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Abstract

Over the present years, with the development of industrialization, the demand
for electricity has been rising. Different management and planning tools have been
employed; however additional testing and development are necessary to make the best
exploitation and control. The optimal Power Flow (OPF) and economic scheduling
(ED) problems are the basic problems that system operators solve so as to decrease
the costs related with reliable operating grids' power, so as to decrease fuel costs and

maintain the power outputs of generators and bus voltages within their safety limits,

This thesis handle two major problems commonly encountered in studies
related to the analysis of power systems, namely the optimal power Flow (OPF) and
economic dispatch of emissions (EED). The first problem is expressed as a mixed
integer optimization problem with different targets, such as fuel costs, emissions,
active power losses, enhancement of voltage profile and voltage stability some of
which are non-convex and non-differential nature. The latter is expressed as a
nonlinear multi-objective optimization problem with conflicting goals and subject to
constraints of equality and inequality. In the two surveys, special attention is given to

the environmental and economic parts of electric power generation.

However solutions to the two problems are studied via hybrid parallel and
series technique such as Krill Herd (KH) and Cuckoo Search (CS). This hybrid
method is a modern meta-heuristic optimization technique which acquires additional

attention lately.

The first problem has been tested on the network IEEE -30, IEEE -57 and
IEEE-118 bus test systems, and the second problem has been tested on network 3, 6,
10, 13 and 40 generators to verify the efficiency of these proposed techniques. The
results of these meta-heuristic optimization methods for different power system
problems are compared with those of other optimization methods. The good results of
the proposed strategies underscore their potential to be utilized in practical power

systems.

Keywords: Optimal power flow; Economic emission load dispatch; krill herd

algorithm; Cuckoo search algorithm; metaheuristics ; Optimization



Résumé

Au cours des années actuelles, avec le développement de 1’industrialisation, la
demande en électricité a augmenté. Différents outils de gestion et de planification ont
été utilisés. Cependant, des tests et des développements supplémentaires sont
nécessaires pour optimiser 1’exploitation et le contrdle. L’écoulement de puissance
optimal (OPF) et la répartition de 1’économique de puissance (ED) sont des problémes
de base que résolvent les opérateurs de systéeme afin de réduire les codts liés a une
exploitation fiable des réseaux de puissance et ainsi. Afin de réduire les colts de
carburant et maintenir la puissance des générateurs et des tensions de nceuds dans les

limites de sécurité.

Cette thése traite deux problemes majeurs couramment rencontrés dans les
études relatives a l'analyse des systemes électriques, a savoir I’écoulement de
puissance optimal (OPF) et la répartition économique émission de puissance tenant
compte des émissions (EED). Les deux problemes est exprimé sous la forme d’un
probléme d’optimisation mixte- entier avec différentes cibles, telles que le codt du
carburant, les émissions, les pertes de puissance active, I’amélioration du profil de la
tension et la stabilité de la tension, dont certaines sont de nature non convexe et non
dérivable. Le dernier est exprimé sous la forme d'un probléme d’optimisation multi-
objectif non linéaire a objectifs contradictoires et soumis a des contraintes d'égalité et
d'inégalité. Dans les deux études, une attention particuliere est accordée aux aspects

environnementaux et économiques de la production d’énergie électrique.

Cependant, les solutions aux deux problémes sont étudiées via une technique
hybride paralléle et en série telle que Krill Herd (KH) et Cuckoo Search (CS). Cette
méthode hybride est une technique moderne d'optimisation méta-heuristique qui

suscite actuellement une attention supplémentaire.

Le premier probleme a été testé sur les réseaux modeéles IEEE -30, IEEE -57 et
IEEE-118 nceuds, et le deuxiéme probléme a été testé sur les réseaux 3, 6, 10, 13 et 40
générateurs pour vérifier I'efficacité des techniques proposées. Les résultats de ces
méthodes d'optimisation méta-heuristiques pour différents problemes de systeme de
puissance sont compares a ceux d'autres méthodes d'optimisation. Les bons résultats
des stratégies proposées soulignent leur potentiel d'utilisation dans des systémes de

puissance pratiques.



Mots-clés: Ecoulement de Puissance Optimale; Algorithme Kirill troupeau;

répartition des économiques de puissance; Métaheuristiques; Optimisation.
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P. and Q, represent the active and reactive power
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V¢ Is the voltage magnitude at i-th voltage controlled generator bus,
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Ns, N, and N; are the generators’ number, transformers and shunt VAR
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G, is the transfer conductance
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local
i
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a; " is the target direction effect provided by the preferable krill individual.

K™ and K""™ are the preferable and worst fitness condition values of the krill
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C"" is the krill individual's effective coefficient having the preferable fitness to the
individual of ith krill
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V, is the food search velocity
@, 1s the inertia weight of food search movement in the field [0, 1]

F° is the last food search movement

B is attractive food and S> is the effect of the preferable fitness condition of the

ith krill so far

L, is the local indicator of bus j

A+ e Ap A, are aweighting factors

PV, PQ Voltage-controlled bus and Load buses

OPF Optimal Power Flow

ED Economic Dispatch

PSO Particle Swarm Optimization
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CEED Combined Economic Emission Dispatch
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LP Linear Programming
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L-max Voltage stability Index

CS-KHA! refers to the hybridization method on the parallel
CS-KHA 2 refers to the hybridization method on the series.



Chapter 1. Introduction

Chapter 1. Introduction

1.1 General

An interconnected power system illustrates an electrical network with many
branches and nodes in which the transmission line usually forms a branche. In a
power line, the nodes are called a "buses.” On some buses, power is injected into the
network, while in some other buses it is split by the system loads. Between the two,
power will flow through the network meshes. A given set of loads can be is provided

by a given generator set in an unlimited number of load flow.

Load flow (power flow) research includes the power system networks’
solutions under the steady-state conditions. The solution is get by taking into account
certain constraints of inequality applied to the bus voltage and reactive power of
generators. The major information yielded from the load flow survey is the amplitude
and phase angle of the voltage on every bus and the active and reactive power flowing
in every line. Supposed that the system is balanced. This allows a single-phase

illustration of the system [1].
The significant sides of the load flow analysis are as next:

1. The total quantity of active power in the network is evaluated from the
generating station. The generation has to equal to the demand and losses of
every moment, and the active power should be divided between generators at a
unique rate so as to obtain optimal economic operation.

2. Since transmission links can only carry a certain quantity of power, it is
important to guarantee that the link should not be also close to its stability or
thermal boundaries to carry power.

3. It is needful to maintain the voltage levels of some buses within the range of
precision tolerances. This can be reach by properly reactive power's
scheduling.

4. If the power system is section of a greater pool, it should fulfill its power
scheduling commitment by means of its "tie- lines" with adjacent systems.

5. The disturbances resulting from massive network failure can result in system
failures whose effects can be minimized by appropriate power flow

management strategies prior to failure [2].



Chapter 1. Introduction

6. Power flow analysis is very significant in the planning stages of modern

networks or addition to present networks

1.2 Power flow

The Load flow analysis includes calculating the power flow and voltages of
the transmission network for identified terminal or bus conditions. Either the bus self

and mutual admittances constitute the bus admittance matrix Y or the drive point

bus

and transfer impedances that constitute Z, . can be employed to solve the power flow

bus
problem. Generally, the bus admittance matrix technique is choose for power flow
analysis. The starting point for getting data is the system’'s a single line diagram. For
every line, the numerical values of the Z-series impedance and the total line-charging
of the admittance y are required to ensure that all elements of the n x n bus admittance

matrix can be specified. The element Y, Iis:

Y_ik :r{ik|49ik :t{ik|(cosgik +]sing, ):Gik + JBi (1.1)
vV, £° Z vV, £°
| — |
| — |
Bus 1 | Bus 2

Figure 1.1. A simple two bus system.

Other basic information involves transformer ratings and impedances, shunt
capacitance ratings and transformer tap Settings. Before each power flow study, we
must assign known values to certain bus voltages and some power injections, as
shown below.

The voltage at a model bus "i" of the system is offered in polar coordinates by,
Vi =V,[2£8 =V, |(coss, +jsing,) (1.2)

By changing the subscript from "i" to "j", a voltage similar to another bus "j"

is written. According to the element Y, of Y., the net current injected into the

bus !

network at the bus ' i ' is given by summation [1].

l; :Yi1\/1+Yi2V2+"'+YinVn:ZYika (1.3)
k=1
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The power injected's complex conjugate at bus "i " is:
Pi - JQ. :Vi*ZY ika (1.4)
k=1

Where P, and Q, represent the net active and reactive power bus ' i' that enters the

network.

The Equation (1.4) can be formulated in the form polar coordinates

P=2 N ulVilVifcos(8, +6, -4) (1.5)
k=1

Q; :_;r{ikn‘/i ”\/k|8in(0ik +0, _é‘.) (1.6)

Equations (1.5) and (1.6) Form the power flow equations; they provide

calculated values for the net active power P, and reactive Q, in the bus 'i"into the
network. Either P represents the scheduled power generated on the bus "i" and P,

represents the demand for scheduled power of the load on this bus. Then

P

i,sch

=P, —P, is the net scheduled power injected into the network on bus "i". By

noting the computation value P, by P, . result to the definition of the mismatch AP,

icalc

as a scheduled value P

i,sch

minus the computation value P,

icalc *
AP, =P, seh — P cal = (Pgi —Py )_ P cal (1.7)

For reactive power at bus ‘1’,

AQ; =Qi e —Qi ca :(Qgi —Qq )_Qi,cal (1.8)

Mismatches exist when the calculated values of P, and Q, are not consistent with the
planned values. If the calculated values P, , and Q; ., perfectly match the planned

values P,

L and Q the mismatch AP, and AQ, are equal to zero on the bus " i

i,sch?

and the equations (1.7) and (1.8) are named equilibrium equations of powers.
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Four potentially undetermined quantities related with every bus i "' are P, ,Q, , voltage

angle &, , and voltage amplitude /|

The common practice of power flow research is to recognize three kinds of buses

,P,and Q,, and

in the network. Specify four quantities in each bus ' i " §, ,}\/i

calculate the remaining two. Select the specified quantity based on the following

discussion:
1. Load buses (PQ bus)

At every non-generator bus, name a load bus, both the active and reactive power

generation P, and the Q, are zero, and the active power demand Py and reactive

power demand Qg drawn from the system by the load (negative inputs into the

system) are recognized from historical report, load forecast, or measurement. In fact,
in practice, only active power is usually known, and then reactive power is yielded

based on a presumed power factor (for example, 0.85 or higher). A load bus "i" is

often named the PQ bus for the scheduled values P, ., =-P;and Q, ., =—Qy are

isch —

recognized and the mismatches AP, and AQ, can be outlined. To define that the two

unknown quantities of the bus are &, and |V, |.

2. Voltage-controlled bus (PV or Generator Bus)

Any bus in a system where the voltage magnitude remains constant is called a
voltage controlled bus. A generator is related to each bus. The generation of
megawatts can be controlled by adjusting the prime mover, and the amplitude of the

voltage can be controlled by adjusting the excitation of the generator. Thus, in every
generator bus "i ' P, and }\/,| is the identified and voltage angle o; is to determine
the unknown quantity.

For evident reasons, a generator bus is often referred to as voltage controlled

or PV buses. Some buses without generators may have voltage control capability.
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This bus is also designated as a voltage controlled buses, where the active power

generation is simply zero.
3. Slack Bus (Reference bus)

For appropriateness, bus 1 is almost always specified as a slack bus. The
voltage angle of the slack bus is used as a reference bus voltage for whole other
angles. The specific angle allocated to the slack bus voltage is not significant because

the voltage angle differences define the calculated values of P, and Q,. The normal

practice is to define 5, =0. Mismatches are not outlined for the slack bus and voltage

magnitude V,| is identified as the other quantity known with §=0.

1.3. Optimal power flow

Over the world, the electric power industry has attended a significant change
to meet the rising necessarily of its consumers. The economic and reliable provide of
electricity are the main necessarily of the consumers. The rising demand of electricity
and the reduction energy sources have require the optimum use of obtainable
resources. Scheduling of production resources available to meet load demand is a
significant work of a power system operator to meet the economic necessarily of
consumers. The economic operation is highly significant for any power system to
realize the profits on the capital exploitation. As the price of fossil fuels continuously
increasing and its availability is too reduction, these lead to the fossil fuels’
conservation. This outline gives additional pressure to the electric power industry so

as to achieve the maximum feasible fuel efficacy [3-5].

The Economic Dispatch (ED) is a significant optimization function in the
operations of the electrical power system to allocate the generation among the
committed units so that whole the constraints imposed are satisfied by decrease the
operation fuel cost. Enhancements in the planning of unit products can lead to
important cost savings. Therefore, the economic side of electric power generation

itself required additional significant from the electric power industry.
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The optimal Power flow (OPF) has been extensively applied in the power
system operation and planning community since its developed by Carpentier in 1962
[6]. The OPF defines the optimum parameters for certain power system control
variables by optimizing choice objective functions while satisfying a set of equality
and inequality constraints for parameters data of loads and system parameters. The
control variables involve the active powers of the generator, the transformer tap ratios,
the generator bus voltages, and the reactive power generation of the shunt
compensators. In comprehensive, the total cost of production is often used as the
essential objective for optimal power flow problems. Therefore, the other objectives,
such as decrease of network loss, the voltage stability enhancement and voltage
profile improving can as well as be involved, as it has become progressively simple
to formulate and solve convoluted extensively problems with the development in
computing technologies. The equality constraints are the power flow equilibrium
equations, whereas the inequality constraints are the boundaries on the control
variables and the operating boundaries of the power system dependent variables. OPF
is a non-linear and non-convex multimodal optimization problem on an extensively
with discrete and continuous control variables. The presence of nonlinear power flow
constraints creates the problem non-convex even in the discrete control variables’

absence [7].
1.4. A review on optimal power flow

The optimal Power Flow (OPF) problem was one of the most large-scale
discussed topics in the power system. The goal of the optimal power flow is to
decrease the cost of the whole system with the equality and inequality constraints’
satisfaction.

Depending to the objective functions and constraints selected, there are
various mathematical formulations for the OPF problem. They can be widely

described as follows:

The optimal power flow technique is solved with control variable like real and
reactive power and transformer ratio to decrease the instantaneous costs or losses by
Dommel & Tinney (1968) [8]. The constraints applied in this literature are reactive
sources, load voltages and tie line power angles. This is solved used the gradient
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method and the Newton method. Several derivations are obtainable in this literature
to resolve the optimal power flow. Sasson (1969) deliberated about the lowest loss
and economic dispatching problem solved employ non-linear programming solutions
[9]. As the optimal power flow technique is based on the solution of the essential
power flow, Peterson et al (1971) Makes a quick and accurate technique to solve the
power flow [10]. The problem formulation and solution on the outage condition with
optimal power flow has been presented by Alsac & Stott (1974) [11]. Wherefore the
contingency analysis is done with whole the other security and voltage constraints.
Introduced a new optimization algorithm, which optimizes the considerable system
given by Burchett et al. (1982) [12]. In this, large problem is divided into small sub-
problem to treat the largest system test. And a comparison is produced between the
steepest suitable and quasi Newton approach.

Sun et al (1984) [13] meets some test with the optimal power flow technique
with Newton method. This technique gives an optimal solution to the problem in any
dimension. It is building on the controls’ number or binding inequalities. There are
some deficiency in the techniques of optimal power flow solution, they are given in
the literature Tinney et al (1988) [14]. And without considering these deficiencies the
problem of optimal power flow will not be more practical. Dias & EL-Hawary (1991)
[15] has achieved a study of load modeling in security constrained OPF. When there
is an implication of the security constraints there is a variation in the load demand
because of the cost changes. And it is specified that there is an influence of tap
changing transformer in this effect. Introduced the quadratic interior point method in
optimal power flow by Momoh et al [16] (1994). This method produces a global
optimal solution by determining the initial value of the problem. Huneault & Galiana
(1991) [17] carried out a study on the optimal power flow with nearly 300 literatures

with the technique of solution and its popularity.

A reactive power control based on fuzzy was presented by Abdul-Rahman &
Shahidehpour [18] (1993). The objective functions and constraints are made by fuzzy.
And no need to reverse the Jacobian matrix in this technique as with whole the other
regular constraints are applied. The Unit commitment constraints are utilized in the
optimum power flow and the economic dispatch constraints are utilized in the optimal
power flow for the resource scheduling problem precisely given in 1996 [19]. In 1997

Momoh et al [20] presented some challenge faced by the optimal power flow. It is
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disconnected by a planning perspective and an extended implementation of the
optimal power flow. Mean area theory is carry out for the optimal power flow
technique including the continuous and discrete variables. This technique solves the
OPF in an exact way. And annealing procedure is too utilized to obtain the global
optimal results. OPF is solved with both the rectangular and polar form in 1998 [21].
Employed the interior point technique, the rectangular form is solved. So it brings
with matrix solutions and predictor corrector can be applied to solve the
dimensionality problem. Solved the OPF's interior point nonlinear programming
technique by Wei et al. (1998) [22]. Because of its fast performance and robustness, it

can be utilized for great bus systems.

In 1998, a literature review of the optimal power flow was carried out until the
year 1993 for the last three decades [23, 24]. The categories such as quadratic
programming, nonlinear programming, mixed integer programming, Newton-based
solutions and interior point technigque linear programming concerning papers are taken
in account for study. In the aspect 11, literature linear programming category, Newton
Raphson method category, quadratic programming category and mixture of linear
programming and interior point category analysis are reviewed. A novel unlimited
point algorithm, whose details with Kuhn-Tucker optimality conditions is acceptable
for solutions. Because of its easy transformation variables becomes unbounded.
Momoh et al used an improved interior point method for solving the optimal power
flow. This technique gives better speed, convergence and accuracy. Solves an
evolutionary algorithm based OPF by Yuryevich (1999) [25]. Optimal dispatch of
generation was offered by Saadat in his book (1999) [26]. It provides a clear
performance of the Lagrange multiplier method of solving the optimal dispatch of
generation with the lambda-iteration technique. This method has less susceptible to

the initial points.

Gan et al (2000) [27] utilizes stability-constrained optimal power flow. As the
system's stability is significant, this was considered a constraint in this literature. An
efficient and reliable evolutionary-based approach to solve the optimal power flow
problem was offered by Abido et al (2002) [28]. The suggested technique uses a
Particle Swarm Optimization (PSO) method for optimal settings of OPF problem
control variables. Integration of PSO as a derivative-free optimization method in

solving OPF problem importantly relieves the suppositions imposed on the optimized
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objective functions. The PSO method has a so small procedure and the update of state
variables is too an easy equation. The results of the suggested technique were
compared with those recently reported in the literature. The results are favorable and
demonstration the efficiency and robustness of the suggested technique.

Suggested two new techniques for solving the OPF is applied they are graph-
method based decomposition method, which decreases the great number of projection
problem in to small divisions, they are presented by Lin Chi-Hsin et al (2002)[29].
This following method is an active-set strategy based DT technique, which can
efficiently solve the medium-dimension projection sub-problems. And Bakirtzis et al
(2002) [30] present an enhanced genetic algorithm for solving the OPF problem. This
solves control variable of both discrete and continuous. Solves the primal dual
techniques employed in the optimal power flow presented by Jabr et al (2002) [31] .
This technique improves the convergence characteristics. Abido (2003) [32] offers
other search technique named Tabu search technique used to resolve OPF. This

technique improves the solution because of non-use of derived technique.

The formulated OPF problem employ a quasi-newton method iterated with the
Newton-Raphson load flow module given by Tarek Bouktir & Mohamed Belkacemi
(2003)[33] . A special matrix category is used to treate whole the system matrices
where inputed and produced data can communicate with the OPF calculate modules
via an object-oriented graphical employed interface and through a database object-
oriented. Makes comparison between five evolutionary-based optimization algorithms
presented by Elbeltagi et al (2005) [34]. The techniques used are particle swarms,
genetic algorithms, memetic algorithms, shuffled frog leaping and ant-colony
systems. William has suggested the complementary constraints to model the
relationship among the base, or existing, operating point and the greatest loading in

the power system.

Dynamic constrained optimal power flow was offered by Yan Xia & Ka Wing
(2006) [35]. This modificatied the boundless constraint to limited constraint. The
standard limited programming solves the OPF problem. Initialization procedure for
optimal power flow solved with genetic algorithm was employed by Todorovski
(2006)[36] . Suggested the hybridization of genetic algorithm with the interior point
technique for optimal reactive power flow was presented by Wei et al (2006) [37] .
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Some computational problems in optimal power flow in deregulated electricity market
were suggested by Wang et al (2007) [38]. Yumbla et al (2008) [39] have solved the
optimal power flow with security constraints applied particle swarm optimization

techniques.

A new optimum power flow based on a hybrid current flow was suggested by
Whei-min et al (2008) [40]. The predictor-corrector interior point method was used to
solve the problem. The differential evolution algorithm was applied to solve the
transient stability constrained optimal power flow suggests by Cai (2008) [41]. The
formulation of optimal power flow with conic quadratic formulation was changed by
Jabr (2008) [42]. Optimal reactive power flow control was solved by shuffled frog
leap algorithm and compared the efficiency with genetic algorithm and particle swarm
optimization suggested by Qingzheng (2009) [43]. An optimization of artificial bee
colonies is applied to solve the optimum power flow used in 2010 [44]. Another
optimization method is artificial bee colony optimization, is preferable between the
other swarm based methods. A decomposition of security constrained (OPF) was
offered by Yuan & McCalley (2008) [45]. Decrease the CPU timing by employing the
decrease space interior point method for transient stability constrained OPF problem
was presented by Quanyuan et al (2010) [46] . Used the harmony search method to
optimal power flow and compared with particle swarm optimization method was
presented by Nampetch et al (2013) [47].

Quanyuan Jiang et al (2010) [46], carry out an automatic differentiation in
interior point OPF which has the potential to in online operating power system's

environment .

In (2012) Amjady [48] , a new solution technique is suggested, which is an
improved version of bacterial foraging (BF) method, used for the optimal Power
Flow with safety constraints (OPF-SC) problems. OPFSC is a problem of optimizing
nonlinear programming with a complex discontinuous solution space. Younes &
Khodja (2012) [49] carry out a method based on a harmonic search algorithm for
optimal power flow, compared to the genetic algorithm. In (2013) [50], artificial bee
colony algorithm for solving optimal power flow problem was suggested by Loung et
al. And he compares it with the methods recently used to solve it. Arul et al. (2014)
[51] have offered a self-adaptive differential Harmony search algorithm for solving an

10
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optimal power flow with emission reduce. Raha et al (2014) [52] has offered the
optimal reactive power dispatch based on the cuckoo search algorithm. An optimal
power flow solution to problem applied a chaotic self-adaptive differential harmony
search algorithm was offered by Arul et al. (2015) [53]. The results yielded by the
suggested technique are better than the results yielded by differential and harmony
search, chaotic differential and harmony search, internal point method and other
algorithms described in the literature of point view solution quality and standard
deviation of generation cost. In whence of convergence speed and calculation time,
the suggested technique is better than differential harmony search and chaotic

differential harmony search algorithms.

Thus, the papers examined shows that the optimal power flow has resulted in
many changes in its objective functions and resolution techniques. However, there are
research gaps, and there is no article to discuss about the efficiency of different

evolutionary techniques applied to solve OPF.

It can be clearly seen from the literature review that many techniques have
been suggested in the past, and many of them have been efficiently used in the
optimal power flow. Because the solution surface of the optimal power flow problem
IS non-monotonous, the traditional techniques are very sensitive to the starting point,
and many times it is either obtain trapped to local optima or diverge altogether. So as
to achieve the assured convergence with the preferable quality solution, the biological
inspiration optimization methods has been successfully applied to a variety of
engineering applications.

1.5.0ptimal Economic Dispatch

The significant of optimal economic dispatch begins with the time when two
or more generating units are committed to meeting the load demand of the power
system, and their total generating capacity exceeds the system demand. The
generators’ economic scheduling is designed to always ensure the best combination of
generators connected to the system to meet load demand. This includes reduce fuel

costs, line losses, and so on. The fundamental purpose of economic dispatch is to

11
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schedule the output of online fossil fuel generating units in order to meet the system

load demand at the lowest cost.

The classical ED needs the curve of the input-output characteristics (millions
of Btu per hour against MW) of the generating units. These additional heat rates of the
units have to be a monotonous rising, smooth, convex and convex curve. In fact, the
unit incremental thermal rate curve does not exhibit the monotonous increasing
properties required by the traditional ED problem. Current power systems are

extremely complex and their operations unpredictable.

The essential objective of the traditional electric power generation is to plan
the outputs of the generating units engaged in order to meet the load demand with a
minimum operating cost, while satisfying the constraints in Equality and inequality of
the system described in Wood and Wollenberg (1996)[54].

Moreover, due to the growing awareness of environmental pollution, the
limitation of polluant emissions in fossil-fuel-fired power plants becomes a vital
problem for the dispatching of economic power. The economic power dispatch of
traditional cannot meet the environmental protection necessities, as it only take into

account the reduction of the total fuel cost.

The multi-objective power generation dispatch in power systems sees
economic and emissions impacts as competitive goals, which requires some feasible
compromise between objectives to achieve the best solution. This formulates the
problem of the Combined Economic Emission Dispatch (CEED) with the objective of
dispatch electrical power, taking into account both economic and environmental

concerns.

Nevertheless, the actual ED must consider prohibited operating zones, ramp
rate limits, valve point effects and multiple fuel options to ensure the completeness for
the ED formulation. The resultant ED is a non-convex optimization problem, which is
the most problematic and cannot be solved by conventional techniques.

1.6 A review on economic dispatch

Over the past 50 years, much research has been described on the ED problem.

Depending on the complexity take into account, different objective functions and

12
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different solution techniques for the ED problem have been considered. For this
suggested work, only a few objectives and techniques for the resolution of the
significant literature, directly to the current work, are taken into account. Literature
study has been offered on the basis of the following subjects [55].

1.6.1 Conventional Economic Dispatch

The different literature taking into account the convex nature of fuel cost

reduction as the objective of the economic dispatch problem are discussed next.

A new technique for optimizing the active and reactive power dispatch for the
economical operation of an electrical system has been offered by Lee et al (1985)
[56].

This technique has essentially coupled the three modules like the optimal
dispatch of the real power, optimum allocation of the reactive power and lastly with
the load flow module. To solve this optimization problem, the gradient projection

technique was introduced.

Chowdhury and Rahman (1990) [57] offered a general survey of papers and
reports addressing different aspects of the ED problem. The period covered covers
the period from 1977 to 1988. This survey provides a clear picture of what is
available. Researchers in the field of ED can therefore identify problems and seek

solutions.

In (1995) Farag et al [58], a new technique and algorithm based on linear
programming techniques is described to obtain the best shift in ED problem related to
contingency state or overload in the power system operation and planning phase under

different objectives like economy, reliability and environmental conditions.

Conventional economic dispatch methods include the use of an advanced
calculation method based on the Lagrangian function. The Lagrangian function is
added to the constraint function and is too multiplied by the objective function
through an unknown constant variable. Wood and Wollenberg (1996)[59] outlined
many traditional methods, like gradients, Newton, linear programming and interior

points, utilized to solve this well behaved formulation.
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Song and Chou (1997) [60] formulated the traditional problem of ED with the
quadratic form of the fuel cost function as a goal and solved it using the lambda

iteration method with the help of advanced engineered conditioning genetic method.

A detailed account of the articles published after 1990, the year that saw the
beginning of major changes in the organization of the power system given by Ciornei
and Kyriakides (2012) [61]. Over the past 20 years, based on more than 150
publications, a comprehensive survey of mathematical formulas and a general
background on methods, analysis and development in the field of economic
dispatching have been proposed. The most concrete’s database exam systems used in
the literature is too provided to exam various techniques of economic dispatch

methodologies.
1.6.2 Non-convex Economic Dispatch

Several of the preceding researchers examined the non-convex form of
objective functions by integrating a valve point effect and multiple fuel options as

well as a fuel cost function. The literature on non-convex ED is discussed follows.

To model the effects of valve points, a repetitive rectified sine contribution is
added to the input-output equation of Walters and Sheble (1993) [62], which explains

the multi-model solution space in the ED problem created by the valve point effect.

A traditional evolutionary programming technique for the problem of ED with
piecewise quadratic cost function and the results are compared with Hopfield neural
network method suggested by Jayabarathi and Sadasivam (2000) [63]. Both Park et al.
(2005) [64] and Chiang (2005) [65] have began modeling realistic ED problems by
taking into account valve point effects and a multiple fuels, which are present in real

power systems at the same time.

Selvakumar and Thanushkodi (2007) [66] take into account the ED problem as
a non-convex optimization problem by involving the practical operating conditions
like valve point effect, prohibited operating zones and generation ramp rate limits,
multiple fuels and prohibited operating zones.

Coelho and Mariani (2008, 2010) [67,68] and Amjady & sharizadeh (2010)
[69] have take into consideration the valve point effect by introducing sinusoidal
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function in the quadratic fuel cost function. Formulated the convex and non-convex
ED problems by taking into account the valve point effect and multiple fuel options
were given by Bhattacharya and Chattopadhyay (2010) [70]. Khamsawang and
Jiriwibhakorn (2010) [71] developed ED problems with 3 kinds of fuel cost functions,
like ED with Valve point effect, ED with valve point effect and multiple fuels, and

ED, which prohibited operating zones.

Tsai et al (2011) [72] have suggested the Novel Stochastic Search (NSS)
method and Cai et al (2012) [73] have suggested a hybrid of chaotic Particle Swarm
Optimization (PSO) and sequential quadratic programming based technique and both
solved the non-convex ED problem. Tsai et al (2011) [72],The spread of the yielded

optimal solution by the proposed algorithm has also been analyzed.
1.6.3 Economic Emission Dispatch

This section presents researchers who deal with environmental constraints

while reducing the fuel cost.

A model is proposed to accurately estimating fuel costs and emissions with the
help of modern probabilistic production costing techniques given by Heslin and
Hobbs (1989) [74]. The weighted technique is applied to create a single objective by

summing multiple targets.

The CEED problem is solved by stochastic method, which takes into
consideration the uncertainty in the system cost and load demand's nature offered by
Dhillon et al (1993) [75]. The weighted min-max technique is used to get non-inferior

solutions of the multi-objective ED problem.

Ramanathan in (1994) [76] an effective emission constraint dispatch technique
is suggested, which reduces operating costs and meets emission constraints. This
paper has suggested two techniques. In the first technique, an effective method is
developed to add emission constraints to the ED's traditional problem and to produce
a fast convergence to the Kuhn-Tucker conditions. In the second technique, partial
closed-form solutions are applied to obtain the Kuhn-Tucker conditions.
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Talag et al. (1994) [77] summarize the work carried out in the field of
Economic Dispatch of the environment (EED). The summary involves many methods

to reduce emissions in the atmosphere because of electric power generation.

On the basis of amendments of 1990 to the clean air act, Lamont and Obessis
(1995) [78] renewed the focus on emission dispatching strategies and offered a set of
dispatching algorithms as well as solution algorithms. Among them, Lamont and
Obessis (1995) [78] have suggested a strategy to decrease total operating costs and
estimate sulphur dioxide emissions permits under the 1990 amendment to the clean air
act. It too proposes a new emission dispatch solution technique to obtain the lowest
cost solution by reducing the generating units with the highest ratio of incremental

emissions to incremental costs.

A comprehensive framework for modelling and assessing the economic impact
of environmental dispatching and fuel switching proposed by Srinivasan and
Tettamanzi (1997) [79]. The heuristic guided evolutionary techniques have been

applied to solve the suggested ED model.

Solved the problem on EDD using -constraint techniques to generate non-
inferior solutions and the compromise function between conflicting targets was given
by Dhillon and Kothari (2000) [80].A method of trade off the surrogate value is too

used to get the solution with the interaction of the decision maker.

Huang and Huang (2003) [81] have reported a new method that combines
abductive reasoning networks with order preference methods to achieve real-time
EED and optimal compromise solutions by similarity to the ideal solution decision
method. The exam results show that this method is superior to the artificial neural

network technique.

The price penalty factor to transform the problem of the EED to two goals into
a single-objective CEED problem was presented by Selvakumar et al (2003) [82] and
Kumarappan & Mohan (2004). A modified of penalty factor method to transform the
two-objective CEED problem into a single-objective CEED problem was suggested
by Venkatesh et al (2003) [83]. Alrashidi and El-Hawary (2006) [84] have offered
compromise solutions to the multi-objective EED problem by transforming it into a
single-objective EED problem employing the weight factor or utility factor.
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Formulated the problem of dispatch loads multiple-criteria as an EED problem
with a single-objective scalar optimization with weighting technique was offered by
Singh et al. (2006) [85]. The fuel costs and atmospheric polluants caused by fossil

fuel thermal generator units, likeNO, , SO, and CO, are taken into account to be

four various objectives. Singh et al. (2006) [85] have fundamentally developed a
methodology for calculating the best compromised solution by evaluating weights for

every objective.

Bharathi et al (2007) [86] have formulated the bi-objective EED problem as
single objective CEED with the help of price penalty factor approach. A solution
methodology with the best weight pattern approach to optimize active and reactive
power in power systems is suggested by Singh & Dhillon (2008) [87].

Hemamalini and Simon (2008) [88] using PSO have solved the problem of
CEED as a single-objective problem with the help of weighted sum technique. Linear

weight factor has been assigned for various targets depending on its significance.

Modelled multi-Objective problem of CEED as a single objective problem of
CEED by integrating compromise factors and price penalty factors while adding the
cost and emission objectives was given by Hota et al (2010) [89], Chatterjee et al
(2012) [90] .

Guveng (2012) [91] has too applied the price penalty method to transform the
two-objective CEED problem into a single objective problem of CEED. Although the
fuel cost function is taken into account in the CEED problem, the valve point effect is
integrated. Solved the problem of EED as a single-objective optimization problem
applied weighted sum technique was given by Ozyon et al (2012) [92].

1.6.4 Multi-objective Economic Dispatch

Several researchers have suggested the problem of multi-objective economic
dispatch by taking into account several contradictory objectives and have too offered

optimal Pareto solutions instead of a single optimal solution.

Formulated the optimal load flow problem as a multi-objective optimization

problem and were solved by the e-constraint technique to get a set of non-inferiority
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solutions among the different objectives such as economy, reliability and minimum

emission was offered Yokoyama et al. (1988) [93].

In ( 2006 and 2009) [94,95], Abido has formulated the fundamental problem
of EED in the form of a non-linear constrained multi-objective environmental
Economic Dispatch problem in which fuel cost and environmental impact are

handled as competing objectives.

Also formulated the problem of EED as a multi-objective problem , with fuel

cost and emission constituting conflicting objectives was given by Ah King (2003,

2005) [96]. He has considered three conflicting objectives, like fuel cost, NO, and

emissions and SO, emissions.

Zhuang and Cai Guo-wei (2009)[97] have build the EED problem into a multi-
objective model of power generation dispatch based on ideal point technique in target
programming . Gong et al. (2010)[98] and Basu (2011)[99] have solved the highly
constrained problem of EED as MOEED problem with conflicting objectives.

Sivasubramani and Swarup (2011)[100] have treated the MOEED problem
with two competing objectives, like the quadratic form of the fuel cost function and

the emission function with an exponential term.

Javad and Ghasemi (2012)[101] have formulated the MOEED problem as a
non-linear constrained multi-objective problem with three competing objectives like

fuel costs, emissions and system losses.

1.7. Traditional optimization techniques for optimal power flow

The traditional techniques were based on linearized objective functions and
these techniques apply gradient-based sensitivity and optimization methods. The
traditional techniques that have been used for the OPF problem are presented as

follows.
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1.7.1 Linear Programming technique

Linear programming (LP)-based technique is applied to linearize nonlinear
power system optimization problems. This technique is reliable and has a perfect
convergence characteristic, but the major flaw is that it could be trapped in the local
minima. In addition, errors might appear, particularly in constraints, because of

rounding by digital computers [102—104].

1.7.2 Nonlinear Programming technique

The Nonlinear Programming technique (NP) is more precise compared to
linear programs where it can be utilized to non-linear objective functions and
constraints.

The techniques of NP are based on the reduced gradient technique using the
Lagrange multiplier or employ the optimization method of the penalty function. In
this technique, the first partial derivatives of the equations (the reduced gradient)
make it possible to select a search direction in the iterative procedure. The advantages
of this technique are that it can be used in a large-scale system, while some drawbacks

of this technique are that certain components [105-109].

1.7.3 Quadratic Programming technique

The quadratic programming (QP) can be take into account a special form of
nonlinear programming technique where the objective function is quadratic, and the
constraints are in linear form. This technique does not need the determination of the
stages of the gradient. The solution yielded applied the QP technique is more precise
compared than LP and NP and can be utilized in bad conditions. It has a fast

convergence characteristic [110, 111].
1.7.4 Newton’s technique
Newton's technique is commonly applied in power flow problems based on the

creation of the Lagrangian or decomposition method by applying second-order partial

derivatives (the Hessian). The advantages of the Newton technique are that it can be
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utilized to various optimal power flow problems, that it has quick convergence
characteristics and that it can effectively manage the constraints of inequality. The
drawback of Newton's technique is that its convergence characteristics are so sensitive
to the initial condition [112-115].

1.7.5 Interior Point technique

Interior point (IP) technique is generally applied to major problems and has
been used to solve the optimal power problem. Nevertheless, the results yielded
applied the IP result are better and require less iteration than LP, and can be trapped in
local minima [116, 117].

1.8. Current optimization techniques for optimal power flow

The OPF problem is a multimodal, non-convex and nonlinear problem;
therefore, the application of traditional techniques is not always appropriate and
cannot ensure a global solution. In order to overcome the shortages of traditional
techniques, many heuristic optimization methods have been developed to solve the
OPF problem.

The benefits of new optimization methods can be summarized as next:

(1) These techniques can be using in small and great scale systems.

(2) High reliability to achieve optimum solutions.

(3) These techniques seldom suffer from stagnation or are trapped in local

minima solutions.

(4) These technigues converge rapidly towards the optimal solution compared

to traditional techniques.

In this section, we propose a comprehensive study of the implementation of
the recent heuristics (non-deterministic) optimization methods for optimal power
flow.

The heuristic optimization methods used for OPF problem can be categorized

based on inspirational techniques as next:
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1.8.1 Swarm and Bio-inspired Optimization Techniques

Nature-inspired and bio-inspired optimization methods are inspired by the
movement and search conduct of swarms of animals or birds for food sources. The
nature-inspired methods that have been utilized to the OPF problem [118-121].

1.8.2 Human-Inspired Optimization Techniques

Various optimization methods mimic human conduct, particularly in thinking
or decision making. The human-inspired methods have been used to solve the OPF
problem [122-124].

1.8.3 Physics-Inspired Optimization Techniques

Physics-inspired techniques are designed from in laws of physics or natural
phenomena in space. The OPF optimization techniques apply physics heuristics
[125-127].

1.8.4 Evolutionary-Inspired Optimization Techniques

The evolutionary optimization techniques are derived from the mechanics of
natural chosen and genetics or living organisms or creatures. The evolutionary-based

optimization methods have been used for the OPF problem [128-130].

1.8.5 Hybrid optimization techniques

Optimization methods continue to grow in significance because of its wide
range of applications and therefore become an active research area. Despite of the
landmark favorable outcome of deterministic and non-deterministic optimization
methods usually and in the OPF aspect in particular, there are still some inherent
shortcomings in every of these methods. This leads to a quest for hybrid optimization
method that combines two or more methods into one method. Such that the benefits of

every can be used to strengthen the others or to overcome their drawbacks. Important
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enhancements like computational time, convergence properties, and the quality of
solution or the robustness of the parameters for each individual technique are
achievable [131]. The hybridization could be:

1-Deterministic technique incorporated: Examples of this applicable to OPF are quasi
— Newton incorporated with the Sequential Quadratic Programming (SQP) [132],
Benders Decomposition incorporated Interior Point Method (IPMS)[133], Lagrangian
Relaxation and Newton’s method incorporated Interior Point Method (IPMS) [134],
linear programming (IP)and quadratic programming (QP)[135] , Linear Programming
(LP) and Interior Point Methods (IPMS)[136]. etc.

2- Deterministic and non-deterministic incorporated: Examples of this as applicable to
different form of OPF are Simulated Annealing (SA) incorporated with Newton's
method [137] , incorporated linear Interior Point Method (IPM) with chaotic particle
swarm optimization (PSO) [138] Newton's method incorporated with particle swarm
optimization (PSO) [139] , improved evolutionary programming (IEP) and
incorporated with the non-linear interior point (IP)[140], incorporated Genetic
algorithm (GA) with interior point method(IPM) [141] ,etc.

3- Non - deterministic techniques incorporated: Differential Evolution (DE)
incorporated with other meta-heuristics [142]; particle swarm optimization (PSO)
incorporated with Simulated Annealing (SA) [143]; incorporated DE and Simulated
Annealing (SA) [144], incorporated Tabu Search (TS) and Algorithm Genetic (GA)
[145], incorporated Tabu Search ( TS) and quasi-Newton method (QN) [145],
incorporated imperialist competitive algorithm (ICA) and teaching learning algorithm
(TLA) [146], etc.

Organization of thesis

Chapter 1: In particular, it provides an Introduction of the research field of optimal
power flow, traditional and intelligent optimization techniques, and also mainly
introduces the load dispatching research objectives and author's contribution in the

field of research.

Chapter 2: This chapter mainly describes formulation of optimal power flow problem

and economic dispatch problem.
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Chapter 3: gives a general explains of hybrid meta-heuristics algorithms in power
systems, and we in short review the main features of Meta-heuristics methods,

focusing applied in this thesis, like both hybrid parallel and series CSKHA algorithm.

Chapter 4: deals with the application of hybrid algorithms to solve optimal power
flow (OPF) problem. The suggested methods will be tested with IEEE 30-Bus system,
IEEE 57-Bus system and IEEE 118-Bus system The results will discuss in detail the

different with a single objective and multi-objective cases related to this work.

Chapter 5: explain the application of hybrid parallel and series CSKHA algorithm to
solve both economic dispatch (ED) and economic emission dispatch (EED). The

suggested technique is applied to 3, 6, 10, 13 and 40 generators.

1.9. Conclusion

This chapter describes the survey concerning the Optimal Power Flow (OPF)
problem and Economic Load Dispatch (ELD). Hence, this chapter reported the
following:

-The general offer of power flow importance and track the of time

development of years in the field of power flow trend research.

-The traditional techniques that have been used to solve OPF and ELD

problems, involve the advantages and drawbacks of these techniques.

-The new optimization methods that have been utilized to OPF and ELD. In

addition, modern optimization techniques have been classified based on

inspirational techniques like evolution, human, natural, biological and physical

inspired methods.

From the above detailed literature review on OPF and ELD, it is important that
many deterministic and stochastic optimization methods have been used to solve OPF
and ELD problems. Furthermore the traditional deterministic mathematical
optimization methods are complex and leads to high computational burden for large
scale systems, and for stochastic techniques the great number of iterations leads to a

very great computation time.
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Chapter 2: Problem formulation
2.1 Optimal power flow formulation (OPF)

The OPF problem aims at finding the optimal setting of control variables by
minimizing/maximizing a predefined objective function while satisfying a set of
equality and inequality constraints. OPF considering the operating limit of the system,
it can be defined as a nonlinear constrained optimization problem [1].

Minimize: f (x,u) (2.1)
Subject to:
h(x,u)=0
g(x,u)<o (2.2)

where, u is the independent variable or vector control, x is the dependent variables or

vector of state. f (x,u) Objective functions of OPF, g (x, u): set of inequality

constraints, h(x, u): set of equality constraints.

The control variables in constraints of inequality are self-limiting. The
optimization algorithm selects a viable value for each such variable within the defined
scope. Effective techniques for dealing with inequality constraints related to state or
dependent variables will be discussed in chapter 4.

-Objective functions of OPF

-Minimization of fuel cost

- Minimization of fuel cost with valve point effect

- Minimization of  voltage deviation

- Enhancement of voltage stability (L-max)

-Minimization of emission

- Minimization of active power loss

2.1.1 Control variables

The vector of power network control variables is expressed as follows:

u :[PGZ "'PGNG 1VGI "’VGNG 'QC1 "'QCNC T Ty ] (2.3)
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Where, P is the i-th active power bus generator. Chosen from generators bus 1 as

swing bus is represented just and any one of the generator buses can be swing bus.

V¢, Is the voltage magnitude at i-th voltage controlled generator bus, T, is the j-th

branch transformer tap, Q. is the shunt compensation at k-th bus. N, N and N,

are the generators’ number, transformers and shunt VAR compensators. Any value
within its range can be assumed as a control variable. Practically, transformer taps are
not constant. Be that as it may, the tap settings indicated are in p.u. and outright
voltage's estimation is not represented. Subsequently, for the aim of this study and to
compare with previously described results, all control variables including tap settings
are viewed constant for general cases of study.

2.1.2 State variables

The power system's state variables can be expressed through vector x as:

x =[P, V-V, Qq-Qs,. S, S, | (2.4)

LNL

where, p_ is the active power of generator at slack bus, g, is the generator's

reactive power linked to bus i, is the p-th load bus's bus voltage (PQ bus) and g-th
line's line loading of is specified by. NL and nl are the load buses’ number and lines

of transmission respectively[40].

2.1.3. Power System Constraints
As aforesaid earlier, the problem of OPF presents both operational constraints
on equality and inequality. These constraints are defined as follows:

2.3.1.1 Equality constraints

In OPF, the reactive and real power equilibrium equations are represented the system

constraints of equality formulated as for all system buses:

P, — P, -V, fvj [Gij cos(&; )+ B sin(d; )J =0 (2.5)

i
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Qs —Qp —Vii\/j [Gij sin(5ij )+Bij cos(cSij )]:o (2.6)

Where, 5; =6, —J; will &, and J; is the voltage angles among bus i and bus j, NB is
the buses’ number, Q; and P  are reactive and real load demands. G; is the

transfer conductance and B;; is the susceptance among bus i and bus j, respectively.

2.3.1.2 Inequality constraints

The inequality's constraint in the OPF reflects the equipment's operating limit in
the power system, and too reflects the limitation of the line and the load bus to ensure

the safety of the system.

a) Generator constraints:

V" <V <V ™ Vi eNG (2.7)
PI" <Py <PM™  VieNG (2.8)
Q" <Qg, <QF™ Vi e NG (2.9)

b) Transformer constraints:

C) Shunt compensator constraints:

QI"<Q., <QI™ vk eNC (2.11)

d) Security constraints:

VIV V™ vpeNL (2.12)
Sy, <S8 vq enl (2.13)

The control variables in constraints of inequality are self-limiting. The technique
of optimization chooses a viable value for every like variable within the determined
scope. Efficient methods for dealing with constraints of inequality related to
dependent or state variables are used.
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2.2 Economic load dispatch

The Economic Load Dispatch (ELD) can be described as the process of
allocating generation level to generating units, thus that the load of the system is
provided fully and most economical way. For interconnected systems, it is needed to
decrease the costs. Economic load dispatch is employed to determine the level of
production in every plant, so the total cost of power generation and transmission is
least for the specified schedule of load. The main goal of economic load dispatch is
to reduce the total cost of generation. The technique of economic load dispatch for
the generating units at different loads should have the total fuel cost at least [3].

In a typical power system, several generators are carry out to supply
sufficient total product to meet a given total consumer demand. Every of these
generating stations can and generally does have a unique hourly cost characteristic of
its product operating area. A station has additional operating costs for fuel and
maintenance; and fixed costs related with the plant itself which may be quite large in
the case of a nuclear power plant things get more complicated, for example, when
utilities try to consider transmission line losses and seasonal changes related with
hydroelectric power plants.

There are many traditional techniques used to solve economic load dispatch
problems, like Newton-Raphson method, Lagrange multiplier methods and lambda
iteration method. In the traditional methods, it is difficult to solve the best economic
problems if the load changes. It needs to calculate the economic load dispatch that is
used for a long time each time in each compute cycle. This is a calculation process in
which the desired total generation is distributed between the generated units in
operation, by decrease the chosen cost criteria and making them subject to loading

and operation constraints.

2.2.1 Generation scheduling’s requirement

In the actual power system, the distance between the power plant and the load
center is different, and the fuel cost is various. In addition, in normal operation, the
generation capacity exceeds the total load demand and the losses. Therefore, there
are several options for scheduling generation. In interconnected power system, the
goal is to get the active and reactive power scheduling of every power plant in this

way in order to minimize operating costs. This means that the active and reactive
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power of the generator is admit to change within a certain limit in order to meet
specific load demand at minimal fuel cost. This is known as the "Economic Load
Dispatch” problem (ELD). The main challenge for whole power utilities is not only
to meet consumer demand for electricity, but also to reduce costs. Any power
system can consist of multiple generating units with generators' number, and the cost
of running these generators is generally not proportional to their output. Thus, the
challenge of power utilities is to try to equilibrium the total load between generators
as effectively as feasible.

The economic load dispatch problem (ELD) presumes that the amount of
power to be provided by a given set of units of constant units for an offered time
interval and effort to reduce the cost of supplying this energy under to the constraints
of the generating units. As a result, this is related to minimize the total cost over the
full dispatch period. Thus, the major purpose of the economic load dispatch problem
is to decrease the total cost of generating active power (production) at different

stations while meeting the loads and losses in the transmission links [4].

2.2.2 Formulation of economic load dispatch

The easy problem of economic load dispatch is to ignore the transmission line

losses.
Because of this, the total demand PD is the sum of whole generations.

A cost function F, (Pgi )is presumed to be known for every plant.

The problem is to get the active power generation, P; for every plant, the total cost of operation
F (Pgi ) is the minimum and the generation remains between the minimum generation (PgT‘”)
and maximum generation (P ).

Assuming that there is a station with a NG generators and a given real power

load demand PD, the active power generation P of every generator should be

allocated in order to minimize the total cost. Therefore, the optimization problem can
be formulated as:

Minimize:

A (P)=2F(Py) @14
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Subject to:

Q) The energy balance equation

> P, =P, (2.15)
The inequality constraints

Pgi min < P < Pgi max (216)

g =

where

P, is the decision variable, i.e. active power generation is the P, active power
demand,

NG is the generation’s number plants,
Pgrinin is the inferior permissible boundary of active power generation,

Pg’inax is the superior permissible boundary of active power generation,

F (Pgi)is the operating fuel cost of the i"™ plantand is given quadratic by the

equation:

F (P; )=a +b,Py; +c,P; (2.17)

i’ gi
Where a b, and c, are the cost coefficient of the generator unit. The mentioned
constrained problem of optimization is transformed to unconstrained optimization
problem. Use language multipliers, where function is reduced (or maximized) and

have aspect conditions in the form constraints equality. Employ this technique an

augmented function is outlined as [4]:

L(Pgi,ﬁ)zF(Pgi)+/1(PD —EPgij (2.18)

Where A is the Lagrange multiplier

A needful condition of a function F (Pgi ) which has a relative minimum value

by the energy balance constraint at the pointP_ , and is a partial derivative of the

gi?
Lagrange function outlined by L =L (Pgi ,/1) relative to each of its parameters should

be zero. Therefore, the needful conditions for the problem of optimization is:
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gi?

oL (P 4)=aF(Pgi)

—21=0 (2.19)
oP; oP;
and
oL (Py.A) NG
— 9% 7 _p NP =0 2.20
Y] D Zl: g (2.20)
where
oF (Pgi ) ; : th
> Is the incremental fuel cost of the i™ generator.

The generator's optimal load corresponds to an equal incremental cost point of

whole generators.

Eg. (2.18), named the coordination equations numbering NG are solved
simultaneously with the load demand to obtain solution of Lagrangian multiplier A and
the optimal generation of NG generators. Taking into account the cost function offered

by Eq. (2.17), incremental costs can be outlined as

@ ~2a,p, +b, (2.21)

gi
Substituting the incremental cost into equation (2.18), in this equation becomes

2a,P, +b, =A(i=1 2,......,NG) (2.22)

Rearranging Eq. (2.22) to get P

P, =2 12, .NG) 2.23)
2a

Substituting the value of P in Eg. (2.20), we get:

NG 7 _ K
Ah P, (2.24)
o 29
Or
Po /Ing'
i 28
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2.2.3 Economic load dispatch with quadratic cost function

The total cost of operating the generators involves fuel and keeping costs, but for
simplicity's sake, only the variable costs to be taken into account are fuel costs. Fuel
costs are significant for thermal power plants. The cost function is treated as a

quadratic curve.

NG NG
F=>1f(P;)=>a +bP,; +c,P; (2.26)
i=1 i=1

The NG is the total generation's number units, P is the active power generation of ith

unit. i = 1,2 ..., to NG subject to the gratification the power flow equations[5].

2.2.4. Economic load dispatch with valve point loading

Valve-point impact should be considered for more realistic and exact modeling
of fuel cost function. The generating units with multi-valve steam turbines display a
more prominent variety in the fuel-cost functions [6]. The valve loading impact of
multi-valve steam turbines is modelled as sinusoidal function, the absolute value of
which is added to the basic cost function. The real cost curve function of the steam
plant becomes non-continuous as in Fig. 2. The aim of reducing generating fuel cost
with valve-point effect is given by [7]

Thus, in fact, the ED problem's objective function has non-differential
properties.

Therefore, the objective function must be consisting of a set of non-smoothing
cost functions. taking into account the non-smoothing cost function of a generator
units with a valve point effect, the objective function is usually explained as the

superposition of the sinusoidal function and the quadratic function [8]:

44



Chapter 2. Problem Formulation

- = Without valve point loading effect

- \\ith valve point loading effect
e
&
g
C
Power output MWV
Figure 2.1 Cost function with valve-point effects [5].
F =a +b,P, +c P2 +‘di ><sin(ei x(Py" Py, ))‘ (2.27)

Where, d, and e, are the coefficients that show the valve-point loading effect.

As appear in Figure 2.1, this augments the nonlinearity of the curve as well as
the local optima's number in the solution space [9] relative to the smooth cost function

because of the valve point effects.

2.2.5. Economic emission/environment dispatch with valve point loading

The different objectives of the power systems are the generation cost, the
transmission losses of the systems, environmental pollution, security, etc. These
objectives are inherently conflicting and cannot be addressed through traditional
single-objective optimization methods. EED is one of the major functions of current
Energy Management System (EMS), which defines the best active power settings for
generator units with two competitive objective functions, fuel cost and environmental
pollution, while satisfying many equality and inequality constraints. Commonly, the

mathematical model EED can be reported as next.

2.2.6. Emission Dispatch

Because of growing concern for environmental deliberations, society needs
adequate and safe electricity, that is, not only at the cheapest reasonable price, but

also at the lowest level of pollution [10].
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The purpose of the ED problem is to reduce the total emissions of whole
thermal units.
The emission of a fossil-based thermal generator unit respects on the amount
of power generated by the unit.
Atmospheric pollutants caused by fossil fuel generators, like sulphur oxides

(SO, ) and nitrogen oxides (NO, ), can be modeled separately or as the overall

emission of the sum of a quadratic and exponential functions, and can be formulated

as:

Min [Emi ] = Min {%E (P, )} =Min {%[(a +BPs, +7PS )x0.01+ a),e(uipsi)ﬂ(zlzg)

Where E (Pi )is the total emission issue in kg/h, o,, B, », o and g are the

emission function coefficients of the ith generating unit.
2.2.7 Economic Emission Dispatch

The problem of power dispatch is formulated as a two-objective optimization
problem as next:
NG NG
cost =Min {ZF (P,),Emi }: Min{Z(F (P, )+Pf, *Emi )} (2.29)
i=1l i=1
EED is a problem of multi-objective, it is an incorporation of economic and
environmental dispatches, that individually make up various single problems. At this
point, this problem of multi-objective necessarily to be converted to a single objective
form so as to achieve optimization. The transformation process can be done by
employ the price penalty factor. Hence, a single-objective EED can be formulated as
appear in Eq. (2.28)].
Among them, Pf, is the price penalty factor. Pf, is the ratio between the

mean fuel cost and the mean emission of the plant's maximum power capacity [4].

2.3 Conclusion

The formulation of OPF problems, involving operational constraints, state

variables and control variables of power system is deliberated in second chapter.
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This chapter is also devoted to a formulation of ELD to the operating costs and
various aspects of the problem of economic dispatch, like with and without loss, with

and without valve point loading effect and problem of economic emissions dispatch.
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Chapter 3: Hybrid Algorithm

3.1 Introduction

The resolution of optimization problems has become a central subject in
operational research, the number of decision-support problems that can be formalized
in the form of an optimization problem is in high growth [1].

Nowadays optimization has become an indispensable area for solving a
number of problems in industry or other sectors [2]. Indeed, we have seen in recent
years a very rapid growth of works using optimization methods. This trend can be

seen in all areas of science.

In this chapter, we will discuss the general definitions of optimization methods
that are divided under two deterministic and non-deterministic components. We also
give a brief description of the problems dealt with throughout this manuscript.

3.2 Optimization problems

The formulation of optimization problems remains very ambiguous because of
the variety of vocabulary and possible confusions that this could generate. We agreed

to adopt the following vocabulary [3]:

-A single-objective optimization problem is defined by a set of variables, an

objective function and a set of constraints.

-A multi-objective optimization problem is defined by a set of variables, a set

of objective functions, and a set of constraints.

-The state space, also called the field of research, is all the areas of definition

of the different variables of the problem.

-The variables of the problem known as variable design or decision can be of a
diverse nature and expressing qualitative or quantitative data, in this thesis one

is interested in the real case.

-The objective function or even (cost function) defines the goal to be achieved,

we try to minimize or maximize this one.

-A multimodal function has several minima (local and global).
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-While a one-mode function has only a minimum, the overall minimum.

-The set of constraints is generally a set of equality or inequality that the

variables in the state space must meet. These constraints limit the search space.

-Optimization methods search for a point or set of points in the search space
that satisfy all constraints, and that maximize or constrain the objective

function.
3.2.1. Hybrid optimization methods

The use of hybrid methods allows combining the advantages of both types of
methods (deterministic and non-deterministic), they can be seen as the perfect
solution to the disadvantages and local methods and global methods. By the way,
local methods lead to a local solution. While global methods consume a great deal of
time, it seems clear that a trade-off between exploitation and exploration must be
found hence the usefulness of hybrid methods. When hybridization is based on a true
mastery of the idea behind each of the candidate methods, the increase in accuracy as
well as the decrease in calculation time is ensured.

Two strategies can be used to explain strategy:

Strategy 1-for example, we can approach the global optimum by a random

method and then refine the result by successively applying a local method.

This hybridization is called beast hybridization because it applies one method

after the other [4]. It is clear that the result will be better but at the expense of

computational time, more time would be consumed than if the two methods
had been applied separately. The real sense of hybridization, in this case, can

be to apply a universal method and find the right moment to switch using a

local method.

Strategy 2-We can also try to find a state of minimum local and stay there only

if it is the best of local minimums (global).

3.2.1.1. Types of hybrid optimization methods

Assume a group of people necessity to carry object over long distances. In a
series of hybrid strategies, one person will carry an object for a period of time, and
then others will bear the load and carry it further [5]. This "tag group™ technique
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continues until the needed distance is covered. These series methods could work well
if the object is light and small. However, if the object is heavy or awkward in shape,
then it will be hard for a person to wear it even for a short distance, if he can move it
at whole.

In this case, it is obviously more efficient for two or more people to carry
objects with each other in parallel technique. Through working with each other in a
well-coordinated effort, the load can be shared so that each participant can contribute
to the task. Every contribution, though small, decrease the load on the other members

of the group, allowing the group to carry it quicker and farther with less stress.

A. Series hybrid optimization

In terms of optimization, a serial hybrid technique is developed by starting
with one search technique, and then moving to another one (employ a various strategy
than the first technique) to continue the study. There is no boundary to the number of
various search strategies that can be employing in this sequential manner. Usually, a
serial hybrid technique begins with a powerful search technique in global exploration,
like a genetic algorithm, and ends with a local refinement strategy, like a gradient-
based algorithm. Different other search techniques can be sandwiched between these
two techniques. On some problems, this kind of series optimization technique has
been appear to perform reasonably well compared to monolithic (single-strategy)
techniques , when an suitable set of techniques and tuning parameters has been chosen

[5].

The performance of a serial hybrid optimization strategy based on the specific
techniques and tuning parameters is employed at every stage of the search. In order to
every technique works alone, the progress is made at any time based on the
effectiveness of the technique chosen for this problem and the efficiency of the

information given by the previous search techniques.

As aforesaid in other publications, it is commonly unfeasible to know which
techniques or adjustment parameter values will work well with a problem before it is

solved. Thus, serial hybrid technique has the same fatal fault as most monolithic
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strategies, excluding that the number of unknowns is now multiplied by the number of

various strategies employed.

Furthermore, additional unknowns are introduced, like the array of the
strategies and the opportune time to stop one strategy in favor of another. Default

values for these parameters may or may not apply to our present problem.

B. Parallel hybrid optimization

Parallel hybrid techniques; beat several of the disadvantages of serial hybrid
techniques. In this strategy, various optimization techniques work simultaneously to
solve a problem in a collaborative manner. Instead than contributing sequentially,
these techniques work together to search for a design space and determination

optimized solutions, such as several hands assist to carry a heavy load.

As with any perfect group, parallel hybrid techniques necessitate perfect
leadership, coordination, communication and accountability. These attributes are

structure into the technique's infrastructure at the beginning.

Instead of exploring and refining the various steps of a search separately, A
parallel hybrid technique allows these two main activities to take place
simultaneously and in synergistically. This not only velocities the search, but as well

makes it more possible to find the global optimum.

In a series hybrid technique, the search history can be employed to define the
individual technique(s) that has made the most important contribution to the search.
However this is not feasible with a parallel hybrid technique, because every technique

conducts very differently within a group than an individual.

Though, there are ways to hold an individual search strategy for responsible
for its contributions in a parallel hybrid technique, and techniques that do not
contribute sufficient over time can be replaced by new techniques or see their

resources transferred to present techniques that contribute to a higher level.
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The properties of a well-designed parallel hybrid optimization technique
include shared find, intellectual diversity, synergistic search, and increased strength,

and better strategies, quicker [5].

3.2.2. Choosing an optimization method

One wonders what is the purpose of classifying the types of problems and
methods. In our opinion when a user is faced with a global optimization problem, the
first thing to do is to understand the problem, namely:

-Assumptions about F (differentiation, convexity...),

-Assumptions about the field of research,

-Existence or not of constraints, what types of constraints,

-Cost of evaluating the function (CPU time, number of subprogrammes

required),

-Ease of evaluation (access, explicit formula of F),

-Precision available on the calculations,

-Type of equipment used,

-Time available to solve the problem.

Thus, it is clear, that knowing a classification of problems and methods can
facilitate the task of the user and guide him in his choice; which allows it to set its
objectives accordingly. Because it is better to have an approximate solution (with
insufficient accuracy) within a reasonable time than an exact solution (with the
desired precision) out of time in certain contractual cases.

Unfortunately, no optimization method is capable of deal effectively with all
cases. Indeed, [6] have shown that if we consider all of the possible optimization
problems, then no algorithm is better than another ("No free lunch theorems for
optimization™).The choice of an algorithm can therefore not be made by comparison
on general test cases, but must also study the problems representative of the
applications envisaged. Comparing algorithms, local or global optimization can only
take place once the problem dealt with is clarified, in other words the objective
function. According to [2], optimization is not only a mathematical theory but also a
kind of algorithmic cuisine where it is mainly the experience that guides the user in
the choice of the algorithm to implement. To choose the most appropriate method for

a specific problem, the main features taken into account are:
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The ability to avoid local minima. It is according to the complexity of the
problem that one or the other of the methods can be chosen. For example, if the
objective function is convex it is probably advisable to work with a local method that
allows reaching the optimum quickly compared to the methods of global optimization.
That said, if the objective function is multimodal it is probably not the to apply a local
method and use it for global methods becomes necessary. Although there are still
several methods available, in this manuscript we have been rather interested in hybrid

methods, given their efficiency.

The robustness of an optimum. The robustness of an optimum is also a
decisive concept for designers, and should not be neglected when choosing the
optimization algorithm. The form to be optimized is modeled in a deterministic way;
this form is therefore optimized by neglecting the uncertainties linked for example to
the manufacturing processes or to the simplifications of the problem. To decrease the
probability that the performances of the optimized form are not verified in reality, one
must look for a robust optimum. A robust optimum is a solution that is not sensitive to

uncertainties.

The ability to deal with mono-or multi-objective problems. Multi-objective
optimization is a very active field of research because the economic and industrial
stakes are enormous. Multi-objective optimization methods, allowing to provide the
designer with a set of solutions corresponding to as many compromises between the

different antagonistic objectives of the problem, hence their importance.

The speed of convergence. i.e. what is the number of variables to be
evaluated to converge towards a global optimum? The answer to this question lies in
the compromise that must be found between exploration and exploitation.

3.2.3 Exploration and exploitation of optimization algorithms

For an optimization algorithm, exploration is its ability to explore the field of
variables to search for the best valley, i.e. the one that contains the global optimum.
On the other hand, exploitation is its ability to converge quickly to the minimum of a
given valley from a starting point. The success and effectiveness of a resolution
technique is mostly dependent on a compromise between exploration and

exploitation. Some methods, however, use only one of these operators to achieve the
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optimum. Thus, deterministic methods, exploiting derivatives the objective function
and the constraints to reach quickly and precisely the local minimum closest to the

starting point, favor the exploitation at the expense of the exploration.

Any optimization algorithm must use these two strategies to find the global
optimum: Exploration for the search for unexplored areas of the research space and
exploitation to exploit the acquired knowledge to the points already visited and thus
find better points [8].

3.2.4 Continuous optimization with constraints

All of the methods described in the previous section apply to without
constraints optimization problems. But in reality it is almost impossible to find this
kind of problem, it is usual to put constraints on the design variables or even
constraints imposed by the specifications. Therefore, the consideration of these
constraints when solving an optimization problem must take place. In other words,
some constraint optimization methods must be applied. The idea is to substitute the
function to minimize another function including constraints. We then obtain the

optimum by searching for the minima of a suite of functions without constraints.
3.2.5 Single-objective optimization problem [8]

Mathematically, in the case of minimization, a single-objective optimization
problem is in the following form:

h (x)=0
N =1.... ,m
Minimizer F(x) {9, (x )<0 1 ) (3.1)
‘L <x <x, j=1. s,

with X € IR is the vector of the decision variables, f the objective function, h,,...,h,

and g,,...,9, are respectively the equality and inequality constraints and x,, X, are

respectively the lower and upper bounds in the variable search domain.
3.2.6 Multi-objective optimization

Multi-objective optimization is a fundamental area of aid for the multi-criteria
decision, which is necessary for the many scientific and industrial. Over the past two

decades, a very large number of work, both theoretical and applied, have been
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published in this field. Solving a multi-objective optimization problem involves to
determine the solution corresponding best to the preferences of the decision-maker
among the solutions of good compromise. One of the most difficult questions is thus
related to the identification of the optimal Pareto set, or an approximation of it for
complex problems. In particular, many of the electrical problems encountered in the

industry are multi-objective in nature [7].

This part is intended to introduce the prerequisites necessary for a good
understanding of this thesis. So, as a first step, we will present the context of multi-
objective optimization, the main definitions, and the key issues related to this area of
research, especially with regard to the resolution approaches for which we will try to

take a critical look at each of them.
3.2.7 Formulation of a multi-objective problem

A multi-objective or multi-criteria problem can be defined as a problem where
we try to optimize several components of the objective function vectors, while
satisfying a set of constraints. Unlike a single objective problem, the solution is not
unique but consists of a set of solutions called Pareto optimal.

The mathematical formulation of a multi-objective optimization problem is

given as follows:

h
Minimizer F(x)=(f,(x),....f, (x)) 19, (x)<0 (3.2)
X X=X

With x IR is the vector of decision variables, {f,,...,f, } is the set of objective

functions.

The main difficulty of a multi-purpose problem is that there is no definition of
the optimal solution. The decision maker can simply to express the fact that one
solution is preferable to another, but there is not a better solution than any other.
Therefore, to solve a multi-objective problem is not to look for the optimal solution
but the set of satisfactory solutions for which we will not be able to perform a

classification operation.
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Multi-objective problem solving methods are therefore decision support
methods because the final choice will be left to the decision maker.

To address this problem, the scientific community has adopted two types of behavior:

-Bring a multi-objective problem to a single objective problem using weights;

- Attempt to respond to the problem by taking into account the set of objective

functions [8].

It is very difficult to recommend a 100% behavior in relation to the other. The
difference between these two behaviors is expressed in the figure below. Either the
decision-maker intervenes from the outset of the definition of the problem, expressing
his preferences, in order to transform a multi-objective problem into a single-objective
problem. Either the decision maker makes his choice in all the solutions proposed by

the method multi-purpose optimization.

The main quality of a multi-purpose optimization method is make decisions

easier and less subjective.
3.3. Proposed Hybrid method

Enhanced efficiency is often carried out by hybridizing the technique and
deterministic optimization methods. Enhancing the searching capability of the optimal

solutions is the goal of technique hybridization.

Firstly, as portrayed here, a successful hybrid Meta heuristic Cuckoo Search
Krill Herd (CS-KHA) [9] technique in light of KHA and CS is initially suggested to
accelerate convergence. In CS-KHA, we use an essential KHA to select an
encouraging solution set. Consequently, krill updating (KU) and krill abandoning
(KA) operator started from CS algorithm are added to the method. The KU operator is
to a decent encouraging arrangement; while KA operator is made use of further
improving the investigation of the CS-KHA to substitute the worse krill's a small

amount at the finale of every generation.

The performance of this approach is utilized to keep away from local optimum
and obtain a worldwide ideal solution, in addition, minimal computational time to
achieve the ideal solution, local minimum evasion, and quicker convergence, which
produce them suitable for viable implementations for solving various constrained

optimization problems. The purpose of this work is to develop an improved KHA
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called CS-KHA to solve OPF problem. So as to proven the evolution of the CS-KHA,
its efficiencies are compared to CS, KHA and other well-known optimization

methods.
3.3.1. Cuckoo search technique (CS)

Cuckoo's search technique is one of the latest incorporation to the nature
inspirer’s group optimization heuristics. It has been offered by Young & Deb [10,11]

and was demonstrate to be a favorable tool to solve difficult optimization problems.

Cuckoo birds pull attention due to their single aggressive breed strategy. Cuckoos
indulge in brood parasitism. It is a parasitism's kind in which a bird (brood parasite)
lays and abandons its eggs in another species’ the nest. Some species like the Ani and
Guira cuckoos lay their eggs in communal nests, although they can eliminate eggs of
others to augment the possibility of hatching their own eggs. Some host birds do not
conduct friendly manner against intruders and come into direct conflict with them. In
like situation host bird will throw these foreign eggs away. In other situations, further

friendly hosts will easily abandon their nest and structure a novel nest elsewhere.

In Cuckoo Search technique, possibility solutions agree to cuckoo eggs.
Natural systems are convoluted and therefore cannot be modeled by computer
technique in their essential form. Natural’s simplification systems are needful for an
effective application in computer techniques. One technique is to adapt the cuckoo

search method through three below given approximation rules:

-Cuckoos select a random position (nest) to laying their eggs. Artificial cuckoo

can only lay one egg at the time.

-The chosen process of the elitist is utilized, thus that only the highest quality
eggs are passed to the following generation.

-Host nests number is not modified. Host bird detects a cuckoo egg with a
possibility Pa € [0.1]. If the cuckoo is revealed by the host, it can be thrown or

the host can abandon its own nest and entrust it to the cuckoo intruder.

Given the optimization problem, the quality (fitness) of a solution can easily
be proportional to its objective function's value. An easy representation where an egg

in a nest illustrates a solution and a cuckoo egg illustrates a new solution is employed
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here. The goal is to use the novel potentially better solutions (Cuckoos) to replace the

most difficult solutions found in nests.

When generating novel solutions, x;* for ith Cuckoo, a Lévy flight is carried

out employ the next equation.
X" =x{ +Q ®Levy (y) (3.3)

Where Q > 0 is the step size parameter of step and must be selection taking into
accounts the selection of the problem and set on the unit in the CS [12]. It must be
noted that in this novel version, the existing positions of the solution are applied
instead of the superior solution as to the origin of Levy's flight. but in this case,
random walking via the L'evy flight is more effective at exploring the search space
because its step length is considerable longer in the long run. The L'evy flight
basically expands a random walk while the random step length is taken from a

distribution of the L'evy.

Some of the new solutions should be generated by L'evy walk around the
preferable solution get so far, this will velocity up local research. Nevertheless , a
substantial fraction of the new solutions should be generated by far area
randomization and whose locations should be far enough from the current preferable

solution, this will make certain the system will not be trapped in a local optimum.

Levy’s flights as random walks: Levy's flights were notice between foraging
of albatrosses patterns, fruit flies and spider monkeys. In wildlife, animals seeking for
food in a random or quasi-random way. In common, the foraging path of an animal is
actually a random walk because the next move is built on the existing position/state
and the probability of transition to the next position. Which direction it selects
depends implicitly on a possibility which can be modeled mathematically. For
example, different studies have appear that the flight conduct of several animals and

insects has proven the typical characteristics of Levy's flights.

Levy's flight is random walks in which the stage lengths are distributed agree to
Levy's distribution function. Uninterrupted time random walks are random walks in
which the stage lengths and wait times are distributed agree to Levy distributions. A

current survey Reynolds & Frye (2007) display that fruit flies or Drosophila
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melanogaster search their landscape employ a series of straight flight punctuated by a
sudden turn. Resulting to a levy’s flight-style discontinuous scale-free search pattern.
The Human's studies conduct of hunter-gatherer feeding patterns too show the Levy's

flights’ characteristic. Even light can be concerning to Levy's flights [13].

| Initialization |

Fitness evaluation

v

Save the KEEP best cuckoo individuals

v

Get a cuckoo randomly and replace its solution by

Lévy flights individuals
v

Replace the KEEP worst cuckoo individuals with the
KEEP best ones

Is finish condition met?

v Yes

Output the best solution

End

Figure.3.1. Flowchart of CS algorithm.
3.3.2. Krill herd algorithm (KHA)

Herding behavior of krill swarm, the formations of collections of different
marine animals’ species are under-scattered and non-random. Several studies have
focused on capturing the underlying technicality governing the evolution of these
formations [14,15]. The main technicality specified is related to the feeding
capability, improved reproduction, and protection from predators, and environmental
conditions [16]. Some mathematical models have been advanced to assess the relative

contribution of these technicality build on experimental observations [14.15].

Antarctic krill is one of the preferable-studied marine animal's species. The
krill herds are aggregations without parallel orientation present on time scales ranging
from a few hours to days and spatial scales from 10 to 100 s of meters. One of the
major characteristics of this species is its capability to form great swarms [17,18].
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Over the past three decades, many studies have been behaved to understand the
ecology and krill's distribution. Although there are still significant uncertainties
regarding the forces determining the distribution of the krill herd [19], Conceptual
models have been suggested to demonstrate the observed krill herds’ formation [20].
The outcomes yielded by these conceptual frameworks appear that the krill swarms
constitute the fundamental organizational unit of this species. So as to better
understand the krill swarms’ formation, the proximate causes and the factors that are
adaptive interests of aggregation formation (ultimate effects) must be distinguished
[21].

When predators, like seals, seabirds or penguins, attack krill, they eliminate
the individual krill. These outcomes in a decrease in the density of krill. The krill
herd's formation after predation depends on several parameters. The krill's herding
individuals is a multi-objective process comprising two major objectives: (1) rising
the density of krill and (2) run to food. In the current study, this process is taken into
account to suggest a novel meta-heuristic algorithm for solving global optimization
problems. The attraction of krill depending on density (rising density) and finding
food (areas of high food concentration) are employed as targets which ultimately
leads to the krill herd around the global minima. In this process, an individual krill is
heading for the preferable solution when it is seeking for the highest density and food.
In other words, the nearer the distance to the rise density and food, the less the
objective function. In general, some coefficients must be specified for employ multi-
objective herding conduct for a single objective one. In this survey, the coefficients
are specified on the fundamental of a specialized literature review of the experimental

observations of krill conduct [16, 22, 23] and too after an experimental survey.
3.3.2.1. Lagrangian model of the krill herding

Predation eliminates individuals, decreases the average density of krill, and
keeps the krill swarms away from the food position. This process is supposed to be
the initialization phase in the KH technique. In the natural framework, the fitness of
every individual is assumed to be an incorporation of the distance of the food and the
krill swarm's highest density. Thus, the fitness condition (imaginary distances) is the
objective function's value. The temporal location of an individual krill on a 2d surface

is governed by the next three major actions [16]:
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i. Movement induced by other krill individuals;
ii. Foraging activity; and

iii. Random diffusion

It is recognize that an optimization technique must be able to search for spaces
of arbitrary size. Thus, the next Lagrangian model is generalized to an n-dimensional

decision space:

dX—i:Ni+Fi+Di (3.4)
dt

Where N, is the movement induced by other krill individuals; F, is the foraging

motion, and D; is the ith krill individuals’ physical diffusion.

A. Motion induced by other krill individuals

According to theoretical evidence, the krill individuals try to ensure a high
density and to move because of their mutual effects [16]. The movement induced
direction, ¢, is estimated from the local density of the swarm (local effect), the
density of the target swarm (target effect) and the density of the repellent swarm

(repellent effect) [16]. For an individual of krill, this movement can be explained as

follows:
N inew — N maxcxi +60nN iold (35)
ai =O[ilocal +ait arget (36)

where N ™is the upper induced velocity, , is the inertia weight of the motion
induced in the field [0, 1], N is the end motion induced, «° is the local effect

provided by the neighbors and «; *** is the target direction effect provided by the
preferable krill individual. According to the measured upper velocity's values induced

[16], N ™ is taken 0.01 (ms™).

The neighbors’ effect can be supposed as an attractive/repulsive trend among
individuals for local search. In this survey, the neighbors effect in an individual in the

movement of krill is specified as follows:
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ailocal :%K’\i,jx,\i,j (37)
j=1
X, ,- :& (3.8)
’ ij —xiH+g
f K Ors] _K eS!

Where K™ and K" are the preferable and worst fitness condition values of the

krill individuals so far; K, illustrates the fitness or value of the objective function of
the ith individual ith krill; K, is the fitness of jth (j = 1.2,..., NN) neighbor; X

illustrates the related locations; And NN is the neighbors’ number . For avoid

singularities, a small positive number, ¢ is added to the denominator.

The right sides of equations (3.7)-(3.9) include some unit vectors and
standardized fitness condition values. The vectors appear directions induced by
various neighbors and every value displays the effect of a neighbor. The vector of
neighbor can be attractive or repellent since the standardized value can be positive or

negative.

For select the neighbor, various strategies can be employed. For example, a
neighborhood ratio can be simply defined to find the number of nearest krill
individuals. To employ the actual conduct of krill individuals, a sensing distance (ds)

must be determined around an individual of krill and the neighbors must be found.

The sensing distance for every individual of krill can be specified employs
various heuristic techniques. Here it is specified by employ the next formula for every

iteration:
1 N
d,, :W;HX‘ -X | (3.10)

Where ds, i is the sensing distance for the ith krill individual and N is the krill
individuals’ number. The factor 5 in the denominator is gained empirically. Employ
Eqg. (3.10), if the distance of two individuals of krill is less than the sensing

determined distance, they are neighbors.
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The target vector known to every individual of krill is the weakest fitness of an
individual krill. The individual krill's effect with the preferable fitness form on the
individual krill is taken into consideration employ the equation (3.11). This level leads
to global optima and is expressed as follows:

A~

ait arget _ C best K" X (311)

i best i best

Where, C™' is the krill individual's effective coefficient having the preferable fitness
to the individual of ith krill. This coefficient is know because «;*%* leads the
solution to the global optima and it must be more effective than other krill individuals

like neighbors. Here, the value of C™* is know as follows:

Cchet = Z(rand +|'—j (3.12)
Where rand is a random value among 0 and 1 and is used to improve exploration, | is

the actual iteration number and 1, is the iterations’ maximum number.

B. Foraging motion

The food search movement is expressed in terms of two major effective
parameters. The first is the location of the food and the second is the preceding
experience of the location of the food. This movement can be formulated for the
individual ith krill as bellow:

F =V, B +ao F™ (3.13)
Where
ﬂi :ﬂifOOd +ﬂibest (314)

Where V, is the food search velocity, @, is the inertia weight of food search

food

movement in the field [0, 1], F*is the last food search movement, 5" is attractive

food and g™ is the effect of the preferable fitness condition of the ith krill so far.

According to the measured food search velocity's values [22], w is taken 0.02(ms )_l
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The food effect is know according to its position. The food's center must be
found at the beginning and then try to formulate food attraction. This cannot be
specified but can be estimated. In this survey, the virtual food's center concentration is
estimated build on the distribution of the fitness form of krill individuals, which is
inspired by the "mass's centre, "The food's center for every iteration is expressed as

follows:
X food _ i=1 "Vi (315)

Thus, the food attraction for the ith krill individual can be specified as below:

ﬂfood =C food K" X"

i i ,food

(3.16)

i ,food

Where C™ is the food coefficient. Given that the food's effect in krill farming

decreases over time, the food coefficient is specified as follows:

C oot = 2[1—|'—J (3.17)

max
The food attraction is know to eventually attract the krill swarms to the global

optima. Build on this definition, krill individuals normally herd about the global

optima after some iteration. This can be seen as an effective global optimization

strategy that assistance to enhancing the overall value of the KH technique.

The effect of the preferable fitness condition of the krill individual is too treated

employ the next equation:

X

’Bibest _ K" (3. 18)

i ibest i ,ibest

Where K.

i inest 1S the preferable visited location previously of the individual ith krill.
C. Physical diffusion

The physical diffusion of krill individuals is seemed to be a random operation.
This movement can be indicating in terms of maximum diffusion velocity and random
directional vector. It can be expressed as below:

D, =D™¢5 (3.19)

Where D™*is the maximum diffusion velocity, and &is the random

directional vector and its arrays are random values among -1 and 1. Macready and
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Wolpert [23] suggested a field for maximum diffusion velocity of krill individuals as
D™ = [0, 002, 0, 010] (ms™) and a random number in this field is too employed in
this research. The better the krill location, the less random the movement is.
Therefore, another term is added to the physical diffusion expressed to consider this
effect. The movement's effects induced by other krill individuals and the food search
movement reduce gradually with rising time (iterations). By indicate to Eq. (3.19),
physical diffusion is a random vector and does not gradually decrease with augments
in the iterations’ number. So other term (Eq. (3.20)) is added to Eq. (3.19). This term
linearly reduction the random velocity over time and operates on the essential of a

geometric annealing program:

D, =D ™ [1—|'—]5 (3.20)

max

D. Motion Process of the KHA Algorithm

In general, the determined movements frequently change the location of a krill
individual towards the preferable fitness. The food search movement and the
movement induced by other krill individuals include two global strategies and two
local strategies. These are employed in parallel which make KH a robust technique.
According to the expressions of these movements for the individual ith krill, if the

value of the fitness condition associated with every of the aforementioned efficacy

factors (K ; K™ ; K™ or K?") is better (inferior) than the fitness of ith krill, it

has an attractive effect; furthermore it has a repellent effect. It is too apparent from the
above expressions that a better fitness condition is more effective on the movement of
the individual krill. The physical scattering implements a random search in the
suggested technique. To employ various effective parameters of the movement during
the time, the location vector of an individual of krill during the interval t to t + At is
presented by the next equation:
Xi(t+At)=Xi(t)+Atd;(—ti (3.21)
It must be noted that At is one of the most significant constants and must be
carefully defined according to the optimization problem. This is in order to this
parameter works as a scale factor of the velocity vector. At depends entirely on the

search space and it appear that it can be gained simply employ the next formula:
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At :ct%(usj ~-LB;) (3.22)

=
Where NV is the sum variables’ number , and LB and UB; are minimum and

maximum limits of the variable ith (j = 1.2,..., NV), respectively. Thus, their
subtraction's the absolute display the search space. It is empirically established that

C, is a constant number among [0, 2]. It is too clear that the low C, values allow krill

individuals to carefully search the space.

v

| Initialization |

Save the KEEP best Krill individuals as

v

Motion induced by other individuals

v

Foraging motion

v

Physical diffusion

2
Replace the KEEP worst krill with the KEEP
best krill saved in BEST

Stop condition satisfied S

Output the best solution

End

Figure.3.2. Flowchart of KHA algorithm.

3.3.3. Hybrid CS-KHA procedure

A. Hybrid Parallel CS-KHA

To enhance the search capacity of the fundamental KHA method, genetic
techniques are added to the method [24]. Numerical results when compared with other
methods show that KHA |1 (only added crossover operator) performed the best. Be
that as it may, occasionally, KHA may have a likelihood of failing to discover better

solutions to some difficult problems.
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Consequently, in this work, a novel meta-heuristic algorithm by prompting
KU operator and KA operator into KHA to form a new hybrid meta-heuristic method,
so-called CS-KHA algorithm [25] is used to manage an OPF problem. The introduced
KU/KA operators are roused by the authoritative CS algorithm. As such, in this work,
the property of cuckoo used in CS is added to the krill to create a sort of super krill
that can play out the KU/KA operator. The contrast amongst CS-KHA and KHA is
that the KU operator as a local search tool is used to adjust the new solution for every
krill rather than rand walks used as part of KHA (while in KHA I, genetic
reproduction mechanisms are used). While KA operator is used to enhance further the
exploration ability of the method by replacing some nests randomly thereby
constructing new solutions. By the blending of CS and KH, CSKHA can investigate
the new search space with standard KHA technique and KA operator and exploit the
population information by KU operator. The main step of KU/KA operators used in

CSKHA method is given in Algorithm 1 and Algorithm 2, respectively.

Algorithm 1 KU operator

1. Begin
2. Getakrill i and update its solution using Lévy flights
using equation (3.3).

Evaluate its quality F,

Choose a krill j randomly.

If (F, <F;)

Replace j by the new solution and accept the new

solutionas X, ;

Else
Update the krill position using equation (3.20) as

© gk~ w

© N

X i+1
9. Endif
10. End.

Algorithm 2 KA operator

1. Begin

2. K =rand (NP,D)>p, -

P=P;P,=P

For i =1 to NP (all krill ) do.
step =rand *(Y, —Z,);

X o =X; +step OK (i,:);

o bk w
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7. End for

8. For i =1to NP (all krill ) do.

9. If F (X, )=<F(X,)then

10. XneW:Xi;F(Xnew):F(Xi)'
11. Endif

12. End for
13.End

Firstly in the CS-KHA method, standard KHA method uses three movements
to look for the best solutions and engage these movements to lead the candidate
solutions for the next generation. In this, KU operator is then used to carry out local
search intensively to achieve better solutions. This operator can since it abuses the
search space by Lévy flight.

Towards the end of each generation, the KA operator is used to additionally
enhance the exploration of the CS-KHA by replacing a fraction (pa) of the worse
krill. Along these lines, this component used in CS-KHA method can completely
exert the strong exploration of the KH and get over the absence of weak exploitation
of the KHA method. Additionally, it can fully extract the merits of KHA and CS.
Above all, this technique can further unwind the conflict between exploration and
exploitation effectively. Furthermore, another basic change is the presentation of
elitism scheme into the CSKH.

Likewise, with other population-based methodologies, here, we use a more
focused elitism technique to hold the best solutions in the population. This elitism
system forbids the best krill from being demolished by three movements and KU/KA
operator. By joining previously mentioned KU/KA operator and concentrated elitism
strategy into uniqgue KHA method to form a new CS-KHA algorithm (see Algorithm
3).

Algorithm 3 CS-KHA algorithm

1. Begin
2. Step 1: Initialization. Set the t =1,the population P, V,,D™ and N ™ |p

and KEEP

3. Step 2: Fitness evaluation.

Step 3: While t <MaxGeneration do.
Sort the population.

Store the KEEP best krill.

a

ook
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7. for i =1:N (all krill) do

8. Perform the three motions.

9. Update the krill position by KU operator (see Algorithm 1).
10. Evaluate each krill by x, , .

11. endfori

12. Destroy the worse krill and build new ones by KA operator (see Algorithm 2).
13. Replace the KEEP worst krill with the KEEP best krill.

14. Sort the population.

15. t =t +1.

16. Step 4: End while

17. End.

v

| Initialization |
[P
*‘

Fitness evaluation

v

Update the krill position by CU operator (see Algorithm 1)

v

Destroy the worse krill and build new ones by CA operator (see
Algorithm 2)

v

Replace the KEEP worst krill with the KEEP best krill.

v

NO

Is finish condition met?

Output the best solution

End

Figure.3.3.Flowchart of Hybrid parallel CS-KHA algorithm.

B. Hybrid Series CS-KHA

Based on the introduction of CS and KHA in earlier section, the detailed
characterize of the suggested cuckoo search with Krill herd (KHA/CS) will be
presented hybrid Series CSKHA in this section. As with else optimization techniques,

an improved elitism scheme is combined into the CSKHA algorithm.
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According to the above detailing, the krill herd /cuckoo search (KHA/CS) can

be found in the corresponding flowchart appears in Figure 3.4.

| Initialization |

<
F A 4
Save the KEEP best cuckoo individuals Save the KEEP best Krill individuals as
Get a cuckoo randomly and replace its solution Motion induced by other individuals
by Lévy flights individuals *
+ Foraging motion
Replace the KEEP worst cuckoo individuals with the +
KEEP best ones Physical diffusion
Replace the KEEP worst krill with the KEEP
Is finish condition met? best krill saved in BEST

v

Stop condition satisfied |

Output the best solution

Output the best solution

End

Figure.3.4. Flowchart of Hybrid Series CS-KHA algorithm.

3.4 Conclusion

In this chapter, we have presented a slide show on heuristic evolutional
algorithms. Although the methods are very varied, the two Hybrid methods that we
used are chosen for their speed and their resolution efficiency. For a this search, we
make have hybrid the CS-KHA. The first time on the parallel and the second time on
the series and the statement of which is the most successful to give a best solution ;
which will subsequently minimize the calculation time and ameliorate the objective
function.

Hybridization methods have been found to be the best solution for systems

optimization.
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Chapter 4. Applications of hybrid techniques for OPF

4.1 Introduction

The main objective of OPF is to decrease the costs associated with the
satisfaction of the load demand for a power system while maintaining the system’s
security. The costs related with power systems may respect on the situation, but
usually they can be associated to the fuel cost (FC) of generating power in every
generator. The system security's maintenance necessitates that each device in the
power system be kept in a steady state within its desired operating range. This will
involves the minimum and maximum products of the generators, the maximum MVA
flows on the transmission lines and transformers, and the maintenance of the system
bus voltage within a given range. The other objectives, like decrease network loss,
enhancement of the voltage stability, improvement of the voltage profile and reduce
emission can too be involved in the problem of OPF, as it has become increasingly
simple to formulate and solve complex problems on a large scale problems with the
advancement in computing technologies. It is to be important that the OPF addresses
steady state operation of the power system.

The main objective is to develop a powerful methodology to solve the single
and multi-objective problem of OPF. This chapter discusses the approaches proposed
in the previous chapter, which has been extended to solve the OPF problem in order to

effectively explore the solution space and prevent convergence to the local minimum.

4.2 Definition of Studied cases

19 cases are considered as shown in Table 4.1. These studied cases can be
classified into the following categories:

- Single versus multi-objective category
In this framework, mono-, bi- , triple, quad and 5 objective functions are
considered.

- Economical/technical/ economical category:
In this framework, the cases can be classified according the one or more of
technical, economic and environmental benefits. The economic benefits

aim to reduce the fuel generation costs, the technical benefits aim to
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minimize the power losses, improve the voltage profile and enhance the

voltage stability.

Table 4.1. Summary of various OPF formulations

Objective Function

Test OPF Fuel costs Fuel costs P losses VD Emissions L-max

system formulation (F1) With Vpe (F2) (F3) (F2) (F5)

Casel X
Case 2 X
Case 3 X
IEEE-30 Case 4 X
Case 5 X
Case 6

Case 7

Case 8

Case 9

Case 10
Case 11
Case 12
Case 13
Case 14
Case 15
IEEE-57 Case 16 X
Case 17 X X

Case 18 X X
IEEE-118 Case 19 X
X refers to a considered objective function

x
X

X | X | X | X

XXX XX [X[X]|X]|X[X

The CS-KHA algorithm has been used to solve the OPF problem for exam
system and for many cases with various objective functions. The considered power
systems networks are the IEEE 30-bus, IEEE 57-bus and IEEE 118-bus test system
network. The advanced software program is written in MATLAB computing
environment and used on a 2.20 GHz i7 personal computer. In our study, the CS-
KHA population size or a numbers of stars is selection to be 50, 120, and 200.

4.3 IEEE 30-bus test system

In order to illustrate the performance of the proposed CS-KHA method, it has
been examined first on the standard IEEE 30-bus test system. The standard IEEE
30-bus system selection in this work has the next characteristics [1]: 6-generators
at buses 1, 2, 5 8, 11 and 13, 4-transformers with off-nominal tap ratio at
lines 11, 12, 15 and 36, 9- shunt VAR compensation buses at buses 10, 12,
15, 17, 20, 21, 23, 24 and 29.
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In addition, line data, bus data, generator data, and lower and upper restriction
for control variables are presented in [2].

For this exam system, Fourteen various cases have been studied with various
objectives and all the obtained results are outlined in Tables 4.2, 4.4, 4.6, 4.8 and
4.10. The first column of this table appears the optimal control settings found
here:

- P, Through P, and Vg through V. represent the powers and the voltages of
generator 1 through generator 6.

- T,,.,T,,, T,sand T, are the tap settings of transformers involved between lines 11,
12, 15 and 36.

- Qe Qe Qc.v Qv Qc, Qc,» Q.. Qc,and Q. represent the shunt
VAR compensations connected to buses 10, 12, 15, 17, 20, 21, 23, 24 and 29.

Moreover, fuel cost ($/h), active power losses (MW), voltage deviation and

L.« represent the total fuel cost of the system, the total active transmission losses, the

deviation of load voltages from 1 pu and the index of stability, respectively. More
description of these results will be presented in the next sections.

Limits for the different variables for IEEE 30 bus, IEEE 57 bus and IEEE 118 bus test
systems have been defined as follows:

VG”i“”: 0.94pu, VJ™=11pu, T™=09pu, T™=11pu, VL’:‘” =09 pu,
V" =11pu
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Figure.4.1. Single-line diagram of IEEE 30-bus system.
4.3.1 Case 1: Minimization of generation fuel cost
The first case studied in this work is the basic case of minimizing the cost
generation fuel expressed by a quadratic function. Therefore, the objective function of
this case is EqQ. (4.1):

=31, (8/1) (4.2)

Where: fi - is the fuel cost of the ith generator. Usually, the OPF generation fuel cost
curve is formulated by a quadratic function.
Hence, fi can be formulated as follows Eq. (4.2):
f, =(a +b,Ps +c,PS) (4.2)
Where: a;, b, ¢; - are the element, the linear and the quadratic cost coefficients

of the ith generator, respectively. The values of these coefficients are presented in

2]

Figure 4.2 appears the trend of total fuel cost over iterations. It seems that the
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proposed technique has good convergence characteristics. The optimal settings of
control variables are presented in Table 4.2. The total fuel cost obtained by the
suggested CS-KHA technique is (799.0595%/h). Compared to the original KHA, CS
the total fuel cost is significantly decreased.

Using the identical conditions (limits of control variables, initial conditions,
and system data), the results obtained in Case 1 apply the CS-KHA technique are
compared to other methods described in the literature as appears in Table 4.3. There is
some proof, that the suggested technique outperforms several methods used to solve
the OPF problem by decreasing of generation fuel cost. For instance, the results
obtained by the CS-KHA are better than the ones obtained by the KHA and CS
methods.

Convergence curve
840 T T T T T T T T

g3 —KHA
CS

830 _
< g5 N
A
S
= 820 .
1)
o
O 815 |
L 810 .
o

805 | .

-
8001
795 [ [ [ [ [ [ [ [ [
0 50 100 150 200 250 300 350 400 450 500

Iteration
Figure 4.2. Convergence curves of Case 1

4.3.2 Case 2: Minimization of fuel cost considering valve point effect

So as to have a realistic and greater effective modeling of generator cost
functions, the valve point—effect must be considered. The generating units with multi-
valve steam turbines display a major variation in the fuel-cost functions and output a
ripple-like effect [3]. So as to considered the valve-point effect of generating units, a
model as a sinusoidal term is added to the cost function. Thus, the objective function
can be formulated as follow:

Table 4.2. Optimal settings of the control variables for casel to case 3.

Control Case 1 Case 2 Case 3

variable CS-KHA | KHA CS CS-KHA | KHA CS CS-KHA KHA CS

Pe1 (MW) 177.7695 | 176.6985 177.0700 | 199.9957 | 199.9873 | 200.0000 | 51.3818 51.4393 51.3414
Pz (MW) 48.8746 48.4488 48.8674 43.0739 42.5401 43.8734 80 80 80
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Pes (MW) 21.0243 21.5532 21.3084 18.6343 19.1074 18.7891 49,9857 50 50
Pes (MW) 21.5808 22.6989 21.0859 10.0300 10.0177 10.0000 34,9486 34,9753 35
Peu (MW) 10.8258 10.4866 11.8626 10.0000 10.0960 10.0000 30 29,9825 30
Pz (MW) 12.0000 12.1911 12.0000 12.0000 12.0241 12.0000 39,9359 40 40
Vi(p.u) 1.1000 1.1000 1.1000 1.1000 1.1000 1.1000 11 11 11
Va(p.u) 1.0894 1.0891 1.1000 1.0854 1.0866 1.1000 1,09816 1,09784 1,1
Vs(p.u) 1.0634 1.0631 1.0728 1.0588 1.0583 1.1000 1,08195 1,07634 1,08197
Vs(p.u) 1.0696 1.0708 1.0796 1.0665 1.0657 1.0878 1,0879 1,08789 1,08923
Vu(p.u) 1.1000 1.1000 1.0957 1.1000 1.0985 1.1000 1,09744 1,07593 11
Vis(p.u) 1.1000 1.0944 1.1000 1.0975 1.0867 1.0160 1,1 1,1 1,1
QciMvar) 0.9873 0.7887 0 1.2012 0.3180 5.0000 4,43281 2,63683 5
Qciz(Mvar) 4.2959 0.8533 0 1.9153 0.1754 5.0000 0,0501051 | 2,52351 0
Qcy5(Mvar) 3.0959 0.0015 5.0000 0.1687 0.0254 0 3,00253 4,83028 5
Qci7(Mvar) 5.0000 3.0633 5.0000 0.0310 0.0426 5.0000 5 0,614593 5
Qcyo(Mvar) 4.4733 3.4508 3.5533 5.0000 3.3646 5.0000 4,60232 2,712727 0
Qcz(Mvar) 4.4607 0.4024 5.0000 0.1385 2.6324 5.0000 5 0,860869 5
Qczs(Mvar) 0.3577 1.9594 5.0000 2.1640 0.8609 5.0000 4,66632 0,0001643 | 5
Qcy4(Mvar) 5.0000 2.3827 5.0000 5.0000 1.2249 5.0000 4,96554 0,607786 0
Qcz(Mvar) 3.4597 2.5427 5.0000 0.0572 2.9633 5.0000 1,64923 2,20552 5
Teo 1.0315 1.0077 0.9718 1.0763 1.0090 1.1000 1,02266 1,07635 0,94417
Te-10 0.9073 1.0210 1.1000 0.9027 1.0357 1.1000 0,946089 0,902381 11
Ton 0.9875 1.0364 1.1000 1.0359 1.0579 0.9000 0,985575 1,04252 1,0088
Tag o7 0.9785 0.9963 1.0194 0.9805 1.0057 1.1000 0,981985 0,998428 0,996249
Fuel cost ($/h) | 799.0595 | 799.4972 799.6547 | 830.0981 | 830.4199 | 833.5157 | 966.7594 967.3441 967.2842
VD 1.7638 1.1245 1.3088 1.2223 0.8337 0.9003 1.9906 1.3679 1.7505
L 0.1290 0.1357 0.1350 0.1342 0.1393 0.1487 0.1273 0.1333 0.1294
Emission 0.3685 0.3653 0.3662 0.4425 0.4423 0.4424 0.2073 0.2073 0.2072
(ton/h)

MW 8.6750 8.6771 8.7944 10.3339 10.3726 11.2625 2.8521 2.9471 2.9915
ploss( )

Table 4.3. Comparison of the results obtained for Case 1to Case 3.

Case 1 Case 2 Case 3

Algorithms Fuel cost($/h) Algorithms | Fuel cost ($/h) | Algorithms Ploss (MW)
CS-KHA! 799.0595 CS-KHA! 830.0981 CS-KHA'! 2.8521
KHA 799.497 KHA 830.4199 KHA 2.9471
CS 799.6547 CS 833.5157 CS 2.9915
CS-KHA? 799.0723 CS-KHA? 830.1103 CS-KHA? 2.8527
BHBO[4] 799.921 BSA [6] 830.7779 MSA[7] 3.1005
ARCBBO [5] | 800.5159 ICBO [8] 830.4531 ABCJ[10] 3.1078
BSA[6] 799.0760 CBOI[8] 830.473 ARCBBO[9] | 3.1009
MSAJ[7] 800.5099 ECBOJ8] 830. 587

BBO[6] 799.1267 DE[6] 830.4425

1

method on the series.

NG
f (x,u):Z(ai +b, Py, +c;PS )+‘di ><sin(ei x(PG“i“” —Ps, ))‘
i=1

effect.

Where: d, and e,

refers to the hybridization method on the parallel, * refers to the hybridization

(4.3)

are the coefficients that show the valve-point loading

In this case to arrive at a rise in cost than in case 1 with a conclusive value
being 830.0981%/h, obtained by CS-KHA. The optimal control variables obtained are

shown in Table 4.2 output outcome of a method used in our study are better than most

of the results revealed in past literature on the problem of OPF that is presented in
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table 4.3.
Convergence curve
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Figure 4.3. Convergence curves of Case 2

4.3.3 Case 3: Minimization of real power loss

In this case, the purpose of the OPF problem is to minimize power losses; the

real power loss to be minimized is formulated as follows, Eq. (4.4):

f(X,U)=P =i i G, [ViZ V-V, cos(5ij )] (4.4)

i=1 j=1,j#i

Where: &, =&, —5, is the difference in voltage angles between bus i and bus j and

G.. is transfer conductance.

ij
The tendency to decrease the objective function of total real power
transmission loss using the CS-KHA technique appears in Figure 4.4. The optimal
settings of the control variables are presented in Table 4.2 in this case 3 by CS-KHA
result in real power losses of 2.8521 MW, better than all the results summarized in
Table 4.3.
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Figure 4.4. Convergence curves of case 3

4.3.4 Case 4: improved voltage profile

Bus voltage is one of the most significant and considerable security and
service quality indices [2]. Reducing only the voltage profile in the OPF problem as in
Case 1 may result in a suitable solution, but voltage profile may not be reasonable.
Consequently, this case purposes at improve voltage profile by considering an
objective function.

The voltage profile is optimized by reducing the load bus voltage deviation
(VD) from 1.0 p.u, the objective function, in this case, can be formulated as follows
Eq. (4.5):

Nbus
‘JvoltageDeviation = ;V. _]-I (4.5)

This case is only to improved voltage profile. The CS-KHA has been run for
this case and the optimal control variables yielded are given in Table 4.4. It can
appear from this table that the voltage profile has been improved compared with Case
4 because VD has been decreased to (0.0899 p.u). Hence, the generation cost has
slightly increased to 922.6860 $/h.

4.3.5 Case 5: Enhancement voltage stability

The prediction of voltage instability is a problem of paramount significance in
power systems. In [12], Kessel and Glavitch have developed a voltage stability index

namedL. which is defined build on local indicators L; and it is presented by Eqg.

ax

(4.6):
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Lmaxzmax(l_j) j=12,..,NL (4.6)

Where: L, is the local indicator of bus j and it is given as follows Eq. (4.7)

L, = j=12..NL (4.7)

NG
V.
1-> H o —
2y

J

Where: H - matrix is produced by the partial inversion of Yy,s. More specifics

can be given in [12]. The indicatorL ., varies between 0 and 1 where the lower the

indicator, the more the system stable. Thus, enhancing voltage stability can be

obtained by the minimization of L __ , the complete system given in [13].

max !

The CS-KHA has been run for this case and the optimal control variables

yielded are given in Table 4.4. It can appear from this table that the L . has been

enhanced compared with Case 4 because VD has been decreased to 0.1241. Hence,

the generation cost has slightly increased to 827.84454 $/h.

4.3.6 Case 6: Minimization of fuel cost and voltage deviation

This case purposes at minimizing fuel cost with a improve voltage profile by
considering a dual objective function.

The objective function, in this case, can be formulated as follows Eqg. (4.8):

J = J +W‘]voltageDeviaIion (4.8)

cost

NG
‘]cost :Zfi (49)
i=1

Where: w - is an appropriate weighting factor, to be chosen by the user to
accord a weight to each of the two expressions of the objective function. In this case,
w is selected as 100.

The CS-KHA technique has been utilized to search for the optimal solution of
the problem. The variations in the fuel cost and voltage deviation through the
iterations are outlined in Figure 4.5a and Figure 4.5b.

The optimal settings of the control variables are presented in Table 4.4. Apply
CS-KHA the fuel cost and the voltage deviation yielded are (803.6357%/h) and
(0.1045 p.u.), respectively. The voltage profile obtained by CS-KHA is compared
with other algorithms as appears in Table 4.5. It is clear that the voltage profile is the
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least among all other comparable methods. It is decreased from 1.7638 p.u. in the case
1 to 0.1045 p.u. in case 6. Hence, in case 6, the fuel cost is slightly augmented by
0.56% compared to case 1.
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Figure 4.5a. Convergence curves of Case 6
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Figure 4.5b. Convergence curves of Case 6

4.3.7 Case 7: Minimization of fuel cost and enhancement of voltage stability

In this case study two objectives, fuel cost and voltage stability are whole
reduced simultaneously. Hence, the objective function can be formulated as Eqg.
(4.10):

i=1

J (x,u)=(§:ai +b, Py, +¢, P }L;‘LW (Loax) (4.10)

Where: 4, _is a weighting factor chosen as 100 in this work. The results of

the optimization study are presented in Table 4.6 while the direction of convergence

appears in Figure 4.6a and 4.6b. It seems that the L, has been decreased from
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0.1290 to 0.1251compared with CASE 1, Hence the results obtained are compared

with other algorithms as given in Table 4.7.

Table 4.4. Optimal settings of the control variables for case 4 to case 6.

Control Case 4 Case 5 Case 6
variable CS-KHA KHA CS CS-KHA KHA CS CS-KHA KHA CS
Pe1 (MW) 90.9622 | 52.6637 | 63.0832 | 153.5067 | 130.4586 | 152.0606 | 176.2886 | 176.2432 | 177.5324
Ps2 (MW) 79,863 79,9999 | 80 38,7744 | 72,6844 | 27,8169 | 49.1208 | 48.8217 | 49.1973
Pss (MW) 50 50 50 29,2002 | 15 49,231 21.3698 | 21.6226 | 21.7154
Pcs (MW) 10 35 35 17,2576 | 10,3122 | 23,5847 | 22.0531 | 22.1836 | 22.8823
Peur (MW) | 30 30 30 16,9264 | 26,9247 | 12,3966 | 12.4129 | 12.3589 | 10
Peis (MW) | 28,6053 | 40 40 35,7696 | 353154 | 25,4327 | 12 12 12
Vi(p.u) 1,0035 1,00754 | 0,9906 1,0836 1,1 1,07954 | 1.0387 1.0462 1.0442
Va(p.u) 0,9992 0,98697 |11 1,1 1,10 1,09062 | 1.0215 1.0295 1.0278
Vs(p.u) 1,01942 | 1,01648 | 1,01791 | 1,0972 1,0938 1,05265 | 1.0092 1.0145 1.0155
Vg(p.u) 1,02089 | 1,00488 | 0,99987 | 1,1 1,1 1,1 1.0044 1.009 1.0035
V1 (p.u) 0,95 1,07714 | 0,95 1,1 1,0965 1,0993 1.0797 1.0241 1.0397
V3(p.u) 1,02784 | 1,01018 | 0,95 1,1 1,0893 1,1 0.9844 0.9835 0.9967
QcigMvar) | 0 5 5 3,8290 5 0,6894 0 5 5
Qci(Mvar) | 0 0,653251 | 5 0,43406 | 2,1264 1,8428 5 2.1588 0
Qcis(Mvar) | 5 5 5 0,719216 | 1,63571 | O 4.9985 5 0
Qci(Mvar) | 0,19950 | 0,3005 3,1797 0,06121 | 0,26005 | 1,0263 0 0.0767 0
Qcp(Mvar) | 5 5 5 0 1,03557 | 1,5686 5 5 5
Qca(Mvar) | 5 5 5 0,15018 | 0,87403 | 3,2691 5 5 5
Qczs(Mvar) | 5 5 5 0,32163 | 4,9016 3,2912 4.9587 0 5
Qc(Mvar) | 5 5 5 0 0,02547 | 0,37706 | 5 5 5
Qcxe(Mvar) | 1,32783 | 5 4,9996 0,31831 | 0 1,17857 | 0 1.6478 5
Teo 0,948693 | 1,09999 | 0,9 0,9798 0,99560 | 0,994241 | 1.0888 1.0403 1.0596
Ts 10 0,9 0,9 0,9914 0,9 0,901703 | 0,943883 | 0.9 0.9 0.9
Ty 1,009 0,9799 0,9 0,9631 0,95761 | 0,95774 | 0.9451 0.9228 0.9303
Tos 27 0,9575 0,97486 | 0,9732 0,9547 0,95759 | 0,95454 | 0.9487 0.9613 0.9797
(Fs;il)cost 922.6860 | 970.444 | 995.8061 | 827.8445 | 843.8780 | 835.5524 | 803.6357 | 803.6580 | 803.7306
VD 0.0899 0.0909 0.1132 1.89997 | 1.987 1.8847 0.1045 0.1117 0.1066
Lo 0.14793 | 0.14890 | 0.1495 0.1241 0.12425 | 0.1243 0.1468 0.1480 0.1490
(Emifs)ion 0.2292 0.2074 0.2097 0.30292 | 0.27293 | 0.3023 0.3637 0.3635 0.3677
ton
P (MW ) | 6.04362 | 4.2713 8.6899 8.03501 | 7.2953 7.1225 9.8452 9.8300 9.9274
Table 4.5. Comparison of the results obtained for Case 4 to Case 6.
Case 4 Case 5 Casb

Algorithms VD (pu) Algorithms (. Algorithms Fuel cost ($/h) VD (p.u)

CS-KHA! 0.0899 CSKHA 0.1241 CS-KHA 803.6357 0.1045

KHA 0.0909 KHA 0.12425 KHA 803.6580 0.1117

CS 0.1132 CS 0.1243 CS 803.7306 0.1066

CS-KHA? 0.0902 CSKHA 0.1241 CS-KHA 803.6401 0.1046

GSA[11] 0.093269 SKH[14] 0.1366 BHBO[4] 804.5975 0.1262

BBO[12] 0.1020 GEM[15] 0.1257 BSA [6] 803.4294 0.1147

DE[13] 0.0939 DE[13] 0.1243 MSA[7] 803.3125 0.10842

MFOI[7] 803.7911 0.10563
FPA[7] 803.6638 0.13659
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Convergence curve
0,145 T T T T T T T T :
0,143 KHA H
CSs
0,141 L
—CS-KHA
0,139]- s
s 0137 -
©
£ oa3s|- -
1
— 0,133} -
0,131 -
0,129 l\ -
0,127 \ ) i
0,125 T T L ———— |
0 50 100 150 200 250 300 350 400 450 500

Iteration
Figure 4.6b. Convergence curves of case 7

4.3.5 Case 8: Minimization of fuel cost and emission

Electrical power generation from conventional sources of energy emits

hazardous gases into the environment. The quantity of sulfur oxides (SO, ), nitrogen

oxides (NO, ) emission in tons per hr (t/h) is higher with the rise in generated power

(in p.u. MW) next to the relationship presented in Eq. (4.11).

f (x,u)=emission :f[(ai + B Ps +7Ps )x0.01+a),e(”‘PG‘)} (4.11)

i=1

Wheree, , B, 7,, o andy are all emission coefficients provided in [16]. The

objective function for this case is assumed by Eq. (4.12):

NG
f(x ,u):(Zai +b, P, +¢,PS j+ﬂE xemission (4.12)
i=1
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The weight factors are selected as 4. = 100 in this case.

The results yielded after optimization applied the CS-KHA technique are
presented in Table 4.6 and the trend of optimization is shown in Figure 4.7. The
results appear that the emission has been decreased from (0.3685 ton/h) to
(0.2421ton/n), Thus, the total fuel cost has augmented from (799.0595%/h) to
(835.3821%/h) i.e. by 4.34% compared with Case 1, and the results obtained are
compared with other techniques as shown in Table 4.7.
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Figure 4.7. Convergence curves of case 8

4.3.9 Case 9: Minimisation fuel cost and active power losses

In this case, the goal of the OPF problem is to decrease the active power loss,
which can be described as follows:

Poss =i zlj Gy [V2 4V P -V cos(oy )| (4.13)

i=1j=1j=i

A multi-objective case that aims at reducing fuel cost and active power loss
simultaneously is transformed into single objective as:

NG
f (x,u):Zai +b,P; +c, PGf + Ay X P (4.14)
i=1

Where A, =40, the optimal settings of control variables are given in Table 4.6.

The fuel cost has minimized to 859.149306 $/h and total active power transmission

losses has dramatically decreased to (4.52652 MW). However, the propose CS-KHA
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obtained better results compared with techniques.

Table 4.6. Optimal settings of the control variables for case 7 to case 9.

Control Case 7 Case 8 Case 9
variable CS-KHA KHA CS CS-KHA KHA CS CS-KHA KHA CS
Pe1 (MW) 178.3494 175.2915 178.5539 112.7779 112.9464 111.7271 102.4758 102.0901 95.6030
Ps2 (MW) 48.2403 47.5274 48.9785 59.1035 58.7161 58.4399 55,6153 55,6422 52,109
Pes (MW) 20.5650 22.4648 21.3404 28.0892 28.1822 27.3951 38,0962 38,0268 50
Pcs (MW) 20.3673 22.6681 21.5868 34.9991 35.0000 35.0000 35 35 35
Pe11 (MW) 12.7147 11.7468 10.0000 26.5804 27.1184 30.0000 30 30 30
Pciz (MW) | 12.0000 12.3124 12.0000 26.9020 26.6188 26.2425 26,7392 27,1756 24,7444
Vi(p.u) 1.1000 1.1000 1.1000 1.1000 1.1000 1.1000 1,06746 1,06656 1,06054
Va(p.u) 1.0892 1.0937 1.0829 1.0928 1.0924 1.1000 1,05695 1,056 1,05067
Vs(p.u) 1.0665 1.0674 1.0513 1.0696 1.0688 1.0806 1,03377 1,03314 1,03023
Vs(p.u) 1.0742 1.0825 1.0544 1.0798 1.0800 1.1000 1,04217 1,04034 1,03573
Vu(p.u) 1.0999 1.0999 1.1000 1.0992 1.0996 0.9000 1,08122 1,08432 1,03709
Vis(p.u) 1.1000 1.0982 1.1000 1.1000 1.0900 1.1000 1,0572 1,05351 1,07017
QcipMvar) | 4.8864 1.6654 5.0000 1.1530 1.1760 5.0000 1,393e-05 | 0,00582 5
Qcip(Mvar) | 0.7211 2.2254 5.0000 3.3798 2.9034 5.0000 0,056116 5 4,9999
Qcis(Mvar) | 0.0187 0.9965 0 5.0000 1.5069 5.0000 3,89779 3,59704 5
Qcyi7(Mvar) | 0.6251 2.9405 0 3.7785 0.2768 5.0000 4,99982 5 5
Qcyo(Mvar) | 0.0525 0.0173 0.8864 4.1506 1.0711 5.0000 4,99943 3,3517 0
Qc,i(Mvar) | 0.8977 0.3830 5.0000 1.1979 0.7196 5.0000 5 5 5
Qcy3(Mvar) | 2.4613 0.1354 0 0.0935 0.9665 5.0000 2,89363 3,27821 5
Qcas(Mvar) | 4.0616 3.2836 5.0000 5.0000 0.2050 5.0000 5 5 5
Qcy(Mvar) | 0.3548 0.8722 5.0000 1.4504 0.3080 5.0000 2,32625 5 5
Teo 0.9910 0.9888 0.9000 1.0603 1.0374 1.0772 1,0222 1,07066 0,9286
Te 10 0.9055 0.9503 1.1000 0.9000 0.9597 0.9000 0,945857 0,9 11
Tir 0.9696 0.9850 1.1000 1.0186 1.0330 1.1000 0,990054 0,99436 1,1
Tos 27 0.9417 0.9446 0.9358 0.9818 0.9857 1.1000 0,973538 0,983613 0,99999
Fuel cost 799.5625 799.8928 800.3034 835.3821 835.9164 839.0130 859.1493 859.6794 864.4470
($/h)
VD 1.8465 1.7461 1.4380 1.6529 1.1912 0.8867 0.941279 0.93051 0.9860
Lmax 0.1251 0.1253 0.1268 0.1300 0.1342 0.1487 0.137761 0.13795 0.14408
Emission 0.3696 0.3608 0.3708 0.2421 0.2422 0.2404 0.228803 0.22836 0.22210
(ton/h)
Pios (MW) 8.8367 8.6110 9.0596 5.0521 5.1820 5.4047 452652 45347 4. 5645
Table 4.7. Comparison of the results obtained for Case 7 to Case 9.
Case 7 Case 8 Case 9

Algorithms Fuel cost ($ /h) Lo Algorithms I(Z;c/erll)cost Algorithms | Fuel cost($/h) | Ploss (MW)

CS-KHA! 799.5625 0.1251 CS-KHA! 835.3821 CS-KHA! 859.149306 452652

KHA 799.8928 0.1253 KHA 835.9164 KHA 859.67941 45347

CS 800.3034 0.1268 CS 839.0130 | CS 864.4470 4.5645

CS-KHA? 799.5683 0.1251 CS-KHA? 835.3907 CS-KHA? 859.14938 452653

Gbest- 801.5821 0.1370 BSA [6] 835.0199 | FPA[7] 859.1915 45404

ABC[17]

MSA [7] 801.2248 0.13713 | GA- 835.0420 | MSA[7] 855.2706 4.7981

MPC[18]
BSA[6] 800.3340 0.1259 MOGWO 833.8528 MFO[7] 858.5812 45772
[16]

4.3.10. Triple- objective cases

There are three cases for triple objective in table 4.8, they can explain how the

proposed CS-KHA method can give the best results.
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4.3.11. Case 10: Minimization of fuel cost, active power losses and voltage

deviation

In these case study three objectives, fuel cost, voltage deviation and active

power loss are whole minimizing simultaneously. Its can be formulated as:

NG
f(x ,u){Zai +b, Py, +c,PS jmv,j VD + 2, x P, (4.15)

i=1

Where A,=40 and 4, =100, The CS-KHA method has been utilized to find to

study the performance of the CS-KHA technique, three various objectives, namely,
decreasing the cost of fuel, active power losses and voltage deviation are deliberated
individually. The results of the simulation involve the optimal adjustment of the
control variables yielded by the suggested method for four individual objectives are
given in table 4.8, and table 4.9 display a comparison of whole techniques.
Employing the CS-KHA, the fuel cost, the active power losses and the resulting
voltage deviation get are (864.2686), (4.5449) and (0.3160) respectively. The CS-
KHA technique is more efficient than series CS-KHA, CS and KHA methods for

solving a multi-objective OPF problem.
4.3.12 Case 11: Minimization of fuel cost, active power losses and emission

This case studied in this paper is the basic optimized three objectives, which
includes minimizing the fuel cost , power losses and emission simultaneously . Hence,

the objective function in this case is given as follows:

(4.16)

0ss
i=1

NG
f (x ,u):(Zai +b, Py +¢,Pg j+ﬂE x Emission + 4, x P,

The CS-KHA method has been utilized to find the optimal solution of the
problem. The optimal parameters of the control variables are presented in table 8.4
Employ the CS-KHA, the fuel cost, the emission and active power losses get are
(865.1805), (0.2242) and (4.0929) respectively. There is evidence that by minimizing
the objective function, the proposed method is superior to many methods used to

solve the OPF problem.
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4.3.13 Case 12: Minimization of fuel cost, voltage profile and emission

The multi-objective case of reduce the fuel cost, emission and voltage
deviation is transformed into a single objective by multiplying a weighting factor to

emission and voltage deviation. This objective functions of this case:
NG

f(x ,u):(Zai +b, P, +¢, P J+AE x Emission + 4,, xVD (4.17)
i=1

Where A4,, =100 and A =100. In this case, minimization fuel cost with

emission and voltage deviation offered by equation (4.18) is reduced by optimizing
the system control parameters within the constraints Applied the suggested CS-KHA
technique and the results are presented in table 3. The outcomes are compared with
the optimization techniques when the results compared, Referred to case 12 in this
study given the best proposed CS-KHA method related to original CS, KHA. we see
that the suggested technique converge towards a better result than other techniques .
The fuel cost, emission and voltage deviation values is yielded 804.3316 $/h and
0.3462 and 0.1640 respectively by applied the suggested CS-KHA. CS-KHA method
which proves its ability to solve fuel cost with voltage deviation and emission

minimization problem.

Table. 4.8 Simulation results of Cases 10-12 for IEEE 30-bus "Triple- objective"

Control Case 10 Case 11 Case 12

variables | CSKHA KHA CS CSKHA KHA CS CSKHA KHA CS
Pei (MW) | 104.5249 | 103.6928 | 92.2916 | 98.6974 101.6085 | 99.2209 164.8395 | 171.9780 | 170.5089
Ps (MW) | 54,3465 | 60,1612 | 80 58,2128 57,9613 57,0744 | 51,0948 50,0272 50,163
Pgs (MW) | 37,5565 | 37,6539 | 39,0554 | 37,18 38,172 37,9333 | 20,9464 21,6641 22,0783
Pgg (MW) | 35 34,9371 | 35 34,9784 35 35 29,0814 19,3606 24,756
Peu(MW) | 29,552 29,2022 | 30 30 29,1664 30 14,474 13,3601 13,3693
Psis(MW) | 27,0993 | 22,4509 | 12 28,5467 25,8985 28,416 12,0704 16,6763 12
Vi(p.u) 1,0775 1,08719 | 1,03794 | 1,1 11 1,1 1,03341 1,04002 1,05004
V,(p.u) 1,06822 | 1,07534 | 1,02861 | 1,09406 1,09382 1,1 1,02503 1,02543 1,0323
Vs(p.u) 1,04122 | 1,04965 | 1,00398 | 1,07409 1,07592 1,08332 | 1,01103 1,01287 1,01456
Vg(p.u) 1,05056 | 1,05908 | 1,0077 1,08375 1,08514 1,1 1,00966 1,01041 1,00056
Vi (p.u) 1,0509 1,01307 | 1,1 1,1 1,07998 1,1 0,965062 | 1,02139 11
Vi3(p.u) 1,05035 | 1,02317 | 1,00886 | 1,1 1,09512 1,1 1,04925 1,02575 0,96395
QcyoMvar | 0,547088 | 2,48952 | O 0,517852 | 1,41305 5 4,02246 0,813656 | 5
Qc,Mvar | 0,541429 | 0,48187 | 0 4,16862 0,155202 | 5 3,30099 0,240844 | 0
QcisMvar | 0,37127 | 4,41094 | 5 3,58793 0,839854 | 5 0,0722517 | 0,0261514 | 5
Qcy;Mvar | 0,240534 | 4,49072 | 5 0,0732118 | 0,0010985 | 5 4,33627 1,23798 6,24743e-5
QcyoMbar | 1,28399 | 3,43958 | O 0,183157 | 0,257416 | 5 0,611775 | 1,94455 5
QcyMvar | 5 1,64497 | 0O 5 4,84557 5 3,53858 1,31868 0
QcyzMvar | 0,282304 | 4,63854 | 5 3,56207 1,56623 0 2,53085 1,80759 5
QcysMvar | 4,35843 | 1,2643 5 5 0,826752 | 5 5 3,95045 5
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QcygMvar | 455509 [ 3,57261 |5 0,0260956 | 0,151317 | 2,32748 | 0,124265 | 0,749414 |5
Too 1,02249 | 1,06886 | 1,10 1,04433 1,07137 0,960578 | 0,980393 | 0,941706 | 1,1
To 10 1,01075 | 0,941228 | 0,9 0,904343 | 0,929703 | 1,1 0,90109 0,960605 | 0,9
Tus 1,06587 | 1,0464 | 0,97716 | 1,02222 1,06521 1,01044 | 1,0131 0,969156 | 0,9
Tag o7 1,0215 1,01662 | 0,985528 | 0,976679 | 0,993255 | 0,990608 | 0,946766 | 0,950057 | 0,979028
Fuel cost | 856.6384 | 855.1997 | 865.9793 | 861.0731 | 858.5942 | 862.0141 | 804.1262 | 804.7822 | 804.1523
($/h)
VD 0.3521 | 0.3966 | 0.3671 1.6910 | 1.1325 1.8951 0.1568 | 0.1682 0.1101
L. 0.1471 | 0.1462 | 0.1483 0.1293 | 0.1350 0.1279 0.1463 | 0.1466 0.1489
Emission | 0.2306 | 0.2322 | 0.2336 0.2256 | 0.2288 0.2258 0.3347 | 0.3509 0.3483
(ton/h)
D (MW) | 4.6792 [ 4.6981 | 4.9581 42153 | 4.4068 4.2447 9.1065 | 9.6663 9.4755
Table 4.9. Comparison studies Triple- objective cases
CS KHA |CSKHA! | CSKHA?
Case 10 |Fuel cost (8/h), F1] 865.9793 | 855.1997 |856.6384 [856.6387
Power loss, F2 | 4.9581 | 4.6981 |4.6792  |4.6795
VD, F3 0.3671 |0.3966 |0.3521  |0.3526
CS KHA CSKHA! |CSKHA?
Case 11 |Fuel cost (8/h), F1] 862.0141 | 858.5942 |861.0731 [861.0733
Power loss, F2 | 4.2153 | 44068  |4.2447 4.2449
Fuel emission, F4 | 0.2258 [ 0.2288  [0.2256 0.2258
CS KHA CSKHA! | CSKHA?
Case 12 |_Fuel cost ($/h), | 804.1523 | 804.7822 | 804.1262 | 804.1263
VD 0.1568 | 0.1682 0.1101 0.1104
Fuel emission, | 0.3347 | 0.3509 0.3483 0.3485

4.3.14 Fourth- objective cases

In Case 13, all the four competing objectives are considered "minimization of
fuel cost, emission, power losses and voltage deviation”. Referred to case 13 in this
study, Table 4.10 represents the best proposed CS-KHA method related to five

updated methods.

4.3.15 Case 13: minimization of cost, emission, voltage deviation and losses

In this case study four objectives, fuel cost, emission, voltage deviation and

active power loss are whole reduced simultaneously. Its can be formulated as:

LOS|

NG
D a +b,P, +c,R}

=1

j+ﬂE x Emission + 4,5, XVD + 4, xP,

0SS

(4.18)

The weight factors are selected as in [16] with 4z =19, 4, =21and 4, =2210

balance among the objectives.

To study the performance of the CS-KHA technique, four various objectives,

namely, decreasing the cost of fuel, emission, voltage differential and active power
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are deliberated individually. The results of the simulation involve the optimal
adjustment of the control variables yielded by the suggested method for four
individual objectives are given in table 4.10, and table 4.11 display a comparison of
whole techniques.

The CS-KHA technique is more efficient than other methods for solving a
multi-objective OPF problem. Based on the results of the simulation, the suggested
CS-KHA technique is capable of providing optimal solutions optimized compared to
the CS and KHA, methods for the multi-objective OPF problem taking into

consideration the cost of fuel, emission, voltage gap and active power losses.
4.3.16 Fifth- objective cases

4.3.17 Case 14: minimization of cost, emission, voltage deviation, voltage stability
and losses

In this case study four objectives, fuel cost, emission, voltage deviation,
voltage stability and active power loss are whole reduced simultaneously. It can be

formulated as:

NG

f (x ,u)=(2ai +b; P +¢,P; ij x Emission + 4,5 XVD + 4, xP + 4 xL,  (4.19)
i=1

There is a verification by lase case which deals with fifth objectives. The result

illustrates that, the proposed methodology CS-KHA is the preferable in deciding the

lowest objective values as shown in table 4.10 'case 14".

Table. 4.10 Simulation results of Case 13" Quad —objective™" and case 14 " Fifth
objective” for IEEE 30-bus

Case 13 Case 14

Control variables

CS KHA CS-KHA | CS KHA CS-KHA
Ps1 (MW) 130.0107 | 129.8686 | 125.8615 | 124.4290 122.5765 125.4081
Ps2 (MW) 53,8728 54,8287 51,1138 | 53,2175 56,0972 53,0698
Pgs (MW) 31,122 30,9348 31,0402 | 30,4865 33,0303 30,7882
Pss (MW) 35 35 34,9807 | 35 33,5087 34,9561
Pc11 (MW) 27,1396 15,9742 24,7056 | 25,2413 26,1787 25,3617
Ps1z (MW) 12 22,6765 21,2074 | 20,7207 17,4607 19,36
Vi (p.u) 1,1 1,1 11 1,1 11 1,1
V, (p.u) 1,08825 1,0887 1,08917 | 1,1 1,08832 1,08885
Vs (p.u) 1,06287 1,06321 1,06405 | 1,0734 1,06148 1,064220
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Vs (p.u) 1,071530 | 1,07204 1,07205 | 1,08022 1,06977 1,07028
Vi3 (p.u) 1,05639 1,0702 1,05293 | 1,1 1,03026 1,05652
Vi3 (p.u) 1,01739 1,05011 1,02568 | 1,1 1,04997 1,03866
QcypMvar) 5 0 0,454755 | 5 4,9437 3,30446
Qcyp(Mvar) 5 2,05387 0,72323 | 0 0,270158 2,6025
Qcy5(Mvar) 3,3952 0,975567 | 3,32038 | O 0,571056 2,92425
Qcy7(Mvar) 5 0,02654 176161 | O 0,0167224 3,61804
QcCyo(Mvar) 4,99997 3,33051 4,76834 | 0 0,343435 0,906447
Qc,1(Mvar) 0 2,37481 3,62672 | 4,16327 0,870541 3,32206
Qcy3(Mvar) 5 1,4263 5 0 3,14292 0,210252
Qco4(Mvar) 5 3,99204 |5 5 4,95059 5
QCy9(Mvar) 5 2,01571 2,23243 | 1,46134 1,84172 0

Teo 1,03445 0,999754 | 1,09786 | 1.1 1,07621 1,06593
Te 10 11 1,09906 0,998356 | 1,1 0,971239 1,01257
Tsa 1,06529 1,09087 1,07476 | 1,1 1,08476 1,06631
Tog 07 1,04599 1,02786 1,02953 | 1,04267 1,02415 1,01603
Fuel cost ($/h) 8255314 | 823.4412 | 822.6903 | 826.6999 | 825.8963 825.3990
VD 0.4836 0.4964 0.4654 | 0.6692 0.5393 0.5193
Lmax 0.1466 0.1453 0.1456 | 0.1440 0.1454 0.1445
Emission(ton/h) | 0.2666 0.2660 0.2580 | 0.2565 0.2549 0.2581
Ploss (MW) 5.7451 5.8828 5.5092 | 5.6950 5.4521 5.5439

Table 4.11, Comparison studies Quad and Fifth objective cases for multi method

MOMICA

[19] MSA [7],| DE [13] Cs KHA |CS-KHA! | CS-KHA?
Fuel cost ($/h), F1 | 830.1884 |830.639 (830.2123 [825.5314 |823.4412 | 822.6903 | 822.6905
Case 13 "powver loss, F2 | 55851 | 5.6219 | 55857 | 57451 | 58828 |55092 | 5.5094
VD, F3 0.2978 | 0.29385 | 0.29615 | 0.4836 | 0.4964 |0.4654 | 0.4657
Fuel emission, F4 0.2523 0.25258 | 0.25294 | 0.2666 0.2660 | 0.2580 0.2583
CS KHA |CSKHA! |CSKHA?
Fuel cost ($/h), F1 - - 826.6999 |825.8963 [825.3990 |825.3995
Case 14 |_Power loss, F2 - - 56950 | 54521 |5.5439  |[5.5442
VD, F3 - - 0.6692 | 05393 [05193 [0.5197
Fuel emission, F4 - - 0.2565 | 0.2549 [0.2581  [0.2582
L max, F5 - - 0.2500 | 0.1454 | 0.1454 | 0.1455

In this part, a new hybrid technique called CS-KHA is applied to solve OPF

problems. Test system fourteen cases have been studied in order to evaluate the

performance of the suggested technique. The OPF problem was reported as a non-

linear optimization problem with equality and inequality constraints.

Where several objective functions have been considered to minimize the fuel

cost, to improve the voltage profile, and to enhance the voltage stability. However, the

yielded results have been compared to those yielded using standard optimization

techniques such as CS, KHA. The essential conclusion that can be extracted from this

work is that the CS-KHA is a very efficient and robust technique for solving OPF

problems.
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It has perfect convergence characteristics and can be realized better effectiveness than
some well-known optimization techniques. A comparison of the results yielded from
CS-KHA and other techniques confirm the superiority of the algorithm for the
suggested CS-KHA on stochastic methods in terms of solution efficiency for the OPF

problems.
4.3.18. Comments and findings

The parallel hybrid CS-KHA method has overcome a significant disadvantage
of the hybrid CS-KHA series technique over all cases, namely the necessity to provide
an appropriate starting point. This drawback of the CS and KHA techniques was
emphasized in the earlier study of authors because it makes any optimization
technique based on a perfect selection of the initial point, more likely to get trapped in
the local minima, although the significantly improved computation speed makes it
possible to perform additional searches to increase confidence in the solution. The
hybrid CS-KHA method, on the other hand, does not need the user to specify the
starting point because it is automatically generated for the KHA step by the initial CS
phase. In addition, the efficiency of the suggested hybrid technique improves with

augmentation the objectives function.

In general, the suggested hybrid parallel technique has been shown to perform

highly well in solving the optimal power flow problem.

4.4 IEEE 57-bus test system

In order to exam the scalability of the suggested CS-KHA technique, a greater
test system is take into account in this work, which is the IEEE 57-bus test system,
The system consist of 7 generators on buses 1, 2, 3, 6, 8, 9 and 12 and 15 tap change
transformers. The system's total real and reactive power demands are 12,508 p.u and
3,364 p.u on a 100 MVA basis. The minimum and maximum voltages for whole
buses are taken as 0.95 pu and 1.1 pu, respectively. General system data of 57-bus
system are given in [21]. The OPF problem is solved for whole the exam cases of the
IEEE- 57 bus exam system applied hybrid CS-KHA algorithm.
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Figure 4.8 Single line diagram of IEEE-57 bus test system.

4.4.1 Case 15: Minimization of fuel cost

The goal of this case is to minimize the total generating fuel cost. Hence, the

objective function of this case is presented by (4.2). The CS-KHA is run so as to find

the optimal settings for this case and the gained results are presented in Table 4.12.
The cost yielded for case 15 is (41660.2273 $/h).

4.4.2 Case 16: Minimization of voltage profile

In this case the suggested technique is applied to 57-bus test system so as to

improve voltage deviation. The objective function is decrease to 0.5577 as given in
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table 4.12. The result comparison obtained by CS-KHA, KHA and CS with other

algorithms are presented in table 4.13.

4.4.3 Case 17: Minimization of fuel cost and voltage deviation

The purpose of the objective function is to minimize simultaneously both fuel
cost and voltage deviation. The converted single objective function next equation
(4.8) with weight factor w is chosen as 100, the results of such optimization using the
suggested CS-KHA technique are shown in Table 4.14. This table shows that the VD
has been decrease from (1.5991p.u.) to (0.6940 p.u.) compared with Case 15. Hence,
the cost has slightly augmented from (41660.2273 $/h) to (41712 $/h) compared with
Case 15.

4.4.4 Case 18: Minimization of fuel cost and voltage stability

In this case, multi-objective optimization, minimization voltage stability with
the fuel cost provided by (4.10), where w, is selected as 100, is done by optimizing
the control parameters of the system during the constraints by applied the suggested

CS-KHA technique offered by Table 4.14. It can be seen that the suggested CS-KHA

converges towards a better result than the KHA and CS technique by reduction the

fuel cost to 41672.90764 $/h and L, to 0.2723. The result comparison found by CS-
KHA, KHA and CS with other techniques are presented in table 4.15.

Table 4.12. Optimum control variables for case 15 and case 16.

Control variable Case 15 Case 16

CS-KHA KHA CS CS-KHA KHA CS
PG1 (MW) 143.4297 145.0358 140.9221 471.9033 393.6098 513.6722
PG2 (MW) 87.0645 98.1294 77.7157 79,65695 98,6583 30
PG3 (MW) 45,1917 47.2053 40.0000 92,40007 57,84523 59,79458
PG6 (MW) 67.0035 54.0795 100.0000 46,79256 51,50391 30
PG8 (MW) 459.5789 472.6903 453.4311 232,8422 518,0421 550
PG9 (MW) 99.7951 81.2897 100.0000 99,24876 37,88237 30
PG12 (MW) 363.2292 367.0996 354.6953 266,034 131,7144 100
V1 (p.u) 1.0713 1.0695 1.0552 1,02237 1,023409 0,9967058
V2 (p.u) 1.0746 1.0734 1.0577 1,073999 1,062311 0,95
V3 (p.u) 1.0603 1.0611 1.0461 1,007648 1,016462 1,040492
V6 (p.u) 1.0597 1.0594 1.0654 1,004306 1,000456 0,995201
V8 (p.u) 1.0755 1.0778 1.1000 1,003906 1,010452 0,95
V9 (p.u) 1.0710 1.0699 1.0739 1,062235 1,030502 0,95
V12 (p.u) 1.0582 1.0562 1.0453 1,006495 1,005915 1,053807
Qcl18(Mvar) 6.8293 4.8640 20.0000 6,695408 5,206463 0
Qc25(Mvar) 14.0936 16.3750 9.1658 19,37639 11,98027 10,38396
Qc53(Mvar) 11.2626 17.1950 20.0000 20 16,75879 14,5999
T4-18 1.0432 0.9608 0.9000 0,9137254 0,919320 0,9
T4-18 0.9543 1.0416 1.1000 1,071877 1,065802 1,1
T21-20 0.9981 1.0422 1.1000 0,9672907 0,9674481 0,96197
T24-25 1.0345 1.0436 1.1000 1,094638 0,9846575 0,9
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T24-25 1.0039 1.0439 0.9000 1,032537 1,032989 1,1
T24-26 1.0175 1.0326 1.0668 1,003921 1,009034 0,9835
T7-29 0.9975 1.0014 1.0565 0,9862143 0,9758795 0,949235
T34-32 0.9533 0.9558 0.9000 0,9238578 0,9176231 0,9
T11-41 0.9016 0.9495 0.9000 0,9001775 0,9003361 0,9
T15-45 0.9869 0.9883 0.9795 0,9405974 0,9336218 0,97872
T14-46 0.9832 0.9756 0.9796 0,9852434 0,9603013 0,9
T10-51 0.9948 0.9876 0.9951 1,02096 0,9929484 0,9961529
T13-49 0.9579 0.9450 0.9000 0,90 0,9001134 0,9
T11-43 1.0219 0.9863 1.1000 0,973514 0,9786342 0,9
T40-56 0.9860 0.9959 1.1000 1,059415 0,9814492 0,9
T39-57 0.9993 0.9698 0.9869 0,925002 0,9207469 1,1
T9-55 1.0120 1.0285 1.1000 1,041118 1,007644 0,9
Fuel cost ($/h) 41660.2273 41673.5922 | 41717.8801 47374.0339 48063.3841 49505.0371
VD 1.5991 1.6959 1.7060 0.5577 0.5861 0.6837
Lo 0.2816 0.2800 0.2775 0.3009 0.2973 0.2983
Emission (ton/h) 1.3566 1.4117 1.3269 1.7104 2.0093 2.7710
P (MW) 14.4929 14.7297 15.9645 38.0779 38.4561 62.6668

Table 4.13. Comparison of the results obtained for Case 15 and Case 16.

Case 15 Case 16

Algorithms | Fuel cost ($/h) | Algorithms VD (p.u)
CS-KHA' | 41660.2273 CS-KHA! 0.5577
KHA 41673.5922 KHA 0.5861
CS 41717.8801 CS 0.6837
CS-KHA? | 41660.2274 CS-KHA? 0.5578
MSA[7] |41673.7231 APFPA [20] | 0.8909
ICBO [8] | 41697.3324 DE[13] 0.59267
DE [22] 41667.82

Table 4.14. Optimum control variables for case 17 and case 18.

Control Case 17 Case 18

variable CS-KHA KHA CS CS-KHA KHA CS

PG1 (MW) 140.6795 141.9955 146.9150 145.63717 147.4252 140.62448
PG2 (MW) 94.9802 92.1514 100.0000 93,41317 70,41633 76,64457
PG3 (MW) | 47.1461 45.7668 40.0000 43,60194 48,42804 40

PG6 (MW) 66.5315 78.1945 100.0000 66,58502 79,49157 4259378
PG8 (MW) | 460.6278 460.5117 478.9845 463,769 464,107 550

PG9 (MW) 94.4812 89.2280 30.0000 88,24593 90,86394 66,53411
PG12(MW) 362.1398 358.8398 371.7001 364,439 365,3286 352,9121
V1 (p.u) 1.0206 1.0198 1.1000 1,065714 1,071911 1,069522
V2 (p.u) 1.0244 1.0253 1.1000 1,06856 1,074518 1,071359
V3 (p.u) 1.0119 1.0155 1.1000 1,058032 1,064053 1,058788
V6 (p.u) 1.0150 1.0264 1.1000 1,059052 1,064469 1,056178
V8 (p.u) 1.0384 1.0503 1.1000 1,075125 1,080583 11

V9 (p.u) 1.0240 1.0329 1.1000 1,074043 1,075218 1,081988
V12 (p.u) 1.0040 1.0070 1.1000 1,058413 1,061121 1,06022
Qcl8(Mvar) | 10.8442 8.0117 0 8,100758 2,438026 20
Qc25(Mvar) | 6.4490 15.9809 15.1607 13,05276 0,00061261 20
Qc53(Mvar) | 13.4479 11.0521 20.0000 7,513088 2,218401 9,451008
T4-18 0.9583 1.0192 0.9000 1,029568 1,071517 0,93533
T4-18 1.0017 0.9868 1.1000 0,982612 0,927481 1,1
T21-20 0.9981 0.9773 1.1000 1,042477 0,9802909 0,9950
T24-25 0.9680 0.9543 0.9000 1,031908 0,9212172 1,1
T24-25 0.9574 1.0740 1.1000 1,023043 0,9427498 1,1
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T24-26 1.0298 1.0136 1.0171 1,020643 1,042666 11

T7-29 0.9801 0.9951 1.0648 0,995707 0,9879004 1,057779
T34-32 0.9283 0.9354 0.9388 0,9010713 0,9012895 0,90000
T11-41 0.9000 0.9001 0.9000 0,9125124 0,9159888 0,9000041
T15-45 0.9509 0.9513 1.0178 0,9878071 0,9900062 0,9914929
T14-46 0.9527 0.9606 1.1000 0,9731593 0,9750129 0,9782907
T10-51 0.9725 0.9861 1.0697 0,993979 0,9966176 0,9959146
T13-49 0.9170 0.9177 0.9738 0,922972 0,9211986 0,9400298
T11-43 0.9418 0.9782 1.1000 0,9913753 0,9861991 0,9988105
T40-56 1.0432 0.9771 0.9000 1,082166 0,9970617 11
T39-57 0.9218 0.9373 1.1000 0,9170872 1,090158 0,94974
T9-55 1.0029 1.0128 1.1000 1,016755 1,033347 1,10

Fuel cost 41712 41705 41791 41672.9076 41676.3189 41796.8012
($/h)

VD 0.6940 0.7004 1.5878 1.9022 1.8864 1.9760
Lmax 0.2931 0.2935 0.2870 0.2723 0.2688 0.27802
Emission 1.3554 1.3507 1.4690 1.3757 1.37908 1.68885
(ton/h)

P (MW) 15.7861 15.8877 16.8061 14.8914 15.2609 18.50979

Table 4.15. Comparison of the results obtained for Case 17 and Case 18.

Case 17 Case 18
Algorithms Fuel cost ($/h) | VD (p.u) | Algorithms Fuel cost ($/h) | Lmax
CSKHA! 41712 0.6940 CS-KHA! 41672.90764 0.2723
KHA 41705 0.7004 KHA 41676.3189 0.2688
CS 41791 1.5878 CS 41796.8012 0.27802
CSKHA? 41712.02 0.6941 CS-KHA? 41672.90767 0.2724
MSA [7] 41714.9851 067818 | MSA[7] 416759948 | 0.27481
ICBO [8] 41726.3758 0.69723 | DE [13] 41667.53 0.28022
DE[22] 41697.50 0.77253
 10° Convergence curve
4.34 ! 0
432} —KHA
CSs
= —CS-KHA|
E§,428 = -
17 426f .
8 424 -
QL 422 -
(I
4.2 L- !
418! N—_
[

A
s
o

o

500

4.4.5 Comments and findings

i
1000

Iteration

97

Figure 4.9. Objective function curve for Case 18.

1500




Chapter 4. Applications of hybrid techniques for OPF

this work suggests a hybrid parallel (CS-KHA), the effectiveness of this technique
is utilized to be compared with hybrid series (CS-KHA) and get a worldwide ideal
solution, in addition, less computational time to achieve the ideal solution, local
minima evasion, and speeder convergence, which make them adequate for viable

applications for solving various constrained optimization problems.

It is clear from this study that hybrid parallel (CS-KHA) gives better results than
hybrid series (CS-KHA) to solve OPF problem. And exam of system network IEEE
57-bus test systems.

4.5 Results of IEEE 118-bus test system
4.5.1Case 19: Fuel cost minimization

To prove performance of the suggested hybrid CS-KHA, the large-scale IEEE
118-bus system is deliberated for study goal, its essential characteristics are presented
in [21]. In general, the efficiency of the proposed algorithm is excellent for variables’
higher number in constrained optimization problems. Therefore, CS-KHA method is
utilized for the system to decrease fuel cost. Hence, this case's objective function is
presented by (4.2). The CS-KHA is implemented so as to get the optimal settings for
this case and the gained results are presented in Table 4.16. In this case, minimizing
the fuel cost's fundamental objective produce to a value of 135260.45%/h by CS-KHA,
the most minimal when compared with other recent studies' substantial results as seen
in Table 4.17.

Table 4.16. The control variables' optimal settings for case 19.

Control CS-KHA KHA CS Control CS-KHA KHA CS

variables variables

Pci(MW) 366.9132 | 385.4828 | 368.0476 | Va1 1.0559 1.0328 1.0147
Pcs(MW) 30.0000 30.0000 40.4392 | Vg3 1.0628 1.0410 1.0174
Pge(MW) 30.8504 30.0000 30.0056 | Vgas 1.0699 1.0429 1.0476
Pcs(MW) 30.0000 | 36.5892 | 30.5938 | Vg3 1.0709 1.0615 1.0452
Ps10(MW) 32.1926 | 30.0951 | 30.6092 | Vguo 1.0584 1.0335 1.0348
Pci2(MW) | 322.0172 | 337.7073 | 298.7903 | Va2 1.0728 1.0407 1.0430
Pc15(MW) 66.9864 67.3679 73.6602 | Vs 1.0779 1.0699 1.0825
Ps1s(MW) 34.9502 | 31.6466 | 34.1581 | Vgug 1.0838 1.0856 1.0880
Ps19(MW) 30.0126 | 30.1197 | 34.9399 | Vgs4 1.0743 1.0686 1.0785
Po2o(MW) | 31.2758 | 40.0241 | 32.0601 | Vgss 1.0661 1.0609 1.0791
Pgas(MW) 30.0890 30.3142 30.7494 | Vs 1.0747 1.0669 1.0783
Pg2s(MW) 152.1116 | 160.5087 | 124.9473 | Vgsg 1.0929 1.0880 1.0949
Po7(MW) | 210.4531 | 212.1246 | 213.9664 | Ve 1.0857 1.0959 1.0989
Pgai(MW) 30.0107 | 30.0000 | 32.9586 | Vge2 1.0857 1.0980 1.0949
P32 (MW) 32.1135 32.1022 32.1000 | Vges 1.0886 1.0891 1.0524
Pcas(MW) 30.1433 30.0000 30.0574 | Ve 1.0981 1.1000 1.0983
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Poss(MW) [ 30.9994 | 32.3755 | 37.3000 | Ve 1.0819 1.0947 1.0921
Pow(MW) | 37.2945 | 31.1420 | 39.2771 | Vgp 1.0760 1.0680 1.0753
Pci(MW) | 327803 | 40.1303 | 32.0453 | Ver 1.0847 1.0782 1.0618
Poss(MW) | 305901 | 30.0504 | 613421 | Vs 1.0807 1.0823 1.0806
Pos(MW) | 357090 | 35.7110 | 35.7293 | Veu 1.0614 1.0721 1.0635
Pess(MW) | 150.1344 | 159.3915 | 147.9769 | Vere 1.0481 1.0534 1.0537
Poss(MW) | 45.0829 | 45.1069 | 46.4248 | Vo 1.0530 1.0533 1.0694
Poss(MW) | 30.2316 | 30.1951 | 30.0706 | Vg 1.0578 1.0871 1.0748
Poss(MW) | 41.1021 | 34.2682 | 31.4284 | Vs 1.0698 1.0849 1.0867
Pos(MW) | 128.9333 | 126.3616 | 116.7174 | Vg 1.0883 1.0856 1.0802
Poso(MW) | 119.4878 | 104.4463 | 108.5139 | Vg 1.0766 1.1000 1.0966
Poss(MW) | 30.0414 | 30.6740 | 33.8130 | Vig 1.0543 1.0908 1.0790
Poss(MW) | 274.4206 | 296.6764 | 274.6836 | Vo 1.0621 1.0926 1.0810
Poso(MW) | 290.2244 | 273.8381 | 285.3788 | Voo 1.0568 1.0932 1.0839
Pero(MW) | 33.8793 | 31.0321 | 30.0310 | Ve 1.0515 1.0699 1.0605
Ps(MW) | 30.0000 | 30.0000 | 30.5010 | Vo 1.0395 1.0786 1.0654
Pors(MW) | 350183 | 30.0011 | 345178 | Vs 1.0212 1.0726 1.0593
Pos(MW) | 30.0000 | 34.6584 | 30.0089 | Vo 1.0060 1.0641 1.0498
Pors(MW) | 31.1843 | 30.0000 | 30.0515 | Veyos 1.0123 1.0751 1.0472
Per7(MW) | 30.8112 | 30.0330 | 35.3680 | Vo 0.9973 1.0717 1.0433
Paso(MW) | 353.3451 | 328.0506 | 339.0098 | V1o 0.9894 1.0791 1.0417
Poss(MW) | 30.4117 | 34.3764 | 30.0251 | Ve 0.9980 1.0890 1.0528
Pos7(MW) | 31.2043 | 312010 | 31.2000 | Vey, 0.9775 1.0721 1.0298
Pasg(MW) | 373.0515 | 343.3753 | 383.0308 | Veys 1.0584 1.0584 1.0260
Pooo(MW) | 30.0217 | 30.0053 | 30.0816 | Veye 1.0928 1.1000 1.0466
Pcor(MW) | 30.1360 | 31.2499 | 33.4771 | Qcs(Mvar) | 1.0968 0.1341 0.4603
Poeo(MW) | 30.0000 | 31.6228 | 30.0239 | Qcsi(Mvar) | 0.0395 0.0656 7.8806
Poo(MW) | 315839 | 30.1290 | 32.1729 | Qcg(Mvar) | 1.7660 7.3596 2.7258
Pcioo(MW) | 161.0126 | 174.5208 | 163.4482 | Qcu(Mvar) | 104951 | 0.3568 0.0083
Pcios(MW) | 422950 | 42.1514 | 42.2731 | Qcus(Mvar) | 0.0001 2.6926 1.0940
P10s(MW) | 30.8340 | 311019 | 30.1950 | Qc(Mvar) | 6.3599 0.6672 17.7909
P10s(MW) | 30.1658 | 30.0082 | 30.0294 | Qcys(Mvar) | 0.3103 0.6422 0.3959
P10z (MW) | 30.7389 | 30.1938 | 30.7178 | Qcn(Mvar) | 0.5937 0.0949 12.9769
Pc1o(MW) | 32.0056 | 30.6153 | 30.4068 | Qcre(Mvar) | 0.4359 1.0046 1.7815
Pcui(MW) | 40.8006 | 40.8581 | 40.8015 | Qcg(Mvar) | 2.6580 0 2.5440
Pc1(MW) | 30.6941 [ 30.1776 | 35.3112 | Qcg(Mvar) | 2.7523 0 2.0127
Pous(MW) | 305556 | 30.1612 | 43.2123 | Qcyes(Mvar) | 1.1846 2.5892 10.9604
Pous(MW) | 315470 | 30.1511 | 30.6720 | Qcygr(Mvar) | 4.1717 0.0284 4.9321
Ve 1.0322 | 1.0169 | 1.0043 | Qcyye(Mvar) | 4.0167 0.5725 0.0614
Vs 1.0515 [ 1.0342 | 1.0224 | Tgs 1.0269 1.0527 1.0180
Ves 1.0349 | 1.0323 | 1.0137 | T 605 1.0551 0.9293 1.0770
Ves 10742 | 1.0906 | 1.0714 | T 0.9923 1.0165 1.0267
Veio 1.0786 | 1.0965 | 1.0833 | T s s 0.9561 0.9903 0.9672
Ve 10353 | 1.0238 | 1.0114 | T sy 0.9402 0.9071 0.9072
Vs 1.0383 | 1.0268 | 1.0176 | T g 1.0339 0.9722 0.9434
Ves 1.0476 | 1.0328 | 1.0167 | T 5.4 1.0317 1.0952 1.0250
Ve 1.0464 | 1.0356 | 1.0192 | T s 1.0046 1.0947 0.9504
Ve 1.0571 [ 1.0634 | 1.0366 | T g 1.0284 0.9213 0.9667
Vs 1.0939 | 1.0568 | 1.0337 | Fuelcost | 135260.45 | 135400.78 | 135610.321
($/h)
Vs 1.0835 | 1.0689 | 1.0860 | Ploss(MW) | 56.4548 | 58.1287 | 53.3527
o 1.0684 | 1.0325 | 1.0148
Table 4.17. The results obtained are compared for Case 19.

Algorithms Fuel cost ($/h)

CS-KHA! 135260.45

KHA 135400.78

CS 135610.321
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CS-KHA? 135260.46

BSA [6] 135333.4743
ABC 6] 135304.3584
BBO [6] 135262.7289

4.5.2 Comments and findings

We have study the performance of the hybrid both parallel and series CS-KHA
technique, through experience and study of whole techniques. Turns out the hybrid
parallel CS-KHA technique is more efficient than hybrid series and other methods for
solving a multi-objective OPF problem, for multi-objective techniques. Based on the
results of the simulation on test 118-bus test system, the suggested hybrid parallel CS-
KHA technique is capable of providing optimal solutions optimized compared to the
hybrid series CS-KHA. We conclude that the hybrid parallel CS-KHA technique is
more efficient for in solving the multi-objective OPF problem taking into

consideration the cost of Fuel, emission, voltage deviation and active power losses.

4.6 Conclusion

This chapter compares several of the updated techniques and employs the new
hybrid CS-KHA. This technique has been tried in two different ways, first in the form
of parallel and the other in series optimization methods to solve OPF "most significant
power system optimization problems.” This suggested method has been efficiency
carry out the results through minimize the single and the multi-objective function is
realized compared with other methods "accuracy ™. Through 19 cases "14 in IEEE-30,
4 |IEEE-57 and 1 in IEEE-118", the suggested techniques can verify the preferably
techniques "better results” related to different updated studies described in literature.
This method can reach a minimum objective by finding the optimum setting for
system control variables. For larger scale, the implementation of the suggested
methods is applied with high convergence speed and search ability and it ensures

gaining suitable operating point for implement in the power systems.
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Chapter 5. Application of Hybrid CSKHA to ED problem

5.1 Introduction:

This chapter describes the efficiency of different meta-heuristic methods based on both
hybrid parallel and series CSKHA technique to solve different types of ED problems, in order to
estimate the finest power generation combinations in a given system at the minimum operating cost,
while maintaining the system'’s operating conditions effectively.

The fuel cost is decreased by mainly based on power generation capacity constraints, power
balance constraints and valve point load effects, to meet the non-linear operating conditions of the
thermal unit. With regard to optimization, a comparative study of different meta-heuristic methods
is carried out.

In order to prove the effectiveness and applicability of the suggested techniques and for the
purpose of comparison, different types of ED problems are tested. The results of this survey offer
that the suggested methods make it possible to find loads more economical than those specified by

other techniques.

5.2 Applied CSKHA to the ED
The different steps to applied CS-KHA in ED are:
Step 1: Read characteristics of generation thermal units, Input the maximum number of iterations
and population size.
Step 2: Use each of the next solutions to initialize random population X of generated power of the

units within its boundaries.
P, =P +rand O (P, - P ) (5.1)
The initial population obtained is X as next.

Pp - Py
X = (5.2)
P U o)

N Fop N op
Among them, N pop is the population, n is the units’ number.

Step 3: Determine objective function applied in (2.1)
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Step 4: Update the krill position by KU operator

Step 5: Destroy the worse krill and build new ones by KA operator

Step 6: Replace the KEEP worst krill with the KEEP best krill.

Step 7: Choose the best solution according to the fitness function evaluation.

Step 9: Return steps 3 through 7 until any termination conditions are met.

5.3 Results and discussion

CSKHA is used to solve the ED problems for three different cases to ensure its optimization
effectiveness, where the objective function is restricted by the output boundaries of generation units
and transmission losses. The efficiency of both parallel and series CSKHA is compared with
different other optimization techniques. Simulations were carried out in the context of the
MATLAB environment.

5.3.1 Test case 1: 3 generators

The system of 3 generating units with the load demand of [400,500,600,700] MW is utilized
here. Whole data (maximum and lower limits for units and fuel cost coefficients are chosen as
given in [1,2].The optimum solution yielded by any version of both hybrid parallel and series
CSKHA technique is too listed while its total fuel cost is determined. Evidently, the suggested
CSKHA! and CSKHA? technique are capable to obtain a solution with an optimum fuel cost, while
the load demand constraint is met. In Figure 1, the conduct of CSKHA! contrast is seeing in terms
of fuel cost relative to 3 generators. The figure display that CSKHA?® had a quicker convergence.
The results yielded by the suggested CSKHA® and CSKHA? method are compared them with each
other and with other advanced techniques employing the same fuel-efficiency functions,
abbreviated in table 1, and the comparative results are presented in table 2.

The preferable results are highlighted in bold characters. It should be aforementioned that
almost whole comparison techniques were capable to get the minimum fuel cost as a result of the
hybrid parallel CSKHA techniques better than hybrid series CSKHA technique.

Table 5.1. The optimal results get from the case 1.

PD (MW) | methods P,(MW) | P,(MW) | P, (MW) Ploss(MW) | Cost ($/h) | Emission (t /h)

400 CS 102.4814 | 153.7944 | 151.1370 | 7.4127 29558.4239 | 200.2045
KHA 102.4817 | 153.7941 | 151.1370 | 7.4127 29559.2962 | 200.2045
CSKHA' |102.4816 | 153.7942 | 151.1372 | 7.4125 29559.2960 | 200.2244

500 CS 128.7865 | 192.6146 | 190.2929 | 11.6937 39210.1941 | 311.1575
KHA 128.7864 | 192.6147 | 190.2928 | 11.6937 39209.8207 | 311.1575
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CSKHA! | 128.7863 | 192.6149 | 190.2928 | 11.6937 39208.8873 | 311.1571
600 CS 155.4338 | 231.8096 | 229.7591 | 17.0020 50938.4092 | 461.2190
KHA 155.4337 | 231.8095 | 229.7591 | 17.0020 50937.9479 | 461.2190
CSKHA! | 155.4336 | 231.8095 | 229.7592 | 17.0020 50937.2561 | 461.2190
700 CS 182.4346 | 271.3891 | 269.5447 | 23.3680 64861.1615 | 651.5875
KHA 182.4346 | 271.3892 | 269.5447 | 23.3680 64861.2919 | 651.5875
CSKHA! |182.4347 | 271.3891 | 269.5446 | 23.3680 64861.8783 | 651.5875
4
o 10 Convergence curve
—KHA
8 CS n
— CS-KHA
o
&
3 6|
(@)
E
T 9|
p1
3
0 50 100 150 200
Iteration
Figure.5.1.Convergence characteristics of case 1.
Table 5.2. Comparison of results for case 1
PD(MW) | methods CS KHA CSKHA! CSKHA? GA[2] PSO[2] FPA[3]
400 Cost ($ /h) 29558.4239 | 29559.2962 29559.2960 29559.2961 29563.2 29559.9 29559.81
Emission(t /h) 200.2045 200.2045 200.2044 200.2044 200.256 200.221 200.2238
Ploss (MW) 7.4127 7.4127 7.4125 7.4127 7.41324 7.41173 7.4126
500 Cost ($ /h) 39210.1941 | 39209.8207 39208.8873 39208.8875 39220.1 39210.2 39210.15
Emission(t /h) 311.1575 311.1575 311.1571 311.1571 311.273 311.15 311.155
Ploss (MW) 11.6937 11.6937 11.6937 11.6938 11.6964 11.6919 11.6938
600 Methods (t/h) | CS KHA CSKHA CSKHA FA[4] BA[4] FA-BA[4]
Cost ($ /h) 50938.4092 | 50937.9479 50937.2561 50937.2562 50937.31 50937.31 50937.29
Emission 461.2190 461.2190 461.2190 461.2190 461.22 461.22 461.22
Ploss (MW) 17.0020 17.0020 17.0020 17.0024 17.0022 17.0022 17.0022
700 Cost ($ /h) 64861.1615 | 64861.2919 64861.8783 64861.8784 64861.51 64861.52 64861.52
Emission(t /h) 651.5875 651.5875 651.5875 651.5875 651.57 651.57 651.57
Ploss (MW) 23.3680 23.3680 23.3680 23.3680 23.3664 23.3663 23.3663

5.3.2 Test case 2: 6 generators

This case examines a thermal system generating 6-units. The fuel cost's coefficients, the
generators constraints and the matrixes of transmission loss coefficient are presented in [5.6]. Table
3 represent the products and cost functions related with the 6 generators power system and
comparison of this technique with different techniques for [700, 800, 900, 1000] MW demands
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given in table 4. It can be noted that the suggested hybrid parallel CSKHA gives minimum values of
cost function compared with hybrid series CSKHA and other techniques [5, 6]. Hybrid parallel
CSKHA display the efficiency of fitness values and gets convincing and plausible results with
augmented system dimensions. In addition, the constraints of the system are met.

Figure 5.2 agrees CSKHA ability to achieve the lowest cost in least iterations. Figure 5.2
display the excellence of the suggested technique to obtain a minimum cost compared to original
KHA and CS.

Table 3.5. The optimal results get from the case 2.

P, =700 (MW) P, =800 (MW)
Control Variables | CSKHA KHA CS CSKHA KHA CS
|:)1 (MW) 28,2906 28,2906 28,2969 32,5859 32,5858 32,588
P, (MW) 10 10 10 14,4839 14,4839 14,4931
P, (MW) 118,9573 118,9573 118,7832 141,5465 141,5464 141,6771
P, (MW) 118,6773 118,6773 118,5615 136,0459 136,0456 136,0898
P, (Mw) 230,7626 230,7623 231,0278 257,6619 257,6619 257,6181
P, (Mw) 212,7441 212,7443 212,7678 243,0068 243,0073 242,8600
Ploss (MW) 19,4318 19,4319 19,4372 25,3309 25,3309 25,3261
Cost ($/h) 36912,1770 | 36912,1772 | 36912,1802 | 41896,6763 | 41896,6764 | 41896,6775
Emission (t/h) 501,0113 501,0112 501,1661 648,9859 648,9863 648,8948
P, =900 (MW) P, =1000 (MW)
Control Variables | CSKHA KHA CS CSKHA KHA CS
P, (MW) 36,848 36,8479 36,848 41,1656 41,1659 41,1655
P, (MW) 21,0772 21,0773 21,0796 27,7786 27,7785 27,7793
P, (MW) 163,9293 163,9294 163,9334 186,5593 186,5591 186,5644
P, (MW) 153,2286 153,2292 153,2296 170,5819 170,5818 170,5826
|:)5 (MW) 284,1692 284,1691 284,1638 310,8291 310,8294 310,829
P, (MW) 272,7358 272,7351 272,7334 302,5678 302,5674 302,561
Ploss (MW) 31,9880 31,9881 31,9878 39,4818 39,4822 39,482
Cost ($/h) 47045,2213 | 47045,2215 | 47045,2219 | 52361,2261 | 52361,2319 | 52361,2323
Emission (t/h) 821,9781 821,9777 821,9717 1022,4809 | 1022,481 1022,47757
Table 4.5. Comparison of results for case 2.
PD(MW) | methods CSKHA' [ KHA CS CSKHA®* [ FA[4] BA[4] FA-BA[4]
700 Cost ($ /h) 36912,1772 | 36912,1772 | 36912,1802 | 36912,1773 | 36912.19 | 36912.08 | 36912.19
Emission(th) | 501,0113 | 501,0112 | 501,1661 501,0114 [501.02 | 501.02 501.08
Ploss (MW) | 19,4318 19,4319 19,4372 19,4319 19.4311 | 19.4324 | 19.4373
800 Cost ($ /h) 41896,676 | 41896,6764 | 41896,6775 | 41896,677 | 41896.69 | 41896.57 | 41896.69
Emission(t/h) | 648,9859 | 648,9863 | 648,8948 | 648,9859 | 649.00 | 648.98 648.98
Ploss (MW) | 25 3309 25,3309 25,3261 25,3311 25.3315 | 25.3306 | 25.3309
900 Cost ($ /h) 47045,2213 | 47045,2215 | 47045,2219 | 47045,2215 | 47045.24 | 47045.12 | 47045.24
Emission(t/) | 821,9781 | 821,9777 | 821,9717 821,9783 [ 821.97 |821.98 821.98
Ploss (MW) | 31,9880 31,9881 31,9878 31,9881 31.9879 |31.9882 | 31.9880
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1000 Cost ($ /h) 52361,2261 | 52361,2319 | 52361,2323 | 52361,2262 | 52361.25 | 52361.12 | 52361.25
Emission(t/h) | 1022,4809 | 1022,481 1022,47757 | 1022,4809 | 1022.48 | 1022.46 | 1022.47
Ploss (MW) | 39,4818 39,4822 39,482 39,4819 39.4820 | 39.4813 | 39.4816

Convergence curve
80000

—KHA

CS I
70000 —CS-KHA

60000

50000
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40000
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Figure 5.2. Convergence characteristics of case 2.

5.3.3 Test case 3a: 13 generators with 1800 MW

Case 3 comprises of thirteen generators that process the valve point effects for a load
demand of 1800 MW. It is a great system with further non-linearity and the system data are given in
[7]. The population size employed for simulation of KHA, CS and CSKHA is set t0100, and the
maximum iterations are 500 for whole techniques. The statistical outcome for the comparison of
whole techniques exams are outlined in table 5, Compared to the results obtained by other
techniques, the solutions yielded by CSKHA are clearly better. In this case any result of hybrid
parallel CSKHA is better than hybrid series CSKHA or at least equal to it. Contrasting these results,
we can observed that the technique suggested in this work can very well solve great power systems
and surpass other techniques in terms of efficiency as well as the robustness of the method.

So as to notice the difference between these techniques, the comparison of a selected
technique of the convergence curves of these illustrative methods is shown in Figure 3. It can be
seen from Figure 3 that the CSKHA has clearly surpassed other techniques in terms of the quality of

the solution.

Table 5.5. The optimal results get from the case 3a.

Control Variables CSKHA KHA CS
pl (MW) 628,3185 628,3198 628,2930
p2 (MW) 149,5995 224,3489 224,3904
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P, (MW) 222,7503 148,0612 148,0304
P, (MW) 109,8665 60 109,8743
P, (MW) 109,8665 109,8649 60

P, (MW) 109,8665 109,8672 109,8489
P, (MW) 109,8665 109,8536 109,8646
P, (MW) 109,8658 109,8436 109,8405
P, (MW) 60 109,8409 109,8578
P, (MW) 40 40 40

P, (MW) 40 40 40

P,, (MW) 55 55 55

P, (MW) 55 55 55

Fuel Cost ($/h) 17960.3696 17960,8259 17960,9107

Table 5.6. Comparison of results for case 3a

methods Fuel Cost ($/h)
CSKHA! 17960.3696
KHA 17960,8259
CS 17960,9107
CSKHA? 17960.3703
DE [8] 17963.83
PSO-SQP [9] 17969.93

FA [10] 17963.8308
OIWO [11] 17963.83
MABCA [12] 17963.83
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Figure.5.3.Convergence characteristics of case 3a.

5.3.4 Test case 3b: 13 generators with 2520 MW

For the other case of thirteen generating units with a load demand of 2520 MW, the
comparative assessment among the preferable solution obtained by all variations of the CSKHA is
given in table 7. The system data are given in [7]. The population size employed for simulation of
KHA, CS and CSKHA is set to100, and the maximum iterations are 500 for whole techniques. The
results yielded by the suggested hybrid parallel CSKHA variations for the second case are too
compared with those recently reported of the state of the art techniques employed the same case of
thirteen generating units with load demand of 2520 MW. Interestingly, the superior solutions are
obtained by the suggested techniques in general. It is obvious that the hybrid parallel CSKHA
technique outperforms hybrid series CSKHA. The survey of the update process under the hybrid
parallel CSKHA is a significant area of research that deserves further consideration for the ELD

domain, as given in table 8.

Table 5.7. The optimal results get from the case 3b.

450

Control Variables CSKHA KHA CS

P, (Mw) 628,9383 628,1279 628,38663
P, (Mw) 449,7188 449,2578 450,47423
P, (Mw) 299,1131 301,5702 300,51176
P, (Mw) 160,0782 159,8100 159,64271
P, (Mw) 110,5687 162,8327 160,71978
Py (Mw) 160,2294 159,7543 158,96331
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P, (Mw) 160,6838 160,3695 109,91751
P, (MW) 162,1647 110,4224 161,3046
P, (MW) 159,4758 159,8721 160,3680
P,, (MW) 40 40 40

P,, (MW) 78,5156 77,2329 40,1863

P,, (MW) 55,0743 55,7496 57,4553

P,; (MW) 55,4386 55 92,0697
Fuel Cost ($/h) | 24164,1265 24165,8502 24167,8007

Table 5.8. Comparison of results for case 3b.

methods Fuel Cost ($ /h)
CSKHA' 24164,1265
KHA 24165,8502

CS 24167,8007
CSKHA? 24164,1267

DE [8] 24169.92
PSO-SQP [9] 24261.05
MABCA [12] 24169.917

5.3.5 Test case 4: 40 generators

This case deliberates forty generators as an extensive power system to prove the excellence
of CSKHA on other techniques to get an optimal solution. In addition, the valve point loading effect
is considering to entire the test [13-15]. The data for this system is presented in [14]. Table 9 shows
the outputs of every unit for a load demand of 10 500 MW and the cost of every technique. It can
be remarked that the proposed hybrid parallel CSKHA obtains a lower cost than other methods
while obtaining the generations’ constraints. As a result, these techniques have been restricted in
local minimum solutions. Consequently, hybrid parallel CSKHA results better than the hybrid
series CSKHA and other methods in whence of fuel cost, even for an extensive power system with
valve loading effect. In addition, table 10 presents the statistical comparison between hybrid parallel
CSKHA, hybrid series CSKHA and various techniques. Obviously the fuel cost yielded by
suggested hybrid parallel CSKHA is better than other techniques. Furthermore, a curve of the
convergence rate of the objective function is presented in Fig. 4. It can be noticed that, the

suggested CSKHA gives better convergence results than original KHA, CS.
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Table 5.9. The optimal results get from the case 4.

Control Variables CSKHA KHA CS

P, (MW) 113,3826 113,9681 112,3255
P, (MW) 111,2976 107,0362 112,8611
P, (MW) 96,67379 106,2199 103,8149
P, (MW) 162,8772 179,8851 163,5639
P, (MW) 96,44311 95,6386 94,66628
P, (MW) 132,9046 119,3762 129,6807
P, (MW) 279,0002 294,0993 285,2763
P, (MW) 293,6999 269,2463 276,4915
P, (MW) 288,3165 299,3320 280,8487
P,y (MW) 216,8368 169,1547 192,4161
P, (MW) 217,05268 205,6456 214,7706
P, (MW) 220,08281 219,5819 224,711
Py (MW) 322,10773 310,9034 356,5067
P, (MW) 335,75678 335,200 325,02570
P (MW) 325,84418 363,2386 302,35299
P, (MW) 328,76712 353,2160 360,87880
P, (MW) 439,90933 441,00975 441,80349
P, (MW) 45567061 429,78433 424,78466
P, (MW) 481,7095 489,09685 467,5932
P, (MW) 479,4472 484,97340 471,0211
P, (MW) 5188881 515,51093 506,1676
P, (MW) 4979332 4734612 488,8075
P, (MW) 522,7407 516,6089 536,2016
P, (MW) 515,8417 493,2262 515,8895
P, (MW) 459,1075 506,2600 513,0993
P, (MW) 473,7741 489,7204 531,2136
P, (MW) 12,4575 19,35058 10,39765
P, (MW) 10,0209 12,50855 11,68895
P, (MW) 10,8877 13,75471 13,25302
P, (MW) 96,12181 96,98621 96,9459
Py, (MW) 187,6265 187,3150 187,2937
P, (MW) 189,5840 188,0885 189,2611
P, (MW) 189,9985 189,9641 189,9859
P, (MW) 198,7560 198,5638 195,4582
Py (MW) 199,90909 199,9696 198,2204
Py (MW) 196,19328 197,4649 199,9881
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P,, (Mw) 109,32398 108,2215 109,4987
P, (MW) 107,36649 109,7875 100,3496
P., (MW) 105,92094 108,18505 107,3261
P,, (MW) 499,76633 488,42431 457,4501
Fuel Cost ($ /h) 121411.4286 121411.6739 121413.8473

Table 5.10. Comparison of results for case 4.

Methods Fuel Cost ($ /h)
CSKHA! 121411.4286
KHA 121411.6739
CS 121413.8473
CSKHA? 121411.4289
IWO[22] 121412.54
QPSO[23] 121424.6399
CBA[24] 121412.5468
FA[25] 121415.05
HGA[26] 121602.81

Convergence curve
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Figure 5.4. Convergence characteristics of case 4.
5.3.6 Combined economic emission dispatch
The atmospheric contaminants like sulfur oxides, nitrogen oxides and carbon dioxide

generated by fossil fuel fired generator can be modeled separately [16,17]. Nevertheless, For

comparison goals, the total emission of these contaminants, which is the sum of a quadratic and

112



Chapter 5. Application of Hybrid CSKHA to ED problem

exponential function, can be formulated, the optimization cost of production have been expressed
from the conventional ELD with emission and of line flow constraints.

The CEED surveys are deliberated to search for the simultaneous minimization of two
functions defined by the same variable objects obtaining a double objective optimization problem or
bi-criteria. The primary hardness with such an optimization problem is related with the existence of
conflicts between two structures. For which, we have transformed this problem into a single-

objective optimization problem.

5.3.7 Test Case 5 generators: Environmental dispatch

In this case, our objective function, thus we only optimize NO, emissions, and the results

are shown in table 11 shows that, in the case of environmental dispatch, the rising in the load results

in a rise in the NO, emission rate. Despite the load variation, these three techniques satisfy the

inequality constraint.

We too notice that the three meta-heuristics gave the same NO, emission rate even though

we rise the load, but CS is still the slowest and CSKHA converges quicker.

At preferable, the minimum production costs were determined by CS, KHA and CSKHA.
Thus, for other power demand, it was CSKHA who gave the minimum production cost.

Therefore, in the case of the environmental dispatch of the 6-units system, hybrid parallel
CSKHA gave the preferable result, quick and accurate and superior performance on the CSKHA
hybrid series, and better than other techniques.

Table 5.11. The optimal results get from the case 5.

PD =700 (MW) PD =800 (MW)
Control Variables | CSKHA KHA CS CSKHA KHA CS
|:>1 (MW) 80,1458 80,1457 80,1459 100,5249 100,525 100,5247
p2 (MW) 82,4038 82,4041 82,4043 103,7565 103,7569 103,7575
p3 (MW) 113,965 113,9649 113,9645 127,0082 127,0083 127,009
p4 (MW) 113,4753 113,4752 113,4746 126,3494 126,3491 126,3477
|:>5 (MW) 163,4515 163,4516 163,4523 182,2065 182,2063 182,2052
|36 (MW) 163,0983 163,0983 163,0982 181,7376 181,7376 181,7391
Ploss (MW) 16,5398 16,5397 16,5398 21,5832 21,5831 21,5831
Fuel Cost ($ /h) 38101,0062 | 38101,0081 38101,0132 43719,0251 43719,0353 43719,0418
Emission (t/h) 434,1306 434,1306 434,1306 548,7062 548,7062 548,7063
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PD =900 (MW) PD =1000 (MW)
Control Variables CSKHA KHA CS CSKHA KHA CS
p1 (MW) 120,9382 120,9383 120,9388 125 125 125
p2 (MW) 125,3281 125,328 125,3303 149,9858 150 149,9999
p3 (MW) 140,1958 140,1957 140,1954 156,4114 156,2957 156,4904
p4 (MW) 139,3406 139,3406 139,3399 154,9218 155,313 155,1614
p5 (MW) 201,0838 201,084 201,0824 224,3073 224,2136 223,4913
|:>6 (MW) 200,4819 200,4818 200,4816 223,1039 222,9043 223,5844
Ploss (MW) 27,3685 27,3685 27,3684 33,7302 33,7266 33,7274
Fuel Cost ($ /h) 49650,2228 | 49650,223 49650,2955 | 55455,6022 | 55456,7748 | 55457,2911
Emission (t/h) 682,6256 682,6258 682,6260 837,7686 837,7683 837,7699

Table 5.12. Comparison of results for case 5.

PD(MW) | Methods CSKHAT [ KHA CS CSKHAZ |FA[4] |BA[4] |FABA
[4]
700 Cost ($/h) | 38101,0062 | 38101,0081 | 38101,0132 | 38101,0064 | 38101.09 | 38100.95 | 38101.13

Emission(t/h) | 434,1306 434,1306 434,1306 434,1307 434.13 434.13 434.13

Ploss (MW) 16,5398 16,5397 16,5398 16,5399 16.5398 | 16.5397 | 16.5397

800 Cost ($ /h) 43719,0251 | 43719,0353 | 43719,0418 | 43719,0253 | 43719.20 | 43719.15 | 43716.14

Emission(t/h) | 548,7062 548,7062 548,7063 548,7063 548.70 548.70 548.70

Ploss(MW) 21,5832 21,5831 21,5831 21,5835 21.5833 | 21.5831 | 21.5830

900 Cost ($ /h) 49650,2228 | 49650,223 | 49650,2955 | 49650,2229 | 49650.29 | 49650.14 | 49649.97

Emission(t/h) | 682,6256 682,6258 682,6260 682,6258 682.62 682.62 682.62

Ploss(MW) 27,3685 27,3685 27,3684 27,3687 27.3684 | 27.3682 | 27.3685

1000 Cost ($ /h) 55455,6022 | 55456,7748 | 55457,2911 | 55455,6023 | 55456.64 | 55456.49 | 55456.24

Emission(t/h) | 837,7686 837,7683 837,7699 837,7687 837.77 837.77 837.77

Ploss(MW) 33,7302 33,7266 33,7274 33,7304 33.7301 | 33.7306 | 33.7337

5.3.8 Test Case 6 generators the combined economic environmental dispatch

The next table presented the results of the record (see table 13): Even in the case of CEED,
the whole three techniques respected the inequality constraint for various loads.

We notice that the augment in the load too results in the augment of the total cost. It too
appear that the three techniques gave the same total cost and that, despite the changes in demand
and in the respect of constraint of equality. The difference among the three meta-heuristics was the

simulation time when CSKHA was the quick of the offered optimum.

Table 14 can summarize the comparison between seven methods and the best one with the
proposed hybrid parallel CSKHA method. With the best combined cost with emission values of
57188.8460 $/hr. This table denotes that the hybrid parallel CSKHA method acquires the lowest
value of fuel cost and emission related to two updated methods. The proposed hybrid parallel
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CSKHA method can give the lowest values for combined cost and emission better than hybrid

series CSKHA and other techniques as shown through table 14.

Table 5.13. The optimal results get from the case 6.

P, =700 (MW) P, =800 (MW)
Control CSKHA KHA CS CSKHA KHA CS
Variables
P, (MW) 62,096683 | 62,10440 62,10446 76,5721673 76,57218 76,57261
P, (MW) 61,663009 | 61,6733 61,67324 79,260657 79,26060 79,26108
P, (MW) 119,97424 | 119,97 119,9717 135,23063 135,230 135,2305
P, (MW) 119,47485 | 119,4722 119,47239 134,15267 134,1527 134,15255
P, (MW) 178,20113 | 178,19381 178,19374 199,70981 199,7096 199,70939
P, (MW) 175,64687 | 175,64088 175,6409 197,26306 197,26317 197,26284
Ploss (MW) 17.056799 | 17.0564 17.0564 22.1890 22.1890 22.18899
Emission (t/h) [ 439.6125 439.6074 439.6074 557.2014 557.2014 557.2011
Fuel Cost ($ /h) | 37500.6665 | 37500.8975 37500.8967 | 42784.3583 42784.35814 | 42784.3722
combined 57188.8460 | 57189.99043 | 57190.3439 | 67739.62947 | 67739.7966 67740.2981
P, =900 (MW) P, =1000 (MW)
Control CSKHA KHA CS CSKHA KHA CS
Variables
P, (Mw) 92,329613 | 92,32966 92,3297 107,163088 | 107,16313 107,163196
P, (MW) 98,391242 | 98,39113 98,391260 | 116,550320 | 116,5505 116,550507
P, (MW) 150,19466 | 150,1947 150,19480 | 165,661886 | 165,6618 165,661817
P, (MW) 148,55918 | 148,5590 148,55899 | 163,402481 | 163,40257 163,402526
P, (Mw) 220,40443 | 220,40433 220,40426 | 242,03117 242,03117 242,031069
P, (Mw) 218,13053 | 218,130719 218,130601 | 239,802232 | 239,80186 239,802056
Ploss (MW) 28.00967 28.00967 28.0096 34.61118 34.6111 34.611
Emission (th) | 693.78786 | 693.78788 693.78780 | 851.5334 851.5333 851.5333
Fuel Cost ($/h) | 48350.6553 | 48350.6543 48350.6583 | 54124.1825 | 54124.1897 54124.1892
combined 81528.9092 | 81528.9786 81529.1173 | 94846.1317 | 94846.21687 | 94846.38718
Table 5.14. Comparison of results for case 6.
PD (MW) [ methods CSKHA! KHA cs CSKHA? FA[4] BA [4] FA-BA[4]
700 Combined 57188.8460 | 57189.9904 | 57190.3439 | 57188.8461 | 57190.01 | 57190.01 | 57190.01
Fuel cost($/h) | 37500.6665 | 37500.8975 | 37500.8967 | 37500.6667 | 37500.93 | 37500.84 | 37500.48
Emission (/) | 439.6125 439.6074 439.6074 439.6126 439.61 439.61 439.62
Ploss (MW) | 17.056799 | 17.0564 17.0564 17.056799 | 17.0566 | 17.0566 | 17.0569
800 Combined 67739.6294 | 67739.7966 | 67740.2981 | 67739.6296 | 67740.26 | 67740.26 | 67740.26
Fuel cost($/h) | 42784.3583 | 42784.3581 | 42784.3722 | 42784.3584 | 42784.41 | 4278452 | 42784.36
Emission (t/h) | 557.2014 557.2014 557.2011 557.2017 557.20 557.20 557.20
Ploss (MW) | 22.1890 22.1890 22.18899 22.1892 221890 | 22.1888 | 22.1888
900 Combined 81528.9092 | 81528.9786 | 81529.1173 | 81528.9094 | 81529.09 | 81529.09 | 81529.09
Fuel cost($/h) | 48350.6553 | 48350.6543 | 48350.6583 | 48350.6556 | 48350.59 | 48350.77 | 48350.54
Emission (t/h) | 693.78786 | 693.78788 | 693.78780 | 693.78787 | 693.79 693.78 693.79
Ploss (MW) | 28.00967 28.00967 28.0096 28.00969 28.0098 | 28.0094 | 28.0095
10° Combined 94846.1317 | 94846.2168 | 94846.3871 | 94846.1318 | 94846.36 | 94846.36 | 94846.36
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Fuel cost($/h) | 54124.1825 | 54124.1897 | 54124.1892 | 54124.1826 | 54124.28 | 54124.12 | 54124.13
Emission (t/h) | 851.5334 851.5333 851.5333 851.5335 851.53 851.53 851.53
Ploss (MW) 34.61118 34.6111 34.611 34.61119 34.6112 34.6113 34.6113

5.3.9 Test Case 7: 10 generators

In this case, a 10-unit generating thermal system taking into account valve point effect is
studied. Fuel cost factor; generator constraints, emission coefficients and transmission loss
coefficient matrix are presented in [18]. Table 15 provides an overview of the results of using the
CSKHA to solving the CEED to 2000MW load demand and compares with other techniques [18-
21].

The result of the proposed technique is highlighted here. The proposed hybrid parallel
CSKHA obtain a lower cost than that of hybrid series CSKHA, CSABC _PSO, GSA, EMOCA,
MODE and PDE respectively system constraints. Moreover, its emission is too less than
ABC_PSO, GSA, EMOCA, MODE and PDE. As a result, hybrid parallel CSKHA has successfully
implemented a global minimization solution. In addition, the calculation time is shorter than the
other technique. Therefore, hybrid parallel CSKHA is superior on other techniques in reducing net
costs in the shortest possible time. Hence, the convergence of costs for this application is shown in
Fig. 5.5.

Table 5.15. The optimal results get from the case 7.

Control Variables CSKHA KHA CS

P, (MW) 54,9999 54,9998 54,9999
P, (MW) 79,9579 72,0709 71,94645
P, (MW) 80,2342 91,5071 96,90161
P, (MW) 84,7818 87,6035 82,53404
P, (MW) 159,9999 159,999 144,0075
|:>6 (MW) 199,5256 198,4461 198,6948
|:>7 (MW) 288,0045 293,4512 291,9204
p8 (MW) 294,2520 305,62483 306,8564
P, (MW) 414,9251 407,73395 419,9366
P,, (MW) 426,15949 410,86248 414,9691
Fuel Cost ($/h) 113369.53734 113383.3562 113381.6452
Emission (t/h) 4000.86999 4005.916905 4047.3204
Ploss (MW) 83.84078 83.29999 83.767188
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Table 5.16. Comparison of results for case 7.

Method Fuel Cost ($/h Emission (t/h) Ploss (MW)
CSKHA! 113369.53734 4000.86999 83.84078
KHA 113383.3562 4005.916905 83.29999
CS 113381.6452 4047.3204 83.767188
CSKHA? 113369.53735 4000.87000 83.84079
MODE[18] 113484 4124.9 84.33
NSGAII [18] 113539 4130.2 84.25
PDE [18] 1.1351 4111.4 83.9
GSA [19] 1.1349 4111.4 83.9869
ABC_PSO [20] 1.1342 4120.1 84.1736
EMOCA [21] 1.13445 4113.98 83.56
Convergence curve
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Figure.5.5. Convergence characteristics of case 7.

5.3.10 Test Case 8: 40 generators (CEED)

This exam system is composed of 40 generators with non-smooth fuel cost and emission
functions. The coefficients of this unit are given in [18]. Table 17 outlines the results of the solving
of CEED for a 10500 MW load demand applied hybrid parallel CSKHA and the preferable
emissions and preferable compromising cost get using this technique is 191555.5116 $/h,
respectively. It must be noted that the total cost of a compromise solution is specified by the price
penalty factor, as confirmed by the procedure reported in [5]. The best compromise cost achieved
by hybrid parallel CSKHA reflects a fuel cost of 128715.9474%/hour and an emission level of
178527.7143 ton/h. The result of the proposed hybrid parallel CSKHA technique gives a lower fuel
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cost than the hybrid series CSKHA and others as appear in table 18. As a result, these techniques

have been trapped in local minimum solutions.

Table 5.17. The optimal results get from the case 8.

Control Variables | CSKHA KHA CS

P, (Mw) 36 36 36

P, (Mw) 114 113,9999 113,2143
P, (Mw) 119,9999 119,9997 104,4055
P, (Mw) 176,8302 175,6958 142,6987
P, (Mw) 97 74,2514 90,52909
Ps (Mw) 124,8071 126,5859 121,0474
P, (Mw) 300 299,9999 287,7625
P, (MW) 293,1287 292,6840 284,60975
Py (MW) 291,60683 290,9985 284,6498
P, (MW) 130 130,0021 130

P, (Mw) 303,5538 303,8570 289,6774
P, (MW) 302,1455 303,8355 288,2398
P,; (Mw) 419,4725 412,6947 394,29904
P, (MW) 395,0146 394,8488 394,27941
Ps (MW) 396,0751 397,0887 394,27936
P (MW) 395,1527 396,7668 394,27938
P, (MW) 441,8800 443,7352 411,72796
Ps (MW) 443,9516 444,8504 423,22094
Py (MW) 428,9352 429,4401 421,51961
P, (MW) 427,0561 429,6222 421,52206
P,, (MW) 433,5302 433,5196 433,52002
P,, (MW) 433,5309 433,52461 433,51941
P,; (MW) 433,5220 433,53456 433,51946
P,, (MW) 433,5389 433,52179 433,51953
P,s (MW) 433,5397 433,542836 433,51959
P,s (MW) 433,6004 434,025573 433,51961
P,, (Mw) 17,1541 17,9352113 14,136707
P,s (MW) 17,4017 17,0704870 13,464591
P,q (MW) 16,4817 19,3720561 11,513262
P, (MW) 96,2552 97 88,498813
P, (MW) 173,2095 175,7677 167,2802
P, (MW) 172,8961 171,1173 166,8738
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P, (MW) 172,7233 173,0552 167,1975

P,, (Mw) 199,9999 200 199,9999

Py (MW) 199,9999 200 199,9999

P, (MW) 200 200 200

P,, (Mw) 102,6710 101,8404 91,73487

Py (MW) 96,92331 96,62931 96,32926

P,y (MW) 103,6140 101,3076 100,7977

P,, (MW) 429,8350 426,1325 421,5913
Fuel Cost ($/h) | 128715.9474 128721.2767 128734.8931
Emission(th) | 178527.7143 178535.7403 178539.6783
F total 191555.5116 191556.8550 191559.5888

Table 5.18. Comparison of results for case 8.

Method Fuel Cost ($ /h) Emission(t/h) Combined

CSKHA! 128715.9474 178527.7143 191555.5116
KHA 128721.2767 178535.7403 191556.8550
CS 128734.8931 178539.6783 191559.5888
CSKHA? 128715.9475 178527.7145 191555.5118
DE-HS [22] 128713.8868 178634.0971 191589.5164
DE[22] NA NA 191594.5053
MBFA [23] NA NA 190,591.1967
CKH [24] 128717.4718 178529.9616 191556.4494

5.4 Conclusion

In this chapter, we have offered a new technique resulting from the hybridization of two
current meta-heuristics inspired by nature: KHA and CS. They were hybridized in two ways, first
on the hybrid parallel and the other on the hybrid series, We have developed this new method so as
to solve the ELD and CEED problems for various power systems and load demands.

First, we have used our three techniques on a simple five-node network with three
generators to guarantee their efficiency compared to the other methods and the result was very
successful. Thus, we exam the 6, 10, 13 and 40 units. The results found by the suggested technique
are compared with different other optimization methods. The comparison assures the superiority of
hybrid parallel CSKHA over the hybrid series CSKHA and other techniques for settling ELD and
CEED problems until for large scale power system with considering valve point effect. The
obtained results showed that hybridization integrates the advantages of KHA and CS. Thus it gives
us a decrease of cost of production and toxic gas emission rates whole with quickly convergence

and within the imposed constraints.
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General conclusions and Future work

General conclusions

Deregulation of Power systems needs increased attention in terms of safety. In the vertical
structure, since the production, transport and distribution companies belong to a single entity, the
safety, monitoring and control of the power system are easy. But these are difficult to achieve in the
context of deregulation environment. In order to maintain the system in a safe state during
emergency response, the monetary value needs to be considered. This cost is involved in this study
as a security cost. Consumers connected to the system must benefit from this. Therefore, the
consumer benefit is involved in the overall objective function. The cost of transmission must

recover the fixed cost.

The work of this thesis involves the problem of optimal power flow (OPF). The OPF
problem is formulated as the decrease of fuel costs, while limiting the active power generation
boundaries and voltage security constraints. In the study of this thesis, four kinds of hybrid
optimization techniques are used to solve the optimal power flow problem. These techniques such
as hybrid parallel CSKHA and hybrid series CSKHA.

Optimization of every of the above mentioned technique is studied in depth, and every
technique is adjusted appropriately to meet the requirements of OPF. The different parameters of
each technique are carefully selecting a faster convergence. The dedicated calculator programs were
developed in MATLAB for OPF solutions.

The work of this thesis has obtained extensive simulation results, which correspond to three
typical cases of IEEE 30, IEEE 57 and 118 bus systems. Various performance pointers for OPF
problems, namely fuel cost and voltage profile, are calculated and studied. Different characteristic
tables and curves are plotted to evaluate and explain the performance of the suggested techniques.
The results show that the hybrid techniques show good effectiveness. It can thus be concluded that

these approaches are promising applicants for the OPF problem.

The another suggested research study introduce effective technique, namely hybrid parallel
CSKHA and hybrid series CSKHA to solve the problems of economic dispatch and combined
economic emission dispatch. This approach has their own advantage and abilities while solving the
different problems associated with the economic dispatch and combined economic emission

dispatch.
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General conclusions and Future work

Different applications networks such as 3, 6, 10, 13 and 40 generators and case studies have
been suggested to demonstrate the applicability of these suggested optimization techniques to solve

the problem of power economic dispatch and combined economic emission dispatch.

Future work

Summarizes the results of this suggested study and outlines appropriate recommendations

for future research work in the context of the topic purview.

- Different settings of optimization techniques used in this thesis are chosen by trial and error to
improve convergence characteristics. In the future, these settings can too be optimized for improved
effectiveness.

-In the future, different FACTS devices can be incorporated into the power system networks and the

effectiveness of different FACTS devices aiming to minimize production cost can be studied.

- Various types of sources energy, like solar cells, wind turbines, micro-turbines and fuel cells, can

be involved in solving OPF problems.
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