objective function, M is number of objective

functions.

Fuzzy operator max − min evaluates the dominance level by using satisficing function

mentioned below, of the generated solution by considering all the objectives simultane-

ously. Maximum value of satisficing function value decides the best solution.

µC = Max {Min {µk(fk) (k = 1, 2, ...,M)}} (4.8)

4.5 SOLUTION METHODOLOGY

The solution approach used in this paper to solve MOLD problem involves an interactive

weighting sum method that is a modification of the conventional weighting sum method.

In this method, the preference weight is integral part of search variables. The quality

of preference weights is evaluated as a function of the objective function and weights

are updated by APPO along with control variables of the MOLD problem. This change

results in generation and modification of Pareto optimal set as the APPO search procedure

proceeds. Fuzzy decision-making decides the best solution. Variable elimination method

handles equality constraints and penalty method takes care of inequality constraints. The

following section discusses these steps in detail.
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4.5.1 Representation of Swarm

The positions of the swarm are representing the output power of generators and preference

weights of objectives. Each individual position in the swarm presents the solution of

the MOLD problem. The number of generating units and number of objective functions

together gives the dimension of prey particles in swarm. Xi
t is the position of ith individual

in swarm at tth move and vector Xi
t is represented as:

X t
i =

[
P t
i1, P

t
i2, ..., P

t
iNg−1, w

t
i2, w

t
i3, ..., w

t
iM

]T
(i = 1, 2, ..., NP ) (4.9)

where wi1 = 1.0 −
∑M

j=2wij and NP is the swarm size. Ng is the number of generators

and one generator is considered slack generator so Ng − 1 generator and (M-1) weights

are considered as a swarm. The best previous position of the ith particle is recorded and

represented as Xi
B= [xi1

B, xi2
B,. . . , xin

B] T and (n = Ng + M − 2). The best particle

position among all the particles in the group is represented by gi
B. The velocity of particle

is represented as Vi
t= [vi1

t, vi2
t,. . . , vin

t] T .

4.5.2 Initialization of Swarm and Predator Position

In APPO, the initial swarm and predator positions are randomly generated within the

operational constraints of generators In the absence of any prior knowledge about the

optimal solution, the positions of prey particles and their corresponding velocities are

generated randomly within their specified limits [xminj , xmaxj ] and [vminj , vmaxj ] respectively

as:

xij = xminj + rand()(xmaxj − xminj ) (j = 1, 2, ..., n; i = 1, 2, ..., NP ) (4.10)

vij = vminj + rand()(vmaxj − vminj ) (j = 1, 2, ..., n; i = 1, 2, ..., NP ) (4.11)

where vj
minand vj

max values are considered as suggested by [118] and n = Ng +M − 2.

A second particle called predator balances exploration and exploitation. The predator po-
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sition, xpjand velocity vpj having dimensions (n=Ng+M-2)are initialized randomly within

the maximum and minimum limits as follows:

xpj = xmin
pj + rand()

(
xmax
pj − xmin

pj

)
(j = 1, 2, ..., Ng) (4.12)

vpj = vmin
pj + rand()

(
vmax
pj − vmin

pj

)
(j = 1, 2, ..., Ng) (4.13)

where xmin
pj , x

max
pj , vmin

pj and vmax
pj are the lower and upper limits on predator’s position and

velocity respectively.

4.5.3 Heuristic Random Search to Generate Feasible Solution

The heuristic random search strategy is applied to generate feasible solution by varying

the thermal generation to satisfy the power balance constraint. The unmatched power is

distributed randomly among the committed generators, while satisfying the power gener-

ation limits. The generator’s power is updated as:

xij = xij +
R5 αi
PD

(
xmax
j − xmin

j

)
(j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (4.14)

where αi =
(∑Ng

j=1 xij − PD − PLi
)

is scaled random number.

The process is repeated until the equality constraint given by Eq. (3.3) is satisfied or

|αi|= ε (tolerance criteria).

4.5.4 Constraint Handling

The non-linear, scalar objective constrained optimization problem can be solved by direct

and indirect methods. In direct methods, the constraints are incorporated in an explicit

manner, whereas in indirect methods, the constrained optimization problem is converted

into unconstrained optimization problems and is solved as an unconstrained minimization

problem [472]. In case dependent generator violates an inequality constraint, it is secured

to its respective minimum/maximum limit. Variable elimination method handles equality

constraints and penalty method takes care of inequality constraints of slack unit.

1. Equality constraint: Theoretically, variable elimination method eliminates one
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variable in an optimization problem with one equality constraint. The eliminated

variable is called slack variable. The slack variable (generator unit) acts as a depen-

dent variable, which is liable for maintaining power balance between generators and

load demand. Let Ps be the randomly selected slack generator among committed

Ng units to satisfy the energy balance constraint. The power output of the slack

unit is computed from the energy balance Eq. (3.3). On simplifying Eq. (3.3) and

(3.4), a quadratic equation is obtained and is written as given below:

BssP
2
s +

 Ng∑
j=1
j 6=s

(Bjs +Bsj)Pj +Bso − 1

Ps (4.15)

+

PD +Boo +

Ng∑
j=1
j 6=s

Ng∑
j=1
j 6=s

PiBijPj +

Ng∑
j=1
j 6=s

BjoPj −
Ng∑
j=1
j 6=s

Pj

 = 0

The positive, non-imaginary roots of the above quadratic equation give the value of

dependent generator Ps.

2. Inequality constraint: The boundary conditions of slack generator is taken care

by exterior penalty method, because the solution becomes infeasible on violation of

limits. The augmented objective function becomes:

F (P ) = fk + r
[
min (0, (Ps − Pmax

s ))2
]

+ rk

[
min

(
0,
(
Pmin
s − Ps

))2]
(4.16)

where rk is the penalty constant with sufficiently large value.

3. Ramp rate limit constraint

The generator ramp rate being an inequality constraint restricts the operating range

of committed units between two adjacent periods. It is represented by Eq. (3.6)

and (3.5). This constraint is undertaken by adjusting the minimum and maximum
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limit of generator’s power as follows [126]:

max
(
Pmin
j , P 0

j −DRj

)
≤ Pj ≤ min

(
Pmax
j , P 0

j + URj

)
(j = 1, 2, ..., Ng) (4.17)

4. Prohibited operating zone constraint

The POZ constraints on the system are specified by the Eq. (3.7). The operation

avoids the generation in these areas, for better performance of the system. A heuris-

tic approach is applied to adjust the generator’s power within a permitted range, in

case the POZ limits are violated. The prohibited zone is avoided by updating the

generation as described below:

Pj =


PL
j,NZ−1 + rand()

(PU
j,NZ−1−P

L
j,NZ−1)

PU
jNZ−1

; Pj ≤ PL
j,NZ

PL
j,NZ+1 + rand()

(PU
j,NZ+1−P

L
j,NZ+1)

PU
j,NZ+1

; Pj ≥ PU
j,NZ

Pj ; else

(j = 1, 2, ..., Ng)

(4.18)

The power of the generator is updated repeatedly until there is no violation of

prohibited zones.

4.5.5 Objective Function

Once the individual objective function’s membership values are obtained (Section 4.1),

the fuzzy max, min operator is employed to handle the conflicting objective functions as

follows:

µC = Max (Min{µ (fk) (k = 1, 2, ...,M)} i = 1, 2, ..., NP ) (4.19)

The fuzzy operator evaluates the satisfaction/dominance level simultaneously achieved by

all the objective functions during operation for each generated solution. Decision making

process selects best-compromised solution, one having the maximum satisfaction level

(µC) known as satisficing function value. The Eq. (4.19) is the objective function of the
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problem under consideration, which is maximized by APPO algorithm.

4.5.6 Position Update of Prey and Predator

The positions of prey, represents the power generation of thermal generator and pref-

erence weights assigned to objective functions. In total there are n decision variables,

such that n = Ng + M − 2. A population of size n is initialized stochastically. In an

iterative process, the reinforcement and inhibition factors guide the movements of preys

for improvement, which depends upon previous best experience and predator’s presence

(Section 4.2). Swarm’s best position directs the predator’s position. The iterative pro-

cess continues until a termination criterion is satisfied. The termination criteria used in

this paper is the number of swarm moves (ITmax). Figure 4.1 depicts a stepwise solution

procedure.

4.6 SIMULATION CASES AND RESULTS

To prove the validity of the proposed solution approach to solve MOLD problem, bench-

mark problems related to power system operation are considered. Many researchers

around the world have taken on these problems for standardized uses.

4.6.1 Test Power Systems

In order to illustrate the effectiveness of the proposed methodology, various test prob-

lems tabulated in Table 2.2 are considered for simulation and analysis. The problems

considered have both equality and inequality constraints on decision variables as well as

the nonlinearities due to valve point loading effect, ramp rate limits, prohibited operating

zone and multiple fuels. Some case considers the transmission loss and presents the prac-

tical modeling of systems. The small power system is a multi-fuel power system with 10

generators while medium capacity power systems consist of 40 and high power generation

capacity system has 140 generation units. The paper compares achieved MOLD results

by the proposed method with other tested and reported population based optimization

techniques in the literature.
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Start

M, NP and ITmax

Initialize prey position’s randomly representing (Ng +M − 2)search variables

Initialize the predator’s position

Initialize iteration counter t=1

Initialize prey counter i=1

Update Prey position

w2 = 1− w1

Compute slack variable and check its limits

Evaluate cost (f1) and emission (f2) objective functions

Interact with decision maker for prefrences using (Min(w1µ(f1), w2µ(f2)))

Update individual best position PB
ij

Update Pareto-frontier with available non-dominated solutions

++i≤NP

Update global best position gB

Update Prey’s velocity limits

Update predator’s position

++t≤ITmax

Stop

No

No

Yes

Yes

Figure 4.1: Flow chart of APPO based solution approach
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4.6.2 Parameter Setting

The value of parameter c1 and c2 are taken as 2.0 as suggested by Kennedy et al. [114].

Similarly, on the basis of literature by Silva et al. [118] c3, cp, a, b and Pf are taken 0.05,

2.0, 0.01, 100 and 0.36, respectively. These parameters remain same for all the problems

undertaken to study. The swarm size and number of swarm moves are decided according

to the size of the problem and are specified in the ensuing sections.

4.6.3 Test Power System-1

The first test power system has multiple fuel options for its generators. The study inves-

tigates six cases of multiple fuel power system for 2700MW power demand. To obtain

the solution of the first three cases (ELD), the swarm size, NP is set to 20 and number of

swarm moves, ITmax is fixed at 200. The Table 4.1 shows the cost comparison of Case 1

to 3. To compare the performance, the results of Biogeography based optimization (BBO)

Table 4.1: Test power system-1, comparison of cost (PD = 2700MW )

Algorithm cost($/h)
Case-1 Case-2 Case-3 Case-4 Case-5 Case-6

BBO [306] 624.51 – –
CCPSO [321] – 623.82 – – – –
CGA-MU [373] 623.80 624.71 – – – –
DE [373] 623.80 624.46 – – – –
DEBBO [305] 624.51 – –
ELHN [369] 624.51 – –
IGA [163] 624.51 – –
IGA-MU [163] 623.80 624.51 –
KHA [397] 624.51 – –
PSO[373] 623.80 624.24 –
QP-ALHN [376] 623.80 – 624.32
SPPO 623.80 623.82 624.32 700.29 700.77 700.48
CEPPS-1 623.75 623.87 623.76 699.70 699.54 704.94
CEPPS-2 623.75 623.88 623.77 699.77 699.73 700.60
APPO 623.80 623.82 624.32 699.30 699.40 700.41

[306], Composite Particle Swarm Optimization (CCPSO) [386], Conventional Genetic Al-

gorithm with Mutation Update (CGA-MU) [163], Differential Evolution (DE) [373], Im-

proved Genetic Algorithm (IGA) [163], Improved Genetic Algorithm with multiplier update

(IGA-MU) [163], Improved Particle Swarm Optimization (IPSO) [373], Hybrid of DE and
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Table 4.2: Test power system-1, Cost and emission for ELD and MED respectively

Case ELD MED
Min. Cost($/h) Max. Emission(lb/h) Min. Emission(lb/h) Max. Cost ($/h)

1 623.84 11834.1 105.8 691.32
2 623.85 12057.0 125.75 694.46
3 624.32 14645.46 112.3 701.0
4 699.3 39385.22 125.2 769.08
5 699.4 34766.98 125.2 762.69
6 700.41 25303.79 125.42 759.25

Table 4.3: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-1 Case-2 Case-3
Cost($/h) Emission(lb/h) µC Cost($/h) Emission(lb/h) µC Cost($/h) Emission(lb/h) µC

CEPPS-1 629.49 1185.10 0.907 629.97 1263.65 0.904 629.62 1208.05 0.924
CEPPS-2 629.52 1192.03 0.907 630.15 1277.18 0.903 628.07 663.66 0.951
APPO 628.85 464.71 0.925 629.34 485.18 0.922 629.66 454.42 0.930

Table 4.4: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-4 Case-5 Case-6
Cost($/h) Emission(lb/h) µC Cost($/h) Emission(lb/h) µC Cost($/h) Emission(lb/h) µC

CEPPS-1 701.31 1049.95 0.971 701.33 981.0 0.972 705.11 879.83 0.920
CEPPS-2 705.10 1129.55 0.916 704.97 972.46 0.920 704.97 3086.99 0.882
APPO 704.82 810.65 0.920 705.32 777.53 0.915 704.42 615.67 0.930

BBO (DEBBO) [386], Krill herd optimization (KHA) [397], Quadratic Programing Aug-

mented Hopfield Neural Network (QP-ALHN) [376], Particle Swarm Optimization (PSO)

[373], Synergic Predator Prey Optimization (SPPO) and Chaotic Evolutionary Program-

ming Pattern Search (CEPPS) algorithms are considered. It is clear from the comparison

table that the generator operating in case-1 is comparable with majority of algorithms,

except CEPPS variants, which have resulted in lesser operational cost by 0.05 $/h. In

case-2, the generation cost is competitive with CCPSO, SPPO and CEPPS. Further, in

case-3 the cost is comparable with SPPO and QP-ALHN and it is slightly higher than

CEPPS variants. In the cases 4 to 6, the transmission losses of the power system net-

work are considered. In these cases also APPO has obtained a better solution than its

counterparts.

In order to obtain the solution of MOLD, the swarm size, NP is set to 30 and num-

ber of swarm moves, ITmax is fixed at 200. Table 4.3 and 4.4 presents the comparison

of the obtained compromised solution for MOLD problem using APPO for the different

cases. The comparison of MOLD solution has been performed using satisficing function

µc. The comparison reveals that the solution obtained by the APPO in case-1, case-2
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Figure 4.2: Test power system 1, case 2, Convergence characteristics comparison

and case-6 is better than the CEEPS variants, whereas in case-3, case-4 and case-5 the

CEPPS-1 and CEPPS-1 respectively have provided better compromised solution. The

corresponding power generation plan is presented in Table 4.5 and 4.6 respectively. The

Test system-1 case-2 and case-5 being complex in nature have been used to investigate

APPO’s convergence behavior. The Fig. 4.2 shows the convergence plot of APPO and

principally similar techniques such as PSO, PPO and APSO. The comparison of conver-

gence characteristics shows that the APPO approaches better solution much faster than

others. With regard to the robustness determination of APPO, 100 independent trials are

performed to obtain the solution and the outcomes are plotted in Fig. 4.3. It is apparent

from Fig. 4.3 that APPO is able to target the solution nearly 100 times. Similarly, the

convergence characteristics comparison of Test system-1, Case 5 has been presented in

Fig. 4.4. The plot reveals that the APPO is able to converge much faster and gives a

better solution than other algorithms. Further, 100 trial runs are performed for this case

to check the robustness of APPO. The Fig. 4.5 depicts the results and the success rate

for APPO is 95%.

4.6.4 Test Power System-2

The Test power system-2 under investigation consists of forty generating units and 10050

MW power demand. In order to, obtain the solution NP is set to 50 and ITmax is fixed at

112



MOLD USING ADAPTIVE PREDATOR PREY OPTIMIZATION

Table 4.5: Test power system 1, MOLD Power distribution (PD = 2700MW )

Case-1 Case-2 Case-3
Generator Fuel type Power(MW) Fuel type Power(MW) Fuel type Power(MW)

P1 2 199.2408 2 201.2327 2 196.7394
P2 1 204.5317 1 203.2297 1 203.5809
P3 3 332.8842 3 334.7695 3 336.3827
P4 3 239.4929 3 239.2826 3 241.8555
P5 1 271.2275 1 267.5679 1 259.9478
P6 3 240.5202 3 237.7867 3 242.8945
P7 1 291.9733 1 294.4651 1 292.8182
P8 3 237.7838 3 234.2989 3 239.4025
P9 3 416.0605 3 415.609 3 416.3802
P10 1 266.2851 1 271.7579 1 269.9986

Figure 4.3: Test power system-1, case-2, Frequency plot of 100 trials

Figure 4.4: Test power system 1, case 5, Convergence characteristics comparison
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Figure 4.5: Test power system-1, Case 5 Frequency plot of 100 trials

Table 4.6: Test power system-1, MOLD Power distribution (PD=2700)

Case-4 Case-5 Case-6
Generator Fuel type Power(MW) Fuel type Power (MW) Fuel type Power(MW)

P1 2 210.8669 2 208.6998 2 205.1568
P2 1 210.2619 1 208.415 1 213.0809
P3 2 440.2899 2 440.6954 3 335.201
P4 3 240.1868 3 238.749 3 241.5196
P5 1 280.3992 1 284.9603 2 344.3734
P6 3 240.2449 3 242.6113 3 245.4348
P7 1 288.5124 1 285.503 1 308.2532
P8 3 239.4828 3 239.3967 3 241.4599
P9 3 420.6798 3 418.9945 3 436.4401
P10 1 270.2317 1 273.0856 1 269.8253
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Table 4.7: Test power system-2, Optimal solution (cost , emission ) comparison
(PD=10500 MW)

Algorithm ELD MED MOLD
Cost Emission Cost Emission Cost Emission µC

Ö105$/h Ö105lb/h Ö105$/h Ö105lb/h Ö105$/h Ö105lb/h

GSA [358] – – – – 1.25782 2.10932 0.486
LMPSO [417] – – – – 1.24668 2.19048 0.612
MABS I [424] 1.21412 3.59901 1.29995 1.766820 1.24490 2.5656 0.551
MABS II [424] 1.21412 3.59901 1.29996 1.766820 1.24491 2.56551 0.551
MODE [330] 1.2184 3.7479 1.2996 1.7668 1.25792 2.1119 0.484
NSGA II [330] – – – – 1.25825 2.10949 0.480
PDE [330] – – – – 1.25730 2.1177 0.429
SEPA II [330] – – – – 1.25807 2.1109 0.483
SMPSO [417] – – – – 1.24660 2.17256 0.617
TLBO [384] 1.21685 3.64593 1.29953 1.766835 1.26020 2.06648 0.458
PPO 1.21413 3.60420 1.29979 1.766843 1.25750 1.99125 0.417
SPPO 1.21402 3.56724 – – – –
CEPPS-1 1.27180 3.74117 1.34516 2.46508 1.28124 3.14471 0.211
CEPPS-2 1.21487 3.63871 1.32889 2.25013 1.28515 3.27227 0.164
APPO 1.21402 3.56724 1.29924 1.76682 1.25667 1.95515 0.499

1000. The Table 4.7 presents the comparison of the solution obtained by applying APPO

with its counterparts.The results are compared with the results of Gravitational Search

Algorithm (GSA) [358], Non-dominated sorting Genetic Algorithm (NSGA) [330], Modu-

lated Artifical Bee Colony (MABS) [424], Multiobjective Differential Evolution (MODE)

[330], Modulated Particle Swarm Optimization (LMPSO) [417], Pareto Differential Evo-

Table 4.8: Test system-3, MOLD power schedule by APPO (PD = 10500MW )

Unit Power (MW) Unit Power (MW) Unit Power (MW) Unit Power (MW)
P1 114.0 P11 318.39 P21 434.28 P31 190.0
P2 114.0 P12 318.39 P22 436.45 P32 189.9
P3 120.0 P13 394.35 P23 434.84 P33 190.0
P4 179.73 P14 394.27 P24 436.25 P34 200.0
P5 97.0 P15 394.28 P25 435.18 P35 200.0
P6 140.0 P16 394.28 P26 434.66 P36 200.0
P7 300.0 P17 489.27 P27 10.0 P37 110.0
P8 300.0 P18 489.27 P28 10.0 P38 110.0
P9 300.0 P19 425.54 P29 11.65 P39 110.0
P10 130.0 P20 423.93 P30 97.0 P40 422.88

lution (PDE) [330], Sinusoidal Modulated Particle Swarm Optimization (SMPSO) [417],

Strength Pareto Evolutionary algorithm (SPEA) [330], Teacher Learner Based Optimiza-

tion (TLBO) [384], Predator Prey Optimization (PPO) and Synergic Predator Prey Op-

timization (SPPO) and Chaotic Evolutionary Programming Pattern Search (CEPPS) as
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Figure 4.6: Test power system-2, Pareto front

shown in Table 4.7. The solutions obtained by using the proposed APPO approach is

better than majority of algorithms considered for comparison. However, APPO has re-

sulted in poor compromised solution in comparison to MABS, LMPSO and SMPSO. A

well-distributed Pareto front has been obtained for this system and is depicted in Fig.

4.6. The MOLD power plan of compromised solution is presented in Table 4.8

4.6.5 Test Power System-3

This test power system, also called Korean power system, has 49342 MW power demand.

In order to, obtain the solution swarm size, NP is set to 60 and ITmax is fixed at 1000.

The results of APPO have been compared with Composite Particle Swarm Optimization

(CCPSO) [321], Continuous Quick Group Search Optimizer (CQGSO) [360], Differential

Harmony Search (DHS) [388], Group Search Optimizer (GSO) [360], Anti Predator Swarm

Optimization (APSO), Predator Prey Optimization (PPO) and Chaotic Evolutionary Pro-

gramming Pattern Search (CEPPS) variants. The Table 4.9 presents the cost comparison

of APPO and its counterparts. The comparison shows that APPO has resulted in a better

quality solution than other algorithms except SPPO, which has resulted in lesser cost by

3 $/h. Further, Table 4.10 presents comparison of ELD, MED and MOLD, from where it

is evident that the APPO has obtained a better quality solution for MOLD. The MOLD

compromised solution is compared using µc and its corresponding generation schedule

has been presented in Table 4.11. For the convergence behavior comparison purpose,
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the result is also obtained using principally similar techniques PSO, PPO, APSO-1 and

APSO-2 and are plotted in Fig. 4.7. It is evident from plotted characteristics that APPO

is capable of obtaining better optimal solution in less number of iterations. Further, from

the frequency distribution table of 30 trial runs is presented in Fig. 4.8, from where it is

evident that for most of the trails, the APPO algorithm is able to obtain the best solution

(µD = 0.815).

Table 4.9: Test power system 3, ELD
solution comparison (PD = 49342MW )

Algorithm Cost ($/h)
CCPSO [321] 1655685.0
CQGSO [360] 1655679.4
GSO [360] 1734405.7
PPO 1655684.0
APSO 1655684.5
SPPO 1655680.0
CEPPS-1 1778880.0
CEPPS-2 1778471.0
APPO 1655683.0

4.6.6 Robustness Analysis

In order to, statistically verify the robustness of APPO, 30 independent trials have been

performed on Test power system-3. The frequency distribution table of 30 trial runs has

been plotted in Figure 4.8. It is evident that for most of the trails, the APPO algorithm

is able to obtain the best solution (µD ≈0.87). The corresponding descriptive statistics

are tabulated in Table 4.12. It is evident from the presented statistics that the APPO

has obtained solutions with the minimum standard deviation.

Table 4.10: Test power system-3, MOLD solution comparison (PD=49342 MW)

Algorithm ELD MED MOLD
Cost($/h) Emission(lb/h) Cost($/h) Emission(lb/h) Cost($/h) Emission(lb/h) µC

SPPO 1655680 7447521 1993416 4699619 1722666 489825 0.801
CEPPS-1 1778880 6613403 1947279 5112745 1831802 5902779 0.478
CEPPS-2 1778471 6538250 1970072 5051650 1815388 5695509 0.527
APPO 1655683 7447800 1993416 4699619 1717937 4919461 0.815
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Table 4.11: Test system 3, MOLD Power distribution by APPO (PD = 49342MW )

Unit Power(MW) Unit Power(MW) Unit Power(MW) Unit Power(MW) Unit Power(MW)
P1 119.0 P29 300.10 P57 215.14 P85 115.0 P113 94.0
P2 164.0 P30 499.0 P58 199.17 P86 207.0 P114 94.0
P3 190.0 P31 506.0 P59 312.0 P87 207.0 P115 285.78
P4 190.0 P32 506.0 P60 338.21 P88 177.05 P116 271.52
P5 158.37 P33 506.0 P61 163.0 P89 189.04 P117 244.0
P6 188.20 P34 506.0 P62 109.88 P90 175.0 P118 95.0
P7 490.0 P35 500.0 P63 511.0 P91 212.34 P119 95.0
P8 490.0 P36 500.0 P64 511.0 P92 575.4 P120 116.0
P9 496.0 P37 241.0 P65 490.0 P93 547.5 P121 175.0
P10 494.98 P38 241.0 P66 373.57 P94 836.77 P122 3.27
P11 496.0 P39 774.0 P67 196.0 P95 837.5 P123 4.0
P12 496.0 P40 769.0 P68 196.0 P96 682.0 P124 15.0
P13 506.0 P41 4.51 P69 130.0 P97 720.0 P125 9.0
P14 509.0 P42 3.0 P70 253.09 P98 718.0 P126 12.0
P15 506.0 P43 220.60 P71 264.52 P99 720.0 P127 10.11
P16 505.0 P44 250.0 P72 405.06 P100 964.0 P128 112.0
P17 506.0 P45 220.98 P73 541.0 P101 958.0 P129 4.0
P18 506.0 P46 207.83 P74 536.0 P102 947.9 P130 5.0
P19 505.0 P47 250.0 P75 540.0 P103 934.0 P131 5.0
P20 505.0 P48 250.0 P76 538.0 P104 935.0 P132 50.0
P21 505.0 P49 250.0 P77 175.0 P105 876.5 P133 5.89
P22 505.0 P50 169.85 P78 330.0 P106 880.9 P134 42.0
P23 505.0 P51 322.95 P79 531.0 P107 813.7 P135 42.0
P24 505.0 P52 289.93 P80 531.0 P108 805.4 P136 41.0
P25 537.0 P53 327.91 P81 256.31 P109 799.7 P137 17.0
P26 537.0 P54 191.76 P82 56.0 P110 864.8 P138 7.87
P27 280.0 P55 180.0 P83 115.0 P111 882.0 P139 7.0
P28 280.0 P56 180.0 P84 115.0 P112 94.0 P140 30.0

Figure 4.7: Test power system-3, Convergence characteristics comparison
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Figure 4.8: Test power system-3, Frequency plot of 30 trials

Table 4.12: Descriptive statistics Test power system-3

PSO PPO APSO-1 APSO-2 APPO
Minimum 0.697660 0.669789 0.603231 0.288766 0.853623
Maximum 0.794423 0.738956 0.646727 0.458544 0.857773
Mean 0.746663 0.701053 0.626049 0.392013 0.856124
S.D. 0.026353 0.016688 0.012065 0.031905 0.001336

Table 4.13: Analysis of the parameter sensitivity Test power system-2

Parameter C1 C2 C3 CP a b Pf
Range 0 to 4.0 0 to 4.0 0 to 1.0 0 to 4.0 0 to 0.002 0 to 2.0 0 to 1
Step size 0.04 0.04 0.01 0.04 0.00002 0.02 0.01
Minimum 0.39 0.23 0.41 0.41 0.41 0.41 0.4
Maximum 0.44 0.43 0.44 0.44 0.44 0.44 0.44
Mean 0.41 0.4 0.42 0.42 0.42 0.42 0.43
S.D. 0.013 0.003 0.007 0.007 0.007 0.007 0.0073
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4.6.7 Parameter sensitivity analysis

Parameter sensitivity analysis, for Test power system-2, is carried out by perturbing

parameter value are by 2� of the used values. Table 4.13, presents the descriptive statistics

for 30 independent trials. It is clear from the standard deviation of results that the

performance of the proposed solution approach is least affected by parameter variation.

An almost similar trend has been observed in statistical analysis of other investigated

systems.

4.7 CONCLUSIONS

The MOLD is a constrained optimization problem having conflicting objectives viz. op-

erating cost and pollutant emission. An interactive method has been applied to handle

objective functions, where non-inferior solutions are generated by searching the weighting

method, and decision-making has been done using fuzzy set theory. In order to avoid

computational effort for obtaining complete Pareto surface, the preference weights have

been searched along with generator’s power using adaptive predator-prey optimization

technique. The suggested method has been employed on three test power systems. The

applied approach results in obtaining well distributed Pareto front in a single run. The

comparison of the numerical results and the convergence characteristics of the overall

membership function values confirm the effectiveness and the superiority of the proposed

algorithm in majority of simulation studies. However, in some of the cases the APPO’s

solution is competitive with other algorithms. For smaller test power system, the best

solution obtained is comparable with synergic predator prey optimization and chaotic

evolutionary programming and Powell’s method. Similarly, for medium power generation

capacity system, the quality of compromised solution is little bit degraded in comparison

to the modulated artificial bee colony and the modulated particle swarm optimization,

respectively. While dealing with ELD of the high power generation system, the cost is

a little bit higher than the synergic predator prey optimization, however the MOLD so-

lution is better than its counterparts. The best solution obtained, gives better quality

in terms of satisfaction of normalized membership function value. The APPO technique
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shows great potential to escape from local optimum solutions due to the concept of men-

tal ambiguity of prey. The adaptive velocity limits depending upon movements of swarm

improves the convergence characteristics. Due to the robust mechanism, the method is

capable of handling any number of objectives and it can be implemented on most of the

practical multiobjective optimization problems.
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SURROGATE WORTH TRADE-OFF METHOD

FOR MULTIOBJECTIVE LOAD DISPATCH

5.1 INTRODUCTION

In the sphere of power system generation scheduling, the Multiobjective load dispatch

(MOLD) problem has drawn extensive attention of the research community. The op-

timization model and analyst’s perception of a MOLD problem become more realistic

with consideration of many objectives simultaneously and generally these objectives are

in conflict with one another [229]. The practical MOLD problem is an optimization prob-

lem that is highly constrained with nonlinear, discontinuous and multi-modal objective

functions/ goals. It is due to the valve-point loading effects, ramp-rate limits, Prohibited

Operating Zone (POZ), spinning reserve requirements etc. So, the problem’s solution

procedure must effectively manage the system constraints and complexities while either

minimizing or maximizing the objectives simultaneously.

The MOLD problem has been solved conventionally by applying golden section method

[15], goal programming [24], Powell’s method [27] and price penalty factor [30] etc. These

techniques are unable to handle complexities of real world engineering problems. Al-

ternatively, the Multiobjective Evolutionary Algorithm (MOEA) and hybrid algorithms

have proven their superiority to solve multi-objective problems. The preferred solution

approaches are Nitched Pareto Genetic Algorithm (NPGA) [122], Non-dominated sorting

Genetic Algorithm (NSGA) [335], NSGA-II [391], Strength Pareto Evolutionary algorithm

(SPEA) [121]. Further, the MOEA based on Particle Swarm Optimization (PSO) [211],
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Differential Evolution (DE) [328], Harmony Search (HS) [407], backtracking algorithm

[398], chaotic bat algorithm [426], chaotic global best artificial bee colony [423] etc. are

recently used. The supremacy of MOEA is credited to parallel processing nature, deriva-

tive autonomy and ability to handle contrary objectives simultaneously.

The Evolutionary Algorithm (EA) is an essential constituent of MOEA. Among the

viable EAs, swarm based optimization technique, PSO is simple [114], memory effective

[245] and computationally efficient algorithm [317]. Despite these advantages, the per-

formance of basic PSO depends on initial swarms and tuning of parameter. PSO also

lacks solution uniqueness and suffers partial optimism [197]. The population diversity is

identified as the prime cause of PSO’s limitations, and its remedies such as neighborhood

topologies [245], parameter adaptation [276] and so on, fails to ensure universality of pro-

cedure. To overcome drawbacks of PSO, the PPO [197] consisting of preys and predator

was proposed. It dynamically adjusts exploration and exploitation and has better ability

to handle multi-modal problems [400]. It has been successfully applied to the engineering

optimization [361] and designing problems [356]. Since, the PPO performance is param-

eter dependent, it is possible that during adaptive exploration-exploitation phase, PPO

lacks useful diversity. A poor quality, but diverse population is less effective to locate

the optimal solution [315]. The hybridization methodology merges a global search algo-

rithm with refinement process and extracts the virtues of the parent approaches, thereby,

materializing an efficient solution approach [203]. The exploration-exploitation aspects

are regulated in a deterministic way, but these techniques require additional computa-

tional overhead. In short, a diverse population is able to generate better non-dominated

solutions and hence ensures acceptable solution of problem in-hand.

The decision maker has to opt a solution from the noninferior solutions stipulated

by MOEA, which can expeditiously attain the conflicting goals. It can be accomplished

by assigning preference to the solutions using a surrogate function [93]. The Surrogate

worth trade-off (SWT) provides an interface between the Decision maker’s (DM) prefer-

ences and the mathematical models associated with non-dominated solutions [395]. SWT

method has the advantage over weighting method proposed in the previous chapter that

it does not require additional variables to be searched by the search algorithm. Among
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the decision making categories, SWT belongs to the posteriori articulation of preferences.

The progressive (interactive) DM iteratively analyzes the available data and update pref-

erences and selection to accomplish conflicting objectives. The decision maker assures

quality solution from available Pareto-frontier to cater conflicting ambiguous goals. The

solution’s quality can be better if Pareto frontier is uniformly dispersed. Among the

Pareto-frontier quality measure approaches such as C-measure, D-measure [92] and U-

measure, the latter is most promising grading criteria [129].

To summarize, an even-handed exploration and exploitation procedure, which delib-

erately maintains useful diversity in the population, is still a wide open field of research.

Further, the algorithm must possess least mechanism complexity and parameter auton-

omy. At the same time, as the choice of objectives is ambiguous the SWT decision maker

requires modification to handle uncertainty and proceed iteratively. Moreover, to verify

that the algorithm has explored a wide range of feasible solutions in the objective space,

the final Pareto-front needs to be investigated for uniformity in solution space.

In the light of these observations, the contributions to MOLD solution approach are:

the foraging behavior decisions have been explored and a composite algorithm Fly and

Walk Predator Prey Optimization (FWPO) is suggested as a solution approach. Among

the constituents of FWPO, the fly and walk procedure progresses iteratively and de-

terministically ensures adaptive exploration and exploitation, resulting in a diversified

population. Further, the problems’ constraints are satisfied by a heuristic approach based

on change of direction, originated from foraging behavior decisions. The fuzzy set theory

oriented SWT decision making is suggested to handle non-commensurable objectives in

ambiguous conditions. It advances as a progressive articulation and selects a suitable

solution among noninferior solution. The performance of FWPO algorithm is analyzed

for solution optimality using standard benchmark test function and hence implemented

to solve MOLD problem. A quality measure procedure called the U-measure is exploited

to indicate the superiority of the Pareto-frontier.

The chapter is organized into five sections. Section 5.2 presents constituents of FWPO

algorithm. The proposed solution methodology is presented in section 5.3. Section 5.4

presents the performance analysis using standard test functions and MOLD problems.
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Finally, the chapter is concluded in the section 5.5.

5.2 NATURAL FORAGING BEHAVIOR BASED PPO

The PSO is a popular search algorithm proposed by Kennedy and Eberhart [54] and

it outperforms other evolutionary algorithms due to its simple mechanism and its com-

putational simplicity. To further improve the performance of PSO, PPO is one of the

well established approaches suitable for multi-modal problems [197]. It works well, if

parameters are tuned properly [361]. In this paper, an important panorama of prey’s nat-

ural foraging behavior called foraging decisions [468] constitutes the solution procedure.

The important aspects of foraging behavior decisions: fly, walk and direction of turn are

modeled as discussed in the following sections. The fly and walk are analogous to the

exploration and exploitive aspects, whereas the direction of turn is related to change of

foraging directions due to restrictions or constraints. The mathematical model of FWPO

algorithm is elaborated as follows:

5.2.1 Prey Position Update: Fly, walk and Direction of turn model

Fly is the act of traveling a long distance (jumps) in search of food locations whereas,

the walk is the activity to travel smaller distances around a location. This natural process

is illustrated in Fig. 5.1. The mathematical model of FWPO algorithm is elaborated as

Figure 5.1: Natural foraging behavior: fly and walk

follows:

1. Fly means traveling fast over long distance. It includes prey movement guided by

previous cognitive (Pbest
ij ) and social (gbestj ) experience as well as fear of predator
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[197]. Mathematically, it can be represented as:

vt+1
ij = wvtij + c1rand()

(
P best
ij − P t

ij

)
+ c2rand()

(
gbestj − P t

ij

)
+ γc3rand()

(
ae−bβi

)
(5.1)

P t+1
ij = P t

ij + vt+1
ij (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (5.2)

where vtij and Pt
ij is prey’s velocity and position at tth interval; w is inertia weight;

c1,c2 and c3 are acceleration constant; rand()∈ [0, 1] is uniformly distributed random

number; a represents the maximum amplitude of predator effect over prey at b

distance; β is the euclidean distance between prey and predator; γ is a probabilistic

fear controlled two state operator.

2. Walk is a movement over small distances. In the present work, it is assumed that the

walk is a momentary unidirectional exploitation by an individual to attain better

position. The walk is realized by perturbing the current position of prey as follows:

P t
ij = P t

ij+


+∆P t

ij ;
(
f(P t

ij + ∆P t
ij) < min[f(P t

ij), f(P t
ij −∆P t

ij)]
)

−∆P t
ij ;

(
f(P t

ij −∆P t
ij) < min[f(P t

ij), f(P t
ij + ∆P t

ij)]
)

0 ; otherwise

(5.3)

If the outcome of walk from current position Pt
j is a failure, perturbing factor is

modified to

∆P t
ij = ∆P t

ij/α ;
∣∣∆P t

ij

∣∣ > ε (5.4)

where α is the small pace; ε is the tolerance band (termination criteria).

On the other-hand, if the success being an outcome of the walk, from the current

position of prey is achieved, then the learning behavior of prey is exploited to modify

position.
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So, the execution of the algorithm includes NF number of flights and Nw number of

walks. The fly and walk procedure switches automatically in an iterative process,

thereby ensuring exploration phase shift to exploitation phase and vice-versa deter-

ministically. This concept ascertains expedition of new potential search regions after

exploitation of pre-explored areas and thus, the ultimate goal of useful diversity is

assured. On the other hand predator’s effect can be exploratory or exploitative, as

it is changing adaptively during the fly process and ensuring faster convergence.

3. Direction of turn (constraint handling): The conventional constraint handling meth-

ods modify the problem under investigation, thereby changing its nature and hence

can affect the performance of the solution procedure [461]. The alternative ap-

proach is the direction of turn decision from the natural foraging behavior. As per

this approach, the trailing prey on recognizing a restriction in its path steers away.

In general, the MOLD problem has constraints imposed by power generators and

load power demand. The violation of generator boundary conditions is fixed to its

respective limit. On the other hand, if the power balance constraint is unsatisfied,

the unmet power is distributed among generators as per following rule:

∆ =


rand()

(
Pr1 − Pmin

r1

)
; (δ < 0)

rand()
(
Pmax
r1
− Pr1

)
; (δ > 0)

(5.5)

Pr1 = Pr1


+∆ ;

(
δ < 0 & |δ| < ∆ &Pr1 > Pmin

r1

)
−∆ ;

(
δ > 0 & |δ| < ∆ &Pr1 < Pmax

r1

) (5.6)

where Pr1 is a randomly selected dedicated power generator, δ is power mismatch

i.e.
∣∣∣∑Ng

j=1 Pj − PL − PD
∣∣∣; r1 ∈ [1, N g] is the direction of diversion.

4. Velocity squeezing: In order to explore the search area effectively, it becomes nec-

essary that as the swarm moves ahead towards a solution, the complete search

mechanism should help to balance exploration and exploitation. Therefore, the ve-
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locity limits, which are responsible for the movement of a swarm, are adjusted in

a certain fashion. It ensures that the swarm changes their position in variable step

size within velocity restrictions. Therefore, velocity range reduces by the adaptive

mechanism described below:

vmaxj = vmaxj − δt (j = 1, 2, ..., Ng) (5.7)

vminj = vminj + δt (j = 1, 2, ..., Ng) (5.8)

Where δt = δt(m−MOD(tmax,m))/NF ; m < NF and NF is the maximum number

of swarm flights.

5.2.2 Predator Position Modification

The principle approach of a predator is to chase swarm best position. The predator’s

velocity vpj and position Ppj are modified as:

vpt+1
j = cprand()

(
gbestj − Pptj

)
(j = 1, 2, ..., Ng)

Ppt+1
j = Pptj + vpt+1

j (j = 1, 2, ..., Ng) (5.9)

where cP is the acceleration constant for predator.

5.3 Proposed Solution Approach

The solution approach to solve the MOLD problem, involves three main parts (i) The

FWPO procedure to generate noninferior solutions (ii) Interaction with the SWT deci-

sion maker and (iii) The U-measure procedure to observe the quality of non-dominating

solution set. The stepwise flowchart of solution approach is shown in Fig. 5.2 and is

explained in the following sections:

5.3.1 Solution representation and initialization

The swarm position represents the power of a generator. The initial positions of the swarm

and predator are randomly generated within respective limits. Each individual position in
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Start

NP , NF ,M, NW and ITmax

Initilze prey position’s randomly representing search variables

Inilize the predator’s position

Inilize iteration counter t=0 and populaton counter i=0

Evaluate objective functions i=0

Update the Pareto-frontier

Interact with decision maker for prefrences

Update individual best postion

++i≤NP

Update global best position

Prey fly and turn— MOD(t,NF )≤0 Prey walk and turn

Update predator position

++t≤ITmax

Evaluate quality of Pareto-frontier

Stop

No Yes

Yes

No

No

Yes

Figure 5.2: Flow chart of FWPPO based solution approach

the population, presents the solution of the feasible space of MOLD problem. The position

of ith particle at tth iteration is denoted by Pt
i, where Pt

i =
[
P t
i1, P

t
i2, ..., P

t
iNg

]
. The pre-

vious best position of the ith prey particle is represented as Pbest
i =

[
P best
i1 , P best

i2 , ..., P best
iNg

]
.

The swarm’s best position is represented by gbestj . The predator’s position is represented

as Ppt =
[
Ppt1, Pp

t
2, ..., Pp

t
Ng

]
.
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5.3.2 FWPO Components Update

The swarms’ cognitive experience Pbest
i is updated by comparing the presently assessed

swarm positions with the previously memorized experience, based on the quality inferred

by SWT function (Eq.(3.23)). The overall best position among individual’s best positions

is memorized as the global best experience gbestj . The velocity of prey is updated using the

fly and walk procedure described by Eqs. (5.3-5.4). In case the prey velocity violates the

bounds it is fixed at respective limit. If the prey positions violate the equality constraint,

the direction of turn starts corrective measure using Eq.(5.5-5.6), and compensate for

constraint violation. In this paper, maximum number of swarm flights (NF ) is taken as

the stopping criterion. On satisfying the termination criteria, the global best solution

gbestj is treated as solution of the problem.

5.3.3 Pareto Uniformity Measure

Leung et al. [96] has described the procedure used to measure the uniformity of solutions

over the nonlinear hyper surface. Since the objective functions have different domains,

the objectives are normalized, and the distance between any two noninferior solutions

in the objective space is obtained. The discrepancy between two Pareto points can be

interpreted as the deviation of distance (dl) between two consecutive solutions from the

ideal distance (dideal). The distance dl between any two solutions in the objective space

is defined as:

dl(Fm, Fn) =

[
D∑
l=1

{Gl(P
m)−Gl(P

n)}2
]1/2

l = 1, 2, ..., D (5.10)

where Gl(P
m) and Gl(P

n) are the normalized objective function values for Pm, P n non-

inferior solution, respectively.

The quality of Pareto-front indicated by (U ) is the average discrepancy of all the distances

w.r.t. ideal distance.

Mathematically,

U =
1

D

D∑
l=1

∣∣∣∣ dl
dideal

− 1

∣∣∣∣ (5.11)
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where dideal = 1
D

∑D
l=1 dl is the ideal distance between D pair of solutions in the frontier.

The smaller the value of U, the better scattered are noninferior solutions in the problem’s

hyperspace.

5.4 SIMULATION CASES AND RESULTS

To prove the capability of the FWPO solution approach, the generalized benchmark test

functions as well as standard real world problems related to power system operation are

considered. The generalized benchmark problems specified in Table 2.1 are simulated. The

performance investigation, aims to identify parameter dependency and suitable operating

velocity conditions for optimality of FWPO algorithm. The small, medium and large

capacity MOLD problems as shown in Table 2.2 are undertaken to verify the practicability

of SWT method whereby search is performed by the FWPO algorithm to generate the

non-dominated solutions.

5.4.1 Parameter Setting

The value of parameters c1 and c2 are taken as 2.0 [114]. Similarly c3, cp, a, b and Pf

are taken as 1.0, 2.0, 0.1, 10 and 0.5 [197] for all the problems. The swarm size NP and

number of swarm fly NF are decided after performing trials and are specified in the ensuing

sections. The walk operation is repeated once after every 5% of total swarm moves only,

as it ensures the identification of potential foraging areas. After performing trials, the

number of walks Nw is taken as 10. The comparison of obtained results performed with

the results available in reported literature is presented in section 5.4.2.

5.4.2 Generalized Test Functions

Firstly, the FWPO solution approach is applied to solve seven benchmark test functions.

The benchmark functions are unimodal, multi-modal, separable, non-separable and dis-

continuous. To investigate performance of FWPO, the best convergence behavior of PPO

and FWPO w.r.t iterations out of 30 independent trial runs are obtained for the test

function listed in Table 2.1 and are shown in Fig. 5.3 and 5.4, respectively, on logarithmic

scale. The convergence behavior in Fig. 5.4 shows that in case of Griewank (f1), Step
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Figure 5.3: Convergence analysis of PPO using generalized benchmark problems

Figure 5.4: Convergence analysis of FWPO using generalized benchmark problems

function (f6) and Step 2 function (f7) the FWPO progresses swiftly, and achieves an op-

timal solution, whereas Sphere function (f5) progresses towards the convergence point at

moderate speed. For the rest of the functions FWPO is slow to converge, but achieves an

optimal solution as the iterations proceed. The best, worst and mean experimental results

after 1000 iterations for each test function are listed in Table 5.1. The Fig. 5.3 depicts the

convergence behavior of functions obtained by implementing PPO for 200 iterations as it

is unable to show any improvement after 200 iterations. It is evident from the convergence

behavior comparison that the PPO is slow as well as experience premature convergence in

comparison to FWPO. Further, in comparison to the synergic predator prey optimization

algorithm (SPPO) results given in Table 2.4 and chaotic evolutionary programming and

pattern search Table 3.1, the FWPO’s performance is better than CEPPS and compara-

ble with SPPO.

Further, to observe the effects of prey velocity limits an experiment is performed consid-

ering Schwefel 2.26 function. The convergence behavior shown in Fig. 5.5, clearly exhibit
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Table 5.1: Optimal values of generalized test functions using FWPO

Test function Objective function value
Best Worst Mean

Griewank’s function 6.7x10−3 1.0 2.3x10−2

Rastrigin’s function 0.0 2.3x10−1 5.6x10−2

Rosenbrock’s function 4.5x10−1 6.3 1.6
Schwefel’s 2.22 function 0.0 0.0 0.0
sphere function 0.0 0.0 0.0
Step function 0.0 0.0 0.0
Step-2 function 0.0 0.0 0.0

Figure 5.5: Effect of fly velocity limits variation on fitness value of Schwefel 2.26 function

dependency of behavior on velocity limits. The algorithm performs best when velocity

limit is decreased by 10 percent w.r.t. its previous velocity after every 10 iterations.

However the improvement in the solution quality has been inconsistent in all other cases.

The reason of degradation is that narrower velocity limit,s restricts exploration of new

foraging area by prey in fly operation. Therefore, in the rest of the experimentation the

velocity limit reduction by a factor of 10% per 10 iterations is retained for prey.

5.4.3 Test Power Systems-1

Firstly, this system depicted in Table 2.1, is solved by applying FWPO for economic

load dispatch (ELD). In order to obtain a solution of Test power system-1, the NP and

NF are fixed at 15 and 200, respectively. The cost comparison is performed with other

published work and is presented in Table 5.2. In order to, compare the performance, the

results of Biogeography based optimization (BBO) [306], Composite Particle Swarm Opti-

mization (CCPSO) [386], Conventional Genetic Algorithm with Mutation Update (CGA-

MU) [163], Differential Evolution (DE) [373], Improved Genetic Algorithm (IGA) [163],

Improved Genetic Algorithm with multiplier update (IGA-MU) [163], Improved Particle
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Table 5.2: Test power system-1, comparison of cost (PD = 2700)

Algorithm Power generation cost($/h)
Case-1 Case-2 Case-3 Case-4 Case-5 Case-6

BBO [306] 624.51 – –
CCPSO [321] – 623.82 – – – –
CGA-MU [373] 623.80 624.71 – – – –
DE [373] 623.80 624.46 – – – –
DEBBO [305] 624.51 – –
ELHN [369] 624.51 – –
IGA [163] 624.51 – –
IGA-MU [163] 623.80 624.51 –
KHA [397] 624.51 – –
PSO[373] 623.80 624.24 –
QP-ALHN [376] 623.80 – 624.32
SPPO 623.80 623.82 624.321 700.29 700.77 700.48
CEPPS-1 623.75 623.87 623.76 699.70 699.54 704.94
CEPPS-2 623.75 623.88 623.77 699.77 699.73 700.60
APPO 623.80 623.82 624.32 699.30 699.40 700.41
FWPO 623.75 623.85 624.32 699.30 699.40 700.48

Table 5.3: Test power system-1, Cost and emission for ELD and MED respectively

Case ELD MED
Min. Cost($/h) Max. Emission(lb/h) Min. Emission(lb/h) Max. Cost ($/h)

1 623.75 11834.1 89.17 730.31
2 623.85 12057.0 89.17 731.12
3 624.32 14645.46 107.18 701.85
4 699.32 39385.22 110.75 771.13
5 699.40 34766.98 110.75 772.02
6 700.48 25303.79 111.52 767.0
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Table 5.4: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-1 Case-2
Cost($/h) Emission(lb/h) µD µC Cost($/h) Emission(lb/h) µD µC

CEPPS-1 629.49 1185.10 0.999 0.909 629.97 1263.65 0.999 0.90
CEPPS-2 629.52 1192.03 0.999 0.909 630.15 1277.18 0.999 0.90
APPO 628.85 464.71 0.999 0.951 629.34 485.18 0.999 0.94
FWPO 628.11 657.19 0.999 0.952 628.18 663.57 0.999 0.95

Table 5.5: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-3 Case-4
Cost($/h) Emission(lb/h) µD µC Cost($/h) Emission(lb/h) µD µC

CEPPS-1 629.62 1208.05 0.999 0.92 701.31 1049.95 0.999 0.97
CEPPS-2 628.07 663.66 0.999 0.95 705.10 1129.55 0.998 0.91
APPO 629.66 454.42 0.999 0.93 704.82 810.65 0.998 0.92
FWPO 628.54 671.42 0.999 0.95 702.24 2606.09 0.999 0.93

Swarm Optimization (IPSO) [373], Hybrid of DE and BBO (DEBBO) [386], Krill herd

optimization (KHA) [397], Quadratic Programing Augmented Hopfield Neural Network

(QP-ALHN) [376], Particle Swarm Optimization (PSO) [373], Synergic Predator Prey

Optimization (SPPO), Chaotic Evolutionary Programming Pattern Search (CEPPS) and

Adaptive Predator Prey Optimization (APPO) algorithms are considered. The compar-

ison of results shows that the FWPO is able to obtain generation cost either better or

equal to existing generation schedules in Case-1. While, in Case-2 the power generation

cost is comparable with CCPSO, SPPO and APPO with negligible difference of 0.03 $/h.

In Case-3, the FWPO has generated competitive results with APPO, whereas the cost

is slightly higher than CEPPS-1 and CEPPS-2 by 0.57 $/h. In case 4-6, the results are

comparable with APPO and SPPO.

Table 5.6: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-5 Case-6
Cost($/h) Emission(lb/h) µD µC Cost($/h) Emission(lb/h) µD µC

CEPPS-1 701.33 981.0 0.999 0.97 705.11 879.83 0.998 0.92
CEPPS-2 704.97 972.46 0.998 0.92 704.97 3086.99 0.999 0.90
APPO 705.32 777.53 0.997 0.91 704.42 615.67 0.998 0.93
FWPO 702.37 2616.66 0.999 0.92 703.83 3585.38 0.999 0.88

Further, the comparison of MOLD is performed with Chaotic Evolutionary Program-

ming Pattern Search (CEPPS) and Adaptive Predator Prey Optimization (APPO) using

the satisficing function µc (Eq. (4.19)) as shown in Table 5.4-5.6. In Case 1-3, The FWPO

has resulted in better solution than its counterparts. Whereas, in case 4-5 the FWPO re-
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Table 5.7: Test power system 1, MOLD Power distribution (PD = 2700MW )

Case-1 Case-2 Case-3
Generator Fuel type Power(MW) Fuel type Power(MW) Fuel type Power(MW)

P1 2 199.24 2 201.23 2 231.98
P2 1 204.53 1 203.22 1 209.92
P3 3 332.88 3 334.76 3 335.00
P4 3 239.49 3 239.28 3 237.53
P5 1 271.22 1 267.56 1 259.99
P6 3 240.52 3 237.78 3 238.18
P7 1 291.97 1 294.46 1 282.92
P8 3 237.78 3 234.29 3 238.88
P9 3 416.06 3 415.60 3 414.42
P10 1 266.28 1 271.75 1 269.14

Table 5.8: Test power system-1, MOLD Power distribution (PD=2700)

Case-4 Case-5 Case-6
Generator Fuel type Power(MW) Fuel type Power (MW) Fuel type Power(MW)

P1 2 210.86 2 208.69 2 205.15
P2 1 210.26 1 208.41 1 213.08
P3 2 440.28 2 440.69 3 335.20
P4 3 240.18 3 238.74 3 241.51
P5 1 280.39 1 284.96 2 344.37
P6 3 240.24 3 242.61 3 245.43
P7 1 288.51 1 285.50 1 308.25
P8 3 239.48 3 239.39 3 241.45
P9 3 420.67 3 418.99 3 436.44
P10 1 270.23 1 273.08 1 269.82

PL(MW) 141.1565 141.1108 140.7454

sults are competitive with the CEPPS-1 and CEPPS-2. The corresponding MOLD power

distribution plan is tabulated in Table 5.7 and 5.8 respectively.

5.4.4 Test Power System-2

This test system has 40 generators and to obtain the solution NP and NF are considered

as 15 and 2000, respectively. The optimal solution comparison for ELD, MED and MOLD

are presented in Table 5.9. The results are compared with the results of the results of Dif-

ferential Evolution (DE) [392], Gravitational Search Algorithm (GSA) [358], Kinetic Gas

Molecule Optimizer (KGMO) [430], Modulated Artifical Bee Colony (MABS) [424], Mul-

tiobjective Differential Evolution (MODE) [330], Modulated Particle Swarm Optimization

(LMPSO) [417], Non-dominated sorting Genetic Algorithm (NSGA) [330], Pareto Differ-
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Table 5.9: Test power system-2, Optimal solution comparison (PD=10500 MW)

Algorithm ELD MED MOLD
Cost Emission Cost Emission Cost Emission µD

Ö105$/h Ö105lb/h Ö105$/h Ö105lb/h Ö105$/h Ö105lb/h

DE[392] 1.21442 – – – – – –
GSA [358] – – – – 1.25782 2.10932 0.879
KGMO [430] 1.21378 – – – – – –
LMPSO [417] – – – – 1.24668 2.19048 0.975
MABS I [424] 1.21412 3.59901 1.29995 1.766820 1.24490 2.5656 0.990
MABS II [424] 1.21412 3.59901 1.29996 1.766820 1.24491 2.56551 0.991
MODE [330] 1.21840 3.7479 1.2996 1.76682 1.25792 2.1119 0.879
MPSO [411] 1.21379 – – – – – –
NSGA II [330] – – – – 1.25825 2.10949 0.874
PDE [330] – – – – 1.25730 2.1177 0.886
QTLBO [384] 1.21428 3.53417 1.29955 1.766825 1.25161 2.06648 0.922
SEPA II [330] – – – – 1.25807 2.1109 0.877
SMPSO [417] – – – – 1.24660 2.17256 0.973
TLBO [384] 1.21685 3.64593 1.29953 1.766835 1.26020 2.06648 0.885
PPO 1.21401 3.60420 1.29979 1.766843 1.25750 1.99125 0.849
SPPO 1.21402 3.56724 – – – –
CEPPS-1 1.27180 3.74117 1.34516 2.46508 1.28124 3.14471 0.986
CEPPS-2 1.21487 3.63871 1.32889 2.25013 1.28515 3.27227 0.996
APPO 1.21402 3.56724 1.29924 1.76682 1.25667 1.95515 0.848
FWPO 1.21374 3.60018 1.29924 1.76682 1.24666 2.47257 1.0

ential Evolution (PDE) [330], Quasi Teacher Learner Based Optimization (QTLBO) [384],

Real Coded Chemical Reaction Optimization (RCCRO), Sinusoidal Modulated Particle

Swarm Optimization (SMPSO) [417], Strength Pareto Evolutionary algorithm (SPEA)

[330], Teacher Learner Based Optimization (TLBO) [384], Predator Prey Optimization

(PPO) and Synergic Predator Prey Optimization (SPPO). Synergic Predator Prey Op-

timization (SPPO) and Chaotic Evolutionary Programming Pattern Search (CEPPS) as

shown in Fig. 5.9. The ELD solution comparison with other algorithm’s results from the

literature shows that FWPO is able to obtain comparable solution with others. In 30

independent trials, the minimum cost, mean cost and maximum cost for ELD is obtained

as 121374.0, 121376.0 and 121379.0 respectively. Similarly, the MED solution is also of

the same quality to its counterparts. Further, MOLD solution comparison on the basis of

µD shows that the solution generated by FWPO is better than the solution obtained by

the other approaches. The Pareto front comparison of FWPO and PPO is shown in Fig.

5.6. The FWPO Pareto front is uniformly distributed in the solution space. The optimal

generation schedule for ELD, MED and MOLD is presented in Table 5.10.
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Figure 5.6: Test system-2, Pareto front using FWPO and PPO

5.4.5 Test Power System-3

This is a Korean power system having 140 power generators. As the system is of a

complex nature, it is rigorously experimented under different conditions. To obtain the

solution in all the cases NF is fixed at 5000. Firstly, the ELD solution of this problem

has been obtained using FWPO and is compared with other available solutions from

literature as shown in Table 5.11. The results of FWPO are compared with Composite

Particle Swarm Optimization (CCPSO) [321], Continuous Quick Group Search Optimizer

(CQGSO) [360], Group Search Optimizer (GSO) [360], Anti Predator Swarm Optimiza-

tion (APSO), Predator Prey Optimization (PPO), Chaotic Evolutionary Programming

Pattern Search (CEPPS) and Adaptive Predator Prey Optimization (APPO). The cost

comparison, shown in Table 5.11 proves the dominance of the FWPO algorithm in terms

of minimum operating cost. The corresponding optimal generation schedule is tabulated

in Table 5.13.

In order to, compare the MOLD solution obtained by FWPO, the problem is also

solved with principally similar techniques such as PSO, PPO, APSO, APPO and CDEPS

are considered. Surrogate worth trade-off value µD is used to compare the quality of

comprised solution. The result comparison depicted in Table 5.12 shows the corresponding

objective function values and µD. On basis of µD, it is concluded that FWPO has obtained

a better compromised solution. The optimal power distribution plan for ELD, MED and

MOLD cases are shown in Table 5.13.
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Table 5.10: Test power system-2, Power schedule plan for ELD, MED
and MOLD (PD=10500 MW)

Unit ELD MED MOLD Unit ELD MED MOLD
P1 110.82 114.0 114.0 P21 523.5298 439.38 435.06
P2 110.80 114.0 114.0 P22 523.28 439.65 434.51
P3 97.40 120.0 120.0 P23 523.32 439.04 442.42
P4 179.73 169.73 179.69 P24 523.28 439.44 438.47
P5 87.79 97.0 97.0 P25 523.27 440.11 502.47
P6 140.0 123.96 140.0 P26 523.3 440.95 496.37
P7 259.6 300.0 300.0 P27 10.0 28.98 10.0
P8 284.6 297.88 300.0 P28 10.0 28.63 10.0
P9 284.6 297.05 300.0 P29 10.0 28.34 10.0
P10 130.0 130.0 130.0 P30 87.8 97.0 97.0
P11 94.0 298.63 187.0 P31 190.0 172.26 184.0
P12 94.0 297.89 171.99 P32 190.0 172.30 190.0
P13 214.75 433.03 305.11 P33 190.0 172.59 185.59
P14 394.27 423.54 394.95 P34 164.8 200.0 200.0
P15 394.28 422.61 394.2 P35 194.36 200.0 200.0
P16 394.27 421.61 395.23 P36 200.0 200.0 200.0
P17 489.28 440.05 489.18 P37 109.97 100.96 110.0
P18 489.27 439.52 489.05 P38 109.99 101.19 110.0
P19 511.27 438.71 507.91 P39 109.82 100.49 110.0
P20 511.27 440.27 503.72 P40 511.28 438.97 500.98

Table 5.11: Test power system-3, Optimal cost
comparison (PD=49342 MW)

Algorithm Cost($/h)
Minimum Mean Maximum

CCPSO [321] 1655685.0 1655685.0 1655985.0
CTPSO [321] 1655685.0 1655685.0 1655985.0
CQPSO [360] 1655679.4 1655679.4 1655679.4
GSO [360] 1734405.7 1739400.8 1745315.0
PPO 1655690 1655694.0 1657002.0
FWPO 1655674.0 1655677.2 1655683.0

Table 5.12: Test power system-3, MOLD compromised solution comparison

Algorithm Cost ($/h),f1(Pj) Emission (lb/h), f2(Pj) µD
PSO 1776898 5147131 0.612
APSO-1 1780385 5648351 0.601
APSO-2 1780385 5648351 0.601
PPO 1770809 4940244 0.632
CEPPS-1 1831802 5902779 0.965
CEPPS-2 1815388 5695509 0.962
APPO 1717937 4919461 0.988
FWPO 1704270 5160329 1.0
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5.4.6 Quality Measure Analysis

The multi-objective problem solution procedure results in a set of non-dominated solu-

tions. When these solutions are uniformly scattered over the Pareto-frontier in objective

space, the quality of solution is better. An analysis of test system-3 to observe uniformity

measure of the Pareto-frontier in independent trials is performed. The trial outcomes are

shown in Fig. 5.7, which depicts that the quality of Pareto-front is closely maintained in

Figure 5.7: Test system-3, FWPO Pareto front’s uniformity analysis

Figure 5.8: Test system-3, Pareto-frontier by applying FWPO

a small range by proposed SWT method and a search is performed by FWPO algorithm.

The most uniformly distributed Pareto front is shown in Fig. 5.8. So, it can be concluded

that the algorithm is able to retain the quality of Pareto-front and ensures the better

optimal solution.

5.4.7 Sensitivity Analysis of FWPO Algorithm

1. Population size: To observe the effect of NP on FWPO’s performance, test power

system-3 is investigated. Table 5.14 shows the outcomes of experimental study un-
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Table 5.13: Test power system-3, Optimal power schedule plan (PD=49342 MW)

Unit ELD MED MOLD Unit ELD MED MOLD Unit ELD MED MOLD Unit ELD MED MOLD
1 119.0 88.6 119.0 36 500.0 465.1 500.0 71 137.0 313.6 204.8 106 880.9 825.3 880.9
2 164.0 164.0 164.0 37 241.0 131.1 241.0 72 365.7 454.1 386.6 107 873.7 813.7 813.7
3 190.0 175.1 190.0 38 241.0 175.5 241.0 73 195.0 535.6 493.6 108 877.4 805.4 805.4
4 190.0 125.2 190.0 39 774.0 423.0 774.0 74 229.9 524.1 536.0 109 871.7 799.7 799.7
5 190.0 174.1 190.0 40 769.0 526.8 769.0 75 230.5 540.0 540.0 110 864.8 795.7 864.8
6 190.0 139.6 190.0 41 3.0 19.0 3.0 76 253.3 523.3 538.0 111 882.0 880.7 882.0
7 490.0 344.4 490.0 42 3.0 22.1 3.0 77 390.5 245.1 198.3 112 94.0 202.0 94.0
8 490.0 465.2 490.0 43 250.0 169.5 250.0 78 330.0 344.2 330.0 113 94.0 203.0 94.0
9 496.0 478.2 496.0 44 250.0 245.3 250.0 79 531.0 213.4 530.9 114 94.0 200.0 94.0
10 496.0 260.0 496.0 45 250.0 216.8 250.0 80 531.0 394.1 531.0 115 244.0 310.8 244.0
11 496.0 286.9 496.0 46 250.0 160.7 250.0 81 542.0 486.6 508.0 116 244.0 365.5 244.2
12 496.0 287.7 496.0 47 250.0 250.0 250.0 82 56.0 60.5 56.0 117 244.0 270.3 244.0
13 506.0 495.3 506.0 48 250.0 165.2 250.0 83 115.0 238.5 115.0 118 95.0 109.7 95.0
14 509.0 371.1 509.0 49 250.0 216.4 250.0 84 115.0 233.5 115.0 119 95.0 124.8 95.0
15 506.0 323.7 506.0 50 250.0 160.0 204.2 85 115.0 190.7 115.0 120 116.0 188.4 116.0
16 505.0 318.8 505.0 51 165.0 490.5 300.8 86 207.0 222.9 207.0 121 175.0 321.0 175.0
17 506.0 494.8 506.0 52 165.0 504.0 238.3 87 207.0 299.0 207.0 122 2.0 10.2 2.0
18 506.0 397.5 506.0 53 165.0 265.8 239.5 88 175.0 345.0 175.0 123 4.0 22.9 4.0
19 505.0 497.3 505.0 54 165.0 307.7 165.0 89 175.0 331.9 175.0 124 15.0 82.9 15.0
20 505.0 479.9 505.0 55 180.0 381.3 180.0 90 178.8 175.0 175.0 125 9.0 53.0 9.0
21 505.0 378.4 505.0 56 180.0 294.7 180.0 91 175.0 345.0 175.0 126 12.0 27.1 12.0
22 505.0 297.2 505.0 57 103.0 314.3 107.1 92 575.4 541.6 575.4 127 10.0 25.8 10.0
23 505.0 505.0 505.0 58 198.0 608.9 198.0 93 547.5 517.2 547.5 128 112.0 373.0 112.0
24 505.0 498.9 505.0 59 312.0 312.0 312.0 94 836.8 795.0 836.8 129 4.0 6.9 4.0
25 537.0 518.9 537.0 60 308.1 471.0 316.1 95 837.5 796.0 837.5 130 5.0 36.1 5.0
26 537.0 530.0 537.0 61 163.0 500.0 163.0 96 682.0 578.0 682.0 131 5.0 19.0 5.0
27 549.0 280.0 347.2 62 95.0 302.0 95.0 97 720.0 621.9 720.0 132 50.0 98.0 50.0
28 549.0 280.0 347.4 63 511.0 511.0 511.0 98 718.0 663.8 718.0 133 5.0 6.5 5.0
29 501.0 300.1 356.68 64 511.0 511.0 511.0 99 720.0 706.8 720.0 134 42.0 52.2 42.0
30 499.0 350.9 499.0 65 490.0 476.7 490.0 100 964.0 884.4 964.0 135 42.0 53.6 42.0
31 506.0 506.0 506.0 66 256.1 439.3 287.5 101 958.0 906.7 958.0 136 41.0 105.0 41.0
32 506.0 464.6 506.0 67 490.0 196.0 196.0 102 947.9 870.8 947.9 137 17.0 49.1 17.0
33 506.0 506.0 506.0 68 490.0 196.0 196.0 103 934.0 934.0 934.0 138 7.0 11.4 7.0
34 506.0 493.8 506.0 69 130.0 130.0 130.0 104 935.0 935.0 935.0 139 7.0 16.3 7.0
35 500.0 499.1 500.0 70 294.9 130.8 295.1 105 876.5 816.8 876.5 140 26.0 27.0 26.8

Table 5.14: Swarm size (NP ) vs (cost and emission) analysis by FWPO for
Test system-3

NP ELD MED MOLD
Cost ($/h) Emission (lb/h) Cost ($/h) Emission (lb/h) Cost ($/h) Emission (lb/h) µD

5 1655677 7447880 1984933 4745941 1705836 5173913 0.839706
10 1655675 7446609 1968644 4740310 1704943 5166161 0.842572
15 1655674 7445358 1974565 4745446 1704637 5163486 0.843554
20 1655676 7446502 1971452 4747039 1704489 5162252 0.844017
25 1655675 7447630 1976630 4740598 1704301 5160611 0.844623
30 1655675 7444514 1965611 4745908 1704270 5160329 0.844727

dertaken for analysis. For ELD, MED and MOLD problem a solution is highlighted

which offers minimum operating cost, minimum pollutant emission and maximum

trade off (µD). So, the best solution for ELD is obtained for at NP=15 with oper-

ating cost 1655674 $/h. Whereas for MED the best solution is obtained at NP=10

with minimum emission 4740310 lb/h. A compromised solution, for MOLD is high-

lighted that obtain maximum value of (µD) at NP=30. The NP greater than 30 is

unable to show any improvement in the solution quality.
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Figure 5.9: Performance comparison of FWPO algorithm

2. Robustness test:The robustness test is performed to verify the capability of the

proposed FWPO approach to obtain solution. To observe parameter and initial

population dependency, thirty independent trials are performed on Test system-

3. The trial outcomes presented in Fig. 5.9 shows that the FWPO solutions are

concentrated in a narrow region in comparison with similar nature algorithms PSO,

PPO and APSO. It is observed that the mean solution is better in quality in terms

of satisfaction level to both the objectives. So the outcomes of FWPO technique

are more accurate, highly precise and repeatable as compared to others.

5.5 CONCLUSION

In this research work, a surrogate worth trade-off method has been implemented to de-

cide the generation allocation of multiobjective load dispatch problem. Whereby, fly

and walk predator-prey optimization (FWPO) has been implemented to generate the

non-dominated solutions. The FWPO algorithm maintains useful diversity by switching

exploration and exploitation phase in a cyclic process. The direction of turn which is an-

other aspect of FWPO, bias the optimization process towards the feasible region without

restricting the improvement in objective functions. The results obtained by FWPO are

compared with other algorithms’ result available in literature. The comparison of results
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shows that in few cases of the small test power system, the FWPO solution is competitive

with results of synergic predator prey optimization, adaptive predator prey optimization

and chaotic evolutionary programming and Powell’s method algorithm. However, for

bigger systems, the FWPO results are better than its counterparts. The U-measure of

Pareto-front indicates that the proposed approach is able to generate uniformly distributed

non-dominated solutions for multiple objectives. The sensitivity analysis of experimental

results shows that the FWPO performance is independent of the initial population and

control parameters. The appropriate population size and proper velocity limits lead to

a better convergence rate of FWPO. Overall, the experimental analysis shows that the

SWT and FWPO algorithm reproduce better results in a narrow band, despite parameters

and initial population abnormalities for single and multi-objective problems. However,

a limitation of proposed surrogate worth trade-off function has been identified that in a

particular situation, it is unable to convey conclusive information to select a compromised

solution.
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MULTIOBJECTIVE LOAD DISPATCH USING

CHAOTIC DIFFERENTIAL EVOLUTION AND

POWELL’S METHOD

6.1 INTRODUCTION

The field of engineering design and planning and related areas are active field of opti-

mization problems. These problems are often highly nonlinear and can have multiple

optima. It is a challenge to solve such kind of multi-modal problems. In effect, the

global optimization algorithms have been widely attempted as solution procedure. The

traditional algorithms may not produce good results, and the latest trend is to use new

meta-heuristic algorithms [479]. Effective and efficient optimization algorithms are always

needed to tackle increasingly complex real world optimization problems.

Stochastic meta-heuristic algorithms attempt to mimic natural phenomena or social

behavior so as to generate better solutions for the optimization problem by using a stochas-

tic iterative process [475]. The commonly used meta-heuristic techniques are listed in Ta-

ble 1.1. These swarm intelligence based algorithms are commonly inspired by observing

natural swarming behavior or physical phenomenon. They have exhibited good perfor-

mance to solve many engineering real-world problems. Despite many efforts invested so

far, the aforementioned algorithms still face some challenges and disadvantages in their

utilization. For example, Particle Swarm Optimization (PSO) exhibits slow convergence

speed and it is liable to suffer from the premature convergence problem when address-

ing multi-modal problems. Gravitational Search Algorithm (GSA) and Charged System
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Search (CSS) are often time-consuming. Some algorithms like Artifical Bee Colony (ABC)

and Bacterial Foraging Optimization (BFO) need to tune several control parameters to

maintain the balance between local search and global search. Others manage to achieve

the preservation of population diversity at the cost of slow convergence or complicated

algorithmic structures. So far, none of the heuristic search algorithms is capable of of-

fering adequately high performance to solve all optimization problems. Consequently, it

remains a challenge to develop a population-based heuristic search algorithm that is able

to prevent premature convergence and meanwhile keep the fast converging feature.

The recent study concentrates on Differential Evolution (DE) based multiobjective

solution approaches. DE, proposed by Storn and price (1995) [474], in a short span of

time, has emerged as a simple and efficient solution technique for a variety of problems.

Further, DE is extended to solve multiobjective optimization problems and the significant

work includes Pareto Differential Evolution (PDE) [99], Multiobjective Differential Evolu-

tion (MODE) [137], DE for multiobjective optimization [180], multiobjective self-adaptive

DE [281] and Modified Differential Evolution [353]. The ability of above summarized ap-

proaches, to generate non-inferior solutions depend upon exploration capability of DE.

However, similar to other evolutionary algorithms, basic DE algorithm also faces some

challenging problems. Despite, fast and reasonable solution, sometimes it does not guar-

antee a global optimal solution. The improved DE has also faster convergence, but often it

has a probability of searching towards a local optimum or getting premature convergence.

This drawback can be overcome by a larger population size, but it results in excessive

memory requirements and large computational time [340]. The DE algorithm stagnates

at local optimal even if the population is diverse [279].

It is a well-accepted fact that both exploration and exploitation are essential aspects of

evolutionary algorithms. The two abilities of the algorithm must be in a perfect balance

to ensure useful diversity in the population. In this respect, the hybrid methods consist

of global search technique as exploratory phase and deterministic methods as exploitation

phase, which helps to locate the global optimum solution. The Powell’s conjugate direc-

tion method is the most successful and popular direction search method. It has the ability

to solve problems with non-quadratic function and requires N2 unidirectional searches to
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minimize quadratic functions [462]. Nevertheless, these procedures results in an improve-

ment in achieving the solution, but it is at the cost of additional complexity to the basic

algorithm. Further, the selection of optimal parameters to improve the performance of

hybrid algorithm is another critical issue to investigate [340].

On the other hand, the application of non-linear dynamics has recently drawn attention

in the field of optimization. One of the application is the use of chaos map to select

algorithm-dependent parameters [368]. In the literature, the chaotic sequence is used to

tune parameters of PSO, DE, Harmony Search (HS), Firefly Algorithm (FA) etc. and

these applications have shown positive improvement in the performance of algorithm

[340, 271, 344, 279]. The empirical studies have shown that chaotic sequences have a high

level of mixing capability and thus it is expected that when these, are used to replace

fixed procedures, can result in a better balance of exploration and exploitation. So, in the

context of improving DE’s performance, a useful diversity can be ensured by combining

deterministic chaotic sequence with DE [340].

The second important aspect of Multiobjective Evolutionary Algorithm (MOEA) is

handling of multiple objective functions. As discussed in section 1.3 the non-interactive

and interactive techniques are used to take care of the objectives. In this chapter, a scaling

function is proposed that can be used as non-interactive and interactive procedure. A no-

preference approach (non-interactive procedure) is adopted to reduce the computational

complexities due to generation of Pareto-front and selection of satisficing solution. The

proposed surrogate function is used as a satisficing function to resolve the conflict of non-

commensurable objectives. The proposed function has the responsibility to select suitable

solution, which is acceptable to all the objective functions.

In an interactive approach, the Decision maker (DM) has to select a solution from the

non-inferior solutions stipulated by MOEA, which can expeditiously attain the conflicting

goals. The scaling function assigns preference to the non inferior solutions [93], which helps

to decide suitable non-inferior solution. The Surrogate worth trade-off (SWT) provides

an interface between the DM’s preferences and the mathematical model associated with

non-dominated solutions [395]. Among the decision-making categories, SWT belongs to

the posteriori articulation of preferences. The progressive DM iteratively analyzes the
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available data, update preferences and selects quality solution to accomplish conflicting

objectives. A uniformly dispersed Pareto frontier results in a better quality of solution.

The intent of the chapter is to use Chaotic Differential Evolution and Powell’s method

(CDEPS) approach to generate acceptable solution of the problem. The stochastic be-

havior of DE has been established using chaotic sequence available from the literature.

The present work considers two maps, namely Gauss map and Tent map, to investigate

its effect on CDEPS’s performance and compatibility with SWT approach. The Pow-

ells pattern search is applied to enhance the exploitation of proposed solution procedure.

The conflicting objectives are handled by the scaling function used as non-interactive and

interactive approach. The standard benchmark problems are considered to evaluate the

performance of CDEPS variants. The case studies of electrical power system networks

having small, medium and high power generation capacity as mentioned in Table 2.1 have

been simulated.

The chapter is organized into five parts. Section 6.2, discuss conceptual details of

CDEPS algorithm. In section 6.3 presents the CDEPS based solution approach to solve

Multiobjective load dispatch (MOLD) problem is conversed. Section 6.4, presents nu-

merical results by the proposed method and compare it with some of the most recently

published work. Finally, Section 6.5 concludes the chapter.

6.2 PROPOSED CDEPS ALGORITHM

The proposed solution approach clubs Chaotic Differential Evolution (CDE) approach

with Powell’s pattern search (PS), to optimize the generation schedule of MOLD problem.

The CDE aims to explore the global solution, whereas PS focuses on the exploitation of

the search area. The PS phase remains normally in hibernation and is activated by chaotic

process. These aspects are explained in the ensuing subsections:

6.2.1 Chaotic Differential Evolution

The principle idea of DE is to select a better quality solution among trial solutions,

generated on the basis of the existing population. The mutation and the crossover are the

main trial solution generation operators and the selection operation decides sustainability
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of these solutions for future generations. Basically, all the operators of conventional DE are

based on uniformly distributed random numbers, whereas in CDE the random numbers

are generated by randomly initialized preselected chaotic sequence. The well accepted

chaotic map namely, Gauss map and Tent map are used for randomization in the search

process. So, in a Ng dimensional search space, an ith individual vector of population at

Gth generation is denoted by xGij; (j = 1, 2..., Ng, i = 1, 2, ..., NP ).

For each xGij the mutation operator generates a mutant vector vGij as per following relation:

vGij = xGχ1j
+ F (xGχ2j

− xGχ3j
) (j = 1, 2..., Ng, i = 1, 2, ..., NP ) (6.1)

where F is the mutation factor; χ1 6= χ2 6= χ3 6= i ∈ [1, NP ] index are selected by applying

either Gauss or Tent map sequence represented by Eq. (3.12) and (3.13). Further, to

increase the diversity of mutant individual binomial crossover operation is used, resulting

in trial vector. Mathematically, it is written as

uG+1
ij =


vGij ;χj ≤ CRorj = χi

xGij ; otherwise

(j = 1, 2..., Ng, i = 1, 2, ..., NP )

(6.2)

where χj∈ [0,1] is the jth evaluation of random number. CR∈ [0,1] is the crossover

constant. χi∈ [1,NG] is a randomly chosen index by exploiting chaotic sequence.

In order to decide, whether a trial vector is selected as a member of G+1th generation,

the survival of the fittest principle is followed. Mathematically,

xG+1
ij =


uG+1
ij ;uG+1

ij < xGij

xGij ; otherwise

(j = 1, 2..., Ng, i = 1, 2, ..., NP ) (6.3)

This ensures that the individual vectors in the next generation must be better or at least

of the same quality to that of the present generation
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Figure 6.1: Scaling function behavior

6.3 SOLUTION METHODOLOGY

Multiobjective optimization problems can be solved by either by converting the problem

involving multiple objectives into an optimization problem with a single objective func-

tion or by consideration of DM. The two approaches are classified as non-interactive and

interactive approach respectively. In this chapter, the MOLD has been solved by consider-

ation of the scaling function, which is applied, as no preference approach (non-interactive

method) as well as an interactive method as discussed in following subsections:

6.3.1 Non-Interactive Approach

Multiobjective optimization problems can be solved by converting the problem involving

multiple objectives into an optimization problem with a single objective function. As the

new problem has a real-valued objective function that possibly depends on some parame-

ters, it can be solved using appropriate single objective optimizers. This approach to solve

a problem is beneficial, when either there is no DM or a justified Pareto front is not avail-

able. In such cases a no-preference approach is a better option. Then, the task is to find

some neutral compromising solution without using any additional preference information.

This means that instead of asking the DM for preference information, some assumptions

are made about the nature of reasonable compromised between conflicting objectives. A
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no-preference method to obtain compromise solution requires a scalar objective function.

So, an inference function is proposed to club the two objective functions. The proposed

scaling function (µS) is a quality index to indicate the level of satisfaction of both the

objective functions to a particular solution. Considering the aggregation function µA (Eq.

(3.22)) and satisficing function µc (Eq. (4.19)), the proposed scaling function to indicate

the quality of compromised solution is mathematically written as follows:

µS =


µcµA ;µA ≤ 1

µcµ
−1
A ;µA > 1

(6.4)

The non-interactive approach to solve MOLD problem has two constituents: the

CDEPS approach to generate the feasible solutions and a non-interactive scaling func-

tion to perform selection operation. The solution procedure is shown as a flowchart in

Fig. 6.2 and is discussed in detail as follows:

6.3.1.1 Solution structure

In order to obtain the solution of MOLD problem by the proposed CDEPS approach,

the set of output powers of generators is the decision variables. So, in a problem hav-

ing Ng dedicated generating units, the decision variable P will be represented as P =

[P1, P2, ..., PNg]. Considering NP as the population size, an ith possible solution of prob-

lem at Gth iteration is represented as:

PG
i = [PG

i1 , P
G
i2 , ..., P

G
iNg

]T (i = 1, 2, ..., NP ) (6.5)

6.3.1.2 Population initialization

In CDEPS based solution procedure the initial population is randomly generated within

the feasible space. In the absence of any prior knowledge about solution and problem’s

hyperspace, chaotic sequence based population initialization process is adopted. Chaotic

systems are nonlinear and dynamic in nature, and highly sensitive to initial conditions.

Recently, these chaotic systems improve the performance of heuristic approaches. Given
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the generator operational limits [Pmin
j , Pmax

j ] respectively as:

Pij = Pmin
j + χ(Pmax

j − Pmin
j ) (j = 1, 2..., Ng, i = 1, 2, ..., NP ) (6.6)

where χ ∈ [0, 1] is a chaotic sequence generated number.

6.3.1.3 Feasible solution update

The ith individual in the population is modified under the effect of procedures, namely

mutation, crossover, pattern search and selection as discussed in section 6.2. The di-

versification operators are Gauss map/Tent Map guided mutation and crossover whereas

the selection operation is driven by SWT preferences, which reflects the satisfaction of a

solution to the problem objectives. The PS improves solution quality and ensures deter-

ministic exploitation in the search process. The PS is activated by a stochastic switch,

operated by the threshold value ITHIT and executes for IT PS cycles. The overall best

position among individual’s best positions is memorized as the global best experience

gbest. If the ith individual violates the boundary conditions, it is fixed to the respective

limit, whereas the equality constraint of MOLD problem is taken care by sharing violated

power magnitude among other dedicated generators. In this paper, maximum number

of iterations (ITMAX) is taken as the stopping criterion. On satisfying the termination

criteria, the global best solution gbest is treated as an optimal compromised solution of

the problem.

6.3.2 Interactive Solution Approach

In interactive approaches, an iterative solution algorithm is used and repeated until a

stopping criteria is satisfied. After each iteration, some information is given to the DM

to specify preferences. The analyst aims to determine the preference structure of the DM

in an interactive way. An important benefit is that the DM can specify and adjust one’s

preferences between each iteration and at the same time learn about the interdependencies

in the problem as well as about one’s own preferences. The interactive procedure to solve

MOLD has been discussed in Section 3.4.2 and 3.4.3 respectively.
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Figure 6.2: Non-interactive solution approach using CDEPS approach
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The interactive approach used in this chapter to solve MOLD problem has three con-

stituents: the CDEPS approach to generate the non-inferior solutions and an interactive

method to assign preferences to Pareto-points. The solution procedure is shown a as

flowchart in Fig. 6.3.

6.4 SIMULATION CASES AND RESULTS

To prove the capability of the CDEPS solution approach, the generalized benchmark test

functions as well as standard real world problems related to power system operation are

undertaken. The Gauss and Tent map sequences are applied to investigate their behavior

while implementing CDE and CDEPS. On using Gauss map and Tent sequence the CDE

method is termed as CDE-1 and CDE-2. A similar notation is used for CDEPS procedures.

The generalized benchmark problems specified in Table 2.1 has been simulated and their

results are presented. The performance investigation, aims to compare the convergence

behavior of CDE and CDEPS. The small, medium and large capacity MOLD problems

shown in Table 2.2 are undertaken to verify the practicability of SWT method. The search

is performed by a CDEPS algorithm to generate the non-dominated solutions and SWT

approach has been used as a non interactive and interactive approaches respectively.

6.4.1 Generalized Test Functions

In order to compare the performance of CDEPS variants with CDE, seven benchmark test

functions listed in Table 2.1 are solved using CDEPS and CDE variants. The best, worst

and mean experimental results after 2000 iterations for each test function performing 30

trial runs are also listed in Table 6.1. The chaotic process is used to adjust the crossover

rate (CR ) and mutation factor (F ). The results tabulated in Table 6.1 shows that among

30 trails, for Griewank’s function the best solution is obtained by CDEPS-1, whereas

the CDE-1 and CDEPS-2 has resulted in worst outcome. The average solution quality

has been found to be same for CDE-1, CDEPS-1 and CDEPS-2. In case of Rastrigin’s

function, the best quality solution is obtained by CDE-1, followed by CDEPS-2. In

case of Rosenbrock’s function, both CDEPS variants have achieved same solution quality,

followed by CDE variants. In case of Schwefel’s function, the CDEPS-1 algorithm achieves

153



CHAPTER 6

Start

M,NP , Ng, IT
max

Initialize individuals Pi representing power of generators

Initialize k = 0

Initialize i = 0

Evaluate cost (f1) and emission (f2) objective functions

Update Pareto-frontier with available non-dominated solutions

Interact with decision maker

Update global best gbest

Generate mutant vki of the ith individaual

Generate tth trial solution of uki using chaotic crossover operator

Compute objective function µS(uki )

Select the best individual as P k+1
i

++i≤NP

MOD(k, ITHIT )

Improve quality of gbest by Powell’s search procedure

++k≤ITmax

Stop

No

Yes

No

Yes

Yes

No

Figure 6.3: Interactive solution approach using CDEPS approach
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(a) Griewank function (b) Rastrigin function

(c) Rosenbrock function (d) Schwefel’s 2.22 function

(e) Sphere function (f) Step-1 function

(g) Step-2 function

Figure 6.4: Generalized benchmark test functions convergence comparison
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Table 6.1: Performance analysis of generalized benchmark test functions

Test function Fitness Algorithm
CDE-1 CDE-2 CDEPS-1 CDEPS-2

Griewank function [380]

Worst 7. 44×10−02 5. 14×10−02 4.4×10−02 7.44×10−02

Average 2.7×10−02 4.17×10−02 2.47×10−15 2.47×10−02

Best 2.47×10−03 3.44×10−02 3.97×10−20 5.42×10−02

Rastrigin function [380]

Worst 166.2034 229.9046 206.5738 174.2419
Average 166.2034 229.9046 206.5738 174.2419
Best 166.2034 229.9046 206.5738 174.2419

Rosenbrock function [380]

Worst 1.55×10−10 3.85×10−11 0 0
Average 7.55×10−11 6.55×10−11 0 0
Best 3.55×10−13 1.12×10−12 0 0

Schwefel’s 2.22 function [380]

Worst 1.52×10−09 5.29×10−12 2.41×10−16 2.73×10−12

Average 1.52×10−09 5.29×10−12 2.41×10−16 2.73×10−12

Best 1.52×10−09 5.29×10−12 2.41×10−16 2.73×10−12

Sphere function [380]

Worst 1.81×10−06 6.75×10−04 7.67×10−19 3.97×10−20

Average 1.81×10−06 6.75×10−04 7.67×10−19 3.97×10−20

Best 1.81×10−06 6.75×10−04 7.67×10−19 3.97×10−20

Step function [380]

Worst 0 0 0 0
Average 0 0 0 0
Best 0 0 0 0

Step-2 function [380]

Worst 0 0 0 0
Average 0 0 0 0
Best 0 0 0 0

a better quality solution, followed by CDEPS-2 and CDE variants. The experimentation

of Sphere function shows that algorithm’s performance follows a descending hierarchy as

CDEPS-2, CDEPS-1, CDE-1 and CDE-2. In case of Step and Step-2 benchmark functions,

the solution quality remains same for all the contenders. Further, in comparison to the

synergic predator prey optimization algorithm (SPPO) results given in Table 2.4, chaotic

evolutionary programming and pattern search in Table 3.1 and fy and walk predator prey

optimization (FWPO) the CDEPS performance is better.

The convergence comparison plots for considered benchmark test functions are shown

in Figure 6.4 on a logarithmic scale. Figure 6.4a presents the convergence behavior of the

Griewank’s function, where the CDEPS-1 algorithm is better in terms of solution quality

and convergence rate. Figure 6.4b, depicts the behavior of the Rastrigin’s function, where

the CDE-1 variant is able to obtain the best solution for this function, whereas the

CDEPS-2 is observed as a fastest performer. The appraisal of Figure 6.4c shows that in

case of the Rosenbrock’s function the CDEPS-1 has better convergence characteristics.

In case of the Schwefel’s function, CDEPS-1 exhibits best convergence behavior followed
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by the CDEPS-2, and is shown in Figure 6.4d. Further, the experimental result of the

Sphere function in Figure 6.4e, shows that the CDEPS-1 algorithm is better in terms of

convergence rate. The convergence plot in Figure 6.4f and Figure 6.4g for step and step-

1 function, presents CDEPS-2 as a better performing variant. Hence, the convergence

plots clearly show that in comparison to CDE variants, the CDEPS variants perform

better. The better performance is either in terms of solution quality or/ convergence

rate. Moreover, it is observed that CDEPS-1 performs better on some of the benchmark,

whereas CDEPS-2 shows superiority for other considered benchmark functions.

6.4.2 Test Power System-1

This system’s power generators have the option of multiple-fuels. The system has been

solved for economic load dispatch (ELD), minimum emission dispatch (MED) and mul-

tiobjective load dispatch (MOLD). In all the undertaken six cases, shown in Table 2.2,

the value of population size (NP ) has been taken as 20 and the maximum number of

iterations (ITMAX) is set to 100. The cost comparison has been performed for ELD

Table 6.2: Test power system-1, comparison of cost (PD = 2700MW )

Algorithm cost($/h)
Case-1 Case-2 Case-3 Case-4 Case-5 Case-6

BBO [306] 624.51 – –
CCPSO [321] – 623.82 – – – –
CGA-MU [373] 623.80 624.71 – – – –
DE [373] 623.80 624.46 – – – –
DEBBO [305] 624.51 – –
ELHN [369] 624.51 – –
IGA [163] 624.51 – –
IGA-MU [163] 623.80 624.51 –
KHA [397] 624.51 – –
PSO[373] 623.80 624.24 –
QP-ALHN [376] 623.80 – 624.32
SPPO 623.80 623.82 624.321 700.29 700.77 700.48
CEPPS-1 623.75 623.87 623.76 699.70 699.54 704.94
CEPPS-2 623.75 623.88 623.77 699.77 699.73 700.60
APPO 623.80 623.82 624.32 699.3 699.4 700.41
FWPO 623.75 623.85 624.32 699.33 699.40 700.48
CDEPS-1 623.75 623.82 623.75 699.26 699.36 699.26
CDEPS-2 623.75 623.80 623.75 699.26 699.36 699.35

with other published work such as the results of Biogeography based optimization (BBO)
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[306], Composite Particle Swarm Optimization (CCPSO) [386], Conventional Genetic

Algorithm with Mutation Update (CGA-MU) [163], Differential Evolution (DE)[373], Im-

proved Genetic Algorithm (IGA) [163], Improved Genetic Algorithm with multiplier update

(IGA-MU) [163], Improved Particle Swarm Optimization (IPSO) [373], Hybrid of DE and

BBO (DEBBO) [386], Krill herd optimization (KHA) [397], Quadratic Programing Aug-

mented Hopfield Neural Network (QP-ALHN) [376], Particle Swarm Optimization (PSO)

[373], Synergic Predator Prey Optimization (SPPO), Chaotic Evolutionary Programming

Pattern Search (CEPPS), Adaptive Predator Prey Optimization (APPO) and Fly and

Walk Predator Prey Optimization (FWPO). The comparison of power generation cost

is presented in Table 6.2. The comparison indicates that CDEPS-2 is able to obtain a

generation schedule with operating cost either better or equal to its counterparts.

Table 6.3: Test power system-1, Cost and emission for ELD and MED respectively

Case ELD MED
Min. Cost($/h) Max. Emission(lb/h) Min. Emission(lb/h) Max. Cost ($/h)

1 623.76 12092.54 103.9 694.22
2 623.80 12071.62 103.9 695.17
3 623.75 12184.70 103.9 696.25
4 699.26 36678.18 110.74 770.0
5 699.36 38990.66 110.74 771.42
6 699.35 31427.20 110.74 770.78

To obtain a MOLD solution, the proposed scaling function (Eq. (6.4)) requires objec-

tive functions extrema. The best achieved minimum and maximum values of the conflict-

ing objectives for all six cases, while implementing CDEPS variants are depicted in Table

6.3. These values are obtained from ELD and MED formulation’s results and exploring

the conflicting nature of objective functions.

The MOLD’s compromise solution obtained using CDEPS approach have been com-

pared with CEPPS, APPO and FWPO. The membership values are obtained by using

the proposed satisficing function (Eq. (6.4)) and objective’s extrema tabulated in Table

6.3. The comparison of the results shows that in case-1 the CDEPS-2 is able to obtain

better solution, as the satisficing function value µS is better than CDEPS-1 and others

except FWPO, where the solution is comparable. In case-2, both CDEPS-1 and CDEPS-2

works equally well as evident from the value of µS. In this case, the solution quality is
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Table 6.4: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-1 Case-2 Case-3
Cost($/h) Emission(lb/h) µS Cost($/h) Emission(lb/h) µS Cost($/h) Emission(lb/h) µs

CEPPS-1 629.49 1185.10 0.909 629.97 1263.65 0.903 629.62 1208.05 0.908
CEPPS-2 629.52 1192.03 0.909 630.15 1277.18 0.901 628.07 663.66 0.940
APPO 628.85 464.71 0.926 629.34 485.18 0.921 629.66 454.42 0.917
FWPO 628.11 657.19 0.938 628.18 663.57 0.938 628.54 671.42 0.933
CDEPS-1 629.35 1158.52 0.911 629.41 1168.05 0.911 629.74 1103.13 0.917
CDEPS-2 628.06 664.11 0.938 629.38 1163.80 0.911 628.07 663.07 0.938

Table 6.5: Test power system-1, MOLD solution comparison (PD = 2700MW )

Algorithm Case-4 Case-5 Case-6
Cost($/h) Emission(lb/h) µS Cost($/h) Emission(lb/h) µS Cost($/h) Emission(lb/h) µS

CEPPS-1 701.31 1049.95 0.971 701.33 981.0 0.972 705.11 879.83 0.917
CEPPS-2 705.10 1129.55 0.915 704.97 972.46 0.920 704.97 3086.99 0.904
APPO 704.82 810.65 0.919 705.32 777.53 0.915 704.42 615.67 0.927
FWPO 702.24 2606.09 0.931 702.37 2616.66 0.935 703.83 3585.38 0.887
CDEPS-1 701.07 953.35 0.974 701.22 931.65 0.974 701.60 904.64 0.974
CDEPS-2 701.16 904.64 0.973 701.1 1045.14 0.975 701.16 904.65 0.974

slightly degraded than FWPO. In case-3, CDEPS-2 gives a solution which is comparable

with CEPPS-2 and better than all others. In case 4-6, both CDEPS-1 and 2 have resulted

in a better compromised solution than its counterparts. In case-6, both CDEPS-1 and

CDEPS-2 have provided the same quality of solution. Ultimately, in all six cases, the

quality of solution obtained by CDEPS-2 is either superior or at par with the solution of

CDEPS-1.

6.4.3 Test Power System-2

This Test power system consists of 40 generators and firstly it is solved for ELD. In all

the undertaken dispatch problems, the value of population size NP is taken as 50 and

ITMAX is set to 1000. The objective function values of the obtained optimal power

allocation for ELD formulation are presented in Table 6.7. The results are compared

with the results of Differential Evolution (DE) [392], Gravitational Search Algorithm

(GSA) [358], Improved Differential Evolution (IDE) [392], Kinetic Gas Molecule Optimizer

(KGMO) [430], Modulated Artifical Bee Colony (MABS) [424], Multiobjective Differen-

tial Evolution (MODE) [330], Modulated Particle Swarm Optimization (LMPSO) [417],

Non-dominated sorting Genetic Algorithm (NSGA) [330], Pareto Differential Evolution

(PDE) [330], Quasi Teacher Learner Based Optimization (QTLBO) [384], Real Coded

Chemical Reaction Optimization (RCCRO), Sinusoidal Modulated Particle Swarm Opti-

mization (SMPSO) [417], Strength Pareto Evolutionary algorithm (SPEA) [330], Teacher
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Table 6.6: Test power system-2, Optimal solution comparison (PD=10500 MW)

Algorithm ELD MED MOLD
Cost Emission Cost Emission Cost Emission µS

Ö105$/h Ö105lb/h Ö105$/h Ö105lb/h Ö105$/h Ö105lb/h

DE[392] 1.21442 – – – – – –
GSA [358] – – – – 1.25782 2.10932 0.425
IDE [392] 1.21370 – – – – – –
KGMO [430] 1.21378 – – – – – –
LMPSO [417] – – – – 1.24668 2.19048 0.598
MABS I [424] 1.21412 3.59901 1.29995 1.766820 1.24490 2.5656 0.551
MABS II [424] 1.21412 3.59901 1.29996 1.766820 1.24491 2.56551 0.551
MODE [330] 1.2184 3.7479 1.2996 1.7668 1.25792 2.1119 0.424
MPSO [411] 1.21379 – – – – – –
NSGA II [330] – – – – 1.25825 2.10949 0.418
PDE [330] – – – – 1.25730 2.1177 0.434
SEPA II [330] – – – – 1.25807 2.1109 0.421
QTLBO [384] 1.21428 3.53417 1.29955 1.766825 1.25161 2.06648 0.513
SMPSO [417] – – – – 1.24660 2.17256 0.598
TLBO [384] 1.21685 3.64593 1.29953 1.766835 1.26020 2.06648 0.383
PPO 1.21401 3.60420 1.29979 1.766843 1.25750 1.99125 0.414
SPPO 1.21402 3.56724 – – – – –
CEPPS-1 1.27180 3.74117 1.34516 2.46508 1.28124 3.14471 0.207
CEPPS-2 1.21487 3.63871 1.32889 2.25013 1.28515 3.27227 0.163
APPO 1.21402 3.56724 1.29924 1.76682 1.25667 1.95515 0.421
FWPO 1.21374 3.60018 1.29924 1.76682 1.24666 2.47257 0.614
CDEPS-1 1.21368 3.59873 1.299252 1.766817 1.24341 2.4061 0.651
CDEPS-2 1.21368 3.59873 1.299209 1.766814 1.24313 2.40042 0.654
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Learner Based Optimization (TLBO) [384], Predator Prey Optimization (PPO) and Syn-

ergic Predator Prey Optimization (SPPO), Chaotic Evolutionary Programming Pattern

Search (CEPPS) and Fly and Walk Predator Prey Optimization (FWPO). The compar-

ison of ELD results reveals that the results obtained by implementing CDEPS-1 and

CDEPS-2 are better than the results available in the literature. In addition, the equality

of results in terms of operating cost are competitive while implementing CDEPS-1 and

Figure 6.5: Test power system-2 Pareto-front using interactive SWT approach

Table 6.7: Test power system-2, Comparison of MOLD solution using interactive and
non-interactive approach (PD = 10500MW )

Algorithm Interactive approach Non-interactive approach
Cost Emission µD µS Cost Emission µD µS

Ö105($/h) Ö105(lb/h) Ö105($/h) Ö105(lb/h)
CDEPS-1 1.25677 1.95915 0.849 0.422 1.24341 2.40610 0.999 0.651
CDEPS-2 1.24313 2.40042 0.999 0.654 1.24313 2.40042 0.999 0.654

CDEPS-2. Further, in MED formulation the CDEPS-1 is able to generate better solu-

tion than CDEPS-2. The comparison of MOLD solution obtained by non-interactive SWT

approach is presented in Table 6.6. The compromised solution obtained by CDEPS-1 and

CDEPS-2 is better than other existing results in the literature, with satisficing function

values, µS of 0.651 and 0.654, respectively. In addition, the CDEPS-2 has obtained a

better quality solution as compared to CDEPS-1. The Table 6.8 presents the CDEPS-2’s

generated optimal generation schedule. The MOLD solution of test power system-2 is

also obtained by interactive SWT approach. The Pareto front obtained by applying the
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Table 6.8: Test system-3, MOLD power schedule by APPO (PD = 10500MW )

Unit Power (MW) Unit Power (MW) Unit Power (MW) Unit Power (MW)
P1 113.43 P11 243.51 P21 491.44 P31 164.94
P2 113.43 P12 174.19 P22 522.17 P32 189.35
P3 120.0 P13 394.27 P23 518.09 P33 175.11
P4 179.69 P14 394.35 P24 433.78 P34 200.0
P5 96.82 P15 394.28 P25 433.53 P35 200.0
P6 139.98 P16 394.32 P26 433.52 P36 199.99
P7 299.33 P17 488.52 P27 9.99 P37 109.99
P8 284.59 P18 489.20 P28 9.99 P38 105.09
P9 284.59 P19 421.51 P29 9.99 P39 109.90
P10 130.0 P20 509.30 P30 96.2 P40 421.49

CDEPS-2 approach is shown in Fig. 6.5, where the compromised solution obtained is

highlighted. In comparison to the Pareto front of FWPO (Fig. 5.6), it can be clearly

observed that FWPO has obtained more number of points on Pareto front, but CDEPS

pareto front is more uniformly distributed.

The obtained compromised solution using interactive SWT is tabulated in Table 6.7,

which is of the same quality as that of obtained by applying the non-interactive approach.

In addition, in Table 6.7 the quality of compromised solution is also indicated by surrogate

worth trade-off index µD, from where it is clearly indicated that µS is a credible index to

represent the quality of compromised solution.

6.4.4 Test Power System-3

This is a Korean power system consisting of 140 power generators as shown in Table 2.1.

This system is investigated in two cases. The case-1 considers the quadratic objective

function with POZ constraints and ramp rate limits, whereas the case-2 considers valve-

point loading effect on some of the generators Table 2.1. In order to obtain the solution,

the value of population size NP is taken as 200 and maximum iterations ITMAX is set

to 5000. Firstly, the problem is solved for ELD. The cost comparison of ELD results

by CDEPS-1 and CDEPS-2, for case-1 and case-2 of Korean system is tabulated in Ta-

ble 6.9. The results of CDEPS algorithm are compared with Composite Particle Swarm

Optimization (CCPSO) [321], Group Search Optimizer (GSO) [360], Continuous Quick

Group Search Optimizer (CQGSO) [360], Differential Harmony Search (DHS) [388], Anti
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Predator Swarm Optimization (APSO), Predator Prey Optimization (PPO), Chaotic Evo-

lutionary Programming Pattern Search (CEPPS), Adaptive Predator Prey Optimization

(APPO) and Fly and Walk Predator Prey Optimization (FWPO). The cost comparison

shows that in case-1, both CDEPS-1 and CDEPS-2 variants have obtained a better quality

Table 6.9: Test power system 3, ELD solution comparison (PD = 49342MW )

Algorithm Power generation cost ($/h)
Case-1 Case-2

CCPSO [321] 1655685.0 1657962.75
CQGSO [360] 1655679.42 1657962.74
DHE [388] – 1657944.86
GSO [360] 1734405.7 –
PPO 1655684 1657963.5
APSO 1655684.5 1657963.0
SPPO 1655680.0 1657962.0
CEPPS-1 1778880.0 1795760.0
CEPPS-2 1778471.0 1784659.0
APPO 1655683.0 –
FWPO 1655674.0 –
CDEPS-1 1655674.0 1657117.0
CDEPS-2 1655675.0 1659291.0

solution as compared to its counterparts. Further, in comparison to CDEPS-2, CDEPS-1

has obtained a solution with lesser power generation cost. However, for Case-2 of Test

system-3, the CDEPS-2 was able to perform better than CEPPS variants. On the other

hand, CDEPS-1 has resulted in lesser power generation cost than all other algorithms

compared for comparison. Further, the Table 6.10 gives the operation cost corresponding

to minimum emission achieved by solving MED problem. The table clearly shows that

CDEPS-2 obtains better quality of solutions in terms of lesser emission of pollutants, as

compared to the CDEPS-1.

The comparison of best compromised solution obtained by non-interactive SWT ap-

proach is performed with others on the basis of scaling function index, µS. The best

compromised solution achieved by applying CDEPS-1 and CDEPS-2 is listed in Table

6.11. From the Table 6.11 it is observed that CDEPS-2 gives better µs value as compared

to CDEPS-1. The corresponding MOLD power schedule is presented in Table 6.12. Fur-

ther, the test system-3, case-1 is solved for MOLD using an interactive approach. The

Corresponding Pareto front is shown in Fig. 6.6, which shows the obtained compromise
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Table 6.10: Test power system 3, Extremum of cost and emission objective functions

Algorithm Case-1 Case-2
ELD MED ELD MED

Cost Emission Cost Emission Cost Emission Cost Emission
($/h) (lb/h) ($/h) (lb/h) ($/h) (lb/h) ($/h) (lb/h)

CDEPS-1 1655674 7445358 2029025 3010234 1657117 7450891 2034347 3010234
CDEPS-2 1655675 7447630 2031090 3003420 1659291 7452072 2037315 3003420

Table 6.11: Test power system 3, MOLD solution comparison (PD = 49342MW )

Algorithm Case-1 Case-2
Cost($/h) Emission(lb/h) µS Cost($/h) Emission(lb/h) µS

CEPPS-1 1831802 5902779 0.318 1832679 5932484 0.449
CEPPS-2 1815388 5695509 0.367 1821931 5790238 0.450
APPO 1717937 4919461 0.529 – – –
FWPO 1704270 5160329 0.450 – – –
CDEPS-1 1804164 4775084 0.602 1806903 4773480 0.601
CDEPS-2 1802892 4759965 0.605 1806699 4753203 0.606

solution. In comparison to the Pareto front of FWPO (Fig. 5.8), it can be clearly observed

that the CDEPS Pareto front is more uniformly distributed.

Figure 6.6: Test power system-3, Pareto-front using interactive SWT approach

6.4.5 Convergence Behavior Analysis

To observe the convergence rate of CDEPS variants, a study is performed using test

system-3. The experimental outcomes in both the cases 1 and 2 are shown in Fig. 6.7. The

comparison of behavior clearly indicates that in case-1, the CDEPS-2 is able to achieve the

compromised solution much ahead of its counterpart. Further, for case-2, which involves
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Table 6.12: Test system 3, Optimal generation schedule for MOLD (PD=49342MW)

Unit Case-1 Case-2 Unit Case-1 Case-2 Unit Case-1 Case-2 Unit Case-1 Case-2
P1 118.99 117.38 P36 499.99 150.51 P71 452.77 379.04 P106 880.60 880.89
P2 123.32 139.77 P37 231.58 451.15 P72 448.27 202.25 P107 812.25 805.73
P3 167.38 161.82 P38 224.47 537.75 P73 539.94 477.29 P108 804.50 800.58
P4 183.92 181.14 P39 437.39 178.36 P74 524.69 535.99 P109 799.15 796.92
P5 128.21 180.84 P40 763.63 178.39 P75 539.99 476.65 P110 804.63 825.23
P6 183.39 185.76 P41 8.46 495.91 P76 518.81 534.24 P111 881.99 881.99
P7 489.37 473.43 P42 23.48 174.86 P77 178.32 183.39 P112 94.72 84.97
P8 489.74 486.90 P43 249.11 568.13 P78 329.63 328.61 P113 175.18 98.20
P9 495.99 495.42 P44 159.91 530.99 P79 162.23 215.73 P114 100.47 106.53
P10 259.97 265.27 P45 243.79 530.99 P80 528.89 520.09 P115 378.83 272.97
P11 495.76 493.73 P46 159.93 541.75 P81 219.47 244.33 P116 264.38 378.40
P12 494.67 467.11 P47 245.39 55.82 P82 63.06 74.32 P117 242.93 312.24
P13 502.52 498.34 P48 230.22 115.89 P83 115.85 224.09 P118 132.71 134.64
P14 507.98 397.82 P49 249.04 114.93 P84 159.79 178.43 P119 97.54 95.51
P15 502.13 505.99 P50 159.93 114.85 P85 133.03 208.71 P120 124.37 127.33
P16 504.30 408.87 P51 495.70 206.76 P86 206.78 213.39 P121 174.87 248.60
P17 484.74 489.37 P52 503.85 207.09 P87 212.86 306.62 P122 7.74 3.55
P18 503.45 505.99 P53 329.62 174.79 P88 274.59 258.93 P123 19.79 10.85
P19 504.58 505.0 P54 169.46 175.50 P89 336.31 344.99 P124 53.97 26.48
P20 505.0 495.69 P55 180.40 183.70 P90 174.78 176.42 P125 52.37 10.29
P21 505.0 504.99 P56 181.79 175.15 P91 286.93 292.96 P126 11.92 18.68
P22 505.0 505.0 P57 326.08 575.4 P92 575.39 575.40 P127 12.97 27.77
P23 504.99 502.39 P58 197.98 547.5 P93 547.49 547.49 P128 120.0 247.50
P24 505.0 505.0 P59 295.89 836.8 P94 836.39 836.79 P129 19.99 4.81
P25 534.92 532.25 P60 392.19 837.5 P95 837.49 837.49 P130 6.10 14.74
P26 536.99 530.61 P61 302.71 682.0 P96 681.32 681.99 P131 11.99 5.31
P27 279.49 277.6 P62 156.85 720.0 P97 719.99 719.99 P132 52.0 57.24
P28 279.54 277.65 P63 446.79 718.0 P98 717.99 711.79 P133 8.13 9.58
P29 300.43 297.92 P64 328.97 720.0 P99 719.99 719.99 P134 64.27 61.63
P30 356.88 497.88 P65 485.48 964.0 P100 962.17 963.99 P135 48.17 62.30
P31 505.99 505.10 P66 481.75 958.0 P101 939.83 957.96 P136 47.12 48.64
P32 505.97 505.99 P67 195.46 947.90 P102 946.43 911.61 P137 21.09 16.94
P33 503.45 479.11 P68 195.49 934.0 P103 930.41 933.99 P138 7.39 8.0
P34 503.12 505.99 P69 129.21 935.0 P104 934.99 935.0 P139 18.71 11.46
P35 499.99 499.99 P70 171.48 876.50 P105 865.79 876.49 P140 39.92 36.20

complexity of valve-point loading effects the CDEPS-2 has performed much better.

6.4.6 Robustness Analysis

A statistical analysis is performed with 30 independent trials to compare the performances

of CDEPS-1 and CDEPS-2. The Test power system-3 has been considered for the robust-

ness analysis. Thirty independent trials are performed in both cases 1 and 2, for MOLD

of the system using CDEPS-1 and CDEPS-2. The outcomes are shown as whisker plot

in Fig. 6.8. The case-1 comparison clearly indicates that both CDEPS variants have

nearly the same maximum value and quartiles, whereas the worst outcome in CDEPS-2 is
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Figure 6.7: Convergence behavior, Test power system-3, case-1 and 2

Figure 6.8: Robustness analysis test, Test power system-3, case-1 and 2
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better in quality than the worst solution of CDEPS-1. Further, the comparison of case-2

outcomes clearly indicate that CDEPS-2 performs better in all aspects than CDEPS-1.

The corresponding data statistics are tabulated in Table 6.13, from where it is evident

that CDEPS-2 and CDEPS-1 respectively, have better robustness as compared to DE.

Table 6.13: Test power system-3, Descriptive statistics

CASE-1 CASE-2
CDEPS-1 CDEPS-2 DE CDEPS-1 CDEPS-2 DE

Mean (µs) 0.603215 0.60267 0.586978 0.602972 0.602757 0.584225
Min. (µs) 0.594165 0.596447 0.573614 0.594305 0.595061 0.540662
Max. (µs) 0.608933 0.608238 0.594608 0.609503 0.611225 0.595061
S.D. 0.003691 0.003101 0.004831 0.003899 0.003782 0.009821

6.4.7 Wilcoxon’s Signed Rank Test

The Wilcoxon signed rank test has been applied to verify the effectiveness of CDEPS

technique to obtain solution in comparison to its parent algorithm differential evolution,

using Test power system-3. The test is performed to verify the significant difference at

the 5 % level of confidence. The outcomes of the test are tabulated in Table 6.14. The

test statistics clearly indicate that in both cases the p-value is lesser than the considered

significance level, hence there is a significant difference between two samples. Hence, it is

concluded that CDEPS techniques are able to achieve high quality results at every trial.

Table 6.14: Test power system 3, Wilcoxon’s signed rank test outcomes

Case-1 Case-2
CDEPS-1 CDEPS-2 CDEPS-1 CDEPS-2

p-value 3.34x10−11 3.02x10−11 4.08x10−11 3.34x10−11

z-score 6.63 6.645 6.6 6.63

6.5 CONCLUSION

In this research work, chaotic differential evolution (CDE) and Powell’s patter search

(PS) has been successfully hybridized for power scheduling of multiobjective thermal

power load dispatch (MOLD) problem. The surrogate worth trade-off approach has been

modified and a scaling function is proposed to solve multiobjective problem. The proposed
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function has been investigated in two modes viz. Non-interactive and Interactive. The

conflicting objectives being vague, the proposed scaling function implicates fuzzy theory.

The CDE is responsible for diversification and PS deterministically improves the quality of

feasible solutions. The two chaos maps, namely, Gauss map and Tent map are considered

for performance analysis of chaotic differential evolution and Powell’s search (CDEPS).

The comparison of CDE and CDEPS using generalized benchmark problems with Gauss

and Tent map chaotic sequences clearly indicates that the CDEPS is better in terms of

convergence speed as well as solution quality. Further, the comparison of generation cost

for small power generation capacity system shows that the solution obtained by CDEPS-1

and 2 is either equal to or better than the solutions of other algorithms. While, dealing

with MOLD it has been observed that CDEPS-1 and CDEPS-2 have obtained a better

solution than other algorithms, except in few cases where fly and walk predator prey

optimization and chaotic evolutionary programming and pattern search have competitive

results with the proposed approach. However, CDEPS-1 and 2 have resulted in better

solution for ELD and MOLD of high power generation capacity systems. The capability

of CDEPS to obtain a better MOLD solution, in comparison to DE has been verified using

Wilcoxon’s signed rank test. The Tent map chaotic sequence gives a faster convergence

rate as compared to the Gauss map chaotic sequence, when CDEPS is applied to solve

MOLD. The study shows that the Tent map based CDEPS has merit over the others

to obtain a better compromised solution as indicated by proposed scaling function. In

addition, it has been observed that proposed scaling function infers better information of

compromised solution than surrogate worth trade-off function. Hence, it is more promising

criteria to decide compromised solution.
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CONCLUSIONS

7.1 INTRODUCTION

This chapter presents the salient and significant contributions of the thesis as well as a

brief statement concerning some recommendations for further research. The significant

original contributions are listed and discussed.

7.2 SIGNIFICANT CONTRIBUTIONS

The population based search techniques have appeared as an effective tool for optimiza-

tion. These techniques are based on search ideologies that simultaneously explore multiple

sub-regions of the search space as well as the exploitative interaction of different search

tracks. These evolutionary search processes are usually inspired by nature’s principles.

The process is usually independent of problem’s domain knowledge and depends on the

fitness value of population individuals. The trend in research on optimization is focused

on algorithms that incorporate higher level of evolutionary and adaptive behavior. The

stochastic approach of these algorithms relies on either collective behavior mechanism

or foraging activity to generate a replica having better fitness value. The exchange of

information between population members eventually helps their movement in multiple

directions and thereby increases the probability of locating global optima. The contribu-

tions of this research work focus on synergic composition of constitutive elements of an

algorithm, to enhance its search capabilities. Alternatively, the incorporation of specific

heuristics or operators that comprise domain knowledge have been utilized for perfor-
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mance improvement. The proposed search procedures having well balanced properties of

exploration and exploitation have been used to solve real life multiobjective constrained

optimization problems of power system. The following significant contributions result

from this research work.

1. A Synergic Predator Prey Optimization (SPPO) algorithm has been proposed as a

modification of Predator prey optimization algorithm for the solution of economic

load dispatch. The search process of proposed approach starts with the opposition

based initialization of population and proceeds towards the solution of problem by

using collaborative effort. The intelligence of prey has been split up to best and

not-best components, while the fear factor of prey is treated as a collaborative func-

tion of cognitive and social behavior of prey particle. The proposed modifications

ensures diversity of solutions during the search process, thereby effectively exploring

the search space. The proposed algorithm is presented as a solution approach to

solve the Economic Load Dispatch (ELD). The operating cost functions of generat-

ing units are non-smooth and involve complexity because of additional constraints

like multi-fuel options, ramp rate limits, and prohibited zones. The equality con-

straint has been taken care off by employing the concept of the variable elimination

method. The applied approach ensures that prey guiding components do not stay

at a particular position for a large number of iterations. The result obtained are

compared with others available in literature and have been found better. However,

the results of synergic predator prey optimization are competitive with composite

particle swarm optimization and continuous quick group search algorithm. The nu-

merical results reveal the better practicability and mature convergence capability of

the proposed algorithm.

2. Another effort has been done with an objective to improve the search capability

of the evolutionary programming algorithm. The proposed modification relies on

chaotic map sequences instead of random numbers and is termed as chaotic evolu-

tionary programming. Further, Powell’s pattern search has been hybridized as an

interleaved search process under stochastic control. The two chaotic map sequences
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namely Gauss map and Tent map are considered for performance analysis of the

proposed approach. The proposed algorithm Chaotic Evolutionary Programming

and Powell’s Method (CEPPS) has been investigated as a solution procedure to

solve Multiobjective Load Dispatch Problem (MOLD). The conflicting objectives of

MOLD have been taken care by an interactive surrogate worth trade-off approach.

This method provides an interface between the decision maker and the mathemat-

ical model through surrogate worth trade-off function. Moreover, the surrogate

worth trade-off method has an advantage of simple mechanism and requires few

non-inferior solutions to arrive at the best solution, thus enhances computational

efficiency. The experimentation with test power systems has shown that for a smaller

power generation system, the CEPPS variants have obtained a better solution than

the results available in the literature. In specific cases, the results are competitive

with synergic predator prey optimization and composite particle swarm optimization

algorithm. However, while handling the ELD of higher power generation capacity

systems, it has resulted in premature convergence. Similar, are the observations

while performing the MOLD of test power systems.

3. An interactive method has been applied to handle the conflicting objective functions,

where non-inferior solutions are generated by implementing the weighting method,

and decision-making has been done using fuzzy set theory. The computational ef-

fort to obtain complete Pareto surface has been reduced by searching the preference

weights along with generator power using adaptive predator prey optimization tech-

nique. The Adaptive Predator Prey Optimization (APPO) has been constituted by

reinforcement, inhabitation, discrete velocity variation and adaptive velocity limit

concepts. The suggested method has been employed on three test power systems.

The applied approach results in obtaining well distributed Pareto front in a single

run. The comparison of the numerical results and the convergence characteristics

of the overall membership function values confirm the effectiveness and the supe-

riority of the proposed algorithm in majority of simulation studies. However, in

some of the cases the APPO’s solution is competitive with other algorithms. For

smaller test power system the best solution obtained is comparable with the syner-
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gic predator prey optimization and chaotic evolutionary programming and Powell’s

method. Similarly, for medium power generation capacity system, the quality of

compromised solution is little bit degraded in comparison to the modulated arti-

ficial bee colony and modulated particle swarm optimization, respectively. While

dealing with ELD of the high power generation system, the cost is a little bit higher

than the synergic predator prey optimization, however the MOLD solution is better

than its counterparts.

4. The fly and walk predator prey optimization presents a unique combination of fly,

walk and direction of turn as a search process for solution of multiobjective load dis-

patch problem. The fly search process mimics the predator prey behavior whereas,

walk process is motivated by Hooke-Jeeves method. The Fly and Walk Preda-

tor Prey Optimization (FWPO) algorithm maintains useful diversity by switching

exploration and exploitation phase in a cyclic process. The direction of turn is an-

other aspect of FWPO, which bias the optimization process towards the feasible

region without restricting the improvement in objective functions. This approach

is responsible for maintaining power balance constraint and decision boundary con-

straint. The comparison of the results shows that in a few cases of the small test

power system, FWPO solution is competitive with results of synergic predator prey

optimization, adaptive predator prey optimization and chaotic evolutionary pro-

gramming and Powell’s method algorithm. However, for bigger systems, the FWPO

results are better than its counterparts. The U-measure of Pareto-front indicates

that the proposed approach is able to generate uniformly distributed non-dominated

solutions for multiple objectives. However, a limitation of proposed surrogate worth

trade-off function has been identified that in a particular situation, it is unable to

convey conclusive information to select a compromised solution.

5. The surrogate worth trade-off approach has been modified and a scaling function

has been proposed to solve multiobjective problem. The use of scaling function

as a non-interactive approach eliminates the additional computational overhead for

sorting of Pareto-front. The conflicting objectives being vague, the proposed func-
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tion implicates fuzzy theory. A Chaotic Differential Evolution and Powell’s method

(CDEPS) is implemented for power scheduling of multi-objective thermal power

load dispatch problem. The proposed approach relies on chaotic sequence instead

of uniformly distributed random numbers. In the search process chaotic differen-

tial evolution is responsible for diversification, whereas Powell’s pattern search is

used an interleaved operator to deterministically improve the quality of feasible so-

lutions. The two chaos maps namely, Gauss map and Tent map are considered

for performance analysis of chaotic differential evolution and Powell’s search. The

experimental studies prove that proposed approach performs better than its parent

technique chaotic differential evolution. Further, the comparison of generation cost

for small power generation capacity system shows that the solution obtained by

CDEPS is either equal to or better than the solutions of other algorithms. While,

dealing with MOLD it has been observed that CDEPS has obtained better solu-

tion than other algorithms, except in a few cases where fly and walk predator prey

optimization and chaotic evolutionary programming and pattern search have com-

petitive results with the proposed approach. However, CDEPS have resulted in a

better solution for ELD and MOLD of high power generation capacity systems.

In addition, it is observed that the Gauss map based approach generates a bet-

ter quality solution on single objective problems. Whereas, the Tent map chaotic

sequence gives a faster convergence rate as compared to the Gauss map chaotic

sequence, when CDEPS is applied to solve MOLD. The study shows that the Tent

map based CDEPS has merit over the others to obtain a better compromised solu-

tion as indicated by proposed scaling function. Moreover, it has been observed that

proposed scaling function infers better information about the compromised solution

than surrogate worth trade-off function. Hence, it is a more promising criteria to

decide compromised solution.

6. In this research work, five modified versions of evolutionary programming, preda-

tor prey optimization and differential evolution have been proposed. The modified

versions are namely SPPO, CEPPS, APPO, FWPO and CDEPS. These algorithms

have been applied to solve the realistic ELD and MOLD problems. Three test
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power system having small, medium and high power generation capacity has been

considered in this research work. These systems have been further divided into cases

depending on the complexity due to valve point loading effect, prohibited operating

zone avoidance and ramp rate limits. The key observations on the basis of solution

quality comparison among SPPO, CEPPS, APPO, FWPO and CDEPS respectively

are summarized. The CDEPS has performed better on all the three test power sys-

tems, in all the cases undertaken to study. The CDEPS algorithm has resulted

in a more uniformly distributed Pareto front, while solving the MOLD problems.

FWPO has marginally lagged in performance than CDEPS algorithm. The perfor-

mance of APPO and SPPO algorithm falls after the performance of CDEPS and

FWPO. CEPPS algorithm provides good results for small power generation capacity

system. The observations of research work finally recommends CDEPS algorithm

to solve ELD and MOLD problem.

7. In this research work three different approaches viz. surrogate worth trade-off func-

tion, satisficing function and scaling function have been implemented to decide a

compromised solution of the multi objective problem. It has been analyzed on

the basis of the obtained results that the scaling function based decision approach

provides unambiguous information to opt the solution, while solving MOLD using

interactive as well as non-interactive approach.

8. Among the approaches to solve multiobjective problem, i.e. interactive and non-

interactive approach, the interactive approach has advantage to generate a set of

compromised solution. However, this advantage is at the cost of additional com-

putation resources requirement. The non-interactive approach offers advantages of

low computational complexity and provides a better quality single solution in lesser

time.

7.3 SUGGESTIONS FOR FURTHER RESEARCH

There is no end of research work as end point of research in any field cannot be defined.

The scope of improvement is always present. The following points are suggested as future
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scope for the work presented.

� The incorporation of evolutionary and adaptive operators based on foraging activity

can be a approach to universal solution procedure.

� In future, the walk process will be explored as modification of fly process by adjusting

the velocity limits. Also, another important aspect of FWPPO algorithm, a process

responsible for maintaining constraints in specified limits, can be modified to operate

as velocity perturbed mechanism.

� The use of other existing chaotic sequences in the search process is a subject of

future research and investigation.

� To incorporate the concept of Pareto front uniformity at the level of the solution

search process is an another interesting research area.

� The consideration of algorithm hybridization process from natural foraging behavior

point of view is a big lacuna.

� Recently, a wide variety of nature based search algorithms have been materialized.

The fusion of these algorithms among themselves or hybridization with local search

techniques is a potential research area.
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probability distribution. IEEE Transactions on Evolutionary Computation, 8(1):1–13, 2004.

[147] R Timothy Marler and Jasbir S Arora. Survey of multi-objective optimization methods for engi-
neering. Structural and multidisciplinary optimization, 26(6):369–395, 2004.
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APPENDIX A

RANDOM SEARCH TECHNIQUES

A.1 PARTICLE SWARM OPTIMIZATION (PSO)

In particle swarm optimization each individual in PSO flies in the search space with a

velocity which is dynamically adjusted according to its own flying experience and its com-

panions flying experience. Each individual is treated as a volume-less particle (a point) in

the Ng dimensional search space. The ith particle is represented as Xi = (xil, xi2, ..., xiNg).

The best previous position (the position giving the best fitness value) of the ith particle is

recorded and represented as Pi = (pi1, pi2, ..., piNg). The index of the best particle among

all the particles in the population is represented by the symbol gB. The velocity update

for ith particle is given by the following equation [54]:

vt+1
ij = wvtij + c1rand()(xBij − xtij) + c2rand()(gBj − xtij) (A.1)

(j = 1, 2, ..., Ng; i = 1, 2, ..., NP )

where w∈ [0.4, 0.9] is an inertia weight factor; c1 andc2 are acceleration constant. rand() ∈

[0, 1] is a uniformly distributed random number. xBij and gBj are the individual’s best

and swarm’s best experienced positions respectively. The position of ith particle will be

updated as follows:

xt+1
ij = xtij + vt+1

ij (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (A.2)
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The above stated steps are repeated in an iterative process. Each X t
i is evaluated using

objective function and on basis of objective function value the individual best experi-

ence xBij and global best experience gB is updated. The iterative process continues until

termination criteria is satisfied.

A.2 PREDATOR PREY OPTIMIZATION (PPO)

PPO is a method which takes a cue from the behavior of schools of sardines and pods

of killer whales. In this method, particles are divided into two categories, predator and

prey. Predators show the behavior of chasing the center of preys’ swarm; it looks like

chasing preys. And preys escape from predators in multidimensional solution space. This

contributes to make the particles avoid the local optimal solutions and find the global

optimal solution. The mathematical expressions governing the behavior of PPO are as

follows [118]:

vt+1
ij = wvtij + c1rand()(xBij − xtij) + c2rand()(gBj − xtij) + c3rand()(ae−bβ) (A.3)

(j = 1, 2, ..., Ng; i = 1, 2, ..., NP )

where a represents the maximum amplitude of the predator’s effect over prey. b controls

the distance at which the effect is still significant. β is the Euclidean distance between

predator and prey. Pf and Ff are probability of fear and fear factor, respectively. β is

the Euclidean distance between predator and prey given by |gBj − PPj|.

The position of ith particle will be updated as follows:

xt+1
ij = xtij + vt+1

ij (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (A.4)

The objective of predator is to pursue the best individual in the prey swarm and has

disruptive effect on swarm. The predators velocity vpj and position, xpj are updated as:

vpt+1
j = vptj + cprand()(gBj − xptj) (j = 1, 2, ..., Ng) (A.5)

xpt+1
j = xptj + vpt+1

j (j = 1, 2, ..., Ng) (A.6)
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where cp is acceleration constant. The above stated steps are repeated in an iterative

process. Each X t
i is evaluated using objective function and on basis of objective function

value the individual best experience xBij and global best experience gB is updated. The

iterative process continues until termination criteria is satisfied.

A.3 ANTI PREDATOR PREY OPTIMIZATION (APSO)

The anti-predatory property, which is natural among birds, helps the swarm to escape

from the predators. In the original PSO, food locations are modeled as the best result

points of the optimization problem. In this model the predators are the worst result

points. The APSO is developed by splitting both the cognitive and social behaviors

of the classical PSO. The cognitive behavior is divided into good experience and bad

experience components. The former refers to a bird’s memory about previously visited

best position and the later refers to a bird’s memory about the previously visited worst

position (location of predator). Similarly, the social behavior of the classical PSO is split

into global good experience and global bad experience components. To calculate the

velocity of a particle, the proposed APSO considers the particle’s bad experience along

with good experience. Then, the velocity-update equation for APSO model is given by

[262]:

vt+1
ij = wvtij + c1rand()(xBij − xtij) + c2rand()(gBj − xtij) + c3rand()(xtij − xWij )

+c4rand()(xtij − gWj ) (j = 1, 2, ..., Ng; i = 1, 2, ..., NP ) (A.7)

where w∈ [0.4, 0.9] is an inertia weight factor; c3 andc4are constants. xWij and gWj are the

individual’s best and swarm’s best experienced positions respectively. The position of ith

particle will be updated as follows:

xt+1
ij = xtij + vt+1

ij (A.8)

The above stated steps are repeated in an iterative process. Each X t
i is evaluated using

objective function and on basis of objective function value the individual best experience
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xBij, global best experience gB, individual worst experience xWij , global worst experience

gW is updated. The iterative process continues until termination criteria is satisfied.

A.4 DIFFERENTIAL EVOLUTION (DE)

DE is a parallel direct search method. It utilizes NP number of parameter vectors xti in Ng

dimensional search space. The initial vector population is chosen randomly and should

cover the entire parameter space. As a rule, a uniform probability distribution is followed.

In case a preliminary solution is available, the initial population might be generated by

adding normally distributed random deviations to the nominal solution. DE generates

new parameter vectors by adding the weighted difference between two population vectors

to a third vector using mutation operation. The mutated vector’s are then mixed with

the another predetermined vector, the target vector, to yield a trial vector. Parameter

mixing is often referred to as crossover. If the trial vector are better in quality than the

target vector, the trial vector replaces the target vector in the following generation. This

last operation is called selection. Each population vector has to serve once as the target

vector, so that NP competitions take place in one generation. For each xtij the mutation

operator generates a mutant vector vtij as per following relation [474, 75]:

vtij = xtχ1j
+ F (xtχ2j

− xtχ3j
) (j = 1, 2, ..., Ng, i = 1, 2, ..., NP ) (A.9)

where F is the mutation factor; χ1 6= χ2 6= χ3 6= i ∈ [1, NP ] index are selected by

uniformly distributed random number. Further, to increase the diversity of mutant indi-

vidual binomial crossover operation is used, resulting in trial vector. Mathematically, it

is written as

ut+1
ij =


vtij if(χj ≤ CR or j = χi)

xtij otherwise

(j = 1, 2, ..., Ng, i = 1, 2, ..., NP ) (A.10)

where χj∈ [0,1] is the jth evaluation of random number. CR∈ [0,1] is the crossover

constant. χi∈ [1,Ng] is a randomly chosen index by exploiting chaotic sequence.
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In order to decide, whether a trial vector is selected as a member of G+1 generation,

the survival of the fittest principle is followed. Mathematically,

xt+1
ij =


ut+1
ij if ut+1

ij < xtij

xtij otherwise

(j = 1, 2, ..., Ng, i = 1, 2, ..., NP ) (A.11)

The above stated process of mutation, crossover and selection is repeated in an iterative

way to update each X t
i . The iterative process continues until termination criteria is

satisfied and upon termination best solution available in population is treated as final

solution of the problem.

A.5 EVOLUTIONARY PROGRAMMING (EP)

Evolutionary Programming is initially proposed as an alternative for artificial intelligence.

EP follows the two step evolution concept viz. mutate the current population and selection

of solution from the current and mutated population. Each individual in the population

is a real valued vector (xi, ηi), where xi is the objective variable and ηi is the associated

strategy parameter. Mutation is responsible for generation of new solutions whereas

selection operation decides the survival in next population. Mathematically, the working

concept of EP is illustrated as follows [38]:

xt+1
ij = xtij + ηtijNj(0, 1) (A.12)

ηt+1
ij = ηtijexp(τ

t+1N(0, 1) + τNj(0, 1)) (j = 1, 2, ..., Ng, i = 1, 2, ..., NP ) (A.13)

where Nj(0, 1) is the normally distributed random number with mean 0 and 1 standard de-

viation, generated for jth individual. The parameters τ and τ t+1 are given by
(√

2
√
n
)−1

and
(√

2n
)−1

.

The iterative process to update strategy parameter ηtij and offspring xtij generation

is repeated along with selection operation to decide parents for k + 1th generation. The

iterative process continues till termination criteria is satisfied.
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DIRECT SEARCH METHODS

The direct search methods are classified under the category of local search techniques

and have better exploitation capabilities than global search techniques. A direct search

algorithm does not require partial derivatives of the objective function and are called

non-gradient methods. Among the various direct search methods, Powell’s method and

Hooke Jeeve’s method are one of the promising search techniques. The detailed discussion

of these methods is as follows:

B.1 POWELL’S METHOD

This local search method is proposed by Michael J.D. Powell [462]. Powell’s method

requires, a set of directions [d1, ..., dNg ]T that are iteratively updated to approximate the

direction pointing to x∗. Given an initial point x0, at kth iteration, n steps are taken using

the n directions with step size λ for a new point xki . Mathematically,

xki+1 = xki + λdi (i = 1, 2, ..., Ng) (B.1)

The search directions are updated as: d = xkn+1 − xk1. The old directions are shifted,

di = di+1, i = 1, ..., Ng − 1 and iterations continue with the updated directions until

|f(xk+1
1 )− f(xk1)| < ε. The search process is shown in algorithm B.1.

B.2 HOOKES JEEVE’S METHOD

This direct search method is propose by Hooke and Jeeves [3]. In this method a combi-
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Algorithm B.1 Powell’s algorithm

Input: x0 and ε
k ← 0,(d0, ..., dn)← (e0, ..., en), x11 ← x0

repeat
++k
for i = 1 to n do
λ = argminµf(xki + µdi)
xk+1
1 = xkn+1 + λdi

end for
d = xkn+1 − xk1
xk+1
1 = xkn+1 + λd; λ = argminf(xkn+1 + µd)

until |f(xk+1
1 )− f(xk1)| < ε

Algorithm B.2 Hooke’s Jeeves algorithm

Input: x0, ∆i, α > 1 and ε
k ← 0
xc = xk

for i = 1 to Ng do
f = f(xc), f+ = f(xci + ∆i) and f− = f(xci −∆i)
fmin = min(f, f+, f−)
xc ← xfmin

end for
if f(xc < f(xk) then
f(xk+1 = f(xc)
repeat

+ + k
xk+1
p = xk + (xk − xk−1)
xc = xk+1

p

for i = 1 to Ng do
f = f(xc), f+ = f(xci + ∆i) and f− = f(xci −∆i)
fmin = min(f, f+, f−)
xc ← xfmin

end for
if f(xc < f(xk) then
f(xk+1 = f(xc)

end if
until f(xk+1

1 ) < f(xk)
else

if ‖∆‖ > ε then
∆i ← ∆i/2

else
Terminate

end if
end if
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nation of exploratory and pattern moves is used, where exploratory search find the best

point in the vicinity of the current point and Pattern search jumps in the direction of

change, if better then proceed in that direction, else reduce size of exploratory move and

continue. Pattern Search is a search at bigger magnitude and create a set of search di-

rections iteratively which are linearly independent. The Hooke Jeeve’s search process is

shown in algorithm B.2.
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GENERALIZED BENCHMARK FUNCTIONS

The benchmark functions undertaken to authenticate the applicability to solve optimiza-

tion problem having discontinuous, non-differentiable, non-separable and multi-modal

features are given below:

Minimize

1. Griewank Function: [380] Mathematically, it is defined as:

Minimize

F2(x) =
n∑
i=1

x2i
4000

−
∏

cos(
xi√
i
) (C.1)

subject to (−600 ≤ xi ≤ 600)

This function is continuous, differentiable, non-separable, scalable and multi-modal

in nature. The global minimum is f(x∗) = 0, x∗ = f(0, ..., 0).

2. Rastrigins Function: [380] Mathematically, it is defined as:

Minimize

F3(x) =
n∑
i=1

[x2i − 10cos(2πxi)] (C.2)

subject to (−10 ≤ xi ≤ 10)

This function is highly multi-modal and non-differentiable in nature. The global

minima is located at x∗ = f(0, ..., 0), f(x∗) = 0.

3. Rosenbrocks Function: [380] Mathematically, it is defined as:
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Minimize

F4(x) =
n−1∑
i=1

[(xi − 1)2 + 100(xi+1 − x2i )2] (C.3)

subject to (−30 ≤ xi ≤ 30)

The global minimum is located at x∗ = f(1, ..., 1), f ∗ = 0.

4. Schwefel 2.22 Function: [380] Mathematically, it is defined as:

Minimize

F5(x) =
n∑
i=1

|xi|+
n∏
i=1

|xi| (C.4)

subject to (−10 ≤ xi ≤ 10) The global minima is located atx∗ = f(0, ..., 0) and

the minima is f(x) = 0.

5. Generalized Schwefel Function: [380] Mathematically, it is defined as:

Minimize

F1(x) = −
n∑
i=1

xisin(
√
|xi|) (C.5)

subject to −500 ≤ xi ≤ 500

This function is continuous, differentiable, separable, scalable and multi-modal in

nature. The global minimum is f(x∗) = 418.9829n, x∗ = 420.9687

6. Sphere Function: [380] It is the simplest of De Jongs functions. Mathematically,

it is defined as:

Minimize

F6(x) =
n∑
i=1

x2i (C.6)

subject to (−10 ≤ xi ≤ 10) (i = 1, 2, ..., n)

This function is continuous, differentiable, separable, scalable, unimodal in nature.

The global minima is located at x∗ = f(0, ..., 0), f(x∗) = 0.
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7. Step Function: [380] Mathematically, it is defined as:

Minimize

F7(x) =
n∑
i=1

b|xi|c (C.7)

subject to (−10 ≤ xi ≤ 10)

This function is discontinuous, non-differentiable, separable, scalable and unimodal

in nature. The global minima is located x∗ = f(0, ..., 0) = 0, f(x∗) = 0.

8. Step 2 Function: [380] Mathematically, it is defined as:

Minimize

F (x) =
n∑
i=1

b|xi + 0.5|c (C.8)

subject to (−10 ≤ xi ≤ 10)

This function is discontinuous, non-differentiable, separable, scalable and unimodal

in nature. The global minima is located x∗ = f(0.5, ..., 0.5) = 0, f(x∗) = 0.
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TEST POWER SYSTEMS

In order to validate the capability of proposed algorithms to solve real life engineering

problems, the power system dispatch problems are considered. These problems are eco-

nomic load dispatch, minimum emission dispatch and multiobjective load dispatch. The

power generators of considered power systems have smooth/ non-smooth cost function.

The power generators of these systems have additional complexity of prohibited operating

zone and ramp rate limit constraints. In order to, include the power transmission losses

in the study, the B-coefficients are used to obtain transmission losses. The systems used

in study have small, medium and large power generation capacity. The small generation

capacity, electric power system consists of ten multi-fuel operated generators and addi-

tional complexities of generation and transmission system. The medium capacity system

has forty power generators with non-smooth behavior, whereas the large capacity electric

power system has 140 power generators with additional complexities. The power genera-

tor characteristics of considered systems along with their reference are as follows:

D.1 SYSTEM DATA FOR TEST POWER SYSTEM-1

A power generation unit with multiple cost curves needs to operate on the lower contour

of the intersecting cost curves. The resulting cost function is a combined cost function

representing impact of multiple fuels. Each segment of the combined cost function implies

some information about the fuel being used for the operation of power generator. A test

power system consisting of ten-thermal power generating units considering multiple fuel
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Table D.1: Power generator’s cost coefficients

Unit Fuel type Cost coefficients
j FT a1j,FT b1j,FT c1j,FT d1j,FT e1j,FT

($/MW 2h) ($/MWh) ($/h) ($/h) (rad/MW )

1 1 0.002176 -0.3975 26.97 0.02697 -3.975
2 0.001861 -0.3059 21.13 0.02113 -3.059

2 1 0.004194 -1.269 118.4 0.1184 -12.69
2 0.001138 -0.03988 1.865 0.001865 -0.3988
3 0.00162 -0.198 13.65 0.01365 -1.98

3 1 0.001457 -0.3116 39.79 0.03979 -3.116
2 1.18E-05 0.4864 -59.14 -0.05914 4.864
3 0.000804 0.03389 -2.875 -0.00288 0.3389

4 1 0.001049 -0.03114 1.983 0.001983 -0.3114
2 0.002758 -0.6348 52.85 0.05285 -6.348
3 0.005935 -2.338 266.8 0.2668 -23.38

5 1 0.001066 -0.08733 13.92 0.01392 -0.8733
2 0.001597 -0.5206 99.76 0.09976 -5.206
3 0.00015 0.4462 -53.99 -0.05399 4.462

6 1 0.002758 -0.6348 52.85 0.05285 -6.348
2 0.001049 -0.03114 1.983 0.001983 -0.3114
3 0.005935 -2.338 266.8 0.2668 -23.38

7 1 0.001107 -0.1325 18.93 0.01893 -1.325
2 0.001165 -0.2267 43.77 0.04377 -2.267
3 0.000245 0.3559 -43.35 -0.04335 3.559

8 1 0.001049 -0.03114 1.983 0.001983 -0.3114
2 0.002758 -0.6348 52.85 0.05285 -6.348
3 0.005935 -2.338 266.8 0.2668 -23.38

9 1 0.001554 -0.5675 88.53 0.08853 -5.675
2 0.007033 -0.04514 15.3 0.01423 -0.1817
3 0.000612 -0.01817 14.23 0.01423 -0.1817

10 1 0.001102 -0.09938 13.97 0.01397 -0.9938
2 4.16E-05 0.5084 -61.13 -0.06113 5.084
3 0.001137 -0.2024 46.71 0.04671 -2.024

options without and with valve point loading effect is studied for 2700 MW power demand.

The multiple fuel cost characteristics are referred from [163] and are tabulated in Table

D.1. Table D.2 provides the power generation limits of generators and the type of fuels

available for generator and corresponding fuel limits.

The multi fuel power generators have additional complexity of prohibited operating

zone constraints. The corresponding information has been referred from [376] and tabu-

lated in D.3. The table provides information about number of prohibited operating zones

applied on a power generator and their corresponding limits. The multi-fuel system has

been considered in multiobjective framework and the gaseous pollutant’s emission coeffi-
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Table D.2: Test power system-1, Fuel option and corresponding power generator limits

Generator Fuel and power generator limits
j Pmin

j Pmax
j

1 FT [1] [2]
Limit [100.0] [196.0] [250.0]

2 FT [ 2] [ 3] [ 1]
Limit [50.0] [114.0] [157.0] [230.0]

3 FT [ 1] [ 3] [ 2]
Limit [200.0] [332.0] [388.0] [500.0]

4 FT [ 1] [ 2] [ 3]
Limit [99.0] [138.0] [200.0] [265.0]

5 FT [ 1] [ 2] [ 3]
Limit [190.0] [338.0] [407.0] [490.0]

6 FT [ 2] [ 1] [ 3]
Limit [85.0] [138.0] [200.0] [265.0]

7 FT [ 1] [ 2] [ 3]
Limit [200.0] [331.0] [391.0] [500.0]

8 FT [ 1] [ 2] [ 3]
Limit [99.0] [138.0] [200.0] [265.0]

9 FT [ 3] [ 1] [ 3]
Limit [130.0] [213.0] [370.0] [440.0]

10 FT [ 1] [ 3] [ 2]
Limit [200.0] [362.0] [407.0] [490.0]

Table D.3: Test power system-1, Prohibited operating zone (POZ)

Generator Number of POZ POZ limit (MW)
3 3 [ 215.0, 225.0] [ 305.0, 335.0] [ 420.0, 450.0]
5 3 [ 200.0, 220.0] [ 260.0, 335.0] [ 390.0, 420.0]
7 3 [ 230.0, 255.0] [ 365.0, 395.0] [ 430.0, 455.0]
10 2 [ 270.0, 295.0] [ 380.0, 400.0]

cients tabulated in Table D.4 have been referred for implementation of minimum emission

dispatch of undertaken system.

In order to, consider the network transmission losses along with multi-fuel system, the

B-coefficients available in [330] for 10 generator system are considered. The B-coefficients

Bij(MW−1), Bj0 and B00(MW ) are tabulated in Table D.5 for reference.
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Table D.4: Gaseous pollutant’s emission coefficient

unit Fuel type a2j,FT b2j,FT c2j,FT d2j,FT e2j,FT
j FT (lb/MW 2h) (lb/MWh) (lb/h) (lb/h) (MW−1)

1 1 0.048 -2.22 60 1.31 0.0569
2 0.048 -2.22 60 1.31 0.0569

2 1 0.0762 -2.36 100 1.31 0.0569
2 0.054 -3.14 120 0.91 0.0454
3 0.085 -1.89 50 0.99 0.0406

3 1 0.0854 -3.08 80 1.31 0.0569
2 0.0242 -3.06 100 0.65 0.02846
3 0.031 -2.32 130 0.65 0.02846

4 1 0.0335 -2.11 150 0.65 0.02846
2 0.425 -4.34 280 0.65 0.02846
3 0.0322 -4.34 220 0.65 0.02846

5 1 0.0338 -4.28 225 0.65 0.02846
2 0.0296 -4.18 300 0.5 0.02075
3 0.0512 -3.34 520 0.5 0.02075

6 1 0.0496 -3.55 510 0.5 0.02075
2 0.0496 -3.55 510 0.5 0.02075
3 0.0151 -2.68 220 0.5 0.02075

7 1 0.0151 -2.66 222 0.5 0.02075
2 0.0151 -2.68 220 0.5 0.02075
3 0.0151 -2.68 220 0.5 0.02075

8 1 0.0145 -2.22 290 0.5 0.02075
2 0.0145 -2.22 285 0.5 0.02075
3 0.0138 -2.26 295 0.5 0.02075

9 1 0.0138 -2.26 295 0.5 0.02075
2 0.0132 -2.42 310 0.5 0.02075
3 0.0132 -2.42 310 0.5 0.02075

10 1 1.842 -1.11 360 0.99 0.0406
2 1.842 -1.11 360 0.99 0.0406
3 1.842 -1.11 360 0.99 0.0406

Table D.5: B-matrix for multi-fuel system (Ö10−4) [330]

Bij =



0.49 0.14 0.15 0.15 0.16 0.17 0.17 0.18 0.19 0.20
0.14 0.16 0.16 0.16 0.17 0.15 0.15 0.16 0.18 0.18
0.15 0.16 0.39 0.10 0.12 0.12 0.14 0.14 0.16 0.16
0.15 0.16 0.10 0.40 0.14 0.10 0.11 0.12 0.14 0.15
0.16 0.17 0.12 0.14 0.35 0.11 0.13 0.13 0.15 0.16
0.17 0.15 0.12 0.10 0.11 0.36 0.12 0.12 0.14 0.15
0.17 0.15 0.14 0.11 0.13 0.12 0.38 0.16 0.16 0.18
0.18 0.16 0.14 0.12 0.13 0.12 0.16 0.40 0.15 0.16
0.19 0.18 0.16 0.14 0.15 0.14 0.16 0.15 0.42 0.19
0.20 0.18 0.16 0.15 0.16 0.15 0.18 0.16 0.19 0.44


Bj0 =

[
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

]
B00 = 0.0
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D.2 SYSTEM DATA FOR TEST POWER SYSTEM-2

A power system having 40-thermal generator power system has been undertaken for

Table D.6: Power generation cost coefficient of forty generators

Generator a1j b1j c1j d1j e1j Pminj Pmaxj

j ($/MW 2h) ($/MWh) ($/h) ($/h) (rad/MW ) (MW ) (MW )

1 0.0069 6.73 94.705 100 0.084 36 114
2 0.0069 6.73 94.705 100 0.084 36 114
3 0.02028 7.07 309.54 100 0.084 60 120
4 0.00942 8.18 369.03 150 0.063 80 190
5 0.0114 5.35 148.89 120 0.077 47 97
6 0.01142 8.05 222.33 100 0.084 68 140
7 0.00357 8.03 287.71 200 0.042 110 300
8 0.00492 6.99 391.98 200 0.042 135 300
9 0.00573 6.6 455.76 200 0.042 135 300
10 0.00605 12.9 722.82 200 0.042 130 300
11 0.00515 12.9 635.2 200 0.042 94 375
12 0.00569 12.8 654.69 200 0.042 94 375
13 0.00421 12.5 913.4 300 0.035 125 500
14 0.00752 8.84 1760.4 300 0.035 125 500
15 0.00752 8.84 1760.4 300 0.035 125 500
16 0.00752 8.84 1760.4 300 0.035 125 500
17 0.00313 7.97 647.85 300 0.035 220 500
18 0.00313 7.95 649.69 300 0.035 220 500
19 0.00313 7.97 647.83 300 0.035 242 550
20 0.00313 7.97 647.81 300 0.035 242 550
21 0.00298 6.63 785.96 300 0.035 254 550
22 0.00298 6.63 785.96 300 0.035 254 550
23 0.00284 6.66 794.53 300 0.035 254 550
24 0.00284 6.66 794.53 300 0.035 254 550
25 0.00277 7.1 801.32 300 0.035 254 550
26 0.00277 7.1 801.32 300 0.035 254 550
27 0.52124 3.33 1055.1 120 0.077 10 150
28 0.52124 3.33 1055.1 120 0.077 10 150
29 0.52124 3.33 1055.1 120 0.077 10 150
30 0.0114 5.35 148.89 120 0.077 47 97
31 0.0016 6.43 222.92 150 0.063 60 190
32 0.0016 6.43 222.92 150 0.063 60 190
33 0.0016 6.43 222.92 150 0.063 60 190
34 0.0001 8.95 107.87 200 0.042 90 200
35 0.0001 8.62 116.58 200 0.042 90 200
36 0.0001 8.62 116.58 200 0.042 90 200
37 0.0161 5.88 307.45 80 0.098 25 110
38 0.0161 5.88 307.45 80 0.098 25 110
39 0.0161 5.88 307.45 80 0.098 25 110
40 0.00313 7.97 647.83 300 0.035 242 550

simultaneously minimizing fuel cost and gaseous pollutants emission. The data re-
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garding operating cost and emission characteristics are given in [330]. The system

Table D.7: Gaseous pollutant’s emission coefficient of forty generators

Generator a2j b2j c2j d2j e2j
j (lb/MW 2h) (lb/MWh) (lb/h) (lb/h) (MW−1)

1 0.048 -2.22 60 1.31 0.0569
2 0.048 -2.22 60 1.31 0.0569
3 0.0762 -2.36 100 1.31 0.0569
4 0.054 -3.14 120 0.9142 0.0454
5 0.085 -1.89 50 0.9936 0.0406
6 0.0854 -3.08 80 1.31 0.0569
7 0.0242 -3.06 100 0.655 0.02846
8 0.031 -2.32 130 0.655 0.02846
9 0.0335 -2.11 150 0.655 0.02846
10 0.425 -4.34 280 0.655 0.02846
11 0.0322 -4.34 220 0.655 0.02846
12 0.0338 -4.28 225 0.655 0.02846
13 0.0296 -4.18 300 0.5035 0.02075
14 0.0512 -3.34 520 0.5035 0.02075
15 0.0496 -3.55 510 0.5035 0.02075
16 0.0496 -3.55 510 0.5035 0.02075
17 0.0151 -2.68 220 0.5035 0.02075
18 0.0151 -2.66 222 0.5035 0.02075
19 0.0151 -2.68 220 0.5035 0.02075
20 0.0151 -2.68 220 0.5035 0.02075
21 0.0145 -2.22 290 0.5035 0.02075
22 0.0145 -2.22 285 0.5035 0.02075
23 0.0138 -2.26 295 0.5035 0.02075
24 0.0138 -2.26 295 0.5035 0.02075
25 0.0132 -2.42 310 0.5035 0.02075
26 0.0132 -2.42 310 0.5035 0.02075
27 1.842 -1.11 360 0.9936 0.0406
28 1.842 -1.11 360 0.9936 0.0406
29 1.842 -1.11 360 0.9936 0.0406
30 0.085 -1.89 50 0.9936 0.0406
31 0.0121 -2.08 80 0.9142 0.0454
32 0.0121 -2.08 80 0.9142 0.0454
33 0.0121 -2.08 80 0.9142 0.0454
34 0.0012 -3.48 65 0.655 0.02846
35 0.0012 -3.24 70 0.655 0.02846
36 0.0012 -3.24 70 0.655 0.02846
37 0.095 -1.98 100 1.42 0.0677
38 0.095 -1.98 100 1.42 0.0677
39 0.095 -1.98 100 1.42 0.0677
40 0.0151 -2.68 220 0.5035 0.02075

has power demand of 10500 MW. The same data is reproduced in Tables D.6 and D.7.
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D.3 SYSTEM DATA FOR TEST POWER SYSTEM-3

Test power system-3 considered for study is Korean power system [321] having 140 ther-

mal power generating units with ramp-rate limits and power demand of 49342 MW. This

system has been analyzed with two options, i.e., (i) neglecting valve point effects and

POZ; and (ii) considering valve-point loading effects and POZ. Fuel cost characteristics

coefficients along with minimum, maximum and ramp rate limits are given in Table D.8.

The gaseous pollutant’s emission coefficients are obtained by extending the emission coef-

ficients of Test system-2 (Appendix D.7) and are tabulated in Table D.9. Data regarding

prohibited operating zones is tabulated in Table D.10.

Table D.8: Power generation cost coefficients of Korean power system

Unit a1j b1j c1j d1j e1j Pmin
j Pmax

j URj DRj P 0
j

j ($/MW 2h) ($/MWh) ($/h) ($/h) (rad/MW ) (MW ) (MW ) (MW/h) (MW/h) (MW )
1 0.032888 61.242 1220.645 0 0 71 119 30 120 98.4
2 0.00828 41.095 1315.118 0 0 120 189 30 120 134
3 0.003849 46.31 874.288 0 0 125 190 60 60 141.5
4 0.003849 46.31 874.288 0 0 125 190 60 60 183.3
5 0.042468 54.242 1976.469 700 0.08 90 190 150 150 125
6 0.014992 61.215 1338.087 0 0 90 190 150 150 91.3
7 0.007039 11.791 1818.299 0 0 280 490 180 300 401.1
8 0.003079 15.055 1133.978 0 0 280 490 180 300 329.5
9 0.005063 13.226 1320.636 0 0 260 496 300 510 386.1
10 0.005063 13.226 1320.636 600 0.055 260 496 300 510 427.3
11 0.005063 13.226 1320.636 0 0 260 496 300 510 412.2
12 0.003552 14.498 1106.539 0 0 260 496 300 510 370.1
13 0.003901 14.651 1176.504 0 0 260 506 600 600 301.8
14 0.003901 14.651 1176.504 0 0 260 509 600 600 368
15 0.003901 14.651 1176.504 800 0.06 260 506 600 600 301.9
16 0.003901 14.651 1176.504 0 0 260 505 600 600 476.4
17 0.002393 15.669 1017.406 0 0 260 506 600 600 283.1
18 0.002393 15.669 1017.406 0 0 260 506 600 600 414.1
19 0.003684 14.656 1229.131 0 0 260 505 600 600 328
20 0.003684 14.656 1229.131 0 0 260 505 600 600 389.4
21 0.003684 14.656 1229.131 0 0 260 505 600 600 354.7
22 0.003684 14.656 1229.131 600 0.05 260 505 600 600 262
23 0.004004 14.378 1267.894 0 0 260 505 600 600 461.5
24 0.003684 14.656 1229.131 0 0 260 505 600 600 371.6
25 0.001619 16.261 975.926 0 0 280 537 300 300 462.6
26 0.005093 13.362 1532.093 0 0 280 537 300 300 379.2
27 0.000993 17.203 641.989 0 0 280 549 360 360 530.8
28 0.000993 17.203 641.989 0 0 280 549 360 360 391.9
29 0.002473 15.274 911.533 0 0 260 501 180 180 480.1
30 0.002547 15.212 910.533 0 0 260 501 180 180 319
31 0.003542 15.033 1074.81 0 0 260 506 600 600 329.5
32 0.003542 15.033 1074.81 0 0 260 506 600 600 333.8
33 0.003542 15.033 1074.81 600 0.043 260 506 600 600 390
34 0.003542 15.033 1074.81 0 0 260 506 600 600 432
35 0.003132 13.992 1278.46 0 0 260 500 660 660 402
36 0.001323 15.679 861.742 0 0 260 500 900 900 428
37 0.00295 16.542 408.834 0 0 120 241 180 180 178.4
38 0.00295 16.542 408.834 0 0 120 241 180 180 194.1
39 0.000991 16.518 1288.815 0 0 423 774 600 600 474
40 0.001581 15.815 1436.251 600 0.043 423 769 600 600 609.8
41 0.90236 75.464 669.988 0 0 3 19 210 210 17.8
42 0.110295 129.544 134.544 0 0 3 28 366 366 6.9
43 0.024493 56.613 3427.912 0 0 160 250 702 702 224.3
44 0.029156 54.451 3751.772 0 0 160 250 702 702 210
45 0.024667 54.736 3918.78 0 0 160 250 702 702 212

Continued on next page
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Table D.8 – Continued from previous page

Generator a1j b1j c1j d1j e1j Pmin
j Pmax

j URj DRj P 0
j

j ($/MW 2h) ($/MWh) ($/h) ($/h) (rad/MW ) (MW ) (MW ) (MW/h) (MW/h) (MW )
46 0.016517 58.034 3379.58 0 0 160 250 702 702 200.8
47 0.026584 55.981 3345.296 0 0 160 250 702 702 220
48 0.00754 61.52 3138.754 0 0 160 250 702 702 232.9
49 0.01643 58.635 3453.05 0 0 160 250 702 702 168
50 0.045934 44.647 5119.3 0 0 160 250 702 702 208.4
51 0.000044 71.584 1898.415 0 0 165 504 1350 1350 443.9
52 0.000044 71.584 1898.415 1100 0.043 165 504 1350 1350 426
53 0.000044 71.584 1898.415 0 0 165 504 1350 1350 434.1
54 0.000044 71.584 1898.415 0 0 165 504 1350 1350 402.5
55 0.002528 85.12 2473.39 0 0 180 471 1350 1350 357.4
56 0.000131 87.682 2781.705 0 0 180 561 720 720 423
57 0.010372 69.532 5515.508 0 0 103 341 720 720 220
58 0.007627 78.339 3478.3 0 0 198 617 2700 2700 369.4
59 0.012464 58.172 6240.909 0 0 100 312 1500 1500 273.5
60 0.039441 46.636 9960.11 0 0 153 471 1656 1656 336
61 0.007278 76.947 3671.997 0 0 163 500 2160 2160 432
62 0.000044 80.761 1837.383 0 0 95 302 900 900 220
63 0.000044 70.136 3108.395 0 0 160 511 1200 1200 410.6
64 0.000044 70.136 3108.395 0 0 160 511 1200 1200 422.7
65 0.018827 49.84 7095.484 0 0 196 490 1014 1014 351
66 0.010852 65.404 3392.732 0 0 196 490 1014 1014 296
67 0.018827 49.84 7095.484 0 0 196 490 1014 1014 411.1
68 0.018827 49.84 7095.484 0 0 196 490 1014 1014 263.2
69 0.03456 66.465 4288.32 0 0 130 432 1350 1350 370.3
70 0.08154 22.941 13813 1200 0.03 130 432 1350 1350 418.7
71 0.023534 64.314 4435.493 0 0 137 455 1350 1350 409.6
72 0.035475 45.017 9750.75 1000 0.05 137 455 1350 1350 412
73 0.000915 70.644 1042.366 0 0 195 541 780 780 423.2
74 0.000044 70.959 1159.895 0 0 175 536 1650 1650 428
75 0.000044 70.959 1159.895 0 0 175 540 1650 1650 436
76 0.001307 70.302 1303.99 0 0 175 538 1650 1650 428
77 0.000392 70.662 1156.193 0 0 175 540 1650 1650 425
78 0.000087 71.101 2118.968 0 0 330 574 1620 1620 497.2
79 0.000521 37.854 779.519 0 0 160 531 1482 1482 510
80 0.000498 37.768 829.888 0 0 160 531 1482 1482 470
81 0.001046 67.983 2333.69 0 0 200 542 1668 1668 464.1
82 0.13205 77.838 2028.954 0 0 56 132 120 120 118.1
83 0.096968 63.671 4412.017 0 0 115 245 180 180 141.3
84 0.054868 79.458 2982.219 1000 0.05 115 245 120 180 132
85 0.054868 79.458 2982.219 0 0 115 245 120 180 135
86 0.014382 93.966 3174.939 0 0 207 307 120 180 252
87 0.013161 94.723 3218.359 0 0 207 307 120 180 221
88 0.016033 66.919 3723.822 0 0 175 345 318 318 245.9
89 0.013653 68.185 3551.405 0 0 175 345 318 318 247.9
90 0.028148 60.821 4322.615 0 0 175 345 318 318 183.6
91 0.01347 68.551 3493.739 0 0 175 345 318 318 288
92 0.000064 2.842 226.799 0 0 360 580 18 18 557.4
93 0.000252 2.946 382.932 0 0 415 645 18 18 529.5
94 0.000022 3.096 156.987 0 0 795 984 36 36 800.8
95 0.000022 3.04 154.484 0 0 795 978 36 36 801.5
96 0.000203 1.709 332.834 0 0 578 682 138 204 582.7
97 0.000198 1.668 326.599 0 0 615 720 144 216 680.7
98 0.000215 1.789 345.306 0 0 612 718 144 216 670.7
99 0.000218 1.815 350.372 0 0 612 720 144 216 651.7
100 0.000193 2.726 370.377 0 0 758 964 48 48 921
101 0.000197 2.732 367.067 0 0 755 958 48 48 916.8
102 0.000324 2.651 124.875 0 0 750 1007 36 54 911.9
103 0.000344 2.798 130.785 0 0 750 1006 36 54 898
104 0.00069 1.595 878.746 0 0 713 1013 30 30 905
105 0.00065 1.503 827.959 0 0 718 1020 30 30 846.5
106 0.000233 2.425 432.007 0 0 791 954 30 30 850.9
107 0.000239 2.499 445.606 0 0 786 952 30 30 843.7
108 0.000261 2.674 467.223 0 0 795 1006 36 36 841.4
109 0.000259 2.692 475.94 0 0 795 1013 36 36 835.7
110 0.000707 1.633 899.462 0 0 795 1021 36 36 828.8
111 0.000786 1.816 1000.367 0 0 795 1015 36 36 846
112 0.014355 89.83 1269.132 0 0 94 203 120 120 179
113 0.014355 89.83 1269.132 0 0 94 203 120 120 120.8
114 0.014355 89.83 1269.132 0 0 94 203 120 120 121
115 0.030266 64.125 4965.124 0 0 244 379 480 480 317.4
116 0.030266 64.125 4965.124 0 0 244 379 480 480 318.4
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Generator a1j b1j c1j d1j e1j Pmin
j Pmax

j URj DRj P 0
j

j ($/MW 2h) ($/MWh) ($/h) ($/h) (rad/MW ) (MW ) (MW ) (MW/h) (MW/h) (MW )
117 0.030266 64.125 4965.124 0 0 244 379 480 480 335.8
118 0.024027 76.129 2243.185 0 0 95 190 240 240 151
119 0.00158 81.805 2290.381 600 0.07 95 189 240 240 129.5
120 0.022095 81.14 1681.533 0 0 116 194 120 120 130
121 0.07681 46.665 6743.302 1200 0.043 175 321 180 180 218.9
122 0.953443 78.412 394.398 0 0 2 19 90 90 5.4
123 0.000044 112.088 1243.165 0 0 4 59 90 90 45
124 0.072468 90.871 1454.74 0 0 15 83 300 300 20
125 0.000448 97.116 1011.051 0 0 9 53 162 162 16.3
126 0.599112 83.244 909.269 0 0 12 37 114 114 20
127 0.244706 95.665 689.378 0 0 10 34 120 120 22.1
128 0.000042 91.202 1443.792 0 0 112 373 1080 1080 125
129 0.085145 104.501 535.553 0 0 4 20 60 60 10
130 0.524718 83.015 617.734 0 0 5 38 66 66 13
131 0.176515 127.795 90.966 0 0 5 19 12 6 7.5
132 0.063414 77.929 974.447 0 0 50 98 300 300 53.2
133 2.740485 92.779 263.81 0 0 5 10 6 6 6.4
134 0.112438 80.95 1335.594 0 0 42 74 60 60 69.1
135 0.041529 89.073 1033.871 0 0 42 74 60 60 49.9
136 0.000911 161.288 1391.325 0 0 41 105 528 528 91
137 0.005245 161.829 4477.11 0 0 17 51 300 300 41
138 0.234787 84.972 57.794 0 0 7 19 18 30 13.7
139 0.234787 84.972 57.794 0 0 7 19 18 30 7.4
140 1.111878 16.087 1258.437 0 0 26 40 72 120 28.6

Table D.9: Gaseous pollutant’s emission coefficient of Korean system

Generator a2j b2j c2j d2j e2j
j (lb/MW 2h) (lb/MWh) (lb/h) (lb/h) (MW−1)

1 0.048 -2.22 60 1.31 0.0569
2 0.048 -2.22 60 1.31 0.0569
3 0.0762 -2.36 100 1.31 0.0569
4 0.054 -3.14 120 0.91 0.0454
5 0.085 -1.89 50 0.99 0.0406
6 0.0854 -3.08 80 1.31 0.0569
7 0.0242 -3.06 100 0.65 0.02846
8 0.031 -2.32 130 0.65 0.02846
9 0.0335 -2.11 150 0.65 0.02846
10 0.425 -4.34 280 0.65 0.02846
11 0.0322 -4.34 220 0.65 0.02846
12 0.0338 -4.28 225 0.65 0.02846
13 0.0296 -4.18 300 0.5 0.02075
14 0.0512 -3.34 520 0.5 0.02075
15 0.0496 -3.55 510 0.5 0.02075
16 0.0496 -3.55 510 0.5 0.02075
17 0.0151 -2.68 220 0.5 0.02075
18 0.0151 -2.66 222 0.5 0.02075
19 0.0151 -2.68 220 0.5 0.02075
20 0.0151 -2.68 220 0.5 0.02075
21 0.0145 -2.22 290 0.5 0.02075
22 0.0145 -2.22 285 0.5 0.02075
23 0.0138 -2.26 295 0.5 0.02075
24 0.0138 -2.26 295 0.5 0.02075
25 0.0132 -2.42 310 0.5 0.02075
26 0.0132 -2.42 310 0.5 0.02075
27 1.842 -1.11 360 0.99 0.0406
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Generator a2j b2j c2j d2j e2j
j (lb/MW 2h) (lb/MWh) (lb/h) (lb/h) (MW−1)

28 1.842 -1.11 360 0.99 0.0406
29 1.842 -1.11 360 0.99 0.0406
30 0.085 -1.89 50 0.99 0.0406
31 0.0121 -2.08 80 0.91 0.0454
32 0.0121 -2.08 80 0.91 0.0454
33 0.0121 -2.08 80 0.91 0.0454
34 0.0012 -3.48 65 0.65 0.02846
35 0.0012 -3.24 70 0.65 0.02846
36 0.0012 -3.24 70 0.65 0.02846
37 0.095 -1.98 100 1.42 0.0677
38 0.095 -1.98 100 1.42 0.0677
39 0.095 -1.98 100 1.42 0.0677
40 0.0151 -2.68 220 0.5 0.02075
41 0.048 -2.22 60 1.31 0.0569
42 0.048 -2.22 60 1.31 0.0569
43 0.0762 -2.36 100 1.31 0.0569
44 0.054 -3.14 120 0.91 0.0454
45 0.085 -1.89 50 0.99 0.0406
46 0.0854 -3.08 80 1.31 0.0569
47 0.0242 -3.06 100 0.65 0.02846
48 0.031 -2.32 130 0.65 0.02846
49 0.0335 -2.11 150 0.65 0.02846
50 0.425 -4.34 280 0.65 0.02846
51 0.0322 -4.34 220 0.65 0.02846
52 0.0338 -4.28 225 0.65 0.02846
53 0.0296 -4.18 300 0.5 0.02075
54 0.0512 -3.34 520 0.5 0.02075
55 0.0496 -3.55 510 0.5 0.02075
56 0.0496 -3.55 510 0.5 0.02075
57 0.0151 -2.68 220 0.5 0.02075
58 0.0151 -2.66 222 0.5 0.02075
59 0.0151 -2.68 220 0.5 0.02075
60 0.0151 -2.68 220 0.5 0.02075
61 0.0145 -2.22 290 0.5 0.02075
62 0.0145 -2.22 285 0.5 0.02075
63 0.0138 -2.26 295 0.5 0.02075
64 0.0138 -2.26 295 0.5 0.02075
65 0.0132 -2.42 310 0.5 0.02075
66 0.0132 -2.42 310 0.5 0.02075
67 1.842 -1.11 360 0.99 0.0406
68 1.842 -1.11 360 0.99 0.0406
69 1.842 -1.11 360 0.99 0.0406
70 0.085 -1.89 50 0.99 0.0406
71 0.0121 -2.08 80 0.91 0.0454
72 0.0121 -2.08 80 0.91 0.0454
73 0.0121 -2.08 80 0.91 0.0454
74 0.0012 -3.48 65 0.65 0.02846
75 0.0012 -3.24 70 0.65 0.02846
76 0.0012 -3.24 70 0.65 0.02846
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Generator a2j b2j c2j d2j e2j
j (lb/MW 2h) (lb/MWh) (lb/h) (lb/h) (MW−1)

77 0.095 -1.98 100 1.42 0.0677
78 0.095 -1.98 100 1.42 0.0677
79 0.095 -1.98 100 1.42 0.0677
80 0.0151 -2.68 220 0.5 0.02075
81 0.048 -2.22 60 1.31 0.0569
82 0.048 -2.22 60 1.31 0.0569
83 0.0762 -2.36 100 1.31 0.0569
84 0.054 -3.14 120 0.91 0.0454
85 0.085 -1.89 50 0.99 0.0406
86 0.0854 -3.08 80 1.31 0.0569
87 0.0242 -3.06 100 0.65 0.02846
88 0.031 -2.32 130 0.65 0.02846
89 0.0335 -2.11 150 0.65 0.02846
90 0.425 -4.34 280 0.65 0.02846
91 0.0322 -4.34 220 0.65 0.02846
92 0.0338 -4.28 225 0.65 0.02846
93 0.0296 -4.18 300 0.5 0.02075
94 0.0512 -3.34 520 0.5 0.02075
95 0.0496 -3.55 510 0.5 0.02075
96 0.0496 -3.55 510 0.5 0.02075
97 0.0151 -2.68 220 0.5 0.02075
98 0.0151 -2.66 222 0.5 0.02075
99 0.0151 -2.68 220 0.5 0.02075
100 0.0151 -2.68 220 0.5 0.02075
101 0.0145 -2.22 290 0.5 0.02075
102 0.0145 -2.22 285 0.5 0.02075
103 0.0138 -2.26 295 0.5 0.02075
104 0.0138 -2.26 295 0.5 0.02075
105 0.0132 -2.42 310 0.5 0.02075
106 0.0132 -2.42 310 0.5 0.02075
107 1.842 -1.11 360 0.99 0.0406
108 1.842 -1.11 360 0.99 0.0406
109 1.842 -1.11 360 0.99 0.0406
110 0.085 -1.89 50 0.99 0.0406
111 0.0121 -2.08 80 0.91 0.0454
112 0.0121 -2.08 80 0.91 0.0454
113 0.0121 -2.08 80 0.91 0.0454
114 0.0012 -3.48 65 0.65 0.02846
115 0.0012 -3.24 70 0.65 0.02846
116 0.0012 -3.24 70 0.65 0.02846
117 0.095 -1.98 100 1.42 0.0677
118 0.095 -1.98 100 1.42 0.0677
119 0.095 -1.98 100 1.42 0.0677
120 0.0151 -2.68 220 0.5 0.02075
121 0.048 -2.22 60 1.31 0.0569
122 0.048 -2.22 60 1.31 0.0569
123 0.0762 -2.36 100 1.31 0.0569
124 0.054 -3.14 120 0.91 0.0454
125 0.085 -1.89 50 0.99 0.0406
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Generator a2j b2j c2j d2j e2j
j (lb/MW 2h) (lb/MWh) (lb/h) (lb/h) (MW−1)

126 0.0854 -3.08 80 1.31 0.0569
127 0.0242 -3.06 100 0.65 0.02846
128 0.031 -2.32 130 0.65 0.02846
129 0.0335 -2.11 150 0.65 0.02846
130 0.425 -4.34 280 0.65 0.02846
131 0.0322 -4.34 220 0.65 0.02846
132 0.0338 -4.28 225 0.65 0.02846
133 0.0296 -4.18 300 0.5 0.02075
134 0.0512 -3.34 520 0.5 0.02075
135 0.0496 -3.55 510 0.5 0.02075
136 0.0496 -3.55 510 0.5 0.02075
137 0.0151 -2.68 220 0.5 0.02075
138 0.0151 -2.66 222 0.5 0.02075
139 0.0151 -2.68 220 0.5 0.02075
140 0.0151 -2.68 220 0.5 0.02075

Table D.10: Prohibited operating zones data for Korean power system’s thermal
generating units

Unit PU
j PL

j PU
j PL

j PU
j PL

j

j (MW ) (MW ) (MW ) (MW ) (MW ) (MW )
8 250 280 305 335 420 450
32 220 250 320 350 390 420
74 230 255 365 395 430 455
136 50 75 85 95 – –

224




