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ABSTRACT

The input—output characteristics of thermal power plants are affected by many factors such as
the ambient operating temperature and aging of generating units. Thus, periodical estimation
of fuel cost function is very crucial to improve the overall operational and economical
practices. The higher the accuracy of the estimated coefficients of the cost function, the more
accurate the results obtained from the economic dispatch and optimal power flow
calculations.

Different models that describe the input—output relationship of thermal units are considered,
including the one that accounts for the valve loading point. The goal is to minimize the total
estimation error such that the selected model follows the actual data measurements as closely
as possible. Evolutionary Programming (EP) is employed to minimize the error associated
with the estimated parameters. It relieves some of the mathematical restrictions typically
imposed on system modelling, since it does not require convexity or differentiability, as in
the case of many conventional estimation techniques. Results obtained are compared to those

computed by the least error square method and particle swarm optimization.
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CHAPTER 1

INTRODUCTION

1.1 Overview

Optimal power flow and economic dispatch are important tasks in power system planning
and operation. Both tasks can be formulated mathematically as optimization problems with
the objective of minimizing the fuel cost function. It is obvious that the final accuracy of the
process depends on many factors such as the selected model, the data and parameters used, as
well as the technique or the tool used for solving the formulated problem. The input—output
characteristics of thermal power plants are affected by many factors such as the ambient
operating temperature and aging of generating units. Thus, periodical estimation of power
plant characteristics is very crucial to improve the overall operational and economical
practices. Many utilities are using outdated information to describe the input—output
relationship of generating units [1]. One of the most important issues in solving the economic
dispatch problem is to have an accurate estimate of the thermal unit input—output curve
coefficients. The accuracy of the estimated coefficients adversely affects the final accuracy of
the dispatch process. Therefore, it is very important to use an accurate and reliable estimation
technique for estimating the input—output curve coefficients. There are different mathematical
models commonly used for fuel cost function representation. These models can be grouped
into two main categories. The first category includes smooth models, while the second
includes non-smooth models. Both models, smooth and non-smooth, are presented and
discussed.

Research efforts in the area of parameter estimation have been continually carried out.
Several methods have been proposed to solve estimation problems in power systems. Some
of these techniques are based on static estimation techniques, such as least error square (LES)
and least absolute value; others are based on dynamic estimation techniques such as the
Kalman filter. While the LES technique has been the most famous static estimation technique
and in use for a long time as the preferred technique for optimum estimation in general, some
limitations and disadvantages are associated with this approach. For example, when the data
set is contaminated with bad measurements, the estimates may be inaccurate unless a large

number of data points are used [2, 3].



Methods based on artificial intelligence, such as artificial neural networks (ANNS), expert
systems, and genetic algorithms, have also been used in power system state estimation. In
general, ANNs are superior when the process model is not well defined mathematically.
These classes of methods can cope with non-smooth optimization problems, considering non-
convex or discontinuity functions like the fuel-cost function with valve point effects. The
practical determination of accurate real break points is not easy; however ANN-based
methods suffer from many problems. One of the drawbacks of such techniques is the huge
amount of data required for network training, which may not be available in some cases [7,
8].

Thus we use Evolutionary Programming (EP) for estimating the thermal unit input—output
curve coefficients .The estimation problem is formulated as an optimization one. The goal is
to minimize the total error in the estimated state parameters. In this study, both smooth and
non smooth functions are presented. An EP based algorithm is used to find the optimum
parameter estimation of the formulated optimization problem.

1.2 Literature review

Optimal power flow and economic dispatch are important tasks in power system planning
and operation. Both tasks can be formulated mathematically as optimization problems with
the objective of minimizing the fuel-cost function. The final accuracy of the process depends
on many factors such as the selected model, the data and parameters used, as well as the
technique or the tool used for solving the formulated problem.

Alrashidi et. al. [1] discussed that one of the most important issues in solving the economic
dispatch problem is to have an accurate estimate of the thermal unit input—output curve
coefficients. The accuracy of the estimated coefficients adversely affects the final accuracy of
the dispatch process as proposed by Chen and Schweppe [2, 3] Therefore, it is very important
to use an accurate and reliable estimation technique for estimating the input—output curve
coefficients.

Soliman et. al.[4] presented an algorithm for estimating the coefficients of a fuel cost 1/0
curve used for economic dispatch calculation. A special constraint equation is included to
ensure that the incremental cost curve exhibits monotonically increasing characteristics. The
number of linear segments and their corresponding «break points» are determined in an
optimal manner.

Kandari and Duran [5, 6] presented the application of Kalman filtering algorithm for online
identification of the input/output curves for thermal power plants. The advantage of the
approach is the capability to keep tracking the state of the thermal unit by making the

2



coefficients of 1/O curve continuously adaptive to the real characteristic of the unit. Different
models for the 1/O curve are used, including polynomial models of different orders as well as
non linear models are presented by Attaviriyanupa and Liu [7, 8].

Any types of unit characteristics cost curve may be used with adjustments to the objective
function are proposed by Hawary et. al. [9-11]. Quadratic input-output curves were used
initially to develop the software and to verify that optimal solutions are obtained with this
algorithm.

Fink and Walter [12, 13] proposed a genetic based algorithm to solve economic dispatch
problem for valve point discontinuities. They compared the program based on GA using two
different encoding techniques.

Eberhart and Kennedy [14, 15] introduced a method for optimization of continuous non linear
function.

Eberhart et al [16-20] proposed four algorithms for estimation of the parameters of model
used in optimal economic operation of electric power systems.

Shout and Mead [21] and suggested a very practical and efficient method of estimating the
coefficients of heat rate curve represented by a cubic order polynomial. Jayabharti et al [22]
proposed that this method required matrix inversion and is only suitable for off line usage
rather than online application.

A simple and efficient algorithm based on evolutionary strategies is proposed by Neto et.
al.[23] for the solution of the economic dispatch (ED) problem with non continuous and non
smooth/non convex cost functions and with generator constraints being considered.
Evolutionary programming has emerged as a useful optimization tool for handling nonlinear
programming problems. Various modifications to the basic method have been proposed with
a view to enhance speed and robustness. The performance of evolutionary programs on ELD
problems is examined and presented by Sinha et al.[24-26].

A novel evolutionary programming (EP) algorithm by Goldberg and Mori [27, 28] is
proposed to solve the ED problem for units with non-smooth fuel cost units. The stochastic
mechanics, which combine offspring creation based on the performance of current trial
solutions and competition & selection based on successive generations, form a considerably
robust scheme for large-scale real-valued combinatorial optimization.

In the self adaptation scheme of EP, Yao et al. [29] proposed a Cauchy-mutation-based
parameter is not prefixed rather it is evolved along with the objective variables EP, called fast
EP (FEP), which demonstrated much better performance than Classical EP in converging to a

near-global optimum point on some benchmark mathematical functions,
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Chellapilla and Fogel [30] proposed a fast Evolutionary Programming using the weighted
mean of Gaussian and Cauchy mutations with an objective of having a step size greater than
Gaussian mutation and smaller than Cauchy mutation so that advantages of both Gaussian as
well as Cauchy mutations can be exploited.

Yao et al. [31] proposed an improved FEP (IFEP) that uses both Gaussian and Cauchy
mutations to create offspring from the same parent and better ones are chosen for next
generation. This method outperforms the other EP methods in almost all the benchmark
functions they studied.

Wolpert and Macready [32] have shown that, under certain assumptions, no search algorithm
is best for all problems. Thus, the success and quality of a solution achieved by an EP
algorithm is dependent on the step size, the method of updating, and the nature and number of
suboptimal points, as well as their distances with respect to the globally optimum point and
other factors.

1.3 Objective of work

The objectives of the thesis work are summarised as follows —

1. To estimate the fuel cost function Parameters of thermal power plants using smooth and
non-smooth model using least error square method.

2. Use global search techniques like Least Error Square / Evolutionary Programming to find
the optimal settings.

3. Investigate the effectiveness of these methods for finding the fuel cost function parameters
of smooth and non smooth functions and to compare the results obtained from the
Evolutionary Programming with the results obtained from Least Error Square Method and
PSO.

1.4. Organization of Thesis

The thesis is organised into five chapters. The organisation of chapters is as follows:

The chapter-1 summarized the overview of the problem, brief literature review, scope of
work and organization of the thesis.

The chapter-2 highlights modelling of fuel cost curves and also gives the overview of Least
Error Square method .Also estimation of the Fuel cost parameters using LES method are
discussed in this chapter.

The chapter-3 explores the associated structure of Evolutionary Programming. The problem
formulation using EP is discussed and the algorithm for the same is presented in this chapter.
The chapter-4 outlines the simulated results using LES and EP for smooth and non smooth

models. Comparison of the results from these techniques is done.
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The chapter-5 presents the conclusions drawn and also outlines the possible avenues for

future work.



CHAPTER 2

MobpeLLING Or FuerL CosT FuncTioN

2.1 Smooth Fuel-cost Function
In this case, the fuel-cost curve for a thermal generating unit (i) as a function of the MW
output power can be modelled by a polynomial function in an idealized form as:

Fi(Py) = agi + Xkya Pl +1, i=1,2 N (2.1)
Where
Fiis the fuel-cost function of the i ™ generating unit.
Py is the power generated by the i ™ thermal generating unit.
a0i, ;i are the curve constants of the i " generating unit.
ri is the error associated with the i ™ equation.
N is the number of thermal generating units.
L is the equation order (i.e., for the linear model it is 1, for the second order it is 2)
L is a power set as 1, 2, 3 or more.
2.2 Non-smooth Fuel-cost Function
In large steam turbine generating units, the input—output characteristics are neither always
smooth nor differentiable everywhere. Large steam turbine generating units tend to have a
number of steam admission valves that are opened in sequence to obtain an ever increasing
output of the unit. In general, the valve point effects produce ripple, such as heat rate curve.
The number of ripples is proportional to the degree of non-convexity in the shape of the
objective function, and it increases the difficulty of detecting the global solution.
In this situation, the fuel-cost function is modelled by adding a sinusoid term [10, 11].

The new cost function becomes

L

J
Ao + z aji Pti + T
J=1

Fy(Py) =

+ |essin (fi(Pimin — P2 )| =12 N

where e; and f; are the fuel-cost coefficients of the i th unit with valve point effects.

Although, the use of a non-smooth function increases the accuracy of the economic dispatch
results but at the same time it adds to the complexity of computation.

Four different models are considered to examine the performance of the proposed method.

The work in this thesis is focussed on the following models.
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2.3 Smooth and Non Smooth Models
2.3.1 First-order model: In this case, the fuel-cost function is expressed as a linear function
of the unit real power output which is shown in Eq.2.3

Fi(Py) = agi+ay P+ (2.3)

2.3.2 Second-order model: In this case L is set to 2 and then Eq. (2.1) takes the following
quadratic form and is shown in Eq.2.4

Fi(Py) = ag; + aq; Py + apiPf + 17 (2.4)

2.3.3 Third-order model: In this case L is set to 3 and the equation takes the quadratic form
which is represented in Eq.2.5
Fi(Py) = ag; + ay; Py + api P + ag; P+ (2.5)

2.3.4 Non-smooth model: When accounting for the steam admission valve effects, the fuel
cost is typically modelled as a quadratic function augmented with a sinusoidal term, as shown
below [13] in Eq.2.6

Fi(Py) = [am' + aq; Py + ap P + |€i5in (fi(Pi,min - Pi))| ] + 7 (2.6)

Figure 2.1 shows different input—output characteristics for steam units [1] with the input to
the unit on the ordinate and is concerned to be either in terms of heat energy requirements
(GJ/hr) or in terms of total cost per hour ($/hr). The output is normally the net electrical

power output of the unit (MW).

r'

F (GJ/hr) or F ($/hr)

A J




Figure 2.1 Input-output characteristics
The input—output relation (F -P) or (H-P) for each thermal generating unit for any of the four
models, a discrete system of equations in state space form can then be written as

Zi=fi(P, X)) + R, (2.7)

Where Zi is a fuel-cost vector for the i th generating unit (measurement vector), Xi are the
parameters to be estimated (a, e, f) for the i th generating unit, and Ri is the error vector
associated with Zi. The EP-based program is developed to find an estimate for the unknowns
(X) in Eqg. (2.7). These estimates are used to recalculate the fuel function (Festimated) at €ach
time step. Then, the error associated with each measurement can be calculated as mean
square error expression.

i = Fitactuar) = Fi(estimated) (2.8)
Now, the problem formulation can be clearly stated as to find an estimate for the parameter
vector X, for any model, that minimizes the error vector r;.
2.4 Least error square method
The method of least squares is used to solve a set of linear equations having more equations
than unknown variables. Since there are more equations than variables, the solution will not
be exactly correct for each equation rather, the process minimizes the sum of the squares of
the residual errors. The method is very powerful and can be applied to numerous
applications.
In the general case, the least-squares method is often used to solve a set of non-linear
equations that have been linearized using a first-order Taylor-series expansion. Solving non-
linear equations is an iterative process using Newton’s method. The speed of convergence is
dependent on the quality of an initial guess for the solution. The non-linear least-squares
method is often referred to as a bundle adjustment since all of the values of an initial guess of
the solution are modified together (adjusted in a bundle). This technique is also occasionally
referred to as the Gauss-Newton method.
If the equations are linear, the least-squares process will produce a direct solution for the
unknowns. If the equations are not linear, an initial guess of the unknowns is required, and
the result is an adjustment to the initial parameters. This is repeated until the results converge
(the adjustments become very close to zero). In linear case initial guess of all parameters is

adjusted as zero.



2.4.1 Problem Formulation
The process requires a set of equations with the unknowns on one side and some known
quantity on the other. Let X; be the set of unknowns, and let the equations be of the form
shown in Eq.2.9.

Fi(xq,%x5,x3,....) = k; (2.9)
where k; is the observation (value) whose least-square error will be minimized.
Since there are more equations than unknowns, the solution of the unknowns will not be
exact. Using the solution to compute the equation, it will not generate the exact observation
value, ki. The square of the difference between the evaluated equation and the observation is
minimized.
There is typically one equation for each observation. In photogrammetric, this might be one
equation for each x pixel coordinate and one equation for each y pixel coordinate. Each
equation is not required to have all of the unknowns in it. The Jacobian matrix, J, is the

matrix of the partial differentials of each equation with respect to each unknown. That is,

[ 6F1 6F1 6F1

0x;  0x;  Oxs
oF, OF, OF,
_ 6x1 axz OX3

J_ 6F3 6F3 6F3 (2'10)
6x1 axz OX3

In general, the height of the Jacobian matrix will be larger than the width, since there are
more equations than unknowns. Furthermore, let the vector K be the vector of the residuals.
A residual is the difference between the observation and the equation calculated using the

initial values. That is

ky — F; (X190, X20, X305 -+ )
K= k1 - Fl(x101x20' X30, ) (211)
ky — F; (X190, X20, X305 -+ )

One further parameter is a weighting matrix, W. This is a matrix which includes the expected
confidence of each equation and also includes any dependence of the equations. A larger
value in the weighting matrix increases the importance of the corresponding equation (larger
values indicate greater confidence). It is a square symmetric matrix with one row per
equation. The main diagonal contains the weights of the individual equations, while the off-

diagonal entries are the dependencies of equations upon one another. If all of the observations



are independent, this will be a diagonal matrix. The cofactor matrix, Q, is the inverse of the
weighting matrix. (Q=W4)

Let Xjo be an initial guess for the unknowns. The initial guesses can have any finite real value,
but the system will converge faster if the guesses are close to the solution. Also, let X be the

vector of these initial guesses. That is
X = |*20 (2.12)

It is desirable to solve for the adjustment values A X. This is the vector of adjustments for the
unknowns
Axq
Ax
AX = |72 2.13
Ax, (2.13)

Where, based on the initial guess X and an adjustment AX is a set of new values are

computed
X' =X+AX (2.14)
To solve for AX
AX = (J*W)TTJW)) (2.15)
In various texts, the normal matrix, N is defined as
N = (Jtw)) (2.16)

and the covariance matrix (sometimes referred to as the variance-covariance matrix), Qxx is
defined as

Qux = (W™ =N"1 (2.17)
The initial guesses, X are updated using the solution of the adjustment matrix, AX as follows

X' =X+AX (2.18)
Or
X; = X;o + Ax; (2.19)

The process is repeated using the new values, x; as the initial guesses until the adjustments
are close to zero.

There are conditions where the solution will not converge or will converge to undesirable
values. This process finds a local minimum. As such, there may be a better solution than the

one found. A solution is dependent on the equations F;(xy, x5, x5, ....) being continuous in
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(%1, x5, x3,....) . The first and second derivatives do not need to be continuous, but if the
equations are not continuous, there is no guaranty that the process will converge. Also, in
certain circumstances, even if the equations are continuous, the solution may not converge.
This can happen when the first and second derivatives of the equations have significantly
different values at the initial values than at the solution. In any case where the solution does
not converge, a solution may still be able to be obtained if different starting values, Xjo are
used.

The flowchart for estimating the fuel cost function parameters for thermal power plants for

smooth and non-smooth functions is shown in figure 2.2.

\ 4

Read data ie. Fuel cost energy (GJ/Hr) and the active power output (MW).

A 4
Consider the vector equation describing the relationship between the

fuel cost energy measurement values Y,the unknown parameters

X,the system matrix containing the active power output D. (Y=DX)

'

Minimize a scalar cost function J where ] = [Y — DX]"W[Y — DX]

W is the weighing matrix.

'

Minimization of a scalar with respect to a vector is obtained when

aj
aX_O

A 4

)

>
9%2x 0

and the Hessian of J is positive semi definite

\ 4

Differentiating J and equating to zero gives X = [DTWD]~1DTWY.

It gives the optimal weighted least square estimate of the parameter

vector X.
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Figure 2.2 Flowchart for Least Error Square method
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CHAPTER 3

EstimaTInG THE FueL Cost FuncTion UsinGg

EvoLUTIONARY PROGRAMMING

3.1 Introduction

Evolutionary programming is based on Finite State Machine (FSM) model in its early stage,
which is proposed by L. J. Fogel in 1960's when he studied the artificial intelligence. In
1990’s the evolutionary programming was developed by D. B. Fogel and was made to solve
the optimal problems in real space. The evolutionary programming bas been become an
optimal tool and is used in many practical problems. Evolutionary programming is a
probabilistic, global search technique that starts with a population of randomly generated
candidate solutions and evolves towards better solutions over a number of generations or
iterations. The main stages of this technique include initialization, mutation, competition and
selection. . According to the problem, each step could be modified and configured in order to
achieve the optimum result.

3.2 Overview of Evolutionary Programming

Evolutionary Programming (EP) is a probabilistic, global search technique that starts with a
population of randomly generated candidate solutions and evolves towards better solutions
over a number of generations or iterations.

Optimization by EP can be summarized into two major steps:

1. Mutate the solutions in the current population

2. Select the next generation from the mutated and the current solutions.

These two steps can be regarded as a population-based version of the classical generate-and
test method, where mutation is used to generate new solutions (offspring) and selection is
used to test which of the newly generated solutions should survive to the next generation.
Formulating EP as a special case of the generate-and-test method establishes a bridge
between EP and other search algorithms, such as evolution strategies, genetic algorithms,
simulated annealing (SA), tabu search (TS), and others, and thus facilitates cross-fertilization
among different research areas. One disadvantage of EP in solving some of the multimodal

optimization problems is its slow convergence to a good near-optimum.
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Evolutionary programming (EP) is a stochastic optimization strategy, which places emphasis
on the behavioural linkage between parents and their offspring. It is a powerful and general
optimization method, which does not depend on the first and second derivatives of the
objective function and the constraints of the problem.
Evolutionary programming is a probabilistic search technique, which generates the initial
parent vectors distributed uniformly in intervals within the limits and obtains global optimum
solution over number of iterations. The main stages of this technique are initialization,
creation of off — spring vectors by mutation and competition and selection of best vectors to
evaluate best fitness solution. As the history of the field suggests there are many different
variants of Evolutionary Algorithms. The common underlying idea behind all these
techniques is the same: given a population of individuals the environmental pressure causes
natural selection (survival of the fittest) and this causes a rise in the fitness of the population.
Given a quality function to be maximized we can randomly create a set of candidate
solutions, i.e., elements of the function’s domain, and apply the quality function as an
abstract fitness measure — the higher the better. Based on this fitness, some of the better
candidates are chosen to seed the next generation by applying recombination and/or mutation
to them. Recombination is an operator applied to two or more selected candidates (the so
called parents) and results one or more new candidates (the children). Mutation is applied to
one candidate and results in one new candidate.
Executing recombination and mutation leads to a set of new candidates (the offspring) that
compete based on their fitness (and possibly age) — with the old ones for a place in the next
generation. This process can be iterated until a candidate with sufficient quality (a solution) is
found or a previously set computational limit is reached. In this process there are two
fundamental forces that form the basis of evolutionary systems.

e Variation operator (mutation) create the necessary diversity and thereby facilitates

novelty, while

e Selection acts as a force pushing quality.
The combined application of variation and selection generally leads to improving fitness
values in consecutive populations. It is easy (although somewhat misleading) to see such a
process as if the evolution is optimizing, or at least “approximating”, by approaching optimal
values closer and closer over its course. Alternatively, evolution it is often seen as a process
of adaptation. From this perspective, the fitness is not seen as an objective function to be

optimized, but as an expression of environmental requirements. Matching these requirements
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more closely implies an increased viability, reflected in a higher number of offspring. The
evolutionary process makes the population adapts to the environment better and better.During
selection fitter individuals have a higher chance to be selected than less fit ones, but typically
even the weak individuals have a chance to become a parent or to survive.
For mutation, the pieces that will be mutated within a candidate solution and the new pieces
replacing them are chosen randomly. The evaluation (fitness) function represents a heuristic
estimation of solution quality and the variation and the selection operators drive the search
process. The most important advantage of EP is that it uses only the objective function
information and hence independent of the nature of the search space such as smoothness,
convexity or uni-modality, etc.
EP differs from traditional GAs in two aspects:
e EP uses the control parameters (real values), but not their coding as in traditional GAs
e EP relies primarily on mutation and selection, but not crossover, as in traditional GAs.
Hence, considerable computation time may be saved in EP.
3.3 Difference between Evolutionary Programming and Classical Method
e EP has capability of converging into a global optimum. Classical methods are not
guaranteed to converge to the global optimum of the general non-convex optimum
problem.
e Accuracy in case of EP is less as compare to classical method.
e The search process in EP uses a population of points rather than a single point.
e Classical methods suffer from the difficulty in handling inequality constraints.
Whereas EP can handle constraints easily.
e EP requires only the evaluation of the fitness function, which is formed from
objective function so that every solution could be given a quality value.
e EP operates on the encoded string of the problem parameters rather than the actual
parameters of the problem.
3.4 Applications of Evolutionary Programming
Evolutionary programming is a probabilistic search technique, which generates the initial
parent vectors distributed uniformly in intervals within the limits and obtains global optimum
solution over number of iterations. Evolutionary Programming is search algorithms based on
the mechanics of natural selection. The most important advantage of EP is that it uses only
the objective function information and hence independent of the nature of the search space
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such as smoothness, etc. EP based algorithms are increasingly applied for solving power
system optimization problems in recent years.
3.5 Components of Evolutionary Programming
Evolutionary Programming requires certain steps, components, procedures or operators that
must be specified. The main components are:
1. Initialization
Representation
Fitness function

2
3
4. Population
5. Parent selection methodology
6. Mutation
7. Survivor selection mechanism (replacement)
8. Termination condition
To obtain a running algorithm the initialization procedure and a termination condition must

be also defined. Schematic diagram of EP algorithm is shown in figure 3.1.

Initialization < Vector Representation of the Decision

Survivor set Competing pool

Np Individuals _»| Offspring Creation || Np parents Np Offspring

A 4
Competition and Selection | Objective Function Evaluation

Figure 3.1 Schematic diagram of EP algorithm

3.5.1 Initialization

Initialization is the first step which is applied while using Evolutionary Programming. Here,
problem specific heuristics can be used in this step aiming at an initial population with higher
fitness. Thus, population is selected based on certain measures. Whether this is worth the
extra computational effort or not is very much depending on the application at hard[22].
Here, an initial population of parent individuals (X;,i=1,2,3 ...... k) is generated randomly

within a feasible range in each dimension.
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3.5.2 Representation

This is the first design step. It amounts to specifying a mapping from the phenotypes onto a
set of genotypes that are said to represent these phenotypes which means to link the” real
world” to the “EA world”, that is to set up a bridge between the original problem context and
the problem solving space where evolution will take place. Objects forming possible
solutions within the original problem context are referred to as phenotypes, their encoding,
the individuals within the EA, are called genotypes. For instance, given an optimization
problem on integers, the given set of integers would form the set of phenotypes. Then one
could decide to represent them by their binary code, hence 18 would be seen as a phenotype
and 10010 as a genotype representing it. It is necessary to understand that the phenotype
space can be very different from the genotype space, and that the whole evolutionary search
takes place in the genotype space. A solution of a good phenotype is obtained by decoding
the best genotype after termination.

The inverse or reverse mapping from genotypes to phenotypes is usually called decoding and
it is required that the representation be invertible: to each genotype there has to be at most
one corresponding phenotype.

3.5.3 Fitness Function

Evaluation function represents the task to solve in the evolutionary context. Technically, it is
a function or procedure that assigns a quality measure to genotypes. The role of the
evaluation function is to represent the requirements to adapt to. It forms the basis for
selection, and thereby it facilitates improvements.

3.5.4 Population

Population means how many individuals have in it i.e. setting the population size. As
opposed to variation operator, that act on one or two parent individuals, the selection
operators (the parent selection and survival selection) work at population level. In general,
the take the whole population into account and choices are always made relative to what we
have. For instance, the best individual of the given population is chosen to be replaced by a
new one. In almost all EPs applications, the population size is constant, not changing during
the evolutionary search. The objective of population is to hold (the representation of) possible
solutions. A population is a multi set of genotypes and each individual forms the unit of
evolution but does not change itself.

The diversity of a population is a measure of the number of different solutions present. No

single measure for diversity exists; typically people might refer to the number of different
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fitness values present, the number of phenotypes present, or the number of different
genotypes.

3.5.5 Parent Selection Methodology

Chromosomes are selected from the population to be parents. The problem is how to select
these chromosomes. According to Darwin’s evolution theory the best ones should survive
and create new offspring. The objective of parent selection or mating selection is to compare
among the individuals based on their quality, and to allow the better individuals to become
parents of the next generation. An individual is a parent if it has been selected to undergo
variation in order to create offspring. Together with the survivor selection mechanism, parent
selection is responsible for pushing quality improvements. Thus, high quality individuals get
a higher chance to become parents than those with low quality. However, low quality
individuals are often given a small, but positive chance; otherwise the whole search would
become too greedy and get stuck in a local optimum.

There are many methods for selecting the best chromosomes:

1. Steady-State Selection

2. Roulette Wheel Selection

3. Rank Selection

4. Elitism

3.5.5.1 Steady-State Selection:

This is not a particular method of selecting parents. The main idea of this selection is that big
part of chromosomes should survive to the next generation. EP then works in a following
way. In every generations a few (good with high fitness) chromosomes are selected for
creating a new offspring. Then some (bad with low fitness) chromosomes are removed and
then, the new offspring is placed in their place. The rest of population survives to the new
generation.

3.5.5.2 Roulette Wheel Selection:

Parents are selected according to their fitness. The better the chromosomes are, the more
chances to be selected they have. Imagine a roulette wheel where are placed all chromosomes
in the population, everyone has its place big accordingly to its fitness function. Then a marble
is thrown there and selects the chromosome. Chromosome with bigger fitness will be selected
more times.

One way to implement this selection scheme is to imagine a roulette-wheel with its
circumference marked for each string proportionate to the string’s fitness. The roulette-wheel
IS spun n times, each time selecting an instance of the string chosen by a roulette-wheel (RW)
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pointer. Since the circumference of the wheel is marked according to a string’s fitness, this
roulette-wheel mechanism is expected to make fi / fav copies of the ith string in the mating

pool. The average fitness of the population is calculated as:

fav = bz i (3.1)

n

Chromosome 5

Chromosome 4

Chromosome 3

Chromosome 1

Chromosome 2

Figure 3.2 Roulette Wheel selection

Since, the first individual has a higher fitness value than any other, it is expected that the RW
selection will choose the third individual more than any other individual. This roulette-wheel
selection scheme can be simulated easily. Using the fitness value Fi of all the strings, the
probability of selecting a string pi can be calculated. Thereafter the cumulative probability
(Pi) of each string being copied can be calculated by adding the individual probabilities from
the top of the list. Thus, the bottom-most string in the population should have a cumulative
probability (P,) equal to one.

3.5.5.3 Rank Selection

In the roulette wheel selection, the problem is when the fitnesses differ very much. For
example, if the best chromosome fitness is 90% of the entire roulette wheel then the other
chromosomes will have very few chances to be selected. But, Rank selection first ranks the
population and then every chromosome receives fitness from this ranking. The worst will
have fitness 1, second worst will have 2 etc. and the best will have fitness N (number of
chromosomes in population). After this all the chromosomes have a chance to be selected.
But this method can lead to slower convergence, because the best chromosomes do not differ

so much from other ones.
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3.5.5.4 Elitism

Elitisms are quite different. When creating a new population by crossover and mutation, there
exists a high probability of losing the best chromosome. Elitism is the name of a method
which first copies the best chromosome (or a few best chromosomes) to the new population.
3.5.6 Mutation

It is also known as background operator .It plays dominant role in the evolutionary process
and consists of randomly selecting a mutation point. It is applied to one genotype and delivers
a (slightly) modified mutant, the child or offspring of it. A mutation operator is always
stochastic: its output- the child- depends on the outcome of a series of random choices. A
problem specific heuristic operator acting on one individual could be termed as mutation.
3.5.7 Survivor Selection Mechanism

The role of survivor selection is to distinguish among individuals based on their quality. In
that it is similar to parent selection, but it is used in different stage of evolutionary cycle. The
survival selection mechanism is called after having created the offspring of the selected
parents. A choice has to be made on which individuals will be allowed in the next generation.
This decision is usually based on their fitness values, favouring those with higher quality.
Survivor selection is also often called replacement selection or replacement strategy. In many
cases, the two terms can be used interchangeably. The choice between the two is often
arbitrary. The preference for using replacement can be motivated by the skewed proportion of
the number of individuals in the population and the number of newly created children. In
particular, if the number of children is quite small with respect to the population size e.g., 2
children and a population of 100. In this case, the survivor selection step is as simple as to
choose the two old individuals that are to be deleted to make place for the new ones. In other
words, it is more efficient to declare that everybody survives unless deleted and to choose
whom to replace. If the proportion is not skewed like this, e.g., 500 children made from a
population of 100, and then this is not an option, so using the term survivor selection is
appropriate. Each individual in the competing pool is evaluated for its fitness. All individuals
compete with each other for selection. The best K individuals with maximum fitness values
are retained to be parents of the next generation. The process of creating off spring and
selecting those with maximum fitness are repeated until there is no appreciable improvement
in the maximum fitness value or it is repeated up to a pre specified number of iterations.

3.5.8 Termination Condition

Termination of the algorithm will be done due to either of the following condition. One if the
problem has a known optimal fitness level, probably coming from a known optimum of the
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given objective function, then reaching this level should be used as a stopping condition or if
the maximum number of iterations are reached.

3.6 Problem Formulation for Estimation of Fuel Cost Function

The EP based program is developed to find an estimate for the thermal unit input-output
curve coefficients. These estimates are used to recalculate the fuel cost energy function
(Festimatea) at €ach time step. Then, the error associated with each measurement is minimized.
The problem formulation can be clearly stated as to find an estimate for the fuel cost

parameters, for any model, that minimizes the error r; .

= Fi(actual) - Fi(estimated) (3-2)

where Fiestimatea) = 2i=1 F Ci(P;) (3.3)

FC;(P;) is the fuel cost energy function of the i™ unit and P; is the power generated by the i"
unit.
Subjected to power balance constraints:

Pp=Y" P —P Here P, =0 (3.4)
Where Pj, is the system load demand.
The inequality constraint:

Cimin < C; < Cimax i=12,..n (3.5)

Where Cipin, and Cimax are the minimum and maximum limits of the fuel cost coefficients of
the unit.

The fuel-cost function without valve-point loadings of the generating units is given by

Fi(Py) = ag; + aq; Py + 17 (3.6)
F;(Py) = ag; + aq; Py + apiPf + 17 (3.7)
F;(Py) = ao; + aq; Py + ay PG + asPo+; (3.8)

The fuel-cost function considering valve-point loadings of the generating units is given by

Fi(Py) = [a0i + ay; Py + ap P + |9i5m (fi(Pi,min - Pi))| ] + 7 (3.9)
Where ay;, a4;,a,; and are the fuel-cost coefficients of the unit, and e; and f; are the fuel
cost-coefficients of the unit with valve-point effects.
The generating units with multivalve steam turbines exhibit a greater variation in the fuel-

cost functions. The valve-point effects introduce ripples in the heat-rate curves.
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3.6.1 Parameter Initialization

The key parameters that control the Evolutionary Programming are population size (L),
boundary constraints of optimization variables (CG), scaling factor (), empirical rate (),
and the stopping criterion of maximum number of iterations (generations) itermax. The set of
fuel cost parameters of all generators are represented as the population. For a system with NG

generators, the population is represented as a vector of length CG.

3.6.2 Initialization
The initial population comprises of only the candidate cost coefficient solutions, which
satisfy all the constraints. It consists of Cf (i=1, 2 ....CG; j=1, 2....... L) trial parent
individuals. The elements of a parent are the recombination of the cost coefficients of the
generating units randomly chosen by a random number ranging over [/, ¢["9*] .
¢} = ¢ + randO(C* — M) (i=1,2 ...CG j=1,2 ... L) (3.11)
where rand () is uniform random number ranging over [0, 1]
The elements of parent/offspring Cij may violate constraint. This violation is corrected by
fixing them at lower or upper limits as described in Eq.
¢ (¢l <)
¢/ =4 ¢ (¢l > arim)
cl; ¢ = ¢! = cmin

(i=12...CG;j=1,2.....L) (3.12)

3.6.3 Mutation

Mutation is often implemented by adding a random number or a vector from a certain
distribution [e.g. a Gaussian distribution in the case of classical EP (CEP)] to a parent. The
degree of variation of the Gaussian mutation is controlled by its standard deviation, which is
also known as a ‘strategy parameter” in evolutionary search. Initial solutions are usually far
from the global optimum and hence larger step sizes may prove to be beneficial. But as the
evolution progresses, later solutions may be nearer to the global point and the step size should
be reduced gradually to enable quick convergence. Unfortunately, there is no way of
predicting the transition point for the change of step size from a larger to smaller one. As no
unique step size can give desired results for all types of functions.

The four alternative methods for creating offspring are explained below:
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3.6.3.1 Classical Evolutionary Programming
Using Gaussian mutation, an offspring vector is created from each parent by adding to each
component of, a Gaussian random variable with a zero mean and a standard deviation
proportional to the scaled cost values of the parent trial solution.

¢/ =c/ +d/ N(OD) (i=12...C6;j=12....L) (3.13)
Where N(0,1) represents a normally distributed random variable with zero mean and unit
variance.
3.6.3.2 Fast Evolutionary Programming
Using Cauchy mutation (in FEP), an offspring is created by

;™ =c/ +d! cr/(00) (=12...C6;j=12....L) (3.14)
Where Crij (0,1) is a Cauchy random variable with scale parameter centered at zero that is
generated anew for each value of j.
3.6.3.3 Mean of the Gaussian and Cauchy mutations

Using the mean of the Gaussian and Cauchy mutations (in MFEP), an offspring is created in

this method as

j+L j 1 j j . .
cl™t=c/ +§aif(1v(0,1) +Cr’(01) (i=12....CGl#d;j=12....L) (3.1
Where N; and Cr; are Gaussian and Cauchy random variables, respectively, to be generated
anew for each value of j.
3.6.3.4 Better of the Gaussian and Cauchy mutations

Using the method of choosing the better from two offspring generated from each parent, one
by Gaussian mutation and the other by Cauchy mutation (in IFEP).

L . . . .
™" =c!+d/(N(O1) (i=12....CG;j=12....L)
¢/ =cl +50] cr/(0,1) (i=12....C6;j=12....L) (3.16)
The values of the objective function value of both offspring are evaluated, compared, and

better individuals are chosen as parents for next generation.

In each method mentioned above, the standard deviation is given by the expression:

o= (1 — ¢ (3.17)

Fmin
Where f™™ is the minimum cost value among n the trial solutions.

B is the scaling factor.

fi = f(C;) is the value of the objective function associated with the trial vector C; .

Here o is adapted based on its scaled values of the parent trial solution; if f; is relatively low,

the step size will be small and the offspring trial solution will be created near the current
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solution on average, and if f; relatively high, the step size will be larger and next trial
solution will be searched within a wider range on average thereby providing an adaptive
effect based on the fitness (cost) value. Also, as f™" keeps updating toward a globally
optimum point, adaptation will also be toward the global point.

The EP technique considers different kinds of mutations viz. Gaussian, Cauchy and combined
Gaussian-Cauchy mutation. To create offspring the following scheme is adopted for self

adaptation of strategy parameter based on empirical learning rates t; and t,.

a/™" = o] exp{r;N(0,1) + T,N/(0,1)} (3.18)

L

Where 0= (@6 —1))
T, = (\/(2 (CG — 1)))

3.6.4 Competition and Selection

-1

Selection is the procedure whereby better offspring are produced. To decide whether the
vector Cf** should be a member of the population comprising the next generation, it is
compared with the corresponding vectorCf. Thus, if f denotes the error under minimization,
then

Cij(t+1); lf (Cij(t+1)) < f(Cij(t))

) (i=12,..,L)
j@®
C;

J(+1) _
& - ;otherwise (3.19)

G=12..,C6)

In this case, the cost of each of trial vector Cl.j (t+1) s compared with that of its parent target

vector Cij © I the error f, of the target vector Cij ® s lower than that of the trial vector, the
target is allowed to advance to the next generation. Otherwise, a trial vector replaces the
target vector in the next generation.

3.6.5 Verification of the stopping criterion

Set the generation number for t=t+1. Repeat mutation, competition and selection operation
until a stopping criterion is met, usually a maximum number of iterations (generations),t,, .
The stopping criterion depends on the type of problem.

24



3.7 Flowchart of Classical Evolutionary Programming

Select initial values for upper & lower limit,
population size, generation size, (i) dimension

seti=1

A 4

Generate parents (Cij ) & offspring (o)
¢/ = ¢ 4+ rand (€% — ¢™™)  (i=1,2 ...CG; j=1,2 ... L)

Set the value of o as al.j =[3f—] (cmax — (;imin)

fmin

a/*" = o] exp{t;N(0,1) + T,N/(0,1)}
-1
7, = (V@+ (€6 -1))

T, = (\/(2 (CG — 1))>_1

\ 4

Find ¢/t =c/ +a/ N(O1)

A

\ 4

Calculate fitness function on the basis of their
objective function

A 4

Combine all parents and offspring in a mating for
competition and selection.

A 4

ctrlif (¢t < f(ct
l {( 5] ) ' f( l]) (i — 1’2, ...,L)
Citj+1 = Cij; otherwise
(G=12,..,CG)
NO

i=itermax

Output schedules
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CHAPTER 4

REsuLTs AND DiscUsSIONS

Evolutionary Programming method is tested using the thermal data. The field data are used
to estimate the parameters of the smooth and non-smooth models. These measurements are
for three thermal plants using different fuels (coal, oil, and gas). The main objective is to
minimize the error obtained from the difference between the actual fuel cost energy given and
the estimated fuel cost energy obtained from these fuel cost models. The results of Estimating
Fuel-cost function Parameters after the implementation of EP are discussed. The algorithms
are implemented in MATLAB (10) to solve the problem. The performance evaluated using
the first, second and a third order model is referred to as Test Problem I, 1l and Il
respectively. The performance of the Non Smooth model with valve point loading is referred
to as Test Problem IV.

Test Problem I: First order model

Test Problem 11: Second order model

Test Problem I11: Third order model

Test Problem 1V: Non Smooth model with valve point loading

4.1. Test Problem I- First order model

In this test, data for the three units are used to estimate the first-order model parameters.
Recalculated fuel-cost energy function along with the data is calculated using evolutionary
programming and the comparison of absolute error in the estimation process is presented. The
same parameters are estimated using the Least Error Square estimation, and outcomes from
both estimation methods along with the Particle Swarm Optimization are presented and
compared. The thermal generation data for the smooth models is given in table 4.1. [20]

Table-4.1 Thermal generation data

Output Power Fuel Cost energy Fuel Cost energy Fuel Cost energy
Pc (MW) for Unit 1 for Unit 2 for Unit 3
Coal Oil Gas
Fs (GJ/hr) Fs (GJ/hr) Fs (GJ/hr)
10.0 176.62 184.75 187.87
20.0 256.40 268.20 272.80
30.0 361.50 377.70 384.30
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40.0 467.60 488.80 497.20
50.0 579.50 606.00 616.50
> Fs 1841.62 1925.45 1958.00

4.1.1 Optimum solution for Test Problem I using Least Error Square

Developed program gives the estimated fuel cost coefficients, estimated fuel cost energy and
the absolute error for three units. The results are shown in the table 4.2(a).

Table-4.2(a) Estimated Coefficients using Least Error Square Method

Unit Fuel cost Coefficients Fuel cost Coefficients by
LES
Unit-1 Qo 10.1696
Coal a1 63.2360
Unit-2 Ao 10.6470
Qil a 65.8400
Unit-3 Qo 10.8300
Gas a1 66.7000

4.1.2 Problem Formulation by Evolutionary Programming
The EP based program is developed to find an estimate for the unknowns (X) in Eq. (2.7).
These estimates are used to recalculate the fuel cost energy function (Festimated) at €ach time
step. Then, the error associated with each measurement is minimized. The problem
formulation can be clearly stated as to find an estimate for the fuel cost coefficients, for any
model, that minimizes the error r; .
Minr; = Fiactuar) — Fi(estimatea) (4.1)
where Fi(estimatea) = Di=1 FCi(P) (4.2)
FC;(P;) is the fuel cost energy function of the ™ unit and P; is the power generated by the '™
unit.

Subjected to power balance constraints:

Pp=Y".P—P Here P, =0 (4.3)
Where Pj, is the system load demand
And the inequality constraint
Cimin < C; < Cimax i=12,..n (4.4)

where Cipin and Cinq, are the minimum and maximum limits of the fuel cost coefficients of
the unit.

The fuel-cost function without valve-point loadings of the generating units is given by
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Casel — F;(Py;) = ag; +aq,; P +71; (4.5)
Case Il — Fi(Pti) = Qp; + aq; Pti + Clziptzi + T (46)
CaseIll — F;(Py) = ag; +aq; Py + azl-Ptzi + a3iPt3l-+ri 4.7

The fuel-cost function considering valve-point loadings of the generating units is given by

CaselV — F;(Py) = [am + aq; Py + aZiPtzi + |el-sin (fi(Pi,min — Pi))| ] +r, (4.8

where ay;, a;;,a,; and are the fuel-cost coefficients of the unit, and e; and f; are the fuel

cost-coefficients of the unit with valve-point effects.

The generating units with multivalve steam turbines exhibit a greater variation in the fuel cost

energy functions. The valve-point effects introduce ripples in the heat-rate curves.

4.1.2.1 Algorithm for estimating the Fuel Cost Function

1.

o & N

Read the thermal generation data,actual fuel cost energy Fi(ucruar) ,» POWer output,
Population size (L)=10, boundary constraints of optimization variables (NG)=5,scaling
factor (B)=0.01,imperical rate (), iter=50 and the C/*** and C™™" for (i=1,2,...CG) are
the limits of the fuel cost function coefficients.

Generate an array of (L*CG) size of uniform random numbers.

Set population counter, for i=0 and increment population counter, i=i+1.

Set generation counter, for j=0 and increment generation counter, j=j+1.

Calculate the fuel cost function parameters for each unit using equation
¢/ = ¢ + rand (€ — €M) (i=1,2 ...CG; j=1,2 ... L) (4.9)
Check the limit of the cost coefficient of individual generator i.e.

crex > ] > cmin (4.10)

If limit is violated than upgrade the cost coefficient of the unit using equation
I L G
booemex; (¢! > ey
i=12...CGj=1,2.....L) (4.12)

Calculate estimated cost function using equation

Fi(Py) = ag;i +ay; Py + 13 (4.12)
Fi(Py) = ag; + aq; Py + ap PG + 1 (4.13)
Fi(Py) = ag; + aq; Py + api P + az P+ (4.14)

The fuel-cost function considering valve-point loadings of the generating units is
given by
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Fi(Py) = [am + ay; Py + ayPE + |egsin (fi(Pi,min - Pi))| ] +r; (4.15)
9. The error associated with each measurement can be calculated as
= Fi(actual) - Fi(estimated) (4.16)

10. End of the evaluation operation
11.  Start of the mutation operation
12 Calculate the Standard deviation aij of the cost coefficients obtained from the

evaluation process by the formula:

o/=p A (ce — ) (4.17)

l fmin

13. Now calculate the Standard deviation of the next L populations from the standard

deviation of the first L populations by:

o/*" = 6] exp{t;N(0,1) + 7,N/(0,1)} (4.18)

4

Where 7, = (V2% (CG - 1)))_1

T, = (J(z (CG - 1)))
14. Repeat the steps 5-7

15.  Calculate the fuel cost function coefficients using equation

-1

¢/t =c/ +a/ N(O2) (i=12....C6l#d;j=12....L) (4.19)

16. Repeat steps 8-10

17. End of the mutation operation

18.  Start of the selection process

19.  Set population counter, for j=0 and increment population counter, j=j+1
Ci](t+1); if (Ci](t+1)) < f(Cij(t))

) (i=12,..L)
Jj@,
(OF

Cij ) = otherwise (4.20)
G=12,..,C06)

20. Select the least error among no of populations.

21. Repeat steps for increment each iteration, steps 3-21.

22. Stop
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4.1.2.2 Flowchart for estimating the Fuel Cost function using Evolutionary

Programming

itter=itter+1

Iter=1:80

A

¢/ = "™ + rand O (€ — M)
v

NO

¢ (¢l <)
i cmax . (CJ > cmin)

YES

Fi(Py) = ag; tay; P + 13
Fi(Py) = ag; + aq; Py + agi P + 17

A

F;(Py) = ag; + aq; Py + api P + azi P+

Fi(Py) = [aOi + ay; Py + ay P + |ei5in (fi(Pi,min - Pi))l ] + 7

A 4

i = Ii(actual) — Fi(estimated)

A

Set the value of o as aijZBf—] (cnex — Cimin)

fmin

aij+L = al-j exp{z;N(0,1) + 7,N7(0,1)}

A 4

¢/t =c/ +d/ N(O,D) > MUTATION

!

¢/ V6 =12,..,);if (¢/“P) < error, _, COMPETITION AND
SELECTION

jt+1) _
C; =

C,.j(t) (j =1,2,...,CG); otherwise

I=iternax
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4.1.3 Optimum solution for Test Problem I using Evolutionary Programming

The description of the results obtained by utilizing Evolutionary Programming is considered

is detail. The population size has been assumed as 20. Therefore, population we have taken is

20 x 4. Results of the first 20 iterations for unit 1 are shown below in table 4.3(a). Best

solutions after 50 iterations with different population size and different scaling factor for Unit

1 are given in table 4.3(b).The simulated results for Test problem | are shown in table 4.3(c).
Actual fuel cost energy is 1841.62 GH/hr [1]

Table-4.3(a) Results of first 20 iterations

Cost parameter Cost parameter Estimated Fuel Error
(as) (ag) cost energy (ri)
I:estimated (GJ/ hl’)
1.0e+003 *
0.0101 0.0103 0.0101 0.0102
0.0651 0.0615 0.0655 0.0614
1.8448 1.8453 1.8494 1.8361
0.0032 0.0037 0.0077 0.0055
0.0102 0.0103 0.0102 0.0103
0.0618 0.0610 0.0618 0.0625
1.8423 1.8538 1.8409 1.8504
0.0007 0.0121 0.0007 0.0087
0.0101 0.0101 0.0101 0.0102
0.0653 0.0641 0.0651 0.0636
1.8425 1.8310 1.8408 1.8470
0.0009 0.0106 0.0008 0.0053
0.0103 0.0102 0.0102 0.0101
0.0603 0.0619 0.0636 0.0653
1.8442 1.8466 1.8444 1.8438
0.0026 0.0049 0.0028 0.0022
0.0101 0.0102 0.0101 0.0101
0.0660 0.0650 0.0646 0.0657
1.8454 1.8508 1.8448 1.8465
0.0038 0.0092 0.0032 0.0049
Table-4.3(b) Best Solutions
Population Scaling Fuel Cost Fuel Cost Estimated Error
size L factor p Coefficient Coefficient Fuel cost (ry)
ai ao energy
(GJ/hr)
I:estimated
10 0.01 10.2682 60.2731 1841.6 0.0246
20 0.01 10.1474 63.9045 1841.6 0.0129
30 0.01 10.0719 66.1727 1841.6 0.0120
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Table-4.3(c) Simulation results for Test Problem |

Coefficients based on Error
Unit Fuel Cost | PSO[1] LES EP PSO[1] LES EP
coefficients
Unit 1 ao 60.0060 63.2360 63.9045 36.322 38.956 18.1305
a 10.1900 10.1696 10.2682
Unit 2 ao 66.0010 65.8400 69.1320 39.151 41.140 0.04
a 10.5700 10.6470 10.5322
Unit 3 ao 66.0020 66.7000 65.3015 38.801 41.000 0.0155
a 10.7800 10.8300 10.8767

It can be observed from table 4.3(c) that the recalculated fuel cost energy function values

(festimated) using the Evolutionary Programming (EP) methods are very close to the actual

values with very less value of absolute error in comparison to the other two methods namely

PSO and LES.The evolutionary programming convergence characteristics are presented in

the form of a figure as shown below.

Total eror
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20
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60
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Figure-4.2 EP convergence characteristics for unit 1 (linear model)

120

The convergence pattern of EP is shown in Figure 3.1 for a sample case. It is evident that the

proposed approach converged to a good solution within the first 80 iterations before it

gradually settled to the final results.
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4.2. Test Problem I1- Second order model

In this test, the same data is used to estimate the parameters for the second-order model.

F;(Py) = ag; + aq; Py + api P + 17

4.2.1 Optimum solution using Least Error Square

Developed program gives the estimated fuel cost coefficients, estimated fuel cost energy and

the absolute error for three units. The results are shown in the table 4.4(a).

Table-4.4(a) Estimated Coefficients using Least Error Square Method

Unit Fuel cost Coefficients Fuel cost Coefficients by
LES
Unit 1 ao 0.0466
Coal ay 7.3736
a 95.8560
Unit 2 ao 0.0505
Oil a 7.6170
a, 101.1900
Unit 3 Qo 0.0491
Gas a 7.8814
a 101.1000
4.2.2 Optimum solution using Evolutionary Programming
The simulated results for Test Problem I1 are shown in table 4.4(b).[1]
Table-4.4(b) Simulation results for Test Problem 11
Coefficients based on Error
Unit Cost PSO LES EP PSO LES EP
coefficients
ao 96.279 95.856 | 106.0951
Unit 1 a1 7.592 7.373 7.6410 10.117 14.2080 15.87
a 0.042 0.046 0.0512
ao 101.000 | 101.190 | 101.2339
Unit 2 a1 7.800 7.617 7.5419 11.850 14.0400 7.7
a 0.046 0.050 0.0542
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ag 102.000 | 101.100 | 105.8016
Unit 3 a1 7.900 7.881 7.7076 12.741 14.2286 1.2
a 0.048 0.049 0.0496

Table 4.4(b) shows that for the three units, estimates are close to the actual values as
compared with the first order model by using LES and PSO methods. The absolute error for
both the PSO and LES methods are lower than those obtained with the linear model. This
indicates that this model is better suited for such data presentation. But in the case of EP the
fuel cost estimation is too close to the actual value irrespective of the model used. And the
absolute error obtained by using EP is very small as compared to PSO and LES methods.

The evolutionary programming convergence characteristics for unit 1 of second order model

are presented in the form of a figure as shown below.

Total error

r r r .
o 20 40 60 80 120
Iteration

Figure-4.3 EP convergence characteristics for unit 1 (second order model)

The convergence pattern of EP is shown in Figure 3.2 for a sample case. It is evident that the
proposed approach converged to a good solution within the first 80 iterations before it
gradually settled to the final results.

4.3. Test Problem I11- Third order model

The coefficients of the third-order model are estimated using the same set of thermal
generation data. The third order model equation is given by the following equation.

F;(Py) = ag; + aq; Py + api P + azi P+
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4.3.1 Optimum solution using Least Error Square

Developed program gives the estimated fuel cost coefficients, estimated fuel cost energy and

the absolute error for three units. The results are shown in the table 4.5(a).

Table-4.5(a) Estimated Coefficients using Least Error Square Method

Unit Fuel cost Coefficients Fuel cost Coefficients by
LES
Qo -0.0016
Unit 1 a 0.1930
Coal a 3.5347
a3 123.1840
Qo -0.0016
Unit 2 ai 0.1941
Oil a 3.8508
as 128.0000
o -0.0016
Unit 3 a 0.1954
Gas az 4.0464
a3 128.4000

4.3.2 Optimum solution using Evolutionary Programming

The simulated results for Test Case I11 are shown in table 4.5(c).

Table-4.5(b) Simulation results for Test Problem 111

Coefficients based on Error
Unit Cost PSO[1] LES EP PSO[1] LES EP
coefficients

Ao 120.241 | 123.1840 | 117.8033

Unit 1 ay 3.979 3.5347 3.6747
a 2.0184 0.1930 0.1938 8.8641 6.6560 4.5
as -0.002 -0.0016 -0.0016
o 130.278 128.000 | 133.2364

Unit 2 ay 3.542 3.8508 3.6946
a 0.200 0.1941 0.1944 5.547 6.8000 0.7
as -0.002 -0.0016 -0.0016
ao 128.376 | 128.4000 | 123.6271

Unit 3 a 4.146 4.0464 4.1036
a 0.188 0.1954 0.1943 5.799 6.7429 4.7
as -0.002 -0.0016 -0.0015
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The errors for the three units are much lower than those reported in cases | and Il by using
LES and PSO approach. This means that the third-order model fits the data more precisely
than the previous models. Therefore, this is the most appropriate model that describes the
data. Visual inspection of the data could help in choosing the best suitable model. Indeed,
error analysis would help more in discussing the model adequacy. Industry practice shows
that the third-order model is usually the best model that fits the thermal unit’s input—output
characteristics for modelling generating unit fuel-cost function [21]. In this case, there is no
need for further investigations, since the resultant error is acceptable.

Since our selection criterion is based on the overall error of the estimation process, we can
conclude that the EP is better than the LES and PSO method, regardless of the estimation
model. The evolutionary programming convergence characteristics for unit 1 of third order
model are presented in the form of a figure as shown below.

Total error
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Figure-4.4 EP convergence characteristics for unit 1 (third order model)

The convergence pattern of EP is shown in Figure 3.3 for a sample case. It is evident that the
proposed approach converged to a good solution within the first 100 iterations and after that
the error started increasing. It means that the global solution is found at the 100" iteration for
the third order model.

4.4. Test Problem IV- Non-Smooth model with valve point loading

In this study, the EP approach is used to estimate fuel-cost function coefficients while
considering the valve loading point effects. Two large thermal units are used in this study
with their power output ranging from 0-500 MW for unit 1 and 0-360 MW for unit 2. This
set of data covers a wide range of possible loading conditions, including all rippling effects,
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for the given generating units. The thermal generation data for valve point loading effects is
given in table 4.6(a). The simulated results for Test Case IV are shown in table 4.6(b).[1,20]

Table-4.6(a) Thermal generation data

Unit 1

Unit 2

Power output

Fuel cost energy

Power output

Fuel cost energy

P (MW) Factual (GJ/hr) P (MW) Factual (GJ/hr)
0 550.00 0 309.00
25 982.94 18 592.18
50 1250.90 36 800.98
75 1307.25 54 901.36

100 1468.03 72 918.57
125 1849.96 90 1161.72
150 2028.98 108 1387.23
175 2023.333 126 1505.826
200 2378.296 144 1533.617
225 2686.609 162 1735.414
250 2779.917 180 1976.564
275 2858.341 198 2113.785
300 3269.109 216 2153.829
325 3490.738 234 2313.54
350 3512.636 252 2569.061
375 3785.882 270 2725.078
400 4131.982 288 2778.892
425 4265.053 306 2896.388
450 4264.307 324 3164.832
475 4698.816 342 3339.577
500 4962.688 360 3408.509
3" Factual 58518.767 Y Factual 40285.952
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Table-4.6(b) Simulation results for Test Problem 1V

Coefficients based on Error
Unit Cost
coefficients PSO EP PSO EP
ao 548.92129 559.0141
Zi 8.09575 8.0925
e 0.00029 0.000282 11.405 0.8523
Unit 1 f 301.42437 312.7233
0.03500 0.0339
ao 308.41028 321.0258
Zi 8.10701 7.9504
Unit 2 e 0.00053 0.00055083 8.618 0.4450
f 200.61149 201.6577
0.04201 0.0404

Table 4.6(b) shows the results obtained in estimating the coefficients of the non-smooth fuel-
cost functions for both units. Results clearly indicate that the proposed approach is able to
accurately capture the impact of the valve point loadings on the fuel-cost function. The total
estimated error is quite small for both units, which validates the accuracy of the proposed
estimation tool. It is very important to notice that application of LES method is not simple or
easy in this case. It is obvious that the sine term needs some mathematical manipulations and
approximations in order to obtain the mathematical model that suits the LES method. On the
other side, application of the EP method does not need any mathematical manipulation. This

more precise mathematical modelling of the input—output curve poses a challenge to the LES

and PSO method.EP convergence characteristics are shown below in figure 3.4.
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Figure-4.5 EP convergence characteristics for unit 1 (non-smooth model)

The convergence pattern of EP is shown in Figure 3.4 for a sample case. It is evident that the
proposed approach converged to a good solution within the first 80 iterations before it
gradually settled to the final results.

It can be concluded that Evolutionary programming can be used as a very accurate tool for
estimating the input—output curve parameters as the results obtained are very accurate in
comparison with Least Error Square method and Particle Swarm Optimization. Since our
selection criterion is based on the overall error of the estimation process, we also conclude
that the EP is better than the LES and PSO method, regardless of the estimation model.
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CHAPTER 5

ConcrusioN AND FuTure Scopre

5.1 Conclusion

An evolutionary programming based approach has been proposed and demonstrated to

estimate the parameters of the input—output curve of thermal units. The formulated estimation

problem is presented in state-space form. The objective is to minimize the total estimation

error. Therefore, the problem is handled as an optimization problem rather than an estimation

one. Numerical results show that highly near optimal solutions can be obtained by EP. The

effectiveness of the developed program is tested successfully using different mathematical

models with smooth and non-smooth characteristics. Different fuel function data are used to

test the robustness of the developed approach. Convergence to an optimal or near-optimal

solution is achieved with randomly chosen initial populations.

Since the encoding and decoding schemes are not needed in the proposed EP approach, a lot

of computer memory and computing time can thus be saved. As only the objective function is

relied on to guide the search towards the optimal solution in the EP-based algorithm, the

generation models of thermal units can be of nonlinear and non smooth functions with

prohibited areas. . The very accurate results obtained show that the proposed method can be

used as a very accurate tool for estimating the input—output curve parameters.

5.2 Future Work

e An improved fast evolutionary programming (IFEP) technique that uses both
Gaussian and Cauchy mutations for creation of off springs from the same parent and
better ones are chosen for next generation may be used in place of EP.
e The problem can be extended to find the Economic Load Dispatch solution using the

parameters obtained from the Evolutionary Programming method and compare with
the solution of the same case using some other coefficients like obtained by PSO.
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