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ABSTRACT

The combination of heat and power constitutes a system that provides electricity and thermal energy
concurrently. Its high efficiency and significant emission reduction makes it an outstanding prospect
in the future of energy production and transmission. The broad application of combined heat and
power units requires the joint dispatch of power and heating systems, in which the modelling of
combined heat and power units plays a vital role. This research paper employed genetic algorithm,
artificial bee colony, differential evolution, particle swarm optimization and direct solution algorithms
to evaluate the cost function as well as output decision variables of heat and power in a system that
has simple cycle cogeneration unit with quadratic cost function. The system was first modeled to
determine the various parameters of combined heat and power units in order to solve the economic
dispatch problem with direct solution algorithm. In order for modelling to be done, a general structure
of combined heat and power must be defined. The system considered in this research consists of four
test units, i.e. two conventional power units, one combined heat and power unit and one heat-only
unit. These algorithms were applied to on the research data set to determine the required decision
variables while taking into account the power and heat units, operation bound of power and heat-only
units as well as feasible operation region of the cogeneration unit. Power and heat output decision
variables plus cost functions from Genetic Algorithm, differential evolution, Particle Swarm
Optimization and artificial bee colony were determined using codes. Also, the decision variables and
cost function value were obtained by calculations using direct solution algorithm. The findings of the
research paper show that there are different ways in which combined heat and power economic
dispatch variables can be determined, which include genetic algorithm, differential evolution,
artificial bee colony, particle swarm optimization and direct solution algorithms. However, each
solution method allows for different combined heat and power output decision variables to be found,
with some of the methods (particle swarm optimization and artificial bee colony) having setbacks
such as: large objective function values, slower convergence and large number solution. The analysis
revealed that the differential evolution algorithm is a viable alternative to solving combined heat and
power problems. This is due in most part to its faster convergence, minimum cost function value, and
high quality solution which are diverse and widespread, more as a result of its effective search
capability than genetic algorithm, particle swarm optimization, direct solution and artificial bee
colony algorithms. The methods investigated in this research paper can be used and expanded on to
create useful and accurate technique of solving combined heat and power problems.

Vi
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CHAPTER 1-INTRODUCTION

As an autonomous technology, combined heat and power production are both full-grown and
orthodox. The efficiency of thermal power stations can be vastly improved by integrating
cogeneration or combined heat and power plants to the existing power system. This can be useful in
saving the substantial energy being wasted in the form of heat when fossil fuel is burnt to produce
electricity in thermal power stations. Alternatively, combined heat and power will not only produce
power using a variety of fuels, it has the potential to also recover and reuse the heat, which ordinarily
would have been wasted during conventional power generation. Combined heat and power are
associated with high energy efficiency with less greenhouse gas emission compared with other forms
of energy supply. The fundamental difference between combined heat and power system, and
conventional condensing plant is in the type of power obtained and the net efficiency of each system.
In conventional condensing plant for instance, fuel energy is employed to generate only electrical
power, while in combined heat and power system, fuel energy is employed to generate both thermal

and electrical power hence increasing the system’s efficiency.

The efficiency of a conventional condensing plant is in the range of 33-55 per cent. By applying
efficient fuel condensation, the net efficiency of a combined heat and power unit is in the region of
80-90 per cent. In a combined heat and power plant, power generation depends on heat production
and vice versa. This mechanism introduces complexity due to the non-separable heat associated with
the combined heat and power unit as well as the nature of electrical power. The economic dispatch of
combined heat and power plants is a more complicated problem in comparison with power unit

dispatch due to the two-dimensional nature of the problem [1].

This research is therefore aimed at determining the combined heat and power economic dispatch
decision variables, using proposed algorithm and (differential evolution algorithm, particle swarm
optimization, direct solution algorithm, artificial bee colony algorithm). It thereafter investigates the
optimization technique with minimum objective function value. Specifically, this chapter discusses
the background and motivation behind the research topic, the aims and objective of the research topic,
the significance and scope of the research study, statement of problem and the key questions to be

addressed in the study and method of research.

1.1 Background of Study

Economic dispatch is basically concerned with the problem of determining the output of the
generating units in service. Its objective is to meet up with total load demand, while keeping the fuel
cost at its barest minimum. Economic dispatch problem is basically preoccupied with the computation

of the optimal schedule of online generating units. The aim is to satisfy power demands at a minimal



operating cost under the system’s operating constraints like ramp rate limits [2] and forbidden
operating zones. Prohibited operating zones represent nonlinear characteristics of a machine due to
distortion of magnetic fields controlled by the power angle, the armature and excited currents
respectively [3].In this research, each generating unit’s cost function for the fuel is represented by a
quadratic function. Economic dispatch problems represent an important industrial class of
optimization problems, which are considered particularly difficult for conventional optimization
method.

The main problem in economic dispatch is how to distribute generator load to produce required
electricity. Examples of economic dispatch problems include economic load dispatch in the operation
of power system, dynamic or static dispatch, hydrothermal scheduling problem and others [4]. An
economic load dispatch problem is usually characterized by a significant number of variables and
non-linearity, including non-linear constraints due to the characteristics of modern units.
Improvements in solving this class of optimization problems may lead to significant cost savings.
Positive results have come from the development of modern computational intelligence algorithms,
including genetic algorithms. They have allowed complex optimization problems to be solved based
on principles of genetics and natural selection, while not considering any additional knowledge about
the problems at hand. An evolutionary algorithm is a subset of evolutionary computation, a generic
population-based, meta-heuristic optimization algorithm and they include: genetic algorithms,

evolutionary programming and differential evolution [5] etc.

Another popular class of algorithms is swarm intelligence algorithms which can deliver an assurance
of finding the global optimum. However, when the potency of genetic algorithm was demonstrated in
this research using genetic algorithm codes, we found out that genetic algorithm can find optimal
solutions in terms of the objective function value, convergence speed and the number of solutions
compared with other evolutionary and swarm algorithms. The above reasons have directed a
remarkable amount of attention on genetic algorithm when compared with other optimization
algorithms. Essentially, the traditional form of energy system is restricted to a single electric/thermal
energy source and the interaction and reciprocal advantages between varied energy sources cannot be
fully employed [6]. A single form of energy can no longer guarantee green and systematic energy
demand. Hence, it is important to map out a secure and inexpensive integration of heat and power
system. The combined heat and power system and electricity gained from a single energy source have
a high-level efficiency, compared with a single power generation system since heat from power
generation can be reused. In today’s energy system, with the concerns of carbon emissions believed to
contribute significantly to global climate change, combined heat and power systems are preferable.

Combined heat and power systems can also provide an economic advantage: it will reduce fuel use



and greenhouse gas emissions; ultimately lead to certain tax exemptions and in many places, receive

incentives from governments etc [7].

Several research articles have appeared in literatures in recent times to not only prove the benefits of
the system, but have equally helped in gaining a robust understanding of the optimization of the
system’s operations. In Comparison to the laboratory scale research, case studies of real life combined
heat and power systems provide more accurate results and in-sight into the system’s characteristics
and their optimization options. Case studies from past research at different locations of the worldDos
[71, [8], [9], [10] suggest that, it is important to run the prime mover, usually an engine at its
maximum efficiency in order to obtain the benefits of cogeneration. It is also suggested that sizing the
engine correctly according to the demand is very important. A properly constructed combined heat
and power system can certainly help in minimizing cost, thereby guarantying a return on investment.
Emissions from combined heat and power systems have also been investigated in comparison with
other systems such as coal-fired power station or natural gas powered boilers. The results suggested a
considerable reduction of all the emissions, regardless of the original system.

A key objective of this research therefore, is to compute the combined heat and power economic
dispatch decision/control variables using different optimization techniques. Doing this will entail
comparing result from proposed algorithm (genetic algorithm) with differential evolution, particle
swarm optimization, artificial bee colony and direct solution algorithm. Finally, the research will
determine the technique with minimum objective function. Although this method has been briefly
researched in other related literatures, a comprehensive research and analysis is yet to be presented.
First, a comprehensive modelling of combined heat and power economic dispatch problem was
formulated in chapter 3 to help solve optimization problems using direct solution algorithm. As a
result, this research aims to comprehensively scrutinize and evaluate combined heat and power
economic dispatch variables, using genetic algorithm in comparison with differential evolution
algorithm, particle swarm optimization, artificial bee colony algorithm and direct solution algorithm.

It seeks to determine which of the five optimization algorithms has the least objective function.

1.2 Statement of the problem.

Combined heat and power economic dispatch problem has the foremost objective of obtaining the
optimal heat generation and power generation schedules from a list of available power generating
units, combined heat and power unit, and heat only unit. It premises a situation where the optimal
schedule obtained reduces the total prodiiction cost while also satisfying the heat and power demands
of the system, and several operational and physical constraints. Thus, the goal of this research is to
determine the combined heat and power economic dispatch decision variables (heat and power

optimal values) plus the cost function value using various optimization techniques (direct solution



algorithm, Genetic algorithm, Particle swarm optimization algorithm, differential evolution algorithm

and artificial bee colony algorithm).The combined heat and power economic dispatch decision

variables ( Pl, Pz, Pg,, Q3 and Q4) including the cost function values of different optimization algorithms

employed in the research were ultimately compared to determine the optimization technique with least
objective function value. The research engaged the given data to compute the dispatch parameters
using:

a) Direct Algorithm;

b) Genetic Algorithm;

c) Particle Swarm Optimization, artificial bee colony and differential evolution algorithms to
compare the output decision variable results obtained from the five algorithms. Using the data
in tables 3.1, 3.2, 3.3 and 3.4, we compute the individual decision variables below:

i. Power outputs of units 1, 2 and 3,
il. Heat output of units 3 and 4,
iii.  The system Lambdas,

iv.  The cumulative cost of generation in the plant.

1.3Aim and Objectives of the research:

The aim of this research is to compute combined heat and power economic dispatch decision/control
variables encountered in the system with simple cycle cogeneration unit. This is to be carried out
using five powerful optimization algorithms (genetic algorithm, differential evolution algorithm,
artificial bee colony, direct solution algorithm and particle swarm optimization algorithm). It will then
compare the output decision variables from the five algorithms and finally determine the optimization
technique that has minimum objective function. Genetic algorithm, differential evolution, artificial
bee colony and particle swarm optimization techniques are search optimization techniques used to

find optimum solution of combined heat and power problems.

The goal of combined heat and power is to minimize cost subject to inequality, equality and other
physical constraints. An equality constraint consists of power and heat balances. Conversely, an
inequality constraint consists of heat and power limits as well as feasible operation region between

heat and power.

1.3 Motivation

Heat is generally known to be a byproduct of power generation in conventional power generation and
boiler systems. When it is not fully utilized, it yields lower efficiency. Co-generation systems or

combined heat and power generation systems, convert the heat from a power plant into a reusable



byproduct for distribution to requested consumers. Thus, co-generation plants can produce both heat
and electricity with better energy efficiency and low fuel consumption. Some other research works
have adopted other optimization algorithms such as quadratic programming, partial separable
programming, two layer Lagrangian relaxation, biography-based optimization algorithm, Newton’s
method, Tabu-search etc., in solving the combined heat and power economic dispatch problems. In
this research nonetheless, the motivation is to adopt genetic, direct solution, differential evolution,
artificial bee colony and particle swarm optimization algorithms in determining the possibility of
achieving optimal solution of heat and power for this problem. In addition, to know if the
computational (optimization) work process is less using the five optimization algorithms.

1.4 Significance of Study

Genetic, differential evolution, artificial bee colony, direct solution and particle swarm optimization
algorithms would be essentially needed in research areas such as bioinformatics, computational
sciences, electrical engineering, manufacturing, dynamic tracking and Maximum/Minimum problems.
Those involved in real life application of linear and non-linear optimization problems would find it
useful. Our emphasis on genetic, differential evolution, artificial bee colony, and particle swarm

optimization and direct solution algorithms are invaluable tools for meaningful research work.

1.5 Scope of Study

We have used genetic, artificial bee colony, particle swarm optimization, differential evolution and
direct solution algorithms to evaluate combined heat and power economic dispatch problem
encountered in system with simple cycle cogeneration unit. We have also calculated the combined
heat and power decision variables (power and heat, dispatch values) plus the cost function using the
five optimization algorithms. We found that initial and final values of lambda were very close when
the optimization problem was solved using direct solution algorithm. The individual output decision
variables (power and heat values) of different units are within the confined limits of generator

operation and the results of cost function values from five optimization algorithms are different.

1.6 Research method
a) Literature review

Additional published literatures have been reviewed. The theory with respect to combined heat
and power (cogeneration), economic dispatch and genetic algorithm, its advantages, limitations

and applications were re-examined.



b) Data

Data, such as power and heat units cost coefficients, coordinate of the corners of the feasible

regions of the co-generation units have been sourced from industry for the research.

c) Data measurement

Data, for instance, the ones sourced in (b) have been strengthened through further measurements
and calculations. These measurements included determining combined heat and power economic
dispatch variables directly. The model of evaluating combined heat and power economic dispatch
variables using(genetic algorithm, differential evolution algorithm, particle swarm optimization

and artificial bee colony algorithm)have been generated using software such as MATLAB.

d) Testing of models

The output decision variables of various models (genetic, particle swarm optimization, direct
solution, differential evolution and artificial bee colony algorithms) were tested against each other

to determine the algorithm with minimum objective function value.

e) Analysis of results

f) Compilation of report

1.8 Research question/ hypothesis

To ensure that a comprehensive research on this topic is achieved, key questions to be addressed are

as follows:

a) To what extent do different methods of determining the combined heat and power economic
dispatch variables differ?

b) To what extent do cost function values of the five optimization algorithms used in this
research have to differ?

c) To what extent do system initial and final lambda values differ when the optimization

problem was solved directly?

1.9. Dissertation Layout



The dissertation is presented in different chapters. Each chapter focuses on a certain research aspect.

The layout of the dissertation is as follows:

Chapter 2 reviews literatures of existing studies similar to this one. In this section, research results
obtained in the cause of this study are compared with various literatures for confirmation of findings
validity. Furthermore, unacknowledged contributions from existing studies that brought about this

research are highlighted in the chapter.

Chapter 3 details the methodology applied in the entire research work. The chapter further discusses
three methods of implementation of combined heat and power economic dispatch problem using
direct solution algorithm, genetic algorithm and particle swarm optimization. Modelling of combined
heat and power economic dispatch problem and discussion of results obtained from three optimization

algorithms were carried out in this chapter.

Chapter 4 discusses the procedures, analysis and implementation outcomes of combined heat and
power economic dispatch problem using artificial bee colony algorithm.

Chapter 5 focuses on the procedures, analysis and result of implementation of combined heat and
power economic dispatch problem using differential evolution algorithm. Also, comparisons of the
obtained results by Differential Evolution with other algorithms i.e. artificial bee colony, particle

swarm optimization, direct solution and Genetic Algorithms were done in this chapter.

Chapter 6 highlights the conclusion of the research and associated findings. The shortfalls of the
research work are discussed along with the findings presented, with recommendations for future work

suggested in the end.



CHAPTER 2- LITERATURE REVIEW
2.0 Introduction

This chapter reviews literature of existing studies conducted which are similar to this dissertation. A
variety of researches on combined heat and power economic dispatch exists. Nonetheless, this review
focuses on studies on combined heat and power economic dispatch using genetic algorithm and;
combined heat and power economic dispatch problem applying different forms of optimization
algorithms such as particle swarm optimization, evolutionary programming, differential evolution etc.
This study reviewed evaluations of combined heat and power economic dispatch from available

literature and the conclusions made were based on authors’ ideas.

Using genetic algorithm to determine combined heat and power economic dispatch decision variables
helps to minimize cost of power generation. It also allows for proper power system load distribution
planning among units in a plant. Furthermore, this chapter reviews and discusses the determination of
combined heat and power problem using different optimization algorithms by different authors. Direct
solution, genetic, artificial bee colony, differential evolution, and particle swarm optimization
algorithms were used in this research to solve combined heat and power economic dispatch problems
encountered in systems with simple cycle cogeneration unit. Results from each solution algorithm
were compared to find out the algorithm with least objective function, optimal solution and best
convergence speed. Finally, methods of focus in the conducted literature review are economic

dispatch, combined heat and power (cogeneration) and genetic algorithm.

2.1 Economic Dispatch

Economic Dispatch is a constraint optimization problem whose objective is to find the economic
schedule of a generating unit while maintaining operational and other physical constraints and load
demand. Economic dispatch problem aims at finding the optimal schedule of generators in a bid to
minimize fuel cost of power generation, subject to power balance and other operational constraints.
The formulation of economic dispatch problem to economically operate the power system is vital to
optimize cost of power generation. To minimize fuel cost in power plants, an objective combined heat
and power problem is formulated. This mechanism provides considerable economic benefits while
operating optimally. It is well known that at the optimum point, all the units (excluding those at their
limit) would be operating at equal incremental costs. To achieve economic operation of generating
units in a plant, economic dispatch is carried out. Economic dispatch problem is one of the vital issues
in power system operation. It is commonly formulated as an optimization problem [11]. It involves
active power allocation between the generators to minimize the overall operating cost and also

maintain total power and heat demand constraints as well as generator capacity constraints [12].



A number of conventional methods have been established to solve the economic dispatch problem.
Instances are iteration method [21], Lagrangian relaxation method [22], proposed improved particle
swarm optimization [35], etc. The authors gave a concise explanation of economic dispatch,
formulation of economic dispatch problems and how to solve associated problems by implementation
of optimization techniques to determine optimal decision variables of heat and power.

However, these literatures fall short of discussing forecasting cogeneration amongst units in power
system. They also do not offer explicit explanation of the constraint accrued  from handling
mechanism of cogeneration unit. These optimization algorithms are nevertheless, implemented in a
centralized form, which requires a central node to collect global information of all the generators,
conduct the optimization [22] and transmit command globally. Practically, collecting detailed
information is usually cost effective in both communication and computation, when the power system
becomes more complex as pointed in [14].Besides; such centralized algorithms are unable to meet the
plug and play requirement in the new smart grid system. The authors gave benefit of data collection
and communication which helps to determine how load could be distributed between units in a plant.

2.2 Combined heat and Power (cogeneration)

This work gives a general overview of combined heat and power system, and how heat is being
reprocessed from the prime mover of a plant. Cogeneration is a system that provides electricity and
thermal energy concurrently. The system consists of a generator, a heat recovery system and electrical
interconnections. The thermal power is constructively reprocessed from the heat secured from
combustion in the prime mover of the system. The application of cogeneration systems expands the
effectiveness of energy production from 35% to 85%. Economic viability has propelled people to
install these systems, knowing that the production of electricity and heat is on site. Recent researches
on cogeneration have concerted on novel configurations of cogeneration plants using fuel as energy
sources [15],[16].Interestingly, authors of these literatures have explained high energy efficiency as
well as cost savings accruing from cogeneration systems. They have however, failed to discuss the
environmental impacts of cogeneration system compared with traditional fossil fuel power plant.
Thus, ultimately, there is a gap in literature on how the higher efficiency of cogeneration in reducing
fossil fuel consumption and how it amounts to reduction in the overall emission to the atmosphere.

The increasingly severe requirements for carbon dioxide reduction led to a more universal promotion
of distributed energy systems. One of the most effective methods of combating the energy saving
challenges is the use of cogeneration systems. Generally, combined heat and power production or
cogeneration is significantly more methodical than the distinct production of heat and power because
of its reduction of overall fuel utilization, leading to lower emission [17]. The author of this literature
explained the benefits of using cogeneration over centralized systems such as energy savings,

elimination of transmission loss etc. He however fails to discuss the challenges firms and individuals



implementing cogeneration systems such as electricity market restructuring encounter in most
countries (Denmark, Finland and Netherlands) that predominantly make use of cogeneration system
vulnerable of grid systems and volatility of natural gas. To obtain optimal utilization of combined heat
and power units, the combined heat and power is added to economic dispatch problem to form a
combined heat and power economic dispatch as an optimization problem. Cogeneration units have
power and heat output which shows that the operating orbit of cogeneration plants is more convoluted
than a heat only or power only unit. Recent shift shows that combined heat and power is one of the
methods to decentralized energy which results to minimal loss on transmission systems. It also boosts
the system’s competence while providing energy directly or near to end users. For effective
application of cogeneration systems, the economic dispatch of combined heat and power was
established. That said, the fundamental objective of combined heat and power economic dispatch is to
evaluate the most economic loading point of the combined heat and power generation units. This is to
be done in a way that both heat and power demands are utilized within the bounded region in the heat
versus power dimensional surface. Thus, it forms a complex inequality constraint condition to be
handled for satisfactory operation of combined heat and power units within their capacity limits. The
absolute thermodynamic dispatch put forward by cogeneration plants indicates that cogeneration is
the approved means of gratifying the energy demands of industries; and that it can remarkably supply
to the systematized use of energy. In growing nations, principally those with inadequate energy
resources and also restricted financial resources for supplying the much needed energy for social and
economic development, industrial cogeneration produces the chance of amplifying national energy
sources, thus serving to continue expansion programs positioned at growing the quality and living

standard of the population.

In spite of the significant research conducted in the area of combined heat and power economic
dispatch in the past decades, much of recent research efforts have evolved in order to obtain optimum
dispatch at most favorable cost [18], [24],[20]. An algorithm proposed by [21] employed two level
approaches in which the lower level was presented to solve the given heat and power lambdas, and the
upper level upgrades of the lambda’s reactivity coefficients. This framework is undiversified until the
power and heat stipulation are encountered. The authors used particle swarm optimization algorithm
to solve constrained optimization problem and the obtained objective function value was low.
However, it was discovered that iteration process was long leading to decrease in cost function value.
But this solution got trapped at local optimum due to unsatisfactory system constraints. Again, authors
in [22] researched on algorithm for combined heat and power economic dispatch problem in which
the problem was fragmented into two sub-problems: power dispatch and the heat dispatch. When this
literature was compared with existing methods of solving combined heat and power problem, the
technique converged to optimal point and also produced diverse, widespread solutions along with

better extreme solutions due to its effective search capability. Hence the overall cost function is lower.
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In the present research, genetic, particle swarm optimization, differential evolution, artificial bee
colony and direct solution algorithms were employed to solve combined heat and power problem
encountered in a system with simple cycle cogeneration units. The solution from proposed (genetic
algorithm) where compared with ones existing in literature. Also, authors in [23] elaborated a direct
solution algorithm for the combined heat and power economic dispatch problem in which he produced
a formula for the system lambdas analogous to heat and power demands in terms of the coefficients of
the generator cost function. He further recalculated the system lambdas in order to remove the
mismatch associated with heat and power. The author solved combined heat and power economic
dispatch problem directly by substituting the data inside the formulated equations to obtain the
dispatch value of heat and power. But he failed to explain how to handle violations efficiently in a
cogeneration unit. He used few units in this literature and therefore did not give a comprehensive
description on how to solve this problem when the units are well expanded. Again, authors in [24]
propounded an algorithm to solve the economic dispatch problem for combined heat and power
systems. In the literature, the developed algorithm takes the method of sequential quadratic
programming algorithm employed to solve non-linear optimization problems and the logic of the
Lagrangian relaxation method. Thus, rather than considering linear inequality constraints, it briefly
eliminates them from the problem, making the problem less difficult. The authors of this literature
obtained a minimum objective function in their result but failed to handle the constraint problem on
the cogeneration units where output decision variables are out of feasible operation region. Therefore,
the proposed (genetic) algorithm can handle this constraint problem efficiently because of its ability to
handle associated constraint problems. Furthermore, authors in [13] established a much popularized,
adaptable and systematic Lagrangian relaxation method for combined heat and power economic
dispatch. This technique is split into two optimization levels known as upper and lower levels. The
lower level takes care of optimization of independent units while the upper levels unravel the global
constraints. This procedure dispenses adaptability for separable problem in which different, effective
and simple methods could be applied to decipher the lower level sub-problem for most favorable
solution. In this literature the author used the Lagrangian relaxation technigue to solve combined heat
and power problem but the result obtained did not satisfy the system constraints and different
characteristics of the system. Hence, application of the proposed method is recommended to handle
constraint problem effectively in order to obtain global optimal solution with minimum cost function.
Authors in [25] established an evolutionary programming algorithm for the combined heat and power

economic dispatch problem for cogeneration systems.

Also established are the unsystematic initialization and constraint modification for the feasible
operation region of the cogeneration unit. In this procedure, the expressions for the standard deviation
applied in the mutation operation have been planned such that the size of the mutation search range

can be regulated. Thus, the neighborhood of the best individual in a population is searched. In this
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literature, it is vital to note that solutions obtained by this method is not efficient since various
parameters such as mutation rate, crossover rate and population size cannot be handled using this
technique. Optimal solution of this class of combined heat and power problem can be obtained with
proposed algorithm because of its convergence speed and diverse population in the search space
which enables global and feasible solution to be obtained. Furthermore, authors in [26] established
combined heat and power economic dispatch problem of a system by using particle swarm
optimization to ascertain the unit power and heat creation so that manufacturing cost could be pruned.
From the considered literature, the expected objective function value was large and supposed solution
point did not satisfy the load constraints.

Authors in [27] established a harmony search algorithm for solving the combined heat and power
economic dispatch problem. The output decision variables of the proposed method showed that the
proposed algorithm can find better solutions when compared with traditional techniques. Asides that,
it is a well-organized search algorithm for combined heat and power economic problem. The author of
this literature applied harmony search to solve combined heat and power. The objective function value
obtained is high because of premature convergence. When compared with the proposed method, it
was discovered that genetic algorithm had a good objective function value and a well convergence
speed because of its diverse population in the search space. Authors in [28] proposed a new
optimization algorithm for the combined heat and power economic dispatch problem by applying
artificial Bee Colony optimization algorithm. It is as warm-based algorithm inspired by the food
foraging behavior of honey bees. The work has a similar concept with genetic algorithm but had a
slow convergence speed, large objective function value when compared with genetic algorithm result
using the same data. Furthermore, authors in [29] introduced artificial immune system algorithm for
solving the combined heat and power economic dispatch problem. Artificial immune system is rooted
on the clonal selection assumptions which accomplish adaptive Cloning, hyper-mutation, aging
operator and tournament selection. This same literature also considered the valve point effect which
makes the search difficult and ineffective to obtain an optimal solution. To achieve an optimal
solution that satisfies all the system constraints and obtains minimum objective function, optimization
problem of this class could be sorted by incorporating integrated simulation-based algorithm in the
frame of the proposed algorithm. Author [30] scrutinized the implementation of differential evolution

for solving combined heat and power economic dispatch problems in power systems.

In his research, a differential evolution established algorithm was expanded for solving the combined
heat and power economic dispatch problem. This was done by taking into account quadratic cost
function together with valve point loading for the electrical power generating units. The author used
differential evolution with penalty factor to solve combined heat and power problem. However, the

result obtained was found to be satisfactory for the conventional power and heat unit; but heat and
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power output of congregation units were infeasible. Hence it is recommended to employ proposed
algorithm to obtain optimal result because of its characteristic of handling non-linear constraint
problems effectively. Authors in [31] upgraded search methodology based on administered
autocatalytic process, known as the ant colony search algorithm, to solve combined heat and power
economic dispatch problem. Chief attributes of the ant colony search algorithm include: positive
feedbacks, distributed computation and the implementation of a constructive greedy heuristic. Su and
Authors in [35] propounded an improved genetic algorithm with multiplier updating which integrates
the improved genetic algorithm and the multiplier updating such that it is systematic for large-scale
combined heat and power economic dispatch problem.

In this literature, the improved genetic algorithm systematically searches the most favorable solutions
in the economic dispatch process, whereas the multiplier updating practically manages the power-heat
feasible region constraints. The recommended algorithm integrates the improved genetic algorithm
and the multiplier updating such that it has the advantage of spontaneously modifying the randomly
given penalty to acceptable value and needing only a small-size population. This method has failed to
produce a better result when compared with genetic algorithm because of the premature convergence
and ineffective handling of constraint related to the cogeneration unit. However, this problem can be
resolved by application of proposed algorithm because of its constraint problems-handling ability
targeted at generating globally optimal solution.

Authors in [26] propounded the time-varying acceleration coefficients particle swarm optimization
algorithm for solving combined heat and power economic dispatch problem. The idea behind this
method is to ameliorate the seeking ability of the classical particle swarm optimization and to apply a
parameter automation scheme for suitable balancing between the global and local search. This
algorithm has a characteristic of being consistent and sensible. The authors of this literature analyzed
combined heat and power problem using time varying acceleration coefficients particle swarm
optimization algorithm. The literature however failed to account for the feasible operating region of
the cogeneration unit, while the proposed method considered it to obtain the desired result with
minimum objective function and stable convergence speed. Again, authors in [32] propounded a new
algorithm rooted on the direct search technique for the solution of the combined heat and power
economic dispatch problem. The technique proposes a potent tactic rooted on a successive refinement
search technique that also guarantees a possibly absolute examination of the solution space, to
increase the possibility of exploring the search space where the global optimal solutions subsist. The
author of this literature analyzed combined heat and power problem using two search methods: the
result obtained fell out of the constraints due its inability to achieve solution with high accuracy,
thereby generating high cost function. Optimization problem of this class can be resolved with the
application of proposed algorithm which produces diverse and feasible solution with least objective

function.
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Authors in [33], initially developed the stochastic model for combined heat and power dispatch, and
then an improved particle swarm optimization technique was devised to deal with the economic
combined heat and power dispatch by concurrently taking into account multiple conflicting
objectives. The authors highlighted the solution of combined heat and power economic dispatch using
improved particle swarm optimization. The result has a large objective function value due to slow
convergence speed and previous work done on this. The proposed algorithm yielded optimal solution
with high quality convergence speed and low objective function value. Also, authors in [33]
propounded optimization algorithm based on improved differential evolution to solve the combined
heat and power economic dispatch problem. According to this literature, the evolutionary mechanism
of the improved differential evolution is more efficient than the genuine differential evolution. Plus, it
has the merit of being easy to comprehend, along with an easy implementation process ready for
exploitation for a broad optimization problem. The author used improved differential evolution to
solve combined heat and power problem and the result was compared with other well-known
algorithm (genetic algorithm). The result showed that proposed algorithm has global optimal solution
with low total fuel cost value than both improved differential evolution and artificial Bee colony.
Therefore, proposed algorithm has superiority both in computation efficiency and solution quality.
Again, authors in [31] used an improved penalty function formulation with Genetic algorithm to solve
the combined heat and power economic dispatch problem. The propounded method employed an
improved penalty function formulation with genetic algorithm with a penalty factor that can be
adaptively modified during the evolution operation, to constructively solve constrained optimization
problem. The authors of this literature applied adaptive penalty to solve combined heat and power
economic dispatch. The result showed that all the best individuals in the last K (severity parameter)
generation were not feasible. Asides that, there was a problem in choosing the near feasibility
threshold, hence this method failed to produce diversity in the population, and the solution is
infeasible.

It is recommended to deploy proposed algorithm to solve this class of optimization problem towards
producing a diverse population capable of attaining global optimum with better convergence speed
during iteration. Authors in [34] used a hybrid of genetic algorithm with Tabu-search in a system that
has four units. The propounded technique is developed in such a way that a simple genetic algorithm
is improvised as a base level search directed towards the optimal region. In a similar vein, local
searches synergistically combined with Tabu-search were used to fine-tune the search to reach the
optimal solution. The authors used hybridized genetic algorithm and Tabu-search to solve combined
heat and power problem. The main idea was to obtain a low fuel cost value and as a well as a solution
with fast and feasible convergence speed. But it was discovered that these algorithms have long
computation time, slow convergence speed and output decision variable are infeasible. The problem
of this literature could be resolved by using proposed algorithm because of its ability to converge

effectively and generate diverse and globally optimal solution with minimum cost function.
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Again, authors in [34] employed a multi-objective technique by applying a fuzzy decision index and
genetic algorithm to a seven-unit system. Three targets were set in this literature: the total generation
cost, the expected power generation deviation and the expected heat generation deviation of the
system were pruned in their work. The application of fuzzy decision index and genetic algorithm in
this literature shows that convergence speed was slower; had a relatively minimal objective function,
but failed to present best feasible decision variable output. Optimal result can be obtained by
combining genetic algorithm with gradient method; this will lead to a high performance in minimizing
the cost function, as well as produce solution that converges to a global optimum. Furthermore,
authors in [35] proposed an optimization algorithm known as mesh adaptive direct search to solve the
combined heat and power economic dispatch problem with bounded feasible operation region.

In this work, the Latin hypercube sampling, particle swarm optimization, design and analysis of
computer experiments surrogate algorithms, were employed as search schemes to solve each of the
combined heat and power economic dispatch problems. This literature employed mesh adaptive
search to solve combined heat and power problem. The result showed that defining of constraints was
expensive and inconvenient to test. The search steps failed to generate improved mesh point which led
to application of Poll which consequently resulted in a premature convergence and high objective
function value. However, with the application of proposed algorithm, premature convergence is
eliminated in this class of optimization problem whereas solution obtained with proposed algorithm
converges to global optimal with minimum objective function. Authors in [48] propounded
differential Evolution for reducing possibly non-linear and non-differential continuous space function.
The authors demonstrated that this algorithm converges quicker and with more reliability. However,
the authors’ literature can be improved by applying annealed version of proposed algorithm to solve
this class of optimization problem. This produces feasible result that is potent, converges globally

optimal and is capable of interchanging information inside the model.

Also, authors in [30] proposed a differential evolution based algorithm for solving combined heat and
power economic dispatch problem, while accounting for quadratic function with valve point loading
effect for the electrical power generating units. One of the problems of this literature is insufficient
population diversity which failed to improve mutation and search abilities. When this result was
compared with genetic algorithm, being a different evolutionary algorithm, it was found that genetic
algorithms results provided optimal solution due to its enhanced search capability and minimum
objective function value. Again, authors in [38] proposed a differential evolution-based algorithm to
solve constrained optimization problems. In his method, each solution is permitted to churn out more
than one offspring. This is moreover accomplished by applying a different mutation operator which
amalgamates details of the best solution in the population and also facts about the current parent to

find new search directions. The author’s findings contradict the results obtained from genetic
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algorithm with Tabu-search, when solved with this hybrid algorithm. Therefore, for optimal result,
genetic algorithm is recommended for this class of combined heat and power problem, for its efficient
constraint handling mechanism, optimal solution with high quality convergence speed and least
objective function value. Authors in [39] propounded the idea of existing strategy in evolutionary
computation model for generation alternation in differential evolution. This model finds the global
minimum at a higher convergence velocity. In this literature, by selecting parents for breeding and
offspring for survival, differential evolutions search capability gets further accelerated, which will be
particularly useful for expensive function optimization. This literature failed to find the global minima
owing to problems associated with initial parameter value which converges prematurely with
infeasible solution. This work can be improved by applying the proposed algorithm which generates
potent initial population that converges optimally with feasible solution and low objective function

value.

Again, authors in [36] proposed differential evolution as a population-based stochastic function
optimizer by applying vector differences for perturbing the population. Both researchers perceived
that constraint handling technique of differential evolution minimizes the real numeric value of
required objective and constraint functions evaluation. Hence, more generations or solution
candidates’ evaluation could be executed. In this dissertation, the author failed to obtain satisfactory
objective function because cogeneration units’ constraint-handling mechanism was not performed
accurately. This failure led to the premature convergence of candidate solutions and the infeasibility
of output decision variables. The integration of differential evolution with other intelligent meta-
heuristic (genetic algorithm) will improve the quality of solution in a few iteration lines. This will

further produce optimally global results as well as feasible solution.

Authors in [40] proposed a differential evolution algorithm to solve emission constrained economic
dispatch problem. The developed algorithm strives to minimize the production of atmospheric
emissions like nitrogen oxides and Sulphur IV oxide etc. Such minimization is achieved by including
emissions as a constraint in the objective of the overall dispatch problem. The algorithm in this
literature was designed to optimize fuel cost alongside emission reduction. However, results obtained
yielded a compromise solution and had to be run multiple times. One of the ways to overcome this
setback is to use meta-heuristic algorithm (genetic algorithm) to produce trade-off solutions in a few
iteration runs which converge to a global optimum and yield minimum objective function value.
Authors in [41] propounded a technique based on differential evolution algorithm, competent for
optimizing all integers’ i.e. discrete, continuous variables proficient for handling non-linear objective
functions with multiple non-trivial constraints. The author of this literature adopted penalty method to
handle the constraints equations with differential evolution. The application of penalty method has

entirely eliminated high quality initial solution and this result to infeasible solution. To achieve global
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optima in this class of optimization problem, meta-heuristics such as genetic algorithm is required to
ensure high quality initial candidate solutions are generated to enable the output decision variables

converge to global optimum and feasible with minimum objective function value.

Authors in [66] propounded a differential evolution algorithm for a constrained optimization problem
based on multi-objective constraint-handling. The propounded algorithm can attain global search and
local search successfully by employing differential evolution algorithm whose characteristic is
changing constraints into a target and transforming the problem into two-objective optimization
problems. In this literature, the author’s objective aimed at solving constrained optimization problem
with multi-objective constraint-handling mechanism. However, the optimization problem has
diversity in population of genes during search which led to early or premature convergence of the
population with infeasible solution and high objective function value. With proposed algorithm, the
problem of premature convergence will be eliminated by generating strong initial candidate solutions

that yield optimal solutions which converge globally with minimum objective function value.

Again authors in [39] propounded a differential evolution algorithm for solving combined heat and
power economic dispatch problem. This literature presented a suitable application for gratifying the
power balance constraint. It included other boundary constraints acceptable for applying a reflection
mechanism frequently employed in constrained optimization with differential evolution. Also in this
literature, load-constraint problem was solved using differential evolution. Nonetheless, the proposed
technique used by these authors failed in the area of explaining the constraint-handling mechanism.
Hence, extraction of information and obtaining feasible solution becomes difficult with this strategy.
To solve this problem, proposed algorithm was used for its efficient mechanism of constraint
handling. Finally, genetic algorithm produced globally feasible solutions which satisfy all problem

constraints and generate minimum objective function.

Also, authors in [42] developed differential evolution algorithm employed for solving two problems
simultaneously:
a) A multi-optimization problem (with two objective functions to be maximized) using penalty
function technique and weighing factor technique; and
b) Classical Himmelblau’s function. This literature adopted differential evolution to
accommodate multi-objective optimization problem.
It also removed the dominant solution in last generation during iteration to lower the function
evaluation thereby improving them while also increasing the number of non-dominant solutions
leading to diversity. However, the algorithm failed in the area of affording gradable spread of
diversity with good convergence. The convergence speed of proposed algorithm is better than that of

algorithm employed in this literature. The reason being its ability to produce diverse population in the
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search space during iteration. Therefore, it is suggested that genetic algorithm for this class of
optimization problem be adopted to obtain a diverse, feasibly global optimal solution with minimum

objective function value.

Again, authors in [43] propounded a differential evolutionary algorithm for scheduling of units. It was
included with some other techniques for determining the quantity of power to be manufactured by
committed units. In order to gratify power balance equality constraint, the authors propounded a
binary-real-coded differential evolution. Here, the binary part deals with the scheduling of units and
the real part determines the quantity of power manufactured by committed units. What the literature
did was to develop a way of handling unit scheduling in a plant with differential evolution algorithm.
The research result showed that differential evolution outperformed particle swarm optimization in
terms of optimal solution but required large computation to explore optimal solution with maximum

convergence speed.

Authors in [29] developed a new proposition based on differential evolution for solving the combined
heat and power economic dispatch problem. The calculation time, coherence and its proficiency in
managing a wide class of optimization problems constitute the major advantages of this procedure.
Hence, the literature attempted solving combined heat and power problem using differential
evolution, but the output decision variable of cogeneration unit fell out of the feasible operation
region. This computation can be effectively managed by incorporating differential evolution with
other random search methods such as genetic algorithm; particle swarm optimization etc., to ensure
proper handling of cogeneration unit in bid to obtain diversely optimal solutions which generate
minimal objective function value. As has been previously noted, the implemented classical and
mathematical-based optimization algorithms are not comprehensive for solving nonlinear and non-
convex optimization problems. On the other hand, meta-heuristic algorithms like proposed algorithm
can find better results in comparison with classical optimization techniques in non-convex
optimization problems. By investigating the literature in combined heat and power economic dispatch
problem solution, it can be observed that different heuristic algorithms produced different solutions. A
better solution for combined heat and power economic dispatch problem has a great economic saving
in system operation cost. Hence, it is required to improve the capabilities of heuristic algorithms, such
that more optimal solutions (i.e. solutions, with lower costs) are attained for non-convex combined
heat and power economic dispatch problems. It is worth mentioning that some exact gradient-based
mathematical programming algorithms have been not implemented for combined heat and power
economic dispatch in the literature. Therefore, it is not possible to judge their performance in

comparison with the meta-heuristic optimization algorithms, and it can be considered in future works.
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2.3 Genetic Algorithm

Along with genetic programming, differential evolution, evolution strategies, and evolutionary
programming, genetic algorithm is a member of the evolutionary algorithms family. Evolutionary
algorithms may be examined as a wider class of stochastic optimization algorithm. An evolutionary
algorithm preserves a population of candidate solutions for a given optimization problem. The
population is then progressed by the frequent implementation of a set of stochastic operators. The set
of operators usually comprises of recombination, selection mutation or something with precise
homogeneity. The author of this literature has described genetic algorithm as a branch of evolutionary
algorithm. He has however not done enough in the areas of its history. In particular, the body of work
carried out by researchers who studied computer simulations of biological evolution was not
explained in details. Here, we discuss some research works carried out in relation to genetic algorithm
and other evolutionary algorithms in the recent past. Authors in [46] contrasted the results which
come after using  different crossover and mutation operators formulated for the traveling salesman
problem. It was concluded that operators that employed heuristic information or a matrix
depiction of the graph produced the best results. Although this literature applied crossover and
mutation operators in travelling salesman problem, failed to take into consideration the probabilities
of cross-over and mutation during the computation. Genetic algorithms are evolutionary algorithms
that employ crossover and mutation operators to solve optimization problems using a survival of the
fittest technique.

Genetic algorithms have been applied successfully in diverse problems, including the traveling
salesman and optimization problems. In the traveling salesman problem for instance, the objective is
to determine a tour of all nodes in a weighted graph so that the net weight is reduced. The traveling
salesman problem is NP-hard but has many real world applications so a good solution would be
useful. Author [45] in his work, Evolutionary Algorithms, proposed that evolutionary Algorithms are
stochastic optimization techniques established on the principles of natural evolution. A survey of
these techniques is provided with the general functioning of evolutionary algorithms. It outlines the
main families into which they are separated. Beyond that, it scrutinizes the distinct constituents of
evolutionary algorithms, and provides some examples on how these can be constituted. In the end it
finished with a glance of the numerous applications of these techniques. The different families of
evolutionary algorithms are Evolutionary Programming, Evolutionary strategies, Genetic
programming and Genetic Algorithms. The fundamental differences between these algorithms lie in
the nature of the depiction schemes, the duplication operators and selection techniques. The work
however failed to indicate that evolutionary algorithm such as differential evolution algorithm

produce a single offspring by adding the weighted difference between two parents to a third parent.
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Along with propounding a coordination mechanism, author [47] proposed genetic algorithm for the
resolution of real world scheduling problems. Due to the frequency in change of environment,
providing efficient production management and timely delivery are two difficult problems to solve.
Scheduling is to assign a set of machines to execute a set of jobs within a certain timeframe and the
goal of scheduling is to determine an appropriate assigned schedule which maximizes certain
performance measure. For the implementation problems, the solutions are encoded by natural
representation and the order of crossover operator is employed. They used the inversion mechanism
as mutation operator. Finally, author [47] solved dynamic scheduling problems using a set of static
scheduling strategies through genetic algorithm to demonstrate feasibility in Job-Shop scheduling
problem. This literature did not however take the factors of priority among tasks into consideration;
instead, optimization sequencing was merely done from the perspective of the length of time. But in
reality, the priority of each task needs to be set so as to make it more targeted and practical. Again,
authors in [69] proposed the genetic algorithm used for allocating task preferences and offset to bond
that real-time timing constraint. Allocating timing constraint to task is not trivial problem in real-time
system. They showed how timing constraints could be mapped to show attributes of periodic tasks
running on standard preemptive real-time operating system. They applied genetic algorithm for its
ability to produce results that persuade a subset of the timing constraints in cases where it is

impossible to fulfill all constraints.

In genetic algorithm, the mechanism of natural selection gradually enhances individuals’ timing
constraint assignment in a population. It has been tested on so many test cases and results obtained
have been improved. This work failed to show understanding of how a result produced by genetic
algorithm on allocation tasks is only satisfactory and therefore requires other optimization tools to
obtain an optimal result. In his research on test functions for optimization needs supplies, author [48]
proposed the evaluation of literature benchmarks (test functions) commonly employed in order to
test optimization procedures devoted to multi-dimensional, continuous optimization task. Deeper
observations have been made on multiple-extreme functions, treated as the quality test for
opposing optimization methods like (genetic algorithm etc.). Quality of optimization procedure is
repeatedly investigated by using common standard literature benchmark. The test functions are of
several, continuous classes, comprising unimodal, convex, multi-dimensional classed as the first; the
second is multimodal, two-dimensional with a little number of local extremes; the third is multimodal,
two-dimensional with large number of local extremes; and the last is multimodal, multi-dimensional
with large number of local extremes. Class one contains good functions as well as malicious cases,
causing poor or slow convergence to single global extreme. Class two is intervening between first
and third; whereas the last class is used to test quality of standard optimization procedures in the
unfriendly environment, namely that having few local extremes with single global one. Classes three

and four are recommended to test quality of intelligent resistant optimization technique. This
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dissertation compares proposed method with well-known optimization techniques such as particle
swarm optimization and artificial bee colony, direct solution and differential evolution algorithms in
different scenarios. However, test functions are often listed on literature as unconstraint problem
which makes it impossible to handle constraint optimization problems.

Authors in [49], proposed a method of solving job-shop scheduling using genetic algorithm. They
produced an inceptive population randomly, including the result acquired by some well-known
priority rules such as shortest and longest processing times respectively. From there, the population
would go through the processes of duplication, crossover and mutation to create a new population for
the next generation until some stopping criteria defined were met. In the work, the number of
generations is used as stopping criterion. In crossover and mutation, the critical block neighborhood
is employed along with the distance measured to help evaluate the schedules. Result has shown that
implementation of critical block neighborhood and the distance measured can lead to the same result
acquired by other approaches. In this literature, the manner of priority calculation has a non-negligible
impact on solutions. An appropriately chosen priority calculation can improve results, while an
inappropriately chosen priority calculation can worsen them. Hence, this algorithm performance can
be further improved by proposing new techniques of priority calculation such as proposed algorithm.
Author [47] proposed in his work on genetic algorithm approach to Operating system process
scheduling problem. Scheduling in operating systems has a vital role in overall system
implementation and throughout. A methodical scheduling is vital for system execution. The
scheduling is considered as NP-hard problem. The power of genetic algorithm is employed to furnish
the systematized operation scheduling. The goal is to acquire a methodical scheduler to assigned and
schedule the operation to central processing unit. The author of this literature was unable to approach
optimal solution in solving this problem and therefore the performance of his work can be improved
by using dominance and diploidic operators. Again, author in [61] proposed in his work on A
Genetic  Algorithm on Single Machine Scheduling Problem to Minimize net Weighted
Completion Time. In his work, he proffers solution on a single machine family scheduling problem
where there are multiple jobs. Each job is characterized by a processing time. An associated positive
weight is partitioned into families and setup time is needed between these families. For this problem,
he proposed a genetic algorithm using an optimized crossover operator designed by an undirected
bipartite graph to find an optimal schedule which minimizes the total weighted completion time of the
jobs in the presence of the sequence-independent family setup times. The literature explored
optimized crossover genetic algorithm on single machine scheduling problem. It was observed that

solution produced with this algorithm tend to converge prematurely.
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2.4 APPLICATIONS OF GENETIC ALGORITHM, ADVANTAGES AND LIMITATIONS

Genetic algorithms are a class of numerical and combinational optimizers known to be especially
handy in solving complex, non-linear, and convex optimization problems. Holland was perhaps the
earliest to adopt the crossover, recombination, mutation and selection models in the study of adaptive,
artificial systems. These genetic operators constitute vital parts of genetic algorithm as a problem-
solving procedure. It then follows that innumerable variants of genetic algorithms have not only been
expanded, but adapted to suite a vast range of optimization problems: from graph coloring to pattern
recognition; and from discrete systems exemplified by the Travelling Salesman Problem (TSP) to
continuous systems— the effectual model of airfoil in aerospace engineering; from financial markets
to multi-objective engineering optimization problems. The advantages of genetic algorithm are
numerous. The first most prominent is: the ability to deal with complex problems and parallelism.
Genetic algorithms can deal with different classes of optimization problems, whether or not the
objective (fitness) function is stationary, linear, continuous, or with random noise. For the fact that
multiple off-spring in a population act like independent agents, the population (or any subgroup) can
explore the search space in several directions concurrently. This feature makes it perfect to parallelize
the algorithms for implementation. Different parameters and even different groups of encoded strings

can be manipulated at the same time [49]. Below is the summary of advantages of genetic algorithm.
2.4.1 Advantages of Genetic Algorithm

A. Parallelism

Evolution is an extreme parallel process. As distributed processing computers become more easily
available, there will be a similar increased potential for applying genetic algorithms to more complex
optimization problems. It is often the case that individual solutions can be independently evaluated
from the assigned evaluations to competing solutions. Each solution’s estimation can be analogously
handled. Thus, only the selection operator requires some serial processing. Essentially, the operational
time necessary for an application may be inversely proportional to the number of processors.
Regardless of these future merits, current desktop computing machines provide sufficient
computational speed to produce solutions to difficult problems in reasonable time. For instance, the
evolution of a neural network for classifying features of breast carcinoma involving over 5 million
separate functional evaluations, needs only about three hours on a 200 MHz 604e Power personal

computer [50].

B. Broad Applicability

Application of genetic algorithms may become relevant in solving early any bottleneck arising as a

function optimization problem. All it requires is data structure for solutions representation; a
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performance index for solutions evaluation; and variation operators for new solutions regeneration.
While selection is also necessary, it is a lot less dependent on human preferences. Hence, possible
solutions can both be disjointed and encompass infeasible regions. It equally follows that performance
index can be time-varying, or even a function of competing solutions extant in the population. The
human designers can select a representation that follows their instinct. In this scenario, the mechanism
is representation independent, in contrast with other numerical techniques applicable for only
continuous values or other constrained sets. Thus, representation should allow for parent-offspring
behavioral link maintenance variation operators. Slight changes in the structure of a parent should
necessarily amount to equally slight changes in the resulting offspring. Likewise, significant
alterations should engender gross alterations. A continuum of possible changes should be admitted to
make allowances for effective step-size of the algorithm being tuned, perhaps online in a self-adaptive
manner. Such flexibilities accommodate essential applications of the same mechanism to discrete
combinatorial problems, continuous-valued parameter optimization problems, mixed-integer

problems, and so forth.

C. Potential to Use Knowledge and Hybridize with other Methods

Incorporating domain-specific knowledge into an algorithm when addressing particular real-world
problems is the rational thing to do. Put on a restricted interest domain, specialized algorithms have
the capacity to outperform unspecialized algorithms [53]. Genetic algorithms provide a framework
that makes it comparatively easy to incorporate such knowledge. For instance, individual variation
operators could be useful when applied to certain representations typified by 2-OPT on the traveling
salesman problem. Besides the possibility of these being directly demonstrated as recombination or
mutation operations, it can be adapted to translate knowledge into the performance index, as known
physical or chemical properties as seen in van der Waals interactions [51]. Such information’s
adaptability emphasizes genetic search, with a more efficient study of the state space for possible
solutions. More traditional optimization techniques as simple as a conjugate-gradient minimization
applied after primary search may also align with genetic algorithm. An instance is seen in authors
[51]. It may by extension, involve simultaneous application of algorithms as typified by the
evolutionary search for the structure of a model, alongside gradient search for parameter values.
Seeding an initial population with solutions derived from other mechanisms, for instance, in a greedy
algorithm [50], may equally be beneficial. In addition, application of genetic algorithm computation
can be implemented for performance optimization of neural networks as seen in fuzzy systems [54]
production systems [56]; and other program structures [50]. Several cases have shown the limitations
of conventional approaches. A case like the prerequisites for differentiable hidden nodes when using

back propagation to train a neural network, as an instance, could be avoided [51].

D. Ability to Solve Problems that have no known Solutions
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Possibly, genetic algorithms find their profoundest edge in the ability to address problems for with no
known human experts. Despite the need for the application of human expertise when available,
studies have revealed its gross inadequacy in the crucial roles of automating problem-solving routines.
Such expert systems have well-known challenges such as experts’ likelihood of being in
disagreement; likelihood of lack in self-consistency; possibility of not being qualified, or simply being
in error. Artificial intelligence has seen research fragmented into techniques and tricks targeted at
unraveling specific constraints in restricted domains of interest. While such techniques have
reportedly recorded successes in their applications to specific problems in, for instance, the chess
program, “Deep Blue”, most of them yet require human expertise. Despite their impressive
performances in applications to difficult problems in need of limitless computational speed, they
generally do not advance human understanding of intelligence. Their problem-solving abilities
notwithstanding, they do not solve the problem of how to solve problems [52]. Nonetheless, genetic
algorithm in attempting to provide a technique for solving the problem of how to solve problems,
simply recapitulates the scientific technique [50], applicable to learning fundamental aspects of any

measurable environment.

E. Outperform Classic Methods on Real Problems

Often, practical function optimization problems:

(1) Impose nonlinear constraints,

(2) Require payoff functions not concerned with least squared error,

(3) Involve non-stationary conditions,

(4) Incorporate noisy observations or random processing, or include other vagaries that do not
conform well to the prerequisites of classic optimization techniques. Often multimodal, are the
response surfaces posed in practical problems which require gradient-based techniques to rapidly
converge on local optima (or perhaps saddle points) which may yield insufficient performance. Where
the response surface is, for instance, strongly convex, for simpler problems, genetic algorithms fail to
match traditional optimization methods in performance level [53]. This, notwithstanding, is to be
expected, seeing as the techniques were fore mostly designed to take advantage of the convex
property of such surfaces. In a series of empirical comparisons [54] has demonstrated that genetic
algorithms offer a significant merit, compared to the obverse condition of applying classical methods
to multi-modal functions. This, by extension, offers an almost definitely incorrect outcome in the
often encountered case of applying linear programming to problems with nonlinear constraints. The
reason being that the assumptions required for the technique are violated. In contrast, genetic
algorithm computation can directly incorporate arbitrary constraints [55]. Moreover, the problem of
defining the payoff function for optimization lies at the heart of success or failure: Inappropriate
descriptions of the performance index lead to generating the right answer for the wrong problem.

Within classic statistical techniques, concern is often devoted to minimizing the squared error
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between forecast and actual data. But in practice, equally correct predictions are not of equal worth,
and errors of identical magnitude are not equally costly. Consider the case of correctly predicting that
a particular customer will ask to purchase 10 units of a particular product (e.g., an aircraft engine).
This is typically worth less than correctly predicting that the customer will seek to purchase 100 units
of that product, yet both predictions engender zero error and are weighted equally in classic statistics.
Further, the error of predicting the customer will demand 10 units and having them actually demand
100 units is not of equal cost to the manufacturer as predicting the customer will demand 100 units
and having them demand 10. One error leaves a missed opportunity cost while the other leaves 90
units in a warehouse. Yet again, under a squared error criterion, these two situations are treated
identically. In contrast, within genetic algorithm, any definable payoff function can be used to judge
the appropriateness of alternative behaviors. There is no restriction that the criteria be differentiable,

smooth, or continuous.

2.4.2 Limitations of Genetic Algorithm

However, genetic algorithms also have some limitations. The formulation of fitness function, the use
of population size, the choice of the important parameters such as the rate of mutation and crossover,
and the selection criteria of the new population should be carried out rigorously. Any unsuitable
choice will either make it difficult for the algorithm to converge prematurely, or it will simply
produce meaningless results. Although genetic algorithm is a powerful optimization tool, it does have
certain weaknesses and limitations. The randomness of genetic algorithm operation makes it difficult
to predict its performance, a factor that is vital for hard-deadline, real-time application. The source of
problem lies in the diversity of the chromosomes that cause online system execution to be uncertain.
Some of the limitations of genetic algorithm are therefore highlighted below:

1. No assurance of convergence: There is no assurance that genetic algorithm will converge to a
global optimum in a given optimization problem. There is a possibility that it gets stuck in
one of the local optima. This is the reason genetic algorithms cannot be used to solve real-
time problems where the accuracy and validity of the solution cannot be compromised.

2. Difficult parameter tuning: Any implementation of genetic algorithms will require the
specification of various parameters, such as population size, mutation rate, and maximum run
time, as well as the design of selection, recombination, and mutation procedures. Finding
effective choices for these is in itself, a difficult problem with little or no theoretical support.
In practice, researchers must rely on any available anecdotal reports from related problems,

and lots of trial and error techniques.
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2.4.3 Applications of Genetic Algorithm

Genetic algorithms have been applied for difficult problems (such as combined heat and power

economic dispatch problems), for machine learning and also for evolving simple programs. Here

we discuss concisely, some real life application examples of genetic algorithms. These application

examples are conducted in the context of real-life problems. Some important applications are in

economics, engineering design problems, encryption and code breaking etc. The following are some

applications of genetic algorithms:

a)

b)

d)

Optimizing Chemical Kinetic Analysis: Genetic algorithms are proving very useful towards
optimizing designs problems in transportation, aerospace propulsion and electrical generation.
By being able to predict ahead of time, the chemical kinetics of fuels and the efficiency of
engines, more optimal mixtures and designs can be quickly made available to industries and
the public. Some computer modelling applications in this area also simulate the effectiveness
of lubricants, can pinpoint optimized operational vectors, and may lead to greatly increased
efficiency all around, well before traditional fuels run out.

Encryption and Code Breaking: On the security front, genetic algorithms can be applied both
to create encryption for sensitive data as well as to break those codes. Since the advent of
computers, encrypting data, protecting copyrights and breaking rival codes have become vital,
so the competition is intense. Every time someone adds more complexity to their encryption
algorithms, someone else comes up with a genetic algorithm that can break the code. It is
hoped that someday soon, we will have quantum computers that will be able to produce
completely indecipherable codes [56].

Trip Traffic and Shipment Routing: New applications of a genetic algorithm known as the
Traveling Salesman Problem can be applied to plan the most efficient routes and scheduling
for travel planners, traffic routers and even shipping companies. The genetic algorithm gives
shortest routes for traveling, timing to avoid traffic gridlocks and rush hours. It provides the
most efficient use of transport for shipping, including pickup loads and deliveries along the
way. The program models all this in the background and improves productivity, while the
human agents do other things.

Engineering Design: Getting the most out of a range of materials to optimize the structural
and operational designs of buildings, factories, machines, etc., is a rapidly expanding
application of genetic algorithms. These are being created for such uses as optimizing the
design of heat exchangers, robot gripping arms, satellite booms, building trusses, flywheels,
turbines, and just about any other computer-assisted engineering design application. There is
work to combine genetic algorithms optimizing particular aspects of engineering problems to
work together. Some of which may not only solve design problems, but also project them
forward to analyze weaknesses and possible point failures in the future, for avoidance of such

problems.
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e) Economic Modelling: Author [57] applied a genetic algorithm with a weighted goal
programming technique to optimize a fishery bio-economic model. Bio-economic models
have been developed for a number of fisheries as a means of estimating the optimal level of
exploitation of the resource and for assessing the effectiveness of the different management

plans available.

2.5 CONCLUSION

Reviewed literature on economic dispatch, combined heat and power (cogeneration) and genetic
algorithm all had similar considerations and conclusions. There were some contradictions between the
findings, such as some authors concluding that the only efficient means for constraint handling of
feasible operation region was to apply a penalty factor to regulate solution. But the proposed
algorithm constraint handling mechanisms got rid of this technique. This became the case as
extraction of information is not possible with the strategy and its rejection of individuals who do not
satisfy the constraints. Nevertheless, this strategy is not suitable for a discontinuous search space. The
basic concept of genetic algorithm is designed to simulate processes in natural system necessary for
evolution, specifically those that follow Charles Darwin’s principles of survival of the fittest. As such,
they represent an intelligent exploitation of a random search within a defined search space to solve a
problem [51]. Genetic algorithm and optimization problems have been extensively studied,
experimented and applied in many fields within the engineering world. This research on combined
heat and power economic dispatch indicates that genetic algorithm result is satisfactory compared to
direct solution algorithm, particle warm optimization algorithm, artificial bee colony algorithm; but

not better than differential evolution algorithm for this class of optimization problem.

The proposed algorithm had better convergence speed, naturally diverse, had a robust number of
solutions with least objective function value, compared with particle swarm optimization and artificial
bee colony (which have a considerably large number of iterationsatl03 and 100 respectively). The
convergence speed of latter algorithms usually deteriorates with large number of test system in a
power plant. There is also an inherent large cost function values associated with latter algorithms.
Furthermore, it is easy to comprehend the amount of computation involved in each step of the genetic
algorithm which is considerably less than that required for one iteration of both artificial bee colony
and particle swarm optimization algorithms). Conversely, the effectiveness/efficacy of direct solution

method when power system has large units is not yet known.
Therefore, the novelty of this research work lies in the overall search mechanism of the proposed

algorithm and the evolution of the population. The result improvements compared to existing methods

in other literatures are significant. It was observed that the proposed (genetic algorithm) can converge
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to produce diverse and widespread solutions along with extremely better solutions due to its effective
searching capability. As a result, genetic algorithm can be a viable alternative for solving this class of
combined heat and power economic dispatch problem. It also can considerably save fuel cost. As a
future work, effective tuning of parameter will be carried out with sensitivity analysis (Sensitivity
analysis is a technique for determining how the model output is affected by the uncertainties of

inputs) of parameter; and its impact on solution will be analyzed.
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CHAPTER 3 - MATERIALS AND METHOD

3.0 INTRODUCTION

In this section, we present the methodology for the research objectives (to determine the combined
heat and power economic dispatch decision variables using genetic, particle swarm optimization and
direct solution algorithms. Thereafter, we find how the algorithms arrived at their minimum cost
functions with best decision variables. For the objective and associated research questions, we
introduce the mathematical model to compute the combined heat and power economic dispatch
decision variables using direct solution algorithm. We also explain what happens when the calculated
output decision variables stretch the operational bounds of conventional power units, the co-
generation unit and heat unit by using the mathematical framework only. We then solve the combined
heat and power economic dispatch problem automatically, by implementing the optimization problem

using genetic and particle swarm optimization algorithms.

3.1 Model development/Formulation

Combined heat and power Economic dispatch problems are constraint optimization problems, which
consist of decision variables i.e. (heat, power dispatch values) and objective function. The objective
function indicates how much each decision variable contributes to the value to be optimized in the
problem statement and its duty is to minimize the total generation cost in a system that consists of the
conventional thermal power and heat units plus the cogeneration unit with feasible operation region.
The two power units, a cogeneration unit and a heat-only unit in the research have quadratic cost
functions. The limit on the outputs of the co-generation unit is specified by listing the co-ordinates of

the corners of the feasible operating region of the unit as shown in table 3.4.

The objective function also represents the input fuel cost while the constraints are inequality, equality
and other operational constraints that match load and heat demands with power generation. In this
research, the system transmission losses were neglected, leaving power and heat loads plus the
machine operation bound as the only available constraints. The research first shows that it is possible
to solve combined heat and power economic dispatch problem using direct method. In the cause of the
research, whenever we use combined heat and power economic dispatch, we imply combined heat
and power economic dispatch of simple cycle cogeneration units having quadratic cost functions.
Also, artificial bee colony, genetic, particle swarm optimization and differential evolution algorithms
were employed to this class of optimization problem. After this, results from the various algorithms

were compared to determine the algorithm with optimal result and best operational costs.

We initially developed a formula for the system lambdas to correspond with the power and heat

demands in terms of the coefficients of the generator cost functions. The formula was developed with
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the most common form of this problem in mind, assuming that the cost functions are quadratic. The
unit output corresponding with these system lambda values, constituted the required heat and power
dispatch, provided none of the unit outputs hit their limits. In order to handle situations where some of
the outputs corresponding to the computed system Lagrangian multiplier A-values happen to violate
their limits, we developed a simple scheme for setting the outputs of such units at appropriate limits.
Setting some units at their limits could result in mismatches between the demand and the generation.
We recalculate the system J, for the units not set at their limits in order to eliminate mismatch. To
calculate combined heat and power economic dispatch decision variables directly, the problem
statement was modelled in order to determine combined heat and power economic dispatch decision
variables. The Combined heat and power economic dispatch problem is modeled thus:

3.2 COMBINED HEAT AND POWER DISPATCH PROBLEM
Given the quadratic fuel cost function of power-only, cogeneration and heat-only units in Naira we

have:

Co; (D)= + B P, +7; P} Cost function of power only unit

Cei ( P, 0 ) =a, + B8P, +7,p’ +6,G; + &0 + ¢ p,; Cost function of cogeneration unit (3.1)
Chj (qi ) =, +00 + Eiqiz Cost function of heat only unit

Where, «,, ,and », are the cost coefficient of i power-only unit,@;, 5;,7;,0;,&;and ¢; are the

cost coefficients for the j™ cogeneration unit, &, , &, and &, represent the coefficient of k" heat-only

unit. The objective function of the combined heat and power economic dispatch problem is to
minimize the cost function, subject to equality, inequality and other operational constraints.

The objective function of the combined heat and power economic dispatch problem can be stated
thus:

Min C:zce,i(pi)"'zcc,i(pivqi)"'zch,i(qi) (3.2)

iee iec ieh
Q and P are the heat and electrical power output decision variables of the units, respectively. Cg; ( pi) :

Ce.j (pj,qj)and Chx (qk)constitute the fuel cost function of i™ power-only unit, fuel cost function of j®

cogeneration unit and fuel cost function of k™ heat-only unit.

Subject to real power generated by power unit, plus the real power generated by cogeneration unit is
equal to the real power demand of the power systems neglecting power loss. This is stated

mathematically in equation (3.3) below:
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Z pi +Z pi :pdemand (3'3)

iee iec

Comparably, the total heat created by boilers plus the active heat created by cogeneration units is
equal to the heat demand, abandoning heat loss, and can be stated thus:

demand
2.0 +>.6 =" (3.4)
iee ieh

Where pdemand and qdemand are the total heat and power demand of system, respectively. In the heat

equality constraint, heat losses are postulated to be zero because no research work about heat losses
during process of transmitting heat to heat loads has been carried out. For clarity, that postulation was
employed in this research. Therefore, heat losses are negligible. Furthermore, if heat losses are a
function of heat outputs similar to power loss function or a constant, heat balance constraint will be

solved simply and successfully.

P <psp” (3.5)
Qimin <g <g™ (3.6)
We note that equation (3.3) and (3.4) can be written in the form of two inequality constraints:
> p<p™->p (3.72)
ice iec
_Z pi <— pdemand + Z pi (3.7b)
iee iec
and
zqi Sqdemand _Zqi (3.8&)
ice ieh
=) <—g*™ + > g, (3.8b)
iee ieh

Thus, formally, the optimization problem to be solved is

Min C=>"c, (p)+> ¢ (Pt )+ .o () (39)

iee iec ich
Subject to
> P <p™ =Y p, (3.10a)
ice iec
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_Z pi <— pdemand + Z pi

ice iec

zqi Sqdemand _Zqi

iee ieh

_Z qi <— qdemand + qu

iee ich
min max
pspsp

g™ <g <g™

a *pi+b|j*qi ZCji j:l,K,ni

(3.10)

(3.11a)

(3.11b)

(3.12)

(3.13)

(3.14)

The output of the cogeneration unit is presumed to lie in a region in the P;— Q; plane bounded by n;

lines. These lines are illustrated in equation (3.14).

Infeasible Region
M

Feasihle Region O

o

Fig3.1: Feasible operating region of a cogeneration unit

Figure 3.1 is a typical polyhedron of a feasible region (search space) of a cogeneration unit bounded
by four hyper-plane lines in the P— Q plane. In such a plane, there are three kinds of operating points
of a cogeneration unit. At point O (feasible region or solution space), the unit is not bounded by any
constraints. At points N and M, the unit is bounded by only one constraint; and at point K, the unit is
bounded by two constraints. For a point in the above figure 3.1 to be feasible, it should be above line
AB, below line CD, right of AD, and left of BC. Any contrary arrangement amounts to an infeasible
region. To determine if a point is feasible or not, we substitute the value of [p, q] inside equation of a

line formed between two vertices connected by a line segment. For any value of [p, g], substituting
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the value of the function maybe zero, positive or negative. The operating point is positive when the
value is in the region O, zero when the value is on the line of the quadrilateral (ABCD) and negative
when it is either at positions M, N and K or infeasible region. The problems described between (3.10)
to (3.14), are optimization problems of equality and inequality constraints that demand the

deployment of the Karush-Kuhn-Tucker (KKT) optimality conditions.

The Karush-Kuhn-Tucker (KKT) Lagrange multiplier for the dispatch problem given is

L= 0 (P )+ 20 (P )+ 26 (a ip[ZpﬁZpi—p“e”‘a”dj—ﬁq[ZqﬁZqiﬂde'“a””]

iee iec ieh iee iec iee ieh
(3.15)
Where /ip and ﬂ,q represent the Lagrangian multipliers associated with the constraints.
The Karush-Kuhn-Tucker (KKT) necessary optimality conditions for the above problem are:
o oL oL oL
=——=_—=_—= (3.16)

o oq o4, ok

oL 0
P e,i i pzap +Z_C pi.q | pz

api ice 6p| ice iec i iec i
0
:Z[a—c j+2[ (pi,g) - p]:o
ice pi iec (317)

= 6 (pl) A,=0 Viee, ;Cci(pi,qi)—ﬂpzo Viec

® P (3.18)
Similarly
oL 6
a_qi < aql pl’ | q;a_qlql ; i q%;_ql
_Z(_C pl’ | J"'Z[ Ch, , ﬂ«q]ZO
< (3.19)
0 . 0 .
= _CC,i(pi’qi)_/IqZO VIEC, —Ch'i(qi)—ﬂ«q=0 VIEh
% @ (3.20)
Furthermore;
I Z pl +Z pl demand -0 = z pi +Z pi :pdemand
ice iec ice iec (321)
= qu qu demand _ 0 = qu +Zqi :qdemand (322)

ice ieh ice ieh
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Hence, the equations to be solved are:

0 .

a_pice" (p)-4,=0  Viee (3.23)
O (phg) -4, =0 viec (3.24)
api ci i i p !
O (pG)-A=0  Viec (3.25)
aqi c,i \ MitHi q '
06 (q)-4 =0  Vieh (3.26)
aqi h,i \Mi q '
Z pi +Z pi :pdemand (3.27)
Zqi _l_zqi :qdemand (3.28)
iec ieh

With C,; (P)=a + AP, + 7P, we have

0 :
a—p_ce‘i(pi)—ipzo = B+2yp-4,=0 Viee

With C; (PG )=cf + 8P +7 P + 50 +£0° +£ B0, we have

a%cc,i(pi,qi)—ipzo = 2P +40+4-4,=0 Viec

%ccyi(pi,qi)—lqzo = 250+ +6-4,=0 Viec

With C; (qi ) =0, +80,+50;, we have

a%ch’i(qi)—/lqzo = 250,+6-4,=0 Vieh

Hence the resulting equations to be solved for P;, 04, and 4, are,

ﬁi+27’ipi_/1p:0 Viee
Zyipi+§iqi+ﬁi—/1p:0 Viec
Zgiqi+§ipi+5i—/1q:0 Viec

260,46 -4 =0 Vieh

In equations (3.33) and (3.36) we make P; and 0; the subject to get respectively;
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(3.29)

(3.30)

(3.31)

(3.32)

(3.33)
(3.34)
(3.35)

(3.36)



p=-B/2r+4 2y Viee (3.37)
O =-0,/2¢+4, /25  Vieh (3.38)

We now solve equations (3.34) and (3.35) simultaneously. For this purpose, we recast them in matrix.

First the equations are rewritten;

2rp+ G0 =4, - p (3.39)

Gib+260 =46 (3.40)
In matrix form we have:

27/i é/| P _ ﬂ’p _ﬁi

[g’i 25}[%}_{’1«4_@} G40

or

ERARIHIA I

1
} . It then follows that;
2¢,

|:pi}:_|:2yi é/i :|l|:ﬁ|j|+|:27| éll :|1|:ﬂ'p:| | ecC (343)
g g 2¢ 2 g 2 A

Substituting (3.39) for €€ and the p, in equation (3.43) for i € Cin equation (3.4).

Multiply equation (3.33) by{

Similarly substituting (3.40) for ieh and the g, in equation (3.43) forl €Cin equation (3.5).

For simplification let

A:{Zﬁ & :| (3.44)
S 2¢

Hence, equation (3.43) becomes:

HHEH ”

=  p=-AB+AL, G=-A5+ALiec (3.46)
Next we consider equation (3.3) written
DI EDNE (3.47)

Remembering that equation (3.46) is:
pi:—IBi/Z]/i+/1p/2]/i Viee

Hence, the first component of (3.46) is given by:
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Zpi :Z(_ﬂi/27i +/1p/27i)=_2ﬂi/27i ‘%pzl/zﬁ (3.48)

iee ice ice iee

The second component of (3.46) is:

Y= (-AB+AL)=-D AR+ 2, Y A (3.49)

iec iec iec iec
Hence equation (3.46) becomes:

B2 T2 - A Ay T A = (350)

Next we consider equation (3.4) written:

Z a, +Z a, :qdemand (351)

iec ieh

Remembering from equation (3.46), §; = —AJ; +A/1q , 1€C. Hence, the first component of (3.51) is

given by:
2.0,= 2 (A8 + AL )= AS + 2,3 A (3.52)

Also, we recall that equation (3.40) is:
O =-0,/2¢+4, /2, Vieh

Hence, the second component of equation (3.51) becomes:

Yt =2(=8/26 + 2 )26 ) == 5, |26, +4, ¥ Y 2¢, (3.53)
ich ich ich ich

Equation (3.52) is:

DA + A, D> AN=D.5/2¢6 +2A, D 1 2e =q*m (3.54)

iec iec ieh ieh

We will now put equations (3.50) and (3.54) in matrix form and solve for/1p and /1q .

We thus have:
—D B2 2 2 Y20 = D AB A+ Ay Y A= pe (3.55)
X B/28 A D Y20 = DAL+ Ay > A= (3.56)
The above equations can be rearranged as:
Ay [;;1/2% +;Aj = p*r 4 Z B /2y, +;Aﬁi (3.57)
24 [ZMZW%} g™+ A5 + )62 (3.58)
icc ieh iec ieh

While bearing in mind that:
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A :{2% S }
g 2¢

We observe that the left side of equations (3.57) and (3.58) are:

lp(Z]/Zyi+ZAJ=APZI/27i+/1pZ{2§% i} (3.59)
o[ G
/lq(ZA+Z]/25ij—/qu{g 25] + 22 128 (3.60)

On a closer observation, we see the incompatibility of the addition in (3.59) and (3.60) (addition of

scalar to a matrix). The solution is to transform both the terms 4, Z]/ 2; and 4 Zl/ 2¢; into

ice ieh
matrix form as follows:
22 04 y2y, 014,

/Atpél/zy.—lleeo 0 |:lq}:§|: 0 0}|:/1q:| (3.61)

Similarly,
U 0 0 4

— p|_ P

zqgh‘,l/zs.lo ;VZSJ{}VJEL) ]/zgj{;tq} (3.62)

Hence we rewrite equations (3.57) and (3.58) in matrix form as follows:

e sl il AT

(3.63)
) pemand N B./2y, . 0 N 27, ¢ -1 B
_|:qdemandj| §|: 0 :| §|:5|/28,:| §|:§| 2‘c"i:| |:5|j|
Or,
Y2y, 0 0 0 2% G N Ao
2% 2l weaaly AT -
3.64
[ [B2n] o O 2n G T[A
S e AT i3
Let:
Y2 0 0 0 | 2 ¢
[A]_izei ) O}Lg‘L ]/zgi_+§_§i Z(J (3.65)

Hence equation (3.64) becomes:

A=l b a2l 2] 1A
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Ap ~ 3 pdemand ﬁl /27|
= LJ_[A] {{qdd}f‘{ 0 } (3.66)

S 5

ZLS /OZeJ+

3.3 IMPLEMENTATION OF COMBINED HEAT AND POWER ECONOMIC
DISPATCH PROBLEM BY DIRECT SOLUTION ALGORITHM

3.3.1 Data Set for the New Combined Heat and Power Dispatch Problem

Table 3.1 Power units-cost coefficients

Units | PGnax | PGmin a 2 Y
1 250 10 1000 | 13.5 | 0.0345
2 200 20 1245 | 13.1 | 0.033
Table3. 2 (Unit 3) Cogeneration unit-cost coefficients
Units o s Y o g g
1 2650 | 145 |0.0345|4.2 |0.03 |0.011

Table -3.3 (Unit 4) Heat Unit Cost Coefficients

Units a o) & Qmax Qmin

1 1200 | 4.2 |0.02 |250 |20

Table-3.4 Coordinate of the Corners of the Feasible Regions of the Co-generation Units

Corners (P1.01) | (P2,02) (P3,013) (P4,04)

Unit 3 (20,0.1) | (200,0.5) | (195,120) | (15,110)

3.3.2 Combined Heat and Power Dispatch Problem Solution
From tables 3.1, 3.2, and 3.3 we have:

Ce,l(pl):a1+ﬁlp1+7/1p12
Ce,z(pz)zaz + 5,0, +7’2p§
Cos( Py Gs) = + B,Ps + 715 +6,0; + .05+, Pyl

=

Cha (q4) = +6,0,+ ‘91qf

=

C..(p,)=1000+13.5p, +0.0345p’
C.,(p,)=1245+13.1p, +0.033p’

C.1(P;, 0y ) = 2650+14.5p, +0.0345p3 +4.2q, +0.03q; +0.011p,q,

¢, (a,)=1200+4.2q, +0.02q;

The optimization problem with the specified data is stated as;
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Min C :gce,i(pi)+gcc,i(pi'qi)+Ch,1(q4)zce,1(pl)+ce,2(p2)+cc,1(p3’q3)+ch,l(Q4)

=(1000+13.5p, +0.0345p; ) +(1245+13.1p, +0.033p; ) (3.67)
+ (2650 +14.5p, +0.0345p; +4.2q, +0.03q; +0.011 p3q3)
+(1200+4.2q, +0.02q; )

Subject
P, + P, + P; =520 (3.68)
g, +0, =300 (3.69)

min < < max . 10 < < 250
PPy P (3.70)
P <p,<pn = 20<p, <200
qr" <q, <q™ =  20<q, <250 (3.71)

The Karush-Kuhn-Tucker (KKT) Lagrange multiplier for the dispatch problem given is
L =(1000+13.5p, +0.0345p; ) + (1245 +13.1p, +0.033p; )
+(2650+14.5p, +0.0345p; +4.2q, +0.03q; +0.011p,q, ) + (1200 +4.2q, +0.02q; )
— 2, (P, + P, + py —520)— 4, (0, +q, —410)

(3.72)

Where lp and ;Lq are the so called Lagrange multipliers associated with the constraints.
The Karush-Kuhn-Tucker (KKT) necessary optimality conditions for the above problem are:
FoS SO S S S S
o, op, op, o4, 09, 0A, 04

Hence, we have:

oL _135+0.069p, ~2,=0 (3.73)

op,

L _131+0066p, ~2,=0 (3.74)

op,

%:14.5+0.069 p, +0.011q, — 2, =0 (3.75)
3

L 42+006q,+0.011p, ~2,=0 (3.76)

ele

L _42+004q,~2,=0 3.77)

oq,

oL

az P+ P, +P;—520=0 (3.78)

p
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oL
a:q3+q4—30020

q
From equations (3.73), (3.74) and (3.75) we obtain;

A,—135
0.069
A,-13.1
0.066
3 4,—0.011g, -14.5
0.069
From (3.78) we have

=

p, =

Ps

p+p,+P;—520=0

4,-135 2,-131 4, —0.011q, ~14.5

4 + =520
0.069  0.066 0.069

4413174, -0.159q, =1124.282

From (3.79)

g, =300—q,

Substituting in (3.84), we get

44.137/1p —0.159(300— q4) =1124.282

= 4413714, +0.159q, =1172

From (3.77) we have

Substituting in (3.86), we get;

A, —4.2
44,1371, +0.159| — =1172
P 0.04

=  441374,+39754, =1189

From (3.76) we have
4.2+0.06g, +0.011p, - 4, =0

We note that (3.85) is equivalent to

410 Jq—4.2
%= 0.04
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Also from (3.82)

_ 2,-0.011q, —14.5
B 0.069

3

Substituting for P5in (3.88) we get;

A
4.2 +0.06q, + 0.011( -

~0.011q, —14.5
~2,=0
0.069 ‘

= 2, ~0.15947, —0.0583q, =1.888 (3.90)

We now substitute for 0, in (3.90) to get;

A,—4.2
A, —0.15944 —0.0583| 410—| — =1.888
! P 0.04

2.54381, +0.15944, =36.003 (3.91)

We will now solve equations (3.87) and (3.91) using matrix method. Thus the simultaneous equations;
4413714, +3.9754, =1189

0.15947, +2.54387, =36.003

Can be recast in matrix form as follows.
44137 3.975 \( 4, 1189
= (3.92)
0.1594 25438 )\ 4, ) |36.003
Z,) (44137 3.975)"( 1189
A, ) 10.1594 25438/ (36.003
~ 0.023 ~0.036)( 1189 | ( 25.81
| -1.428x10° 0.395 /{ 36.003) |12.536
4, (25.81
Ay ) 112,536
Hence, 4, =25.81 and 4, =12.536. From (3.89) we have;

4 —4.2 _
g, =300—| = :300—(MJ:91.6 (3.93)
0.04 0.04

g, =300—-91.6=208.4
From (3.77) we also have;

o Ay =42 14.658-4.2
‘0.04 0.04

From (3.13) and (3.14)

=208.4 (3.94)
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2,-135 2581-135

P, = =178.406
0.069 0.069
A,-13.1 -
p, =2 _2581-131 192576
0.066 0.066

 2,-0011q,-145 25.81-0.011(91.6) 145

P, = =149.31
0.069 0.069

(3.95)

(3.96)

(3.97)

Hence we have; p, =178.406, p, =192.576, p, =149.31, q, =91.6, q, =208.4.

The optimal total cost C*is given by;

C" =1000+13.5(178.406) + 0.0345(178.406)2 +1245 + 13.1(192.576) + 0.033(192.576)2

+2650+14.5(149.31) +0.0345(149.31)° + 4.2(91.6)

+0.03(91.6)° +0.011(149.31)(91.6)
+1200+4.2(208.4) + 0.02(208.4)°

= C"=18810

Summary

The solution to the given problem is summarized as follows.
A,=2581

4, =12.536

p, =178.406, p, =192.576, p, =149.31

g, =91.6, q, =208.4

C" =18810

3.3.3 The Cogeneration Constraint Lines-Handling Mechanism
We have four cogeneration constraints lines so far shown in the figure.
The lines are defined by:

AB:q=0.056p +109.08

BC:q=-23.9p+4781

CD:gq=0.002p +0.056

AD: q=0.002p +0.056
The individual lines are depicted in fig. 3.2a, 3.2b, 3.2c and 3.2d below;
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AB: ¢ =0.056p +109.08 BC: q = —23.9p + 4781

11017 ¥ S0 T 9

5000 +
1085 +

Pr
/ 4500 —:\

Fig. 3.2 (a) Fig.3.2 (b)

CD: ¢ =0.0022p +0.06 AD: ¢ =—21.98p +439.7

11017 % 5200 T 4

5000
1085 T

48 o
/ - _\

I TES 1 F I =50 1
-10 o 10 -10 0 1w F
Fig.3. 2(c) Fig.3. 2(d)
q

B (195.120%

A(15,110) _

C(20005)

_,_/"'J./

"5 (20,0.1)

P

Fig. 3.3 Co-generation Unit 3 Feasible Operating Region
Fig.3.3 shows the heat-power Feasible Operation Region of a simple cycle cogeneration unit three,

encountered in the problem statement. Here, the feasible operation region is enclosed by a line

segment where each of the lines represents a constraint given by equation (3.14) of chapter 3. Feasible
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Operation Region simply means that the cost must be minimized as well as constraints satisfied within

the required limits.
We note that the feasible region is described by the inequalities expressed below:

AB <0above the line q=0.056p+109.08, i.e.q=0.056p+109.08<0
BC <0below the lineq=-23.9p+4781, i.e. q=-23.9p+4781<0
CD >0above the line  q=0.0022p +0.06i.e.q=0.0022p +0.06 >0

AD >0above the line q=-21.98p+439.7i.e. q=-21.98p+439.7
We test our cogeneration units p, —=149.31and g, = 91.6 in equations (28) to (31).

AB: 91.6 — 0.056 (149.31) — 109.08 = -25.841 < 0 (inside feasible region)
BC: 91.6 + 23.9 (149.31) — 4781 = - 1121 < 0 (inside feasible region)
CD: 91.6 — 0.0022 (149.31) — 0.05 = 91.212 > 0 (inside feasible region)
AD: 91.6 + 21.98 (149.31) — 439.7 =2934 > 0 (inside feasible region)
Hence the problem is completely solved.

But,
A, —13.5

P = 0.069

4,-13.1
0.066

P, =

p, + p, =325

4,-135 A -131
+ =
0.069 0.066

325

= 0.066( 1, ~13.5)+0.069( 4, —13.1) =4.554x10"° x 325
0.0664, —0.891+0.0694, —0.904 =1.480

0.1354, =1.480+1.795=3.275

A —%=24.26

P 0.135
Similarly,

oL
oa,

=42+0.04q9,-4,=0 = A4,=4.2+0.04q,-
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The heat and power outputs of cogeneration unit three were infeasible. We investigated the position of
these outputs and found that lines AB and BC were the violated constraints. Therefore, we select the
new operating point of the cogeneration (unit3) to be on the corner i.e. [195,120]. The next stage of
system lambda (Lagrangian multiplier) calculation of unit three is treated as a fixed output (both heat
and power) unit. We achieved this by subtracting the value of the new operating point [195,120] from
the system power, heat demand, and exclude unit three from the next lambda calculations. Thus we

have:

p, + p, + p; =520

P+ P, =520 - p,

p, + p, =520 —195 = 325MW
Similarly,

g, +g, =300

9, =300-q,

g, =300—-120 =180MWth

Recall that,

L _135+0.069p, ~ 4, =0
op,

aa_L ~13.1+0.066p, — 4, =0

P,

42+004q, = 4,

J, =4.2+0.04(180)

2y =4.2+7.2
2, =114
A,—-13.5 -
— _2426-135_ oo\
0.069 0.069
A,-13.1 —
N _2426-131 _169.1 MW.

, =

0.066 0.066

Lambda (Final):
A,=24.26,4, =114

p, =155.9, p, =169.1, p, =195, q, =120, q, =180.
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Min C =(1000+13.5p, +0.0345p; ) + (1245 +13.1p, +0.033p; )
+(2650 +14.5p, +0.0345 p; +4.2q, +0.03q; +0.011p,;)
+(1200+4.2q, +0.02q} )

C, =1000+13,5(155.9) + 0.0345(155.9)* =1000 + 2104.65 + 838.52 = 3943.17
C, =1245+13.1(169.1) +0.033(169.1)° =1245 + 2215.21 + 943,63 = 440384

C,, = 2650 +14.5(195) +0.0345(195)° + 4.2(120) + 0.03(120)? + 0.011(195)(120)
= 2650+ 2827.5+1311.86 + 504 + 432 + 257.4
~7982.76

C, =1200 + 4.2(180) + 0.02(180)? =1200 + 756 + 648 = 2604
MinC=C, +C, +C, +C,
=3943.17 +4403.84 + 7982.76 + 2604 =18933.77

3.3.4 Numerical Result from Direct Solution (Lagrange Multiplier) Technique

The above mathematical algorithm illustrates the solution of combined heat and power economic
dispatch problem by Lagrangian multiplier method or direct solution algorithm. The test system
consists of two conventional power units, one cogeneration unit and a heat-only unit. The heat-power
feasible operation region of the cogeneration unit is illustrated in figure 3.3 of chapter 3.As explained
in chapter 3, combined heat and power economic dispatch has been formulated with the objective of
minimizing fuel cost. Hence, data set for the combined heat and power dispatch problem were given
in tables 3.1, 3.2, 3.3 and 3.4 along with feasible region coordinates of combined heat and power units
respectively.

Table 3.5 shows result of output decision variables from the four-unit test system with power demand
= 520MW and heat demand =300Mwth respectively. Combined heat and power economic dispatch
decision variables were obtained by applying formula derived during modelling of the problem
statement. According to table 3.5, this algorithm has objective function value (M18933.8) and all the
output decision variables (P1, P3, Q3 and Q4) were found to satisfy the given constraints of equations
(3.5), (3.6) and (3.14) of chapter 3. Result shows that this technique can provide the combined heat
and power dispatch solution in few steps when the load levels are such that all units can operate at the
same incremental cost. However, one of the demerits of this technique is that it requires a few
additional steps to identify all violating units if the load levels are such that some of the units are to be

set at their limits, that is, when the unit has heat limit.

It becomes vital to mention that the intention of the above algorithm is to prove that combined heat

and power economic dispatch problem can be solved directly in spite of the proposed (genetic)
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algorithm being automated and fast in determining the output decision variables. It attained optimal
result even in large system like the one in this research compare with direct method. The Lagrangian
multiplier algorithm framework is indeed a powerful paradigm and there is no reason why it should
fail to provide solution for this class of optimization problems to a certain degree. Though, this
technique appears compromising because of the lengthy recalculations required during overshoot.
Such recalculation makes the problem difficult to converge to global minimum. Besides, its
effectiveness for large units is not known, as it is convenient to obtain combined heat and power
economic dispatch variables by proposed technique (Genetic Algorithm) because iterative search
method gives optimal solution to this class of optimization problem as proved by the results in table
3.9.

Table 3.5. Results Obtained from Direct Solution Technique.

Pi(MW) | Po,(MW) | P3(MW) | Q3(MWth) | Qs(MWth) | Cost(}¥)

155.9 169.1 195.0 120.0 180.0 18933.8

3.3.5 System Lambdas (Lagrangian multipliers): Lagrange multipliers (A) associated with the
Karush-Kuhn- Tucker (KKT) necessary optimality conditions as given in equation (3.16) in section
(3.2) was used to compute dispatch values of heat and power using direct solution algorithm. First, we
deduced from this technique that the value of Lagrangian multiplier calculated during the initial steps
is quite close to the final Lagrangian multiplier values. The final Lagrangian multiplier values gives
the final dispatch heat and power values when combined heat and power economic dispatch problem
was calculated directly as shown in table 3.6 below. This is because none of the computed output
decision variables of the generators is outside feasible region. Neither did any of them violate their
limits as specified by constraint equations (3.5), (3.6), and (3.14).If anything, the initial Lagrangian
multiplier value [Ap, Aq] = [25.81 12.54] produced a total fuel cost (objective function) of N18810,
but had the cogeneration unit-3output decision variables in infeasible region. Therefore, we
investigated and found the new operating point of cogeneration unit-3 to be on the corner i.e.
[195,120]. The next stage of system lambda calculation, unit-3 was treated as a fixed output (both heat
and power) unit. This was achieved by subtracting the values of the new operating point [195,120]
from the system power and heat demand and excluding unit3 from the next lambda calculation. The
final Lagrangian multiplier values was calculated to be [Ap Aq] = [24.26 11.40] and the total fuel cost
for this value was N 18933.8. It is also easy to comprehend that Lagrangian multiplier algorithm
outlined in section (3.2) is applicable even when there are more than one heat areas in the system.
Every additional heat area requires the computation of one additional incremental cost equivalent to
the heat demand of the area. This can be carried out by increasing the size of matrix A in (3.66) by one

(for every additional heat area) and modifying (3.65) appropriately.
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Table 3.6 Dispatch results of Power and heat.

Initial dispatch value ,1p ,1q
25.81 12.54

Final dispatch Value ,1p ,1q
24.26 11.40

3.3.6 Direct Handling Constraint Violation(S) of Combined Heat and Power Economic
Dispatch Problem

It is crucial to use an effective constraint-handling mechanism to improve the quality of solutions in a
combined heat and power economic dispatch problem. While either generating a new solution or
modifying an existing solution, the constraint-handling mechanism must ensure the population lies
within the bounds of feasible operation region of the combined heat and power units. The
consideration of transmission losses makes this even more challenging. However, the constraint-
handling mechanism proposed in this research did not look into transmission losses. Each line
segment of the quadrilateral on the P-Q plane in figure 1 above represents a constraint of the
cogeneration unit. The output value of the cogeneration unit could be at point O (feasible region), that
is positive, on any of the line segment of the quadrilateral i.e. zero and negative i.e. outside (infeasible
region) the polyhedron. Equations (3.65) and (3.66) together represent the main result of the research

when solved directly. Given the cost functions of the units and the total power and heat demands, we
can calculate 4, and 4, using (3.65) and (3.66). When we have the values of 4,and 4, the outputs of

the electrical units, heat units and co-generation units can be obtained by applying (3.45) and (3.46) of
the research paper respectively. If none of the computed outputs of the generators are outside their
limits specified in (3.5), (3.6), and (3.14), then they constitute the required dispatch. It can be deduced
that the procedure outlined in the direct solution (Lagrangian) method is applicable even when there

are more than one heat areas in the system.

Every additional heat area requires the computation of one additional ‘lambda’ corresponding to the
heat demand of the area. This can be carried out conveniently by increasing the size of matrix A in
(3.66) by one (for every additional heat area) and modifying (3.65) judiciously. However, the dispatch
gained based on the lambdas computed using equation (3.66) may sometimes not be as feasible as the
capacity constraints if (3.5), (3.6) and (3.14) have not been taken into account in deriving this relation.
The basic idea in handling these constraints is to identify units that violate the constraints and set the

violating quantities at their appropriate limit.
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The system demand is modified to reflect the fact that their outputs are fixed and known. New values
for the system lambdas are calculated considering only the units not at their limits using (3.66) of the
research paper. The mechanism will continue until we reach a stage when no fresh limitation
contraventions are experienced. The technique of adjusting the dispatch problem when the limits of

power or heat units (1), (2) or (4) are breached is quite uncomplicated. The output, which is behind
the designated range, is set at the maximum (that is violated) and the P°or qPis lowered by this

aggregate. The specific unit is shut out while calculating lambdas using equation (3.66) of the
research paper in the next stage. Managing contraventions in a cogeneration unit also demands setting
the output of the violating unit at one of the points on the boundary of its feasible region. The point on
the boundary is so chosen that the Karush-Kuhn-Tucker (KKT) conditions for full problem
optimality, as given in equation (3.16) of the research paper are gratified by the active constraints. The
procedure to achieve this is as follows: For violating cogeneration units say k, identify the subset of
limitations of equation (3.14) of the research paper that are contravened. Each violating constraint can
be associated with a line segment forming a part of the boundary of the feasible region, that is, the
Quadrilateral in figure.1.

The set of violating constraints correspond to a set of continuous boundary line segments. We refer to
this part of the boundary as the violated boundary. In Figure.1 above, the closed region ABCD is the
feasible region. Each line forming the boundary of this region corresponds to a constraint. If the
computed output of the unit corresponds to points such as M or N, it corresponds to violation. At
point M, only one constraint corresponding to line AB is violated. Hence, for this case, AB constitutes
the violated boundary. If the computed output corresponds to point K, it implies the violation of the
constraints corresponding to lines CD and BC. In this case, the line segments CD and BC constitute
the violated boundary for a violating unit, the point representing the unit’s output corresponding to the
system lambdas falls outside the feasible region of the unit. It is shifted on to the violated boundary of
the feasible region in one of the following way: if the unit’s output is modified to correspond with this

new operating point, search for points on the violated boundary where the unit’s incremental cost
Ay =0C /0P, or Ay =0C, /00, is equal to the corresponding component of the system lambda. This
can be done easily since on any line segment in the P — Q plane—the incremental cost values of the
unit vary linearly and the incremental costs corresponding to any point /1p —can be easily obtained by
evaluating the gradient of the cost function at that point. If a point on the violated boundary is found
where oc, /op, the system equalslp, then the power output of the unit is set at the value (say p, )
corresponding to this point.

In the next stage while recalculating the system 4, the unit is treated as variable heat output unit at a

fixed power output of p, . This is carried out thus: the total system power demand is decremented by a
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value p, ; the known value of p, is substituted into the cost function of the k™ cogeneration unit to get

a modified cost function corresponding to that of a heat unit. In the modified cost function, the

coefficiente, remains unchanged whereas the coefficient s, gets modified as(5k + P&y ) .Conversely,
if a point on the violating boundary can be found where oc, /oq, equals the system a, for the next
iteration, the unit is treated as a variable power unit with its g-output kept at a fixed value q,
corresponding to the point on the violated boundary. The value g, is subtracted from the system heat

demand. The coefficients of the cost function of the power unit are obtained by substituting the value

g, for g, in the cost function of the cogeneration unit. In both cases, the above points can be found on

the violated boundary, the point which results in miniature change in the output of the unit from the
infeasible value is chosen as the operating point for the unit. The unit is served as a variable power
unit or a heat unit depending on whether we choose to fix g, or p, as constant, as described earlier in
this research paper. Where identifying even one of these two points on the contravened borderline
becomes infeasible, then the operating point of the unit is chosen as the corner point on the
contravened borderline nearest to the evaluated infeasible operating point. This scenario is typical of
this research. Here, the new operating point was at the corner [195,120] .Therefore, in the next stage
of the system lambda computation, this unit is demonstrated as a fixed output to both heat and power
unit. This is done by deducting p, and g, i.e. the output analogous to the chosen corner point on the
contravened borderline from the system demand, and excluding this cogeneration unit from the

successive lambda calculations.

5.3 Outline of Solution Scheme to Handle Limit Violations

a. Compute the system /1p, /Iq using equations (3.65) and (3.66) of the research paper considering
all the units that are not at their limits in the first iteration where all units are considered.

b. Compute the output of all the units corresponding to the computed values of system /Ip and /Iq :

Check for limit violations. Set the output of violating units at appropriate limits. If there are any

fresh limit violations, then the total output computed will be different from the original P%™"™

Qdemand

c. Determine the coefficients of the cost functions of violating co-generation units to be treated as

P demand

power or heat units. Subtract from the given system , Q¢mand the known outputs of units

set at their limits [68].
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Fig. 3.4. Basic diagram of a typical combined heat and power system.

3.4 IMPLEMENTATION OF COMBINED HEAT AND POWER ECONOMIC DISPATCH
PROBLEM BY GENETIC ALGORITHM METHOD.

Various techniques have recently been proposed for solving multimodal optimization problems. These
techniques can be divided into two main categories: deterministic and stochastic (meta-heuristic)
methods. Deterministic methods, for example, gradient descent method or quasi Newton method,
when they solve complex multimodal optimization problems, may easily get trapped in some local
optimum resulting from deficiency in exploiting local information. They depend mainly on a-priori
information about an objective function capable of leading to fewer reliable results. Stochastic
algorithms on the other hand, combine randomness as well as rules mimicking several phenomena.
These phenomena include physical processes, for instance, the simulated annealing proposed by
author [58], evolutionary processes (e.g. evolutionary algorithm) put forward by authors [59], [60],
[50]. Genetic algorithms suggested by [44], and immunological systems e.g. Artificial immune
systems put forward by author[62] electromagnetism-like put forward by author[63] and gravitational

search algorithm put forward by author[64] all fall under this category.

Genetic algorithms got its idea from the Darwinian theory of biological evolution as an optimization
technique. Its principal objective was obtained from natural evolution. Biological operators like
crossover, mutation and selection play significant roles in Genetic Algorithms. Genetic algorithm has
three randomly created phases: original population of chromosomes, crossover operator, and mutation
operator. Each chromosome constitutes a unique solution to the problem with its quality being best
determined by the value of fitness function. Genetic algorithm commences by creating some random
solutions denoted as initial population. In the next phase, random crossovers give rise to new

successors and in step three, random values of mutation from a few genes in the chromosome are
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adjusted or replaced. The new generation of solutions is then used in the next iteration of the
algorithm. Traditional genetic algorithms usually work well for unique optimum problems but
unsuccessful if they have to find multiple solutions. However, genetic algorithms coincide often with
a local optimum after a certain number of generations. This is due to a low variety in the population or

the incapacity of the mutation process to avoid local optima.

3.4.1 Algorithm1 Pseudo-code of the standard genetic algorithm
1. Input: N: Population size; P, : Crossover rate; P, : Mutation rate.

2. Output: Best Chromosome.
3. t<0

4. Initialize arbitrarily the initial population P (t) .
5. while (not termination condition) do

6. Evaluate P (t)using a fitness function
7. Select P(t)from P(t—1)

8. Recombine P(t)

9. Mutate P(t)

10. Evaluate P (t)

11. Replace P(t—1)by P(t)

12. t<«t+1

end

3.4.2 Five Components for the Sequential Execution of Genetic Algorithm
*A worthy genetic representation for individual (chromosomes).
*A technique to create the initial population.
*A fitness function to calculate the quality of each potential solution.
*Genetic operators that adjust the genetic configuration of parents to produce a new offspring.
*The choice of the values of the various genetic algorithm parameters (population size, cross over

rate, mutation rate, stopping criteria... etc.)

3.4.2.1 Genetic operators initial population:
As genetic algorithm begins its search process for the optimal solution by acting on the initial
population which is a set of potential candidates, the initialization method is a very important step

since it alters the efficiency of the genetic algorithm. Hence, the choice of an efficient initial
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population method enhances the genetic algorithms search effectiveness. The initial population is
usually created randomly in the standard genetic algorithm. However, the use of a random process
causes invalid solutions which increase the algorithm’s convergence time. Thus, coupled with
proposing new constructive methods that permit only valid solutions in the initial population,
researchers have also used a combination of random and constructive methods to construct the initial
population of genetic algorithm. Population size is a generally fixed parameter during genetic
algorithm execution. But there are modified versions of genetic algorithm where the size is dynamic.
The choice of the value of this parameter is an influential factor for determining the quality of
genetic algorithm convergence. In this research, a random approach was used for creation of initial
population with a fixed population size throughout the algorithm execution. This is because the
generated solution satisfied the underlying constraints (power and heat) of the combined heat and
power problem. It explored the operating bounds and then generated several feasible solutions
capable of constituting the initial population of genetic algorithm.

3.4.2.2 Fitness function: Once the initial population is created, genetic algorithm must determine the
performance of each individual by using an adaptive function which assigns to each possible solution,
a fitness value that reflects its quality. Fitness function must consider several criteria, such as distance,
safety, smoothness etc. The definition of a suitable fitness function is a crucial task since genetic
algorithm uses the information generated by this function to choose the individuals for reproduction,
mutation, and at the end of the process, it selects the best solution in the final population according to

its fitness value.

3.4.2.3 Selection operator: Selection is a genetic operator used to choose parents likely to survive to
produce the next generation. Parents with the best fitness values are more likely to be selected for
mating. There are different selection methods that can be used: Elitism, Tournament, Roulette Wheel,
Stochastic Universal Sampling, Linear Rank, Exponential Rank, and Truncation Selections. The main
objective of the selection operator is promoting individuals with high adaptability to be selected for
the next generation. The selection pressure is an important criterion which strongly influences the
performance of genetic algorithm. Where selection pressure is high, genetic algorithm converges
quickly without exploring every available search space. On the other hand, a low selection pressure
produces random solutions. In our approach, Elitist and Truncation Selection methods are used to
control the pressure selection. Elitist which has high pressure selection is used to keep the fittest
solutions throughout generations, and Truncation Selection is used to create an avenue for weak
chromosomes to be selected from the last generation for reproduction in the current one, and to avoid

the dominance of the best individual [12].

3.4.2.4 Crossover operator: After selecting individuals using the selection operator, the crossover is

applied. Crossover is a genetic operator that blends the genetic information (genes) of two selected
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chromosomes (parents) to yield new chromosomes (offspring/child) for population heterogeneity, and
to boost the fitness value of the candidate solutions. The main idea behind crossover is that new
chromosomes inherit the best characteristic of their parents. Thus, the result is having a better child
that performs better than its parents. The crossover rate is the probability of performing crossover.
Different crossover operators have been introduced: the Partially-Mapped, the Order Crossover, the
Cycle Crossover, and Same Point crossover. Same point crossover seems to be the most used
mechanism. Again, author [16], in his work has used the standard crossover mechanism, same point
crossover which holds two crossover strategies: the one-point and the two-point crossovers are
applied if there are at least two identical genes between the parents. Same point crossover was applied
because it provided a better solution than the rest.

3.4.2.5Mutation operator: Mutation is a genetic operator applied to improve diversity and prevent
premature convergence of algorithms. Generally, this operator randomly selects a position (gene) and
replaces it with a new, non-existing gene on the path. Yet, as mentioned in [17], random mutations
could generate invalid paths. Even if a solution is valid before the application of the mutation
operator, the new gene altered can contain an obstacle and as well create an inappropriate path. In this
study, we adopt random mutation. Mutation is performed by randomly choosing a cell from an
individual and trying to replace same with one of its neighboring cells on the grid map.

3.4.3 CONSTRAINED NONLINEAR OPTIMIZATION PROBLEM CONVERTED TO
GENETIC ALGORITHM FORMAT (Modelling of combined heat and power economic
dispatch problem using genetic algorithm)

AMATLAB sub-routine was created to determine the combined heat and power economic dispatch
decision variables (output Heat and output power) plus objective function value of four units’ test
system. The program, including sub-routines, was created with the inputs (tables 3.1, 3.2, 3.3 and 3.4
respectively) being the data and the output being the decision variables (power and heat from

respective units) plus objective function value.

The optimization problem with the specified constraint conditions is given as:
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Min C=2ce,i(pi)+gcc,i(pi,qi)+ch,1(q4)=ce,1(p1)+ce,z(pz)+cc,1(pg,q3)+ch,1(q4)

=(1000+13.5p, +0.0345p; ) +(1245+13.1p, +0.033p; (3.103)
+(2650+14.5p, +0.0345p? +4.2q, +0.03q; +0.011p,q, )

+(1200+4.2q, +0.02q} )
P, + P, + p; =520 (3.104)
qs +q4 = 300 (3.105)
p" < p, < p™ = 10< p, <250 (3.106)
P < p, < Py =  20<p, <200 (3.107)
Q" <q, <qy™ = 20<q, <250 (3.108)

For the purpose of implementing the Genetic Algorithm solution to the above problem in MATLAB
7.0 on an H.P Pavilion Laptop configured in1l:80GHZ, Intel i7 processor, 16GB RAM with
WINDOWS 10 operating system, we make the following change of variables:

Hence we enter the following in MATLAB

Min z=(1000+13.5x, +0.0345x; ) + (1245 +13.1x, +0.033x; )
+(2650 +14.5x, +0.0345x; +4.2X, +0.03; +0.011x,X, )

+(1200 + 4.2x, +0.02x¢ )
Subject to the linear constraint:
X, + X, + X, =520
X, + %X =300

Or in matrix form we can write

X
X, + X, + X, +0-X, +0- % =520 11100 x2 _[520
0-X +0-X, +0-X, +X, + X, =300 00011 X3 300
4
L%

In MATLAB the above linear constraint is written in the form Ax=Db , i.e.
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[L1100,000 1 1]x=[520;300]

where, A=[11100;0 00 1 1], b=[520;,300].

Similarly the given lower and upper bounds for the p’s can be converted to the X’s as follows.

p™<p <p™ = 10<p <250 = 10<x, <250
Pyt < p, < pr* = 20<p, <200 = 20<x, <200

" <q, <qf™ = 20<q, <250 = 20< X, <250

For the purpose of convergence of the GA in MATLAB the other variables such as X; and X,

are also required to have a lower and upper bound, otherwise putting their values equal to
zero will not give a solution. We thus peg their respective lower and upper bounds to be
10<x,<100 and 10<x, <100. Hence the complete set is;

10< x, <250

20 < x, <200

10 < x, <100

10< x, <100

20 < x, <250

In MATLAB we input these as;

Lower bound vector:  [10 20 10 10 20]
Upper bound vector: [250 200 100 100 250]

Once again, the sub-routines created in MATLAB showed the respective tables (3.1, 3.2, 3.3 and 3.4)
as input variables to the program with the output decision variable remaining the power, heat from

respective units plus objective function value.

3.4.3.1 Analysis and discussion of Genetic Algorithm Results: Proposed algorithm (genetic
algorithm) has been applied for 4 generating units of combined heat and power economic dispatch
problems. Cost function parameters along with feasible region coordinate of combined heat and
power units are taken from tables (3.1), (3.2), (3.3) and (3.4) respectively. The system consists of two
conventional power units one cogeneration unit; and a heat-only unit. The heat-power feasible
operation region of the cogeneration unit is illustrated in figure 3.3. As explained in chapter 3,
combined heat and power economic dispatch has been formulated with the objective of minimizing
fuel cost. Table 3.7 shows power generation and heat generation output results of four-unit test system
with power demand (P%)= 520MW and heat demand HP”=300Mwth. The result in Table 3.7shows

that when the above heat and power loads were used, only unit two reached its capacity limit with
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proposed algorithm being employed to solve the combined heat and power economic dispatch
problem. It also follows that the minimum objective function value was obtained after 51 iterations,
with cost function value (N21120.0).

In this research, obtained output decision variables (P, P3, Q3 and Q,) were satisfactory for all the
available constraints (equality and inequality constraints) associated with the combined heat and
power economic dispatch problem, while output decision variable of unit 2 remained infeasible. The
global optimal solution obtained in this 4-unit test system confirms the applicability of the proposed
(genetic algorithm) for dealing with optimization problems of this class. The result improvements
compared to existing techniques are significant as demonstrated with particle swarm optimization and
artificial bee colony algorithm. It is therefore observed that due to its effective searching capability,
proposed genetic algorithm can converge to produce intensely diverse and widespread solutions along
with better, extreme solutions. We therefore conclude that proposed algorithm does not only provide a
reasonable assessment of global solutions, but better convergence speed. Genetic algorithm therefore,
being a probabilistic search technique, is known to be computationally more efficient for problems

that permit probability solutions similar to the one proposed in this research.

Genetic Algorithm-Output
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Fig 3.5: GA-Output with respective values of the independent variables.
p, =102.3 p, =345.6, p, = 70.1,0, =158.2,, = 234.7

The above figure 3.5 depicts the combined heat and power output decision variables computed using
genetic algorithm in the form of bar chart. Each bar represents an output decision variable (power or
heat). Power and Heat Outputs decision variables of unitsl, 3 and 4 operate within the required

(feasible) bound, whereas unit 2output decision variables are infeasible. The result implies that
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simulated output decision variables—heat and power— at respective 520MW and 300MW loads have
global minima on units 1, 3 and 4. They satisfy all available constraints, unlike unit-2 that could not
find the optima in the specified maximum number of cycles. The proposed algorithm produced results
quite close to the global optima with minimum objective function value.

1424 ¢

1284

14271

;i

Filness walue

17110 +

16343 |

19966 [

21120

1
0 10 20 30 40 50 60 70 80 90 100
Generation

Fig3.6: After 51 iterations we get the minimum value of the fitness function; z= 21120.

Figure 3.6 indicates fitness function values against a number of generation simulation results obtained
from combined heat and power economic dispatch problems, using data sets from tables (3.1), (3.2),
(3.3) and (3.4) at power and heat loads of 520MW and 300Mwth. From the above graph it could be
seen that the objective function value converged at 51 iterations. Convergence of genetic algorithm is
generally difficult to obtain due to the fact that evolutionary computations incorporate complex
nonlinear stochastic processes. In a negative case where more random individuals are generated with
no enhanced optimized minimum, no improved state (better optimized minimum) is achieved.
Nevertheless, we can state with a determined probability that any minimum with lower value than the
optimized minimum does not exist. This probability can be made arbitrarily close to 1 if we generate
sufficiently large number of random individuals. The result in figure 3.6 shows that proposed
algorithm converges quite close to the global minimum of cost function. This is because random
individuals explore the search space of the optimization problem and not only the neighborhood of the
optimized minimum in each generation. Also, the selection process chooses the best individual from

parents and offspring (elitism); and every state is reachable from any other state.
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The result of the experiment for the genetic algorithm is given in table 3.7. Comparative results of the
best mean and worst solutions of the proposed algorithm using the 4-unit test system are presented
based on table 3.7.The best solution obtained by genetic algorithm for 4 test function, as seen in table
3.7, genetic algorithm has found the global minimum (feasible solution) of the three of four units
(units 1, 3 and 4) through 51 iterations. On unit 2, genetic algorithm could not find the optima in the
above number of iteration lines. Table 3.9 indicates that genetic algorithm is better than particle
swarm optimization on two units (1 and 2) while proposed algorithm shows better performance over
artificial bee colony on units (1, 2 and 4).With respect to the mean solution result, from the graph
using the 4-unit test system over 51 iteration runs, proposed algorithm had optimal solutions from
units (1, 3 and 4) but could not find optima in the specified number of iteration lines. The worst
solution obtained by proposed algorithm was on unit 2. Here genetic algorithm could not find result

quite close global optima after 51 iteration lines.

Table 3.7. Results Obtained from Genetic algorithm (GA)

P;(MW)

P,(MW)

P3(MW)

Qs(MWth)

Qu(MWth)

Cost(¥¥)

102.3

345.6

70.1

158.2

234.7

21120.0
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Fig 3.10: Flow Chart of the genetic algorithm Based Combined Heat and Power Optimization
Problem.

Genetic algorithms, though theoretically capable of providing global optimum from any random set of
initial population of candidate solutions, routinely fail with automatic all-constraints-satisfying
solutions. Optimality proof of genetic algorithms is based on infinite stages of search completely
infeasible in any context. This problem can be resolved by applying a partial solution that ensures all
the candidate solutions considered at all stages of search are feasible solutions (i.e. satisfying all the
available constraints). In this research, we wrote a small code to generate the members of the first
generation such that the real power and heat outputs of each generator satisfy their corresponding
equality and inequality constraints. The same method was used throughout the search while

generating new candidate solutions through genetic operations to ensure that only those candidate
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solutions that satisfy their loads’ equality and inequality constraints are in the pool. Finally, the search
was limited to feasible solutions which satisfy equality and inequality constraints that give the

minimum cost function.

3.5 IMPLEMENTATION OF COMBINED HEAT AND POWER ECONOMIC DISPATCH
PROBLEM BY PARTICLE SWARM OPTIMIZATION ALGORITHM.

The Particle Swarm Optimization Algorithm was advanced by J. Kennedy and R. Eberhart in
1995.This Algorithm was originally used for solving continuous non-linear functions. The concept of
particle swarm optimization comes from a simplified social system like birds flocking or fish
schooling. Assume a group of birds is searching for food in an n-dimension area (n equals the number
of control variables). None of these birds knows where the food is. However, they know which bird is
nearest to the food (assume the closest bird to the food is Bird A). What happens is that, the rest of the
birds will obtain food by following bird A and searching its adjoining region. A single particle in a
PSO can be viewed as a bird. The position of each particle can be expressed as x, = (x,,,x,,K ,x,) -

The original particle in particle swarm optimization is randomly selected and then particle swarm
optimization will continually search for optimal value by updating the particles in each iteration. The
fitness value of the particle is related to the objective function. And the velocity of the particles

v, = (v, Vi,.K ,v,, ) IS related to its pervious velocity, global best known position, and local best known

position. Velocity indicates the directions of all the particles in the next iteration. The local best
known position is the best solution achieved by each particle so far. The global best known position is
the best solution among all the achieved solutions. The inertia velocity part, local best known position
part, and global best known position part of the velocity reflect the cooperation and competition
mechanism in particle swarm optimization. Similar to genetic algorithm, particle swarm optimization
also starts with a group of randomly generated solutions and updates the solutions in each iteration.
However, particle swarm optimization uses historical data rather than does crossover and mutation
operations. The behavior of all the particles appears to be managed by a control center. However, in
reality, as formulas 1 and 2 describe below, the principle of the particle swarm optimization algorithm

is quite straightforward.

3.5.1 A Particle Swarm Optimization Algorithm

The basic particle swarm optimization algorithm is developed by exploiting social model simulations.
The method is developed with inspiration from flocking of birds and schooling of fish. The particle
swarm optimization method was first designed to simulate behavior of birds searching for food in a
bounded area. A single bird would find food through social cooperation with other birds— its

neighbors— in the flock. Later, the method was extended for multi-dimensional search, and
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neighborhood topologies are considered to determine the relationship between particles in a swarm.
The particle swarm optimization algorithm with dynamic neighborhood topology for every particle
12,K,N can be described as;

Via=0[V +a(pl-X)+a(gi-x)] (3109
X =% + Vi (3.110)

where x! e; " is the position of i particle at time t, p; e "is the best position achieved by the i

particle until time t, g <; "is the best position achieved by i™ particle and its neighbors until time t,
VtI € "is the rate of position change (velocity) of the i particle at time t, and N is the number of

particles in the swarm. The coefficients ¢}, e[O,(Zl]nand Pl 6[0,(51]nare n-dimensional uniform

vectors with random distribution referred to as social and cognitive learning coefficients, respectively.
They determine the relative significance of social and cognitive components. Equation in (3.109)
shows how particles update their velocities dynamically during search. Equation (3.110) shows how
particles adjust their positions according to their updated velocities. Equation in (3.109) has three
components. The first component is the momentum component, which shows an adjustment to
updated velocity to prevent a rapid change while updating same. The second component is the
cognitive component, where particles have memory and are able to use their previous experiences
while determining their velocity in search space. The last component, referred also to as the social
component, shows social cooperation of particles in swarm ability, that is, particles’ abilities to
exploit their neighbors’ experiences while determining their velocities in search space. The sum of the
three components designated in equation (3.109) could result in large velocity values. In such cases
the algorithm is said to be in explosion operation, where high values of the updated velocity prevent

the particles from coinciding; and they disperse through the search space. v__ is the most remarkable

variable in the basic particle swarm optimization algorithm affecting its performance, and it is the
only variable that needs to be modified in order to use the basic particle swarm optimization

algorithm.

A large value of v causes the particles to search in a larger area and to move far from areas with
good solutions, while a small value causes the particles to search within a smaller area and to possibly
get trapped in local minima. In order to prevent such cases, each particle's velocity could be limited to
a range [—Vmax ,Vmax]. Particle swarm optimization algorithms have a simple structure, are easy to

implement and have a high computational efficiency. In the basic particle swarm optimization
algorithm, each particle in n-dimensional search space is assigned randomly generated position and

velocity vectors. A fitness value according to the chosen fitness function is assigned to each particle

63



according to their initial positions in the search space. During search, each particle's fitness value is
compared with the best fitness value achieved until that instant (pbest). The better value is then

assigned as the best fitness value achieved until that instant, and its position is recorded as p; . If all

the particles are connected, it is global best, otherwise it is neighborhood best. A better value is

assigned as the global best fitness value and the corresponding position is g/ . After determining the

best and neighborhood global best position vectors using equation (3.109), each particle updates its
position and velocity vectors. This situation continues iteratively until it reaches a predefined stopping
criterion, that determines the desired performance aspects of the algorithm. The particle swarm
optimization algorithm, like the genetic algorithms, simulated annealing; hill climbing is randomly
initialized, where the members of the population interact with one another. Also, particle swarm
optimization can converge to the possible solutions faster than other algorithms. But an incorrect fine-
tuning of the algorithm parameters could result in a slower convergence [65].

115

110

Fig 3.11: Particle swarm optimum search
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3.5.2 Algorithm 2 Pseudo-code of the standard particle swarm optimization Algorithm.

The algorithm is thus presented below:

1 Initialize population

2 for =1 :maximum generation
3 for i = | : population size
4

-] & n

=N ]

10
11

12
13

14

15
16

17 end

it f(x,(0))</(p0)) then p,(1)=1x,,()
S (pe(n))=min( (p,(0))

end
for 4 =1 : dimension

v (D) =w (O +er ( p-x d(f))+czrz ( P, (f))

X, () =x () +v, (1 +1)

it v, (t+1)>v,, then v  (1+)=v
elseif v (r+1)<v, then v  (i+1)=v
end

if x, (+1)>x, then x  (1+1)=x

" max

elseif x ,(r+1)<x, then x (1+1)=x

min min

end
end

3.6 MODELLING OF COMBINED HEAT AND POWER ECONOMIC DISPATCH
PROBLEM USING PARTICLE SWARM OPTIMIZATION ALGORITHM
A MATLAB subroutine was created, using the algorithm process of 3.5.2, to calculate the combined

heat and power economic dispatch output decision variables (heat and power) plus cost function; and

displayed in Appendix B. The modelling equation used to implement combined heat and power

economic dispatch problem using particle swarm optimization algorithm is illustrated below:

2 1 1
Min C =Zce,i ( pi)+zcc,j(pj 1 )+Zch,k (Qk) =Ce,1( pl)+Ce,2(p2)+Cc,l(p11q1)+ch,l(Ql)
i1 =t =]

=(1000+13.5p, +0.0345p; ) +(1245+13.1p, +0.033p;
+(2650 +14.5p, +0.0345 p; + 4.2q, +0.0q; +0.011p,; )

+(1200+4.2q, +0.020; )
(3.111)
Subject to
P, + P, + P; =520 (3.112)
p" < p, < p™ =  10<p, <250 (3.114)
P < p, < py™ =  20<p,<200 (3.115)
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ar" <q, <qr™ =  20<q, <250 (3.116)

Once again, the sub-routines created in MATLAB showed the data sets from tables (3.1), (3.2), (3.3)
and (3.4) as the inputs to the program and the output decision variables being the power and heat from

respective units plus objective function values.

3.6.1 Analysis and Discussion of Particle Swarm Optimization Results

In the case of combined heat and power economic dispatch for 4 generating units (test system),
particle swarm optimization algorithm has been applied. Cost coefficient parameters along with
feasible region coordinates of combined heat and power unit is taken from tables (3.1), (3.2), (3.3) and
(3.4) respectively. The test system comprises two conventional power units, one cogeneration unit and
a heat-only unit. The heat-power feasible operation region of the cogeneration unit is illustrated in

figure 3.3.

Combined heat and power economic dispatch has been formulated in section 3.2 of this chapter with
the objective of minimizing fuel cost. Table 3.8 shows power and heat generation output decision
variables of four-unit test system with power demand (P%) = 520MW and heat demandH?=300Mwth.
It is vital to note that from power and heat loads specified above, particle swarm optimization
algorithm has found the global minimum on units (1), (3) and (4). These units satisfy all the available
constraints while the algorithm could not find optima on unit (2) in the specified maximum number of
iterations. It must be mentioned that cost function value of (N22917.0) was obtained after 103
iterations which indicated a slow convergence speed. The slow convergence speed of this algorithm
makes computation cumbersome since extra arithmetic is required to correct this problem, unlike
proposed algorithm. This class of optimization problem requires algorithm to make a perfect initial
guess for optimization variables. The initial guess or starting point is vital, and can significantly affect
the objective value. Also, the particles of particle swarm optimization do not utilize genetic operators,
and their information-sharing mechanism is slow compared to proposed algorithm. For complicated
problems, particle swarm optimization algorithm tends to get trapped in the local optimum for its high
dimensional space. This can be avoided by continuously updating the parameters of particle swarm
optimization algorithm. The value of cost function was higher than the expected threshold, which
implies results are not globally feasible in all the units. Also, the result indicates the algorithm is

incapable of attaining solutions that are both optimal and feasible.
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Fig 3.12: Particle swarm optimization convergence characteristic

3.6.2 Particle swarm Optimization Convergence Characteristics.

Figure 3.12 depicts particle swarm convergence characteristics of the combined heat and power
economic dispatch problem of the research with power and heat loads of 520MW and 300Mwth
respectively. The graph indicates fitness function values on the vertical axis and the number of
iterations on the horizontal axis. Particle swarm optimization is a population-based stochastic
optimization originating from artificial life and evolutionary computation. Particle swarm
optimization is influenced by the social behavior of organisms, such as birds flocking, fish schooling
and human social relations. Its characteristics of low constraint on the continuity of objective function
and ability of adapting to the dynamic environment make particle swarm optimization one of the most

important swarm intelligence algorithms.

From the convergence characteristics of particle swarm optimization above, we can easily draw the
following important conclusions: Fitness function value of (N22917.0) was obtained after 103
iteration lines which implies a slow convergence rate and low accuracy. To ensure better convergence
characteristics of particle swarm optimization, the inertia weight should be selected around the center
region of the convergence interval and this will eliminate the swinging process resulting in one step
backward and two steps forward. Also the pliability (flexibility) of control parameters needs to be
improved to strengthen the position updating randomness of particles for improved exploration ability
of the algorithm and assistance with skipping local optimum. For its convenience of realization and
low constraints on the environment and objective functions, particle swarm optimization has been
accepted widely as a potential global optimizing algorithm. It does however not rule out the existing

need for further research of the algorithm itself. Hence, of a deeper concern to particle swarm
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optimization researchers should be the process of studying and analyzing particle swarm optimization
convergence characteristics to reflect its working mechanism. Finally, it is observed that particle
swarm algorithm converges slowly in early iterations and hence, the number of maximum runs
(iterations) can be increased to save the solution time.

Table 3.8 .Results Obtained from Particle Swarm Optimization (PSO)

P:(MW)

P2(MW)

P3(MW)

Qs(MWth)

Qu(MWth)

Cost(N)

110.3

390.6

69.1

160.0

230.7

22917.0
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Fig3.13: Flow Chart of the particle swarm optimization based Combined Heat and Power
Optimization Problem.

3.7 Conclusion.
Modelling and simulation of combined heat and power economic dispatch system comprising two

conventional power units, one cogeneration unit and a heat-only unit was presented. Its performances
under various optimization techniques (Genetic, artificial bee colony particle swarm optimization and
direct solution algorithms were used in this chapter. The studies revealed that proposed(genetic)

algorithm can realize better solutions in terms of the objective function value, convergence speed and
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the number solution that are near global minimum compared with Particle swarm optimization. The
slow convergence speed associated with particle swarm optimization makes computation cumbersome
because extra arithmetic is required to correct this problem at each generation. Furthermore, particle
swarm optimization easily falls into local optimum in high dimensional space as seen in this class of
optimization problem. This undeniable drawback associated with particle swarm optimization, makes
it comparatively less practical and less attractive than proposed algorithm. On the other hand, direct
solution (Lagrangian multiplier) algorithm has less objective function, but requires length
recalculations when any of the units violates the constraints as indicated in unit (3) where the output
decision variables violated the cogeneration unit constraints and its effectiveness for large units is not
known. The performance of the proposed algorithm has been critically assessed in comparison with
other known algorithms like artificial bee colony used in chapter four of this research to highlight its
merits. The development of genetic algorithm to optimize the cost of power generation is efficient,
robust and likely to continue. As a result, further development of simpler approaches to cost of power
generation modelling is of paramount importance.

It is thus shown in table 3.9 that the genetic algorithm method is superior to particle swarm
optimization technique for this class of constraint optimization problem. Therefore, we compare the
two optimization algorithms rather than the direct solution approach, for its lengthy calculation rules,
difficult constraint-handling mechanism rules associated with cogeneration units when any of its units
violates the constraint and the effectiveness of this method for large units is uncertain. A perusal of
the results provided in table 3.9 shows that particle swarm optimization algorithm requires a
considerably large number (over 103 in some cases) of iteration lines to converge, compared with the

number of iteration lines steps required by the genetic algorithm method.

As pointed out earlier, particle swarm optimization algorithm has slow convergence speed; this slow
convergence characteristic is inevitable, because of the sequential nature of the algorithm. Particle
swarm optimization characteristics also indicate that the convergence speed could deteriorate with
increase in number of units in the system. Plus, initial design variables are difficult to define.
However, it is easy to see that the amount of computation involved in each step of the genetic
algorithm is considerably less than that required for one generation of the particle swarm optimization
algorithm. Therefore, comparing the performance of particle swarm optimization algorithm and
artificial bee colony algorithm with the proposed algorithm (genetic algorithm) may not be proper.
The reason being that the solutions provided by these algorithms (particle swarm optimization and
artificial bee colony algorithm) do not even correspond to acceptable solutions. It does necessarily not
imply that these algorithms cannot be developed for the combined heat and power economic
problems, but the possibility of such implementations outperforming genetic algorithm solution seems
very remote for this class of constraint optimization problem. The reason is that the attractiveness of

the particle swarm optimization algorithms lies in their ability to provide solution to unstructured,
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very complex problems, which cannot be readily solved by other meta-heuristic approaches. Particle
swarm optimization algorithm, being probabilistic search method, is not known to be computationally
more efficient for problems that permit a genetic algorithm similar to the one proposed in this
research. On the other hand, it is well known that convergence speed of artificial bee colony
degenerates as the number of units’ increases in the system with optimal solution seeming
inaccessible. Therefore, it can be concluded that the proposed algorithm (genetic algorithm)
outperforms all of the two algorithms applied in chapters 3 and 4 of this research. The analysis of the
results further shows that proposed algorithm (genetic algorithm) reduces the system operational cost
significantly compared to the other two algorithms. It therefore appears reasonable to conclude that
the proposed (genetic algorithm) has extreme promise when compared to particle swarm optimization
and other known combined heat and power economic dispatch meta-heuristic algorithms.

Table 3.9. Summary of Results Obtained from Direct Solution, Genetic and Particle Swarm
Optimization Algorithms.

Direct Genetic Particle Swarm
solution(Lagrangian Algorithm(GA) Optimization
multiplier method)

P;(MW) 155.9 102.3 110.3
P,(MW) 169.1 345.6 390.6
P3(MW) 195 70.1 69.1
Q3(MWth) 120 158.2 160
Q4(MWth) 180 234.7 230.7
Cost(N) 18933.8 21120.0 22917.0
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CHAPTER 4- IMPLEMENTATION OF COMBINED HEAT AND POWER ECONOMIC
DISPATCH PROBLEM USING ARTIFICIAL BEE COLONY ALGORITHM.

4.0 INTRODUCTION

This chapter addresses implementation of combined heat and power economic dispatch problem
encountered in a system with simple cycle cogeneration unit using a novel meta-heuristic algorithm—
the artificial bee colony— inspired by the operation of honey bee feeding food. Its efficiency is more
constructive than some other meta-heuristic and optimization techniques. Data obtained from chapter
three will aid the demonstration of artificial bee colony algorithm operation in this chapter. The test
system considered consists of four units: two conventional power units, one combined heat and power
unit and one heat-only unit. Constrained and convex optimization problems are encountered in many
applications such as structural optimization, engineering design, economics and allocation and
location problems. These are just a few of the scientific fields in which constraint optimization
problems are frequently met. The considered problem in this chapter is reformulated to take the form
of optimizing two functions, the objective function and the constraint violation function. The artificial
bee colony algorithm was applied on the data while taking into account the power and heat units,
operation bounds of the units and feasible operation region of the cogeneration unit.

Essentially, optimization design, having been widely applied in product design, is an extremely
effective way of ensuring the product has an excellent performance, sheds weight and volume, and
reduces product cost. The optimization problem is to find optimal solution of multi-modal problems in
the feasible region. Thus, it provides multiple choices or multi-faceted information for decision
makers. Many classical numerical methods for optimizing problem can actually get good results for
some problems. But these rather continuous and differentiable methods have a strong constraint for
the objective function. They equally have strong dependence on optimization problem. At the same
time, the algorithm results are not only related to the selection of initial values, they are easily trapped
in local minimum when selection is made wrongly. When dealing with a complex multimodal
optimization problem, the traditional search method for single point often only searches uncertainty at
one extreme point at a time. It therefore is basically invalid for the complicated multimodal
optimization problem. The developing swarm intelligence algorithms become new effective
approaches for solving multi-peak function optimization problems.

In recent years, the booming evolutionary algorithm with the global optimality, parallelism and
efficiency has been widely used in function optimization problems. Aided by nature evolution, the
evolutionary algorithm overcoming the drawback of traditional numerical method as a global
optimization method for multiple clues is based on the population and random search mechanism. It
has attracted widespread attention of evolutionary computation in the field of optimization

application, from where various forms of evolution algorithm emerge endlessly. On the other hand,
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social insects’ colonies like ants and bees have an instinctive ability termed “swarm intelligence”. It is
an advanced behavior that enables colonies of insects to solve problems beyond the capabilities of
individual members by functioning collectively and interacting primitively amongst members of the
group. In a honey bee colony for example, this behavior allows honey bees to explore the
environment in search of flower patches (food sources) and then indicate the food source to the other
bees of the colony when they return to their hive. Such a colony is not only characterized by self-
organization, but is naturally adaptive and robust [66]. Based on MATLAB software, the Artificial
Bee Colony Optimization Algorithm program was developed for combined heat and power economic
dispatch problem. The example shows that this algorithm had no special requirements on the
characteristics of optimal designing problems that have a fairly good universal adaptability and a
reliable operation of program with a strong ability of global convergence. Like other swarm intelligent
algorithms, artificial bee colony has some performance impeding demerits. It is perfect at exploration
but poor at exploitation. Therefore, accelerating convergence speed and preventing local optima have
become two vital and appealing objectives when using artificial bee colony algorithm in solving

constraint optimization problems.

4.1Artificial Bee Colony Algorithm

Division of labor and self-organization are the constituent bases of a bee colony. Through a division
of labor devoid of any centralized control in a self-organizing system, each covered unit may respond
to local stimuli individually, and act together to accomplish a global task. Certain functions are
accomplished by skilled individuals in an actual bee colony. These skilled bees try to optimize the
aggregate nectar reserved in the hive, using methodical division of labor and self-organization. This
algorithm is based on particle swarm intelligence inspired by the characteristics of honey bees finding
food. The artificial bee colony algorithm, suggested by author [31], for actual variable optimization, is
an optimization technique that simulates the searching operation of a bee colony. The minimal model
of swarm intelligent search selection in a honey bee colony which the artificial bee colony algorithm
simulates comprises three categories of bees: employed, onlooker, and scout bees. Half of the colony
is made up of employed bees, whereas the second half consists of sentry bees. Employed bees account
for utilization of the nectar sources earlier investigated. They equally undertake the responsibility of
passing information to the waiting bees (sentry bees) in the hive about the quality of the food source
plots they are utilizing. Onlooker bees wait in the hive and decide on a food source to utilize based on
the information shared by the employed bees. Scouts either randomly search the environment to find a
new food source depending on internal stimulation or based on possible external suggestion or clue
(sign). To implement artificial bee colony algorithm, the considered optimization problem is first
converted to the problem of finding the best parameter vector that minimizes an objective function.

Then, the artificial bees randomly discover a population of initial solution vectors before iteratively
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improving them by moving towards better solutions by means of a neighbor search mechanism, while

abandoning poor solutions.
Searching bees’ emergent intelligent behavior is further summarized below:

1) At the commencement of the searching procedure, bees go about investigating the

environment randomly in order to find a food sources.

2) Upon locating a food source, bees become employed searchers and begin to utilize the
discovered source. Afterwards, they go back to the hive with the nectar for unloading. After
unloading in the nectar, they either return to their discovered source plot directly or elect to
share information about their source plot by executing a dance on the area. If their source is
spent, they become scouts and start to randomly explore a newer source.

3) Onlooker bees waiting in the hive watch the dances advertising the profitable sources. They
choose a sources plot depending on the frequency of the dance proportional to the quality of the

source.

Food source position of in artificial bee colony constitutes a possible solution to the optimization
problem. The nectar amount of a food source corresponds to the profitability (fitness) of associated
solution. Each food source is exploited by only one employed bee. In other words, the number of
employed bees is equal to the number of food sources existing around the hive (number of solutions in
the population). The employed bee whose food source has been abandoned becomes a scout. Using
the analogy between emergent intelligence in foraging of bees and the artificial bee colony algorithm,

the principal constituents of the basic artificial bee colony algorithm can be further outlined thus:

4.2 Producing Initial Food Source Sites

If the search spaces considered being the environment of the hive that contains the food source plots,
the algorithm starts with randomly producing food sources plots that correspond to the solutions in the
search space. Initial food sources are produced randomly within the range of the parameters, and
assuming the abandoned source is x, then the scout bee replace this food source with new x, as

follows;

=0 a0 [0, 1) &

Wherei=1,2,K ,SN, j=1,2,K,D. SN is the number of food sources and D is the number of

optimization variables. Furthermore xJ_ and x!_are bounds of x, inthe j"direction.
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In addition, counters which store the number of trials of solutions are reset to zero in this phase. After
initialization, the population of the food sources (candidate solutions) is subjected to repeat cycles of

the search process of the employed bees, the onlooker bees and the scout bees.

4.3 Sending employed bees to the food sources sites

As mentioned earlier, each employed bee is associated with only one food source plot. Hence the
number of food source plot is equal to the number of employed bees. An employed bee produces a
modification on the position of the food source (solution) in her memory depending upon local
information (visual information) and finds neighboring food source, and then evaluates its quality. In
artificial bee colony, finding a neighboring food source is defined by:

v =X+, (xij — X, ) (4.2)
Where g, (x; —%,;) is called step size, kKe{L2K SN}, je{L2K ,Djare two randomly chosen
indices. k must be different from 1 so that the step size has some significant contribution and ¢ij is a

random number in [-1,1]
As it is evident from equation (4.2) as the difference between the variables of the Xj and Xy

decreases, the perturbation on the position X;; decreases. Thus, as the search approaches to the optimal

solution in the search space, the step length is adaptively reduced. If a variable value produced by this
operation exceeds its predetermined boundaries the variable can be set to an acceptable value. If the

value of the variable exceed its boundary is set to its corresponding boundaries. If x, > x! _ then
x =x ., 0f x <xi. then x =xi . After producingv, within the boundaries a fitness value for a

i max

minimization problem can be calculated to the solution v, by ;

Y1+ 1) if £,>0

4.3
1+ if f, <0 (43)

Fitness; ={

where f; is cost value of the solutionv,. For maximization problems, the cost function can be directly
used as a fitness function. A greedy selection is applied between x; andyv,, the better one is selected
depending on fitness values representing the nectar amount of the food sources at x; andv,. If the
source at v,is superior to that of x; in terms of fitness values, the employed bees memorize the new
position and forget the old one. Otherwise the previous position is kept in memory. If x; cannot be

improved its counter holding the number of trials is incremented by one, otherwise the counter is reset

to zero.

4.4 Computing probability values involved in probabilistic selection
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After all employed bees complete their searches, they share their information related to the nectar
amount and the positions of their sources within the onlooker bees on the dance area. This is the
multiple interaction features of the artificial bees of artificial bee colony. Onlooker bees evaluate the
nectar information taken from all employed bees and choose a food source plot with a probability
related to its nectar amount. This probabilistic selection depends on the fitness value of the solutions
in the population. A fitness-base selection might be roulette wheel, ranking base, stochastic universal
sampling, tournament selection etc. In basic artificial bee colony, roulette wheel selection scheme in
which each slice is proportional to size to the fitness value is used in equation (4.4).

- SNFntnessi (4.4)

> Fitness,

i=1

4.5 Food source site selection by onlookers based on the information provided by employed
bees:
In the basic artificial bee colony algorithm, a random real number within the range [0, 1] is produced

for each food source. If the probability value ( p, in equation (4.4)) connected with that food source is

substantial than this random number then the onlooker bee generates an adjustment on the position of
this food source plot by using equation (4.2) as in the case of the employed bee. After the food source
is assessed, greedy selection is employed and the onlooker bee either memorizes the new position by

forgetting the old one or keeps the old one. If solution x, cannot be up-graded, its counter holding trial

is increased by one; if not, the counter is reset to zero. This process is duplicated until all onlookers

are disseminated onto food source sites.

4.6 Abandonment criteria: limit and scout production

In a cycle, after all employed bees and onlooker bees concluded their searches the algorithm
scrutinize to see if there is any exhausted food source to be abandoned. However, to decide if a food
source is to be abandoned, the counters which have been modernized during search are applied. If the
value of the counter is substantial than the control variables the artificial bee colony algorithm,
known as the “limit”, then the source associated with this counter is presumed to be finished and is
abandoned. The food source abandoned by its bee is returned with a new food source is discovered by
the scout, which constitutes the negative feedback procedure and fluctuation property in the self-
organization of artificial bee colony. This is simulated by generating a plot position randomly and

returning it with the abandoned one. Assume that the abandoned source is x, , and then the scout
randomly discovered a new food source to be replaced with x,. This operation can be defined as

equation (4.1). In the basic artificial bee colony, it is presumed that only one source can be finished in
each cycle, and only one employed bee can be a scout. If more than one counter surpasses the “limit”

values, one of the maximum ones might be chosen programmatically.
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4.7 Artificial Bee Colony Optimization for Combined Heat and Power Economic Dispatch

In order to adapt the artificial bee colony algorithm for solving constrained optimization problems in
this research, we adopted Deb’s constrained handling method instead of the selection process (greedy
selection) of the artificial bee colony algorithm since Deb’s technique consists of very simple three
heuristic rules. Deb’s technique employs a tournament selection operator, where two solutions are
compared at a time, and the following criteria are always enforced:

1. Any feasible solution is preferred to any infeasible solution,

2. Among two feasible solutions, the one having better objective function value is preferred,

3. Among two infeasible solutions, the one having smaller constraint violation is preferred.
Because initialization with feasible solutions is very time consuming process and in some
cases it is impossible to produce a feasible solution randomly, the artificial bee colony
algorithm does not consider the initial population to be feasible.

The structure of the algorithm already directs the solutions to feasible region in running process due to
the Deb’s rules employed instead of greedy selection. Scout production process of the algorithm
provides a diversity mechanism that allows new and probably infeasible individuals to be in the
population. In order to produce a candidate food position from the old one in memory, the adapted
artificial bee colony algorithm uses the following expression:

X+ (% —%) if R <MR

v, = (4.5)

X otherwise

where ke{l 2K ,SN} is randomly chosen index. Although k is determined randomly, it has to be
different fromi . Rj is randomly chosen real number in the range [0, 1] and MR a modification rate, is

a control parameter that controls whether the parameter X;; will be modified or not. In the version of

the artificial bee colony algorithm proposed for constrained optimization problems, artificial scouts
are produced at a predetermined period of cycles for discovering new food sources randomly. This

period is another control parameter called scout production period of the algorithm.

Step 1: Initialization of the control variables.

Variables of the basic artificial bee colony algorithm include the following sizes of colony: (NP), the
number of food sources (SN=NP/2), the limit for scout, L= SN*D.D is the dimension of the problem

(number of optimization variable) and a termination criterion or maximum cycle number.

Step 2: Producing initial food source sites.

The initial food sources vector

76



X;=[R.P,K,P,,P, K P, H

Vat a+l!? a+l?

T . . . .
H,H,H K,Hn] i =1,2,K, NP is determined by equation

p+1 7 g2

(4.7) and setting P : U (P'“‘”,Pmax)and H: U(Hm‘”,Hm""x).U(a,b) denotes a uniform random

variable range over [a, b] and evaluates the fitness value using equation (4.7);it then chooses SN, the
best food source on the basis of highest fitness value as initial food sources, and set the cycle = 1; the

trial number of each solution X;, trial, is equal to zero.

HereX=[X1,X2,K,XNp], [Xll’xll’K X|D] and P P z H —H Z| it i-

Pij = ijin +rand (011)(ijax _ ijin)

4 4 (4.6)
H, =H"" +rand (0,1)(H;nax - Hjm'“)

Fitness(F) = ! 4.7)

[Z 1+F(R)+ X, A+ R (RHIN+ Y 1+F,(H)]
Step 3: Sending employed bees to the food sources [SN] and assigning the nectar amount.

In this step, each employed bee generates a new solution V; by using equation (4.2); and computes the
fitness value of the new solution by using equation (4.7) to satisfy all constraints. If the fitness of the
new one is higher than that of the previous one, the employed bee memorizes the new position and

forgets the old one. Otherwise, the employed bee keeps the old solution.
Step 4: Sending the onlooker bees to the food sources depending on their amount of nectar

This step requires computation of the probability value P; of the solution X; by means of their fitness
value using equation (4.4). An onlooker bee selects a means to update its solution depending on the
probabilities; and also determines a neighboring solution around the chosen one. In the selection
procedure for the first onlooker, a random number is produced between 0-1, and if this number is less
than P1, the solution is updated using equation (4.2). Otherwise, the random number is compared with
P2;and if less than that, the second solution is chosen. Otherwise, the probability of a third solution is
checked. This process is repeated until all onlookers have been distributed to solutions. The

distributed onlooker bees update their own solutions just as the employed bees do.
Step 5: Sending the scouts to the search area to discover new food sources.

If the solution X;is not improved through steps 3 and 4, the trial;value of solution X;will be increased
by 1. If the trial;of the solution is more than the predetermined “/imit”, the solution X; is considered
to be an abandoned solution. Meanwhile, the employed bee will be transformed into a scout. The
scout randomly generates the new solution by equation (4.6) and then compares the fitness of new

solution with the old one. If the new solution is better than the old one, it is replaced with the old one
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to set its own trial; into zero. This scout will be transformed into employed bee. Otherwise, the old

one is retained in the memory.
Step 6: Record the best solution.

In this step, the best solution so far is recorded and it increases the cycle by 1.
Step 7: Check the termination criterion.

If the cycle is equal to the maximum cycle number, then the algorithm is finished; otherwise go to
step 3.

4.8 Modeling of combined heat and power economic dispatch problem using artificial bee

colony Algorithm

AMATLAB sub-routine was created in section 4.7 of chapter 4 to determine the combined heat and
power economic dispatch decision variables of different units in the system. The program, including
sub-routines, were created with the inputs (tables 3.1, 3.2, 3.3 and 3.4 respectively) being the
variables; and the output decision variables being the power, including heat from respective units plus
objective function value. Once again, the sub-routines created in MATLAB showed the variables as
the inputs to the program; the output decision variables being the power, heat from individual units
plus objective function value. As seen in Table 4.1, the artificial bee colony algorithm has found the
global minimum of three out of four problems (units 1,3 and 4) through 100 iteration lines. On one
problem in unit 2, the artificial bee colony algorithm could not find the optima in the specified
maximum number of cycles, that is, 100.The result showed that artificial bee colony algorithm has a
slow convergence speed of 100 which makes it fall into local optimum. The total fuel cost from
artificial bee colony algorithm was (N21124.1) which is large compare with proposed (genetic)
algorithm. This characteristic of long convergence associated with artificial bee colony makes it
produce solutions that are neither well-spread and diverse, nor effective for optimization problem of

this class.
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CONVERGENCE OF THE DECISION VARIABLES
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Fig. 4.1 Convergence of the decision variables

The graph above represents convergence characteristics of the output decision variable in artificial bee
colony algorithm. In general, initially the particle state is not at equilibrium. So it is necessary to
analyze whether the particle will eventually move towards equilibrium or not, that is, whether or not
the optimization algorithm will converge. From the result of the graph, it can be concluded that the
Eigen-values of the matrix plays a vital role in explaining the time behavior of potential solutions. The
necessary and sufficient condition for equilibrium point to be stable is that the magnitude of Eigen-
values of the matrix should be less than unity. In this case, the potential solutions will eventually settle
at equilibrium and the algorithm will converge. It therefore can be concluded that artificial bee colony

algorithm performs better when parameters are considered from the convergent region.
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Fig. 4.2 GBest (Best value of the objective function)

Figure 4.2 illustrates the best value of objective function characteristic from artificial bee colony
algorithm. The result shows that objective functions converge after 100 iteration lines; and the best
objective function value of artificial bee colony algorithm was N21124.1. Analysis of finding the
conditions, under which an algorithm converges to an equilibrium point, plays a vital role in making
the algorithm methodical, authentic and correct. For nature inspired algorithms like artificial bee
colony, the solution update process depends upon the guided random search, which makes the
algorithm’s nature a probabilistic one. This probabilistic nature makes the convergence analysis a
difficult task. Convergence analysis of artificial bee colony algorithm is performed using results from
the theory of dynamical systems. Also, the condition of convergence of algorithm to equilibrium point
is subject to parameters. It can be concluded that the algorithm performs better when parameters are
considered from the convergent region. Lastly, for the purpose of analyzing the search behavior of
artificial bee colony algorithm a study of the movement of solutions in the search space is important.
It is observed that the artificial bee colony algorithm converges quickly in early iterations and hence,

the number of maximum runs can be decreased to save the solution time.
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Fig.4.3 Typical flowchart for Artificial Bee Colony Optimization algorithm

4.9 ANALYSIS AND DISCUSSION OF ARTIFICIAL BEE COLONY RESULT

Acrtificial bee colony algorithm has been applied for combined heat and power economic dispatch for
a 4-unit test system. Cost function parameters along with feasible region coordinate of combined heat
and power unit are taken from tables (3.1), (3.2), (3.3) and (3.4) respectively. The test system
comprises two conventional power units, one cogeneration unit and a heat-only unit. The heat-power
feasible operation region of the cogeneration unit is illustrated in figure 3.3. As explained in chapter 3,

combined heat and power economic dispatch has been formulated with the objective of minimizing
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fuel cost. Table 4.1 shows power and heat output decision variables of four-unit systems with power
demand = 520MW and heat demand =300Mwth using artificial bee colony algorithm. The result
confirms that artificial bee colony algorithm has that tendency of falling into a local optimum that
slows down the convergence speed. As seen from Table 4.1, artificial bee colony algorithm has found
the global minimum of the three of four problems (P1, P3, Q3 and Q4) through 100 cycles. On one
problem, P2, the artificial bee colony algorithm could not find the optima in the specified maximum
number of cycles. Furthermore, unlike proposed algorithm, artificial bee colony algorithm converges
in relatively large number of iteration lines (100) with cost function value (N21124.1). This implies
that due to its ineffective searching capability, artificial bee colony algorithm has a slow convergence
speed which makes it impossible to produce diverse, widespread and extreme solutions.

Table 4.1. Results Obtained from Artificial bee Colony algorithm

P.(MW) | PA(MW) | Ps(MW) | Qs(MWth) | Qu(MWth) | Cost(¥)

102.4 345.7 70.1 158.2 234.8 21124.1

4.10 CONTRIBUTIONS

Several existing researches listed in chapter two concentrated on possible approaches to solving the
combined heat and power economic dispatch problem. However, it was discovered that given that it is
a non-convex and nonlinear problem of optimization no mathematical or meta-heuristic algorithm that
can guarantee an optimal global solution for it. For the high economic saving potentials of better
algorithms nonetheless, this chapter focused on solution of combined heat and power economic
dispatch problem using artificial bee colony algorithm. Artificial bee colony algorithm is a heuristic
optimization algorithm, based on the intelligent search behavior of honey bee swarm. It provides a
population-based search procedure in which individuals (foods positions) are modified by artificial
bees, whose collective aim is the discovery of newer food sources with the highest nectar amount.

Thus, the main contributions of this work can be summarized as follows:

1. It compared proposed algorithm with other swarm optimization algorithms like particle swarm

optimization to investigate the method with better results using the provided test system.

2. It adopted artificial bee colony algorithm for dealing with convex optimization problems.

4.11 CONCLUSION

For an efficient solution of combined heat and power economic dispatch problem encountered in a

simple cycle cogeneration unit, a new perspective based on artificial bee colony algorithm was
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proposed in chapter four. Combined heat and power economic dispatch is cumbersome to model. The
dependence of heat and power constraints on each other as well as the feasible operating region of the
cogeneration unit(s). Different attributes such as constraints, feasible operation region of combined
heat and power unit, and capacity limits of units are taken into account in the formulation. A
subroutine was developed in MATLAB to calculate combined heat and power economic dispatch
variables using artificial bee colony algorithm. The sub-routine was created using data from tables
(3.1), (3.2), (3.3) and (3.4) as inputs to the program; while the output remained the heat, power and
cost function values. Heat and power demands are 300Mwth and 520MW respectively. Figure 4.1
shows convergence characteristic result of the algorithm which demonstrates how Eigen-values of the
matrix play a vital role in explaining the time behavior of the potential solutions. The necessary and
sufficient condition for equilibrium point to be stable is that the magnitude of Eigen-values of the
matrix should be less than unity. Hence the potential solutions will eventually settle at equilibrium
and the artificial bee colony algorithm will converge. The result in fig 4.1 further indicates that for
nature-inspired algorithms like the artificial bee colony, for instance, the solution update process
depends upon the guided random search. This makes the algorithm nature probabilistic. The
probabilistic nature of this algorithm makes the convergence analysis a difficult task. Convergence
analysis of artificial bee colony algorithm is performed via results from the theory of dynamical
systems. Lastly, the convergence condition of this algorithm to equilibrium point depends upon the
parameters. Thus, it can be interpreted that artificial bee colony algorithm performs well when
parameters are considered from the convergence region. Therefore, it has been established that
artificial bee colony algorithm can be efficiently applied for solving constrained optimization
problem. The performance of the artificial bee colony algorithm can be also tested for real
engineering problems existing in the literatures and compared with that of other algorithms such as
particle swarm optimization, differential evolution etc. Also, the effect of constraint handling
mechanisms on the performance of the artificial bee colony algorithm can be scrutinized in future

works.
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CHAPTER 5- IMPLEMENTATION OF COMBINED HEAT AND POWER ECONOMIC
DISPATCH PROBLEM USING DIFFERENTIAL EVOLUTION ALGORITHM

5.0 INTRODUCTION

In this section, we present a flexible algorithm to solve the combined heat and power economic
dispatch problem. This involves the Differential Evolution (DE) procedure described below.
Differential evolution is a population-based stochastic algorithm that optimizes a problem by trying to
improve candidate solutions iteratively with regard to a given measure of quality. This algorithm
employs a greedy and less stochastic method when solving a problem better than evolutionary
algorithms like genetic algorithms, evolutionary programming, genetic programming etc. To evolve
from a randomly generated starting population to a final solution, Differential Evolution joins
arithmetic operators with classical operators like mutation, recombination and selection. The
algorithm is different from basic genetic algorithm in its application of perturbing vectors— the actual
difference between two randomly selected parameter vectors. This is an idea taken from the operators
of simplex optimization method. Differential evolution algorithm was proposed by Storn and Price
and was efficiently employed in the optimization problem of some familiar non-convex, on-linear and
non-differentiable functions under a number of constraints.

Furthermore, differential evolution is a current heuristic algorithm outlined to optimize problems that
have continuous domains. In differential evolution, the decision variables, that is, heat and power are
represented in the chromosomes by a real number. The initial population of differential evolution
algorithm is randomly created, thereafter evaluated and afterwards, selection process takes place. At
the time of selection, three parents are taken to create a single offspring which competes with a parent
to determine who passes to the next generation. The principal idea of differential evolution is to
modify the search during the evolutionary process. At the beginning of evolution process, the
perturbation is huge, because the parent populations are far away from each other. Unlike genetic
algorithm that creates two offspring, Differential Evolution creates one instead by addition of weighed
difference vector between two parents to a third parent. In respect of single objective optimization
encountered in this research, if the resulting vector results in a lower objective function value than a
prearranged population member, then the newly created vector replaces the vector with respect to
which it was contrasted. Also, the best parameter vector is assessed for every generation to maintain
the progress achieved during minimization process. The fittest of offspring participates one to one
with that of analogous or alike parent in differential evolution which is different from other class of

evolutionary algorithm. This one to one rivalry leads to fast convergence rate.

5.1 The Differential Evolution (DE) Algorithm
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Differential evolution algorithm based on the theory of natural selection and evolution has Natural
Phenomena in its design [65]. It works on real values and is also an evolutionary algorithm [66] which
is used for minimization. Differential evolution program implements the natural selection theory by

designing three basic operators, namely:

e Selection
e Crossover

e Mutation

The importance of understanding the disparity between Differential Evolution (DE) and Genetic
Algorithm (GA), led to the observation that both employ the same operators. However, their
application ordering is different. In DE, the order is Mutation, Crossover and then Selection. The
program repeats the following process for fixed number of times:

5.2 WORKING EXAMPLE OF DIFFERENTIAL EVOLUTION ALGORITHM

Owing to the rather complex procedure involved in the DE algorithm, it is important to illustrate the
working procedure with a concrete example. The procedure can be explained in four parts, namely:

e Problem definition

o Differential evolution parameters

¢ Initialization

o Differential evolution position update
We consider a simple optimization problem (sphere function) with two decision variables.
There are many variants of differential evolution known equally as differential evolution strategies. In
this example we employ the only the differential evolution /1/rand/bin strategy for explanation

purpose.

5.2.1 Problem definition

Consider the optimization problem:

Min f(x)=x +x; ~-5<x,X%, <5

5.2.1.1 Differential Evolution and Problem Parameters

Population size N =5
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Dimension of the problem = 2
Stopping Criteria = Number of iterations =2
Scaling factor F =0.5

Crossover probability P, =0.7

5.2.1.2 Initialization

Position Function value
X, = (1.7667, —4.1337) 20.2089
X, = (4.8071, 0.6642) 23.5502
X; = (—2.9232, —4.0439) 24.8983
X, = (—4.3747, —4.7421) 41.6270
X5 = (—1.6587,0.5680) 3.0741

5.2.1.3 Differential evolution Position Update
Strategy: DE/rand/1/bin
In this notation ‘DE’ stands for differential evolution, ‘rand’ makes the random selection of
the target vector, ‘1’ is for the differentials while ‘bin’ implies the type of crossover which is

binary crossover in this case.

Generation-1

In differential evolution, position update is carried out by two operators, mutation and crossover. It is
different from the evolutionary algorithms where the solution is mutated after the crossover. But here
mutation is first operator and then crossover is applied.

Mutation

The mutation operator is employed in differential evolution, to create a Trial Vector u for each

solution (Parent Vector). It is done by mutating a Target Vector (selection of Target Vector depends
on different strategies of DE).

Trial Vector = Target Vector+ Scale Factor x (Randomly selected solution; — Randomly selected
solution,)

Here, it should be noted that Randomly Selected Solution,, Target Vector and Parent Vector should be

different from one another. Scale Factor is a user defined parameter € (0,00). The recommended
value for this parameter is 0.5.

Now, to begin with mutation, select the first as the Parent Vector.
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suppose X, =(1.7667,-4.1337) s the Parent Vector.
Corresponding function value is f (X, )=20.2089,

For mutation, let Target Vector (selected randomly from current population) is
X, =(~4.3747,-4.7421)

Randomly selected solution, = Xs

Randomly selected solution, = X;

Let Scale Factor=0.5

Now the Trial Vector u, is computed as:

Uy =Xy +0.5x (X5 — Xy )
= —4.3747 +0.5%(—1.6587 — (—2.9232))
=-3.7425

Uy, = Xgp +0.5%(Xg, — Xy, )
=—4.7421+0.5x(0.5680 — (—4.0439))
=-2.4362

Trial Vector U, =(-3.7425,-2.4362)

At this point, we will check if the Trial Vector u, is within the search space or not. Clearly
-5<x/,,x/, <5, we accept it. This completes the mutation process.

Crossover

In the differential evolution crossover, an Offspring is generated using the discrete recombination of
Parent Vector and Trial Vector. Consider the crossover probability P, = 0.7 since we are going to
calculate Offspring corresponding to the Parent Vector x_ , let us denote the Offspring by x .

u,, if jel

Offspring x;. =
Pring, {xlj, otherwise

Here, the index set | consists of the crossover points which depend on the choice of crossover type
and the crossover probability. Binomial crossover is quite popular in DE. In Binomial crossover, the

crossover points are selected from the set {1, 2,K , problem dimenSiOﬂ} with probability P, . This may

lead to a situation where no point is selected for I (more probable for the small dimension problems.
For example, the current problem is only of dimension 2). If this happens, i.e. | =then there will

not be any change in the Offspring and it will be the same as a parent. In order to avoid this situation,
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| is always considered a non-empty set by including a random point (say j,) from the set
{L2,K,problem dimension} initially.
Thus we set | ={2} .

Now other crossover points are selected using the following algorithm:

for j €{1,2,K , problem dimension}
if rand(0,1)<P, and j # j;

I =1u{j};
end

For this example, letrand(0,1)=0.67 . Then | ={12}.

Now, the Offspring x’ will be formed from the Parent Vector X, =(1.7667,-4.1337) and Trial Vector

u, = (—3.7425, —2.4362). Since the crossover points have both the dimensions, both the variables of

the Offspring x; are selected from the Trial Vector X, =(1.7667,—4.1337)

Thus the Offspring X = (—3.7425, —2.4362) ,

At this point, we will decide whether in the population Parent Vector x, or Offspring x; will survive.
For that we will compare the function values of x, and x; .

since f(X)=19.9417is better than f (X, ) =20.2089, therefore for the next generation in the
population, Offspring x; will survive and Parent Vector x, will die out, hence x; will replace x; .

Thus new X =(-3.7425,-2.4362).

The same procedure will be applied to the next solution where X, = (4.8071,0.6642) with
corresponding function value of 23.5503.

Mutation

Target Vector = x,

After applying the same procedure, the Trial Vector U, =(—1.2491,-0.2358) which will be accepted as
both the variables, are within the search space.

Crossover
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Let | ={1,2} using the Binomial crossover.
Hence Offspring X; =(—1.2491, —0.2358) , and f (X;)=1.6158 )

Clearly f (X;) < f(X,), so we accept the new X, =(~1.2491,-0.2358)
For the solution x,

Mutation

Target Vector = x,

Randomly selected solution; = x,
Randomly selected solution, = x,

After applying the same procedure, the Trial Vector Uy =(-5.4167,-6.2443) . Now since u,, andu,,,

both are beyond the search space. Therefore, we will pull the solution to the corresponding boundary
of the search space, i.e.

Trial Vector Uy =(~5,-5)
Crossover

Let | = {1, 2} using Binomial crossover.
Hence Offspring X; =(~5,-5), and f (X;)=50.

Clearly T (X;)> f(X;), thus the new X; =(~2.9232,—4.0439) which is the Parent Vector.
Applying the same procedure to the remaining two solutions, we get:

new X, =(~4.3748,-4.3402) with f (x,)=37.9765

new ¥; =(~1.6587,0.5681) witn f (x,)=3.0741

After first generation, the updated population is

Position Function value
X, =(-3.7425,-2.4362) 19.9417
x, =(-1.2491,-0.2358) 1.6158
X, =(—2.9232,-4.0439) 24.8983
X, =(—4.3748,-4.3402) 37.9765
x; =(—1.6587,0.5680) 3.0741
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We observe that solutions x, , x, and x, are modified. Furthermore, after the second generation, the

best solution is X, =(0.5233,-0.0876) with f (x,)=0.2815which is better than that of first
generation.

5.3 Combined Heat and Power Economic Dispatch (CHPED)
The combined heat and power economic dispatch problem of interest to us is presented as follows.
Given the quadratic fuel cost function of power-only, cogeneration and heat-only units in Naira we

have:

C..(p)=0c +Bp +yp cost function of power only unit
Coi (PG )=t + B P+ P +80 +&0° +¢ g cost function of cogeneration unit
Ci(G)=04 +5,0 +&0’ cost function of heat only unit

(5.1)

Here, @, and y, are the cost coefficients of i"" power-only unit, 06,-,,3,-,7/;,5,-,81- and Cf,— are the

cost coefficients for the Jt cogeneration unit, &0, and & represent the coefficient of k" heat-only

unit. The objective function of the CHPED problem is a cost function to be minimized, subject upon
the equality and inequality constraints.

The objective function is written as:

Min C=2 ¢, (p)+D . (P.a)+ 2 ci(a) (5.2)

iee iec ieh
where the pair (pi,qi)represent respectively the electrical power and heat output of the i*" unit,Ce,i(pi),

. . : . . ot
Cej (pj,qj)and Chx (qk)constltute the fuel cost function of i" power-only unit, fuel cost function of }
cogeneration unit and fuel cost function of k™ heat-only unit, respectively.

Subject to: there all power created by power unit, plus the real power created by cogeneration unit

being equal to the real power demand of power systems abandoning power loss. This is stated

mathematically in equation 3 below:

Z P +z P :pdemand (5.3)

ice iec

Comparably, the total heat created by boilers plus the active heat created by cogeneration unit are

equal to the heat demand, abandoning heat loss, and can be stated thus:

g+ g =g (5.4)

ice ieh
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Where pe*mnd and qemnd are the total heat and power demands of the system, respectively, in the heat

equality constraint, heat losses are postulated to be zero. The reason being that no research work about
heat losses during heat transmission process to heat loads has been carried out. For clarity, that
postulation was employed in this research. Therefore, heat losses are negligible. Furthermore, if heat
losses are a function of heat outputs similar to power loss function or a constant, heat balance
constraint will be solved simply and successfully.

max

™ <p<p (5.9)

g <q<g™ (5.6)
Thus the above problem is summarized as:

Min C =2 c.; (pi)+ 2 Cci (P Gi) + 2. ¢ (a)

ice iec ieh
Z pi +Z pi =pdemand
Zqi +Z qi :qdemand

ice ieh

pimin < pi < pimax, qimin < qi < qimax.

5.4 Implementation of Combined Heat and Power Economic Dispatch Problem Using the
Differential Evolution:

We begin with the Pseudo-code for the differential evolution Algorithm

1. Input: Fitness function, Lb, Ub, N,, T, F
2. Evaluate fitness (f) of P
fort=1to T
fori=1toN, V=X, +F(X, -X,)
Generate the donor vector (V;) using mutation
Perform crossover to generate offspring (U;) :
end uj_{vJ if r<p, or j=o

fori=1toN, x' if r>p, or j£J
BoundU;
Evaluate fitness (fu;) of U;
. ) X. =U.
Perform greedy selection using fyand f; to update P ! Vi o< f
end fi=1, o
end
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Read input data;
Fitness function (FF),
Lb! Ub! Np, T! F

Initialize population size, mutation
factor Crossover rate and maximum
iteration

’ j=+ 4—‘

Evaluate FF while satisfying all

v

Perform Mutation operation

!

Perform Crossover operation

v

Perform Greedy Selection

STOP

) 4

Fig. 5.1Flowchart of Differential Evolution Procedure

5.5 RESULTS

The results of the MATLAB differential evolution code are presented below.
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Fig. 5.2 Profile of the decision variable p1
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Fig. 5.3 Profile of the decision variable p2
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Fig. 5.5 Profile of the decision variable g3
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Fig. 5.6 Profile of the decision variable g4
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Fig. 5.7 Profile of the fitness (cost) function

Figure 5.7 depicts convergence characteristics of the differential evolution algorithm for 4-unit test
system. The total electricity demand is 520MW and the total heat demand is 300MWth. Table 5.1
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summarizes the optimal heat and power dispatches using differential evolution algorithm. The
algorithm has lower cost when compared with total cost from artificial bee colony in chapter 4, and
with no violation of the technical constraints. Also, the feasibility analysis of differential evolution
algorithm certifies the solutions obtained by this technique. It is observed from iteration lines that in
100 runs, the obtained solutions are feasible with minimum operations cost. This is indicative of good
diversity of the obtained solutions by this algorithm. The convergence characteristic of differential
evolution algorithm for this system is depicted in Figure 5.7. As can be observed from the figure,
differential evolution algorithm converged to the optimal solution in 100 iterations, a confirmation of
the algorithm’s capability in solving this class of combined heat and power economic dispatch

problems.

Table 5.1 Comparison of the obtained results by Differential Evolution with other algorithms
i.e. artificial bee colony, particle swarm optimization, direct solution and Genetic Algorithms.

Differential Direct Genetic Particle Acrtificial

evolution solution(Lambda | Algorithm(GA) | Swarm bee colony

(DE) method) Optimization (ABC)

(PSO)

P;(MW) 33.3116 155.9 102.3 110.3 102.4
P,(MW) 46.197 169.1 345.6 390.6 345.7
P3(MW) 29.9572 195 70.1 69.1 70.1
Q3(MWth) 25.0452 120 158.2 160 158.2
Q4(MWth) 75.3626 180 234.7 230.7 234.8
Cost(N) 8286.3 18933.8 21120.0 22917.0 21124.1

To investigate the performance of differential evolution over other algorithms applied in this research,
we compare our results. The test system consists of two power-only units (units 1-2), one combined
heat and power unit (unit 3) and a heat-only unit (unit 4). The cost coefficient parameters of this case
along with the feasible region coordinates of combined heat and power unit is available in tables (3.1
—3.4). The optimal dispatches of the units in this case are provided in Table 5.1. The obtained results
using differential evolution algorithm are compared with the results of direct solution algorithm
(Lambda Method), Genetic algorithm (GA), Particle swarm optimization (PSO) and artificial bee
colony algorithm (ABC). The convergence characteristics of differential evolution algorithm for this
case are depicted in Figures (5.2-5.7). We observed that differential evolution algorithms converge
quickly in 100 iteration lines. Hence, the number of maximum runs can be decreased to save the
solution time, an evidence of good diversity of the obtained solutions by the algorithm in context. It
was found that differential evolution algorithm outperformed all of the algorithms in the research in
less time. Also, Genetic algorithm, particle swarm optimization and artificial bee colony solutions are

not entirely feasible. For instance, for the direct solution method, the combined heat and power unit 3
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violates its feasible region. In addition, the total power and heat mismatch were recalculated to obtain

feasible dispatch values.

The lambda method results in chapter three shows that combined heat and power dispatch solution
can be achieved in few calculation steps if the load levels are such that all units operate at the same
incremental cost. A few additional steps are required to identify all violating units if the load levels
are such that some of the units are to be set at their limits. We found initially that output of
cogeneration unit 3 was an infeasible region while units 1, 2 and 4 decision variable outputs were
optimally global. Furthermore, we investigated and found the new operating point of cogeneration
unit 3 to be on the corner, that is, [195,120]. We treated cogeneration unit 3 to be fixed decision
output variable to enable us recalculate system lambdas which gave us the final output of units 1, 2
and 4 respectively. As seen from table 3.5, direct solution method found the global minimum in the 4
test units. The obtained results for this method are found satisfactory for all the available constraints.
The optimum A-s obtained using the formula, gives the final dispatch if none of the units violates their
limits. On the other hand, in case of violations, the affected unit(s) is/are identified and set at
appropriate limits. The final dispatch is obtained by recalculating the A-s considering only the non-
violating units when all the violating units are identified and set at their limits. The effectiveness of
direct solution algorithm has been demonstrated by considering four-test units in this research. Also,
the formulation of the combined heat and power dispatch problem considered here conforms to the
prevailing practice of using quadratic cost functions for the units. Conversely, the demerits of this
algorithm compared to differential evolution are:

a. it requires extensive investigation of violated units;

b. lengthy recalculation is needed if any of the units violates optimization constraint

problem and,;

c. Finally, its suitability for large test system is not known.

The class of combined heat and power problem considered in this research can be solved with particle
swarm optimization algorithm. Results in table 5.1 show that differential evolution method is superior
to particle swarm optimization algorithm for this class of combined heat and power problem. Are
views of the results provided in table 5.1 shows that particle swarm optimization requires a
considerable number of iterations 103 lines as compared with the number of iterations required by
differential evolution which converges to optimal solution in earlier iteration lines i.e. 100 as shown in
figures (5.2-5.7).The slow convergence speed of particle swarm optimization makes computation
cumbersome since extra arithmetic is required to correct this problem unlike differential evolution
algorithm. Similarly, with respect to table 3.8, particle swarm optimization algorithm was optimally
global for units 1, 3 and 4 but decision variable output of unit 2 was not feasible. Also, results of the

two algorithms show that differential evolution algorithm outputs are global optimal as well as
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feasible, unlike particle swarm optimization that got trapped locally. Finally, the cost function value
of particle swarm optimization was higher compared with differential evolution because output

decision variables of this algorithm are neither optimally global nor feasible.

Comparing the performance of differential evolution algorithm with artificial bee colony algorithm
may not be proper. The reason being that the solution provided by this algorithm does not even
correspond to acceptable solutions. This does not imply that such algorithm cannot be developed for
the combined heat and power problem considered in this research. Rather, the possibility of such
algorithm outperforming differential evolution algorithm seems quite remote. As seen in table 4.1,
artificial bee colony algorithm found the global minimum of the three of four-unit test system (1, 3
and 4) through 100 iteration lines. On unit 2, artificial bee colony algorithm could not find global
minimum in that number of iteration lines; hence, decision variable output of this unit is infeasible.
Although the two algorithms have the same number of iteration lines, artificial bee colony algorithms
are not globally feasible in unit two, unlike differential evolution algorithm that is feasible in the
entire units. This comparison shows that differential evolution algorithm reduces the system’s
operations cost considerably as shown in table 5.1.The effectiveness of differential evolution
algorithm is demonstrated through its comparison with artificial bee colony and other algorithms used
in this research. It was found that the differential evolution algorithm can find better solutions in terms
of the objective function value, convergence speed and the number of solutions with lower objective
function, compared to artificial bee colony algorithm. Also, the better solution results, especially in
large test systems, confirm the applicability of the differential evolution algorithm for dealing with

real world applications.

Results in table 3.7 show that the proposed algorithm (GA) can provide combined heat and power
dispatch solution in 51 iteration lines. As seen in table 3.7, genetic algorithm has found the global
minimum in three of the four-test units (1, 3 and 4). On one problem, unit 2, the proposed algorithm
could not find the optima in the specified maximum number of iteration lines. Convergence
characteristics of the proposed algorithm for this system are depicted in Figure 3.6. As can be
observed in this figure, the proposed algorithm is converged to produce results quite close to the
global optima after 51 iteration lines. Despite the proposed algorithm being theoretically capable of
providing global optimum starting from any random set of initial population, it tends to normally fail
with providing automatic, all-constraints-satisfying solutions. Optimality proof of genetic algorithm is
based on infinite stages of search. Infinite searches are not at all feasible in any context. Similarly,
with respect to table 5.1, differential evolution algorithm found better solution in terms of objective
function value, as well as alternative solutions than genetic algorithm. Also, results obtained using
differential evolution algorithm when compared with genetic algorithm found to converge to a

feasible solution with the lower total cost in a reasonable time.

98



The effectiveness of differential evolution algorithm verified using the test system, shows that the
algorithm can find better solutions in terms of the objective function value, convergence speed and the
number of solutions with lower objective functions compared with other algorithms (Genetic
algorithm, direct solution method, particle swarm optimization and artificial bee colony algorithm).

Some vital results from differential evolution algorithm uphold that:

1. The obtained results are also feasible— an indication that differential evolution algorithm has the
capability of attaining doubly optimal and feasible solutions;

2. The algorithm converges in relatively small number of iteration lines— an implication that the
algorithm has a good convergence speed which enables it for effective use in this class of

optimization problem.

3. In this four-unit test system, the obtained value for the objective function is less with differential
evolution algorithm compared with other algorithms employed in this research. It becomes important
to note that our objective of the above observations is to clarify that our solution (though different
from those of direct solution, genetic algorithm, particle swarm optimization and artificial bee colony
algorithm) is the most suitable solution. Essentially, our aim is not to advance an argument
invalidating other algorithms used in this research as rather unreliable for this class of optimization
problems. The objective however, it to show that Genetic algorithm, particle swarm optimization,
direct solution algorithm and artificial bee colony algorithm framework are indeed powerful models.
Thus, there is no reason why they should fail to provide solution for this class of fairly straight
forward optimization problems. Hence, it appears logical to infer that differential evolution algorithm
is extremely promising in comparison with the known combined heat and power algorithms (Genetic
algorithm, particle swarm optimization, Lambda or direct solution algorithm and artificial bee colony

algorithm).

5.7 CONCLUSION

The combined heat and power economic dispatch problem has been solved using the differential
evolution algorithm. This was implemented in MATLAB software, and reasonable results were
obtained. Evidently, from the graphical profiles of the decision variables as well as the fitness or cost
function, the differential evolution procedure is stochastic in nature. This is not surprising since the
MATLAB-code contains special functions such as randperm, and rand which basically perform
random permutations of their arguments. However, the algorithm is sophisticated enough to pick out

the required minimum cost function for the combined heat and power economic dispatch problem
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presented. Also, the feasible operation region of cogeneration unit 3 was employed to correct the

minimum or maximum heat/power limit violation. Differential evolution algorithm has been applied

to solve combined heat and power economic dispatch problems for a four generators system of two

conventional power units, one cogeneration unit and one heat only unit. Experimental results confirm

the performance of the differential evolution over genetic algorithm, direct solution algorithm,

artificial bee colony, particle swarm optimization etc. as a powerful technology for optimization

problems. The obtained results are found to be adequate for all the available constraints. The solutions

obtained in this case are displayed in table 5.2.

P.(MW)

Po(MW)

P3(MW)

Qs(MWth)

Qy(MWth)

Cost(N¥)

33.3116

46.197

29.9572

25.0452

75.3626

8286.3
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CHAPTER 6- CONCLUSION AND RECOMMENDATIONS

6.0 CONCLUSION

A new perspective based on Genetic algorithm is proposed in this research work for coherent solution
of combined heat and power economic dispatch problem. Different attributes and constraints such as
heat and power demands, feasible operation region of combined heat and power units, capacity limits
of units and other operational constraints are taken into consideration in the formulation of combined
heat and power economic dispatch problem. The feasible operation region of a cogeneration unit is
employed to remedy minimum or maximum heat/power limit violations. The efficacy of the Genetic
algorithm was established using genetic algorithm codes. Genetic algorithm, it was realized, can
proffer better solutions in terms of the objective function value, convergence speed and actual humber
solutions, compared with Particle swarm optimization, artificial bee colony, and direct solution
algorithms. It however could not outperform results from differential evolution Algorithm.

Notably, direct solution algorithms have less objective functions but require length recalculations
when any of the units violates the constraint(s) and its effectiveness for larger units unknown.
Formulation of the combined heat and power dispatch problem considered here conforms with the
prevailing practice of using quadratic cost functions for the units. The possibility of extending the
genetic algorithm solution for cases where the cost functions are not quadratic but linear is currently
being explored. Hence, it appears reasonable to conclude that in comparison with direct solution,
artificial bee colony and particle swarm optimization algorithms, Genetic algorithm holds extreme
promise. Finally, this research explained in details how genetic algorithm can be used to model
combined heat and power economic dispatch problem encountered in simple cycle cogeneration
systems. This work may equally be adapted to develop additional models or extend the current ones
discussed. The development of genetic algorithm to optimize the cost of power generation is efficient,
robust, likely has long term relevance. The implication here is that further development of easier

power generation cost modeling is of paramount importance.

6.1 RESEARCH CONTRIBUTIONS

In addition to results obtained and the algorithms developed to determine the combined heat and
power economic dispatch decision variables, this dissertation presents a more detailed approach of
identifying and handling units that violate the constraints. It also sets the violating quantities at their
appropriate limit, as earlier explained on conventional heat and power units as well as the
cogeneration unit respectively. The study also recognizes that most related literatures did not dive into
handling of constraints in cogeneration unit and how to solve associated problems during violations.
This research can therefore be useful when solving problems on combined heat and power economic
dispatch as a more accurate approach to determining the combined heat and power economic dispatch

decision variables similar to what has been explored in the current study. Ultimately, the research
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explored alternative means to computing the combined heat and power economic dispatch decision
variables directly by substituting the research data inside the developed model equations. Through this
technique (direct solution algorithm), the researcher was able to compute dispatch values of heat and
power directly. The results obtained have addressed the key questions of the research and the
objective, both of which are key determiners of the combined heat and power economic dispatch
decision variables. It has also minimized the cost function using genetic algorithm; however, there are

improvements that can be done for a more optimum system.

6.2 RECOMMENDATION

The following recommendations have been suggested for the improvement of combined heat and
power plants and the maximization of its benefits on the energy sector. For its capacity to eliminate
rigorous calculations, slower convergence and infeasible result(s) involved in direct solution
algorithm, artificial bee colony and particle swarm optimization algorithms respectively, genetic
algorithm is a powerful optimization tool for finding solutions of combined heat and power economic
dispatch decision variables. It gives the exact solution of combined heat and power problems which
converge as fast as possible as exemplified in this research study. Although, particle swarm
optimization, differential evolution, artificial bee colony and direct solution algorithms were also
applied to solve the combined heat and power problem, the effectiveness of direct solution algorithm
for larger units is not known yet. The reason is that the calculations involved are difficult to
manipulate efficiently despite it having the least objective function value. Conversely, particle swarm
optimization usage is limited to a few problems which make it rather impermissible to use in this kind
of research since it falls into local optimum in high-dimensional space, besides also having a low
convergence rate characteristic in the iterative process. Results obtained by artificial bee colony are
often associated with large diversity and in most situations, convergence to either optimal or near
optimal solution is rather difficult. Differential evolution algorithm found the global minimum in all

the four test systems.

The research therefore recommends that not only should this proposed method (genetic algorithm) be
included as in the curriculum for higher programs, but applied when solving combined heat and
power economic dispatch problems. Doing this will assist research students in accomplishing desired
result(s), eliminate rigorous calculation processes and obtain optimally converging solutions. The
financial evaluation should be enhanced by including certain factors such as potential loss of heat
during generation, reduced maintenance on the operating device and the deferred replacement of
machine components. A computer program should be developed to convert the developed MATLAB
programs into a user friendly input/output unit. Also the database for the combined heat and power

economic dispatch variables employed in the program may be expanded.
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Finally, Genetic algorithm can be hybridized with other random search techniques such as artificial
Bee colony, artificial immune system algorithm, and bacterial foraging optimization techniques for
optimal result on combined heat and power economic dispatch problems. Also, combined heat and
power units can be integrated with other source of energy such as gas turbine unit, hydrothermal plant

etc.
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