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Abstract

The performance of a power system is dependent on a suitable selection of system
parameters. The system parameters may include element values or controller gains.
Optimization-enabled electromagnetic transient simulation (OE-EMTS) has been in-
troduced as an efficient tool for optimization of power system parameters. This is
attained through a mutual interaction between a nonlinear optimization algorithm
and an electromagnetic transient simulation program. The electromagnetic transient
simulation program evaluates an objective function, which is representing the per-
formance of the power system, using a set of parameters received from the external
nonlinear optimization algorithm. Previously developed optimization-enabled electro-
magnetic transient simulation tools were only capable of finding one global or local
minimum. The complexity of modern power systems is increased by incorporation of
switching converters and power electronic devices, which has resulted in non-convex
objective functions. These objective functions may contain more than one optimum
point. Thus designers are not only interested in the global minimum but also they are
interested in catching the remaining local minima, because some local minima could
have other suitable features for a specific design application. The optimization of
multi-modal power systems (e.g., selective harmonic elimination) has driven the need
for a new nonlinear optimization algorithm capable of finding all local minima. The
new algorithm developed here is an implementation of a multi-resolution search in the
optimization space of a design problem, which is defined using equality or inequality
constraints. The multi-resolution optimization algorithm reduces the search effort by
-avoiding sampling at regions containing no local minima. The optimization results of

various multi-modal power systems using the multi-resolution algorithm are shown.
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Chapter 1

INTRODUCTION

The expansion of power networks and increase in energy demand have resulted
in the deployment of modern power electronic devices in power networks. The stable
behaviour of these power electronic devices in the network is very important. The
issue of stability can be achieved through optimal selection of sophisticated controller
gains and element values of these systems.

Optimization-enabled electromagnetic transient simulation (OE-EMTS) was used
previously for the optimal design of power systems. The optimization-enabled power
system simulation program achieves the optimal solution by interfacing a nonlinear
optimization algorithm with an electromagnetic transient simulation program [1]. In
the upcoming chapters a new nonlinear optimization algorithm is proposed for use in

the optimization-enabled electromagnetic transient simulation program.
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1.1 Power System Simulation

Modern power systems require extensive use of nonlinear elements and switch-
ing power electronic converters. The existence of such nonlinear devices requires the
use of sufficient control systems and proper selection of element values to guarantee
the stable behaviour of the network. Analytical methods find limited application in
performance evaluation of such systems, because of the variety of employed devices
and complexity of their modeling using analytical approaches. Simplification of these
complex power systems using averaged models could ease the derivation of an analyt-
ical model suitable for optimal design, but the averaged models are neither available
for such arbitrary power systems nor do they accurately model the behaviour of fast
transient dynamics [2]. Such fast transients play an important role in the behaviour of
a power system that uses power electronic devices. Moreover, the analytical methods
often work only for linearized models, while in reality all controllers are essentially
nonlinear as they contain limiters that could operate in a nonlinear mode. The opti-
mum behaviour of a circuit is not necessarily in linear mode of operation; therefore,
the analytical approdch needs further modifications to be suitable for all categories
of modeling including nonlinear modes of operation.

The behaviour of power electronic systems are characterized by fast switching
intervals; therefore, fast transient dynamics in such switching systems cannot be ig-
nored. Access to the actual behaviour of a system must be provided using programs,
which are able to simulate these fast dynamics. The electromagnetic transient sim-
ulation program (EMTS) is a tool capable of proper simulation of switching power
systems as well as other power system devices [3]. Electromagnetic transient simu-

lation programs such as PSCAD/EMTDC [4], provide a detailed representation of
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complex power systems. This property makes these programs invaluable practical

tools for performance evaluation of modern power systems.

1.2 Design Using Simulation

Optimization using EMTS is made possible using an objective function. The
objective function is a measurement tool implemented in an electromagnetic transient
simulation program which provides a metric for assessing the conformity of the system
response to design objectives. The objective function can also be seen as an index
quantity for assessing the quality of the system performance.

The electromagnetic transient simulation progfam provides the value of the ob-
jective function after running one simulation, where the proposed system elements
and controller gains are substituted by the specified set of design parameters. Various
kinds of objective functions could be defined for a system. The objective function
measurement provides an interface between the designer specifics and the numerical
optimal solution. It is the art of the designer to provide a well-defined objective func-
tion, which fits the design objectives to a numerical parameter. The designer may
incorporate the behaviour of some suitable dynamical parameters into the objective
function.

The performance evaluation of a power system is not necessarily evaluated using a.
single objective function. Sometime designers prefer to use multi-objective functions,
because the behaviour of a complicated system may not be reflected by only one
index. Other considerations for a well-defined objective function are convexity and

smoothness. Non-convex objective functions need complicated nonlinear optimization
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tools to find the global minimum. Optimization of non-smooth objective functions
also prohibit the usage of a wide variety of nonlinear optimization algorithms, because

they may contain a large number of local minima.

1.3 Optimization-Based Design

The system optimization problem is defined by a metric for measuring the quality
of a selected set of design parameters. The designer usually defines the objective
function like a cost function, where it attains a smaller value for a better design
parameter; therefore, the optimal design could be achieved by selecting a proper
set of parameters minimizing the objective function. The designer must search all
possible sets of parameter values to find the best option.

The requirement of one simulation for evaluation of an objective function for each
set of input parameters and considering that the simulation for achieving a detailed
transient response is time consuming, which means that one should use an intelligent
algorithm to search for the best set of parameters. Conventional search methods such
as sequential or random search (e.g., Monte-Carlo method) tend to become excessively
intensive when the number of parameters increases. Minimization of the sets of testing
parameters can be achieved through deployment of optimization algorithms. In such
a strategy the actual brute force search is replaced by an optimization algorithm.

Recently, optimization-enabled electromagnetic transient simulation (OE-EMTS)
has been introduced. In ’;his tool a nonlinear optimization algorithm replaces the
brute-force sequential or random search and guides the simulation toward an op-

timum setting of design parameters in a, hopefully, small number of simulations.
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Fig. 1.1 shows the combination of the electromagnetic transient simulation and an

optimization algorithm.

| Initialization |

Objective
function
evaluation using
transient
simulation

of(z)

Select new
candidate
point z

|

Converged?

Fig. 1.1: The optimization-enabled stmulation tool.

1.4 Motivation

The objective functions specified for complex circuits usually contain multiple
local minima [5] (referred to as multi-modality). Often designers are interested in
finding all possible local minima to be able to select the one, which not only mini-

mizes the objective function but also satisfies some other designer’s objectives. Opti-
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mization methods used so far in the OE-EMTS programs only converge to one local
minimum depending on the initial set of parameter values provided for the nonlinear
optimization algorithm. The lack of optimization methods that can detect multiple
local minima (simultaneously and in an affordable manner) often requires deploying
conventional, but exhaustive search methods, e.g., sequential search over a, fine grid.
Transient simulations are computationally intensive and time-consuming, thus often

making the deployment of such approaches unaffordable.

1.5 Problem Definition

The optimization problem considered here is defined as the minimization of an ob-
jective function, which quantifies the quality of the selected set of design parameters.

An optimization problem can be represented in the following general form

Minimize OF(z)
Subject to
9i(z)=0,i=1,...,N (1.1)

where the objective function (OF(z)) evaluation is done by an EMTS program and the
functions g;(x) and h;(z) define the equality and inequality constraints respectively.

The objective functions defined for modern power systems tend to have multiple
local minima. The designer’s objective is to derive most local minima and select

the best one according to its sensitivity or objective function value. F1g 1.2 shows
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the situation in an optimization problem where the designer would prefer the less

sensitive local minima to guarantee a more robust optimization.

Y

B(OF)

3(OF)
5a >
1

oz

T2

1 o T

Fig. 1.2: A highly-sensitive (z1) and a less-sensitive (z3) local minimum.

The optimization of such objective functions requires deployment of specialized
optimization methods that yield most local minima. Several such optimization meth-
ods are possible, including direct search method [6], tabu search [7], and grid-based
search methods [8], which are capable of capturing most local minima.

The emphasis here is capturing of the local minima according to their sensitivity.
This is achieved via a multi-scale search over a grid, where the coordinates of a grid
node represent a set of input parameters for the optimization problem. The multi-
scale search prohibits sampling in the regions with low probability of containing local
minima. This approach reduces the required number of objective function evalua-
tions. The formerly introduced grid-based optimization methods evaluate an initial
regular grid and then iteratively refine the grid at locations where local minima exist.
The regularity of the grid makes the handling of constraints hard. In this thesis a
new approach toward grid search is developed, which uses a multi-scale irregular grid.
The deployment of an irregular mesh (grid) enhances the ability of the algorithm to

be more effective at solving constrained optimization problems. The new method is



Chapter 1. INTRODUCTION 8

based on achieving a multi-scale irregular grid capable of handling implicit inequal-
ity constraints and equality constraints. The irregular grid is represented by a finite
element mesh, where the nodes of the mesh are the sampling points.

The new algorithm evaluates the points at different scales on an irregular mesh of
points and samples the regions that are more likely to contain local minima. The new
sampling points are selected to be the nodes of a refined mesh generated inside the
proposed regions. The regions and connections between the points in the irregular
mesh are formed using Delaunay triangulation, because Delaunay triangulation pro-
vides the points connections that construct a suitable approximation of the objective
function surface. Other kinds approaches for achieving points connections are not
guaranteed to construct an approximating surface for the objective function.

The problem is to develop a method capable of achieving a multi-resolution sam-
pling of an objective function in regions that satisfy inequality and equality constraints
in an attempt to find the locations of most local minima in an affordable number of

simulations.

1.6 Research Objectives

The multi-resolution algorithm is a novel optimization method that uses an adap-
tive mesh generation technique to find most local minima of an objective function
simultaneously. The new method will enable the designer to capture multiple local
minima in a reasonable number of simulations, while maintaining a high accuracy for
the final solution.

The developed multi-resolution optimization method is implemented in an elec-
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tromagnetic transient simulation (EMTS) program in order to enable the program to
support optimization of multi-modal power systems. The new method is tested using
a number of design examples ranging from optimal switching control of a dc-to-dc
converter to a detailed design of control parameters for a standard High Voltage DC
transmission (HVDC) system.

The simulation results of optimization are shown to justify the applicability of
the new method for optimization of complex power systems with objective functions

containing multiple local minima.

1.7 Thesis Organization

This thesis is divided into several chapters. The background chapter (chapter 2)
describes some optimization methods for simulation-based optimization. The avail-
able methods of tessellation and Delaunay triangulation as well as the methods for
surface mesh generation are introduced in this chapter, because they are used in
the upcoming chapters. Chapter 3 provides details on a suitable definition of an
objective function for use in an optimization-enabled transient simulation program
(OE-EMTS).

The chapter on multi-resolution optimization (chapter 4) describes the proposed
multi-resolution optimization algorithm for optimizing multi-modal objective func-
tions in detail. Multi-resolution sampling is then implemented using a developed
implicit mesh generation technique. The mesh generation technique is demonstrated
to be able to handle a set of inequality constraints, but the handling of equality

constraints is achieved using more advanced methods. A new method for handling
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equality constraints is then introduced.

The connection between the points of an irregular mesh is achieved using Delau-
nay triangulation. The Delaunay triangulation is designed to derive the simplexes
connecting a set of points, while it is not specifically designed to produce the point
connections. The multi-resolution search basically needs only the connections be-
tween the points in an irregular mesh. The deployment of the Delaunay algorithm for
higher dimensions is restricted, because of its large storage requirement. The problem
is resolved by introducing a new algorithm capable of generating the connections be-
tween the points without requiring excessive memory. The new method is introduced
in the modifications chapter (chapter 5) as a partial mesh generation technique.

The application of the newly developed optimization method is demonstrated for
optimal design of controller gains of a dc-to-dc converter, an Optimal Pulse Width
Modulation (OPWM) firing angle generation, and controller gain optimization of a
High Voltage DC transmission system (HVDC). These cases are demonstrated the

chapter on design examples (chapter 6).



Chapter 2

BACKGROUND

2.1 Introduction

Power system simulation tools including Electromagnetic Transient Simulation
(EMTS) and Real Time Digital Simulators (RTDS) have enabled rapid performance
evaluation of modern complex power systems [3]. The application of power electronic
devices in power networks has resulted in complex power systems, which cannot be
modeled analytically. The lack of analytical models has increased the demand for
design by simulation. Recently, optimization-enabled transient simulation program
(OE-EMTS) has been introduced as a design tool [9].

Design through simulation has been applied previously in many complex design
applications, where analytical models of systems are not available [10]. These ap-
plications vary from computational fluid dynamics to finite eleme_nt analysis of me-
chanical systems. These problems are categorized as Simulation-Based Optimization

problems [11].

11



Chapter 2. BACKGROUND 12

The emphasis of this thesis is on optimization of continuous variable objective
functions; however optimization parameters of a power system could contain dis-
crete variables as well as continuous variables. The design of some power electronic
systems (e.g., zero current, zero voltage, and quasi-resonant converters) would re-
quire optimal selection of a set of discrete events. These systems are modeled using
mixed discrete-continuous dynamical systems. The modeling, design, and optimiza-
tion of mixed discrete continuous systems are studied in [12]. Reviews of available
simulation-based optimization techniques for the design of purely discrete event sys-
tems are presented in [13, 14].

The concentration in this thesis is on optimal selection of a continuous set of
controller parameters; therefore, the optimization problem is reduced to optimal se-
lection of n continuous input variables of a system to minimize a single output (the
objective function). Fig. 2.1 shows a general configuration of the simulation-based

optimization problem used in this thesis [10].

T —»
Ty —P
Simulation Model —» OF(zy,...,2,)

Ty —P

Fig. 2.1: A simulation-based optimization problem.

This chapter reviews some simulation-based optimization methodologies. After
introducing the available simulation-based optimization algorithms the current ap-
proaches for application in power systems are discussed. The final section introduces

the multi-resolution search approach as a combination of available methodologies. V
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2.2  Simulation-Based Optimization

Simulation-based optimization methods are aimed at optimizing a function, which
cannot be evaluated explicitly but only through simulation. Commonly these exper-
iments are expensive and time consuming; therefore, the goal in simulation-based
optimization methodologies is to discover the local minima or global minimum us-
ing the least number of simulations. In this section the existing simulation-based

optimization approaches and algorithms are briefly presented.

2.2.1 Gradient-Based Methods

The gradient-based optimization algorithm uses the first derivative of an objective
function to estimate the shape of the function and to select a new point in the maxi-
mum descent direction. The drawbacks of gradient-based optimization techniques are
the necessity of differentiability for the objective functions and a restricted ability of
finding only one local minimum, which is not guaranteed to be the global minimum.
However, if the objective function is convex then the gradient-based optimization is
provably the best choice, because of its higher rate of convergence and low number
of function evaluations.

Gradient-based methods need two pieces of information in each step to go for-
ward: the gradient of the objective function and a step size. Various methods have
been introduced for gradient estimation and calculation of a step size [15]. The com-
mon method for estimating the gradient of an objective function is finite difference
derivative, where the gradient is estimated by evaluating the differences of the ob-

Jective function values at some close points. This method finds a limited application
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for gradient estimation, because of non-smooth objective functions [16]. The other
methods are infinitesimal perturbation analysis(IPA), frequency domain analysis, and
likelihood ratio estimators. The IPA method is capable of estimating the gradient
using a single simulation, but because of the switching nature of some power systems,
this method cannot derive a good estimation for the gradient. The frequency domain
method uses the power spectrum of the signal to derive the gradient [15]. The like-
lihood method was developed to estimate not only the gradient but also the hessian

matrix of the system [15].

2.2.2 Heuristic Methods

Heuristic methods are used widely in practice, when the total number of opti-
mization variables is large. These methods are the most useful practical tools for
global optimization; however convergence to the global optimum is not guaranteed.
Because of the wide applicability of these methods; three categories of heuristic opti-
mization methodologies are presented here. These heuristic methods are also divided
into point-to-point based or population based methods. The point-to-point based
method uses a single new point at the next iteration (e.g., tabu search), while the
population based methods generate a new set of points for the next iteration (e.g.,

genetic algorithms).

2.2.2.a. Tabu Search

The tabu search was originally designed to solve combinatorial optimization prob-
lems; however the demand for such heuristic strategies has resulted in the expansion

of tabu search applications for continuous optimization problems.
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Tabu search is a point-to-point memory-based optimization algorithm, which
makes it a suitable option for simulation-based optimization. Tabu search builds
a memory of available moves and a list of forbidden moves. At any stage of the algo-
rithm if the transition x — x* results in a better objective function value, the move
is selected to be good and if the new objective function value is not lower then the
move is added to the forbidden list. A tabu search needs four strategies of, (1) forbid-
ding move policy; (2) freeing strategy to delete some forbidden moves; (3) short term
strategy to avoid being trapped in local minima; and (4) the convergence criteria.

Tabu search has recently been extended to a globally convergent method for non-
linear simulation-based optimization cases [7]. Despite all these developments, tabu
search compared to other heuristic methods like genetic algorithm and simulated

annealing, is still not popular in the area of continuous optimization problems.

2.2.2.b. Simulated Annealing

Simuiated annealing implements a similar approach to the metallurgical annealing
process. In the annealing process the temperature of an alloy is gradually decreased.
The gradual decrease of the temperature results in optimization of the alloy crystal-
lization; therefore, the alloy achieves its maximum strength. Simulated annealing is
introduced to avoid being trapped in local minima [17] using the same concept of tem-
perature, during the optimization. A high temperature causes the sampling point to
jump enough in order to prohibit being trapped in local minima, therefore, it provides
a high probability of escaping local minima which are not the global minimum. Sim-
ulated annealing also prohibits early convergence to a local minimum, which makes

it a suitable approach for optimization of non-smooth objective functions.

’
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In simulated annealing the next sampling point is selected randomly near the cur-
rent point. The new point is rejected or accepted by a probability function depending
on the objective function differences of the two points. The probability function also
depends on a global parameter of temperature (T). The global temperature (T) is
gradually decreased during the simulation. In this way the algorithm avoids being
trapped in a local minimum and gradually finds the global minimum. The random
generation of a new point prohibits the applicability of simulated annealing for opti-

mization of costly objective functions.

2.2.2.c. Evolutionary Algorithms

The evolutionary optimization methods are based on a natural reproduction
process, where two parents produce one child and if the child possesses a better
objective function value then it replaces the parents. The size of the pool at which
the mates are selected could vary, based on designer’s decision. Evolutionary based
algorithms are widely used for optimization of objective functions with a large number

of input parameters.

2.2.2.d. Genetic Algorithms

A genetic algorithm is basically an evolutionary algorithm [18], where a set of
sampled points are tried to enhance their objective function values through mating
and other random changes. )

Similar to its counterpart, every single sampling point is represented by a chromo-

some, where the genes of this chromosome are the optimization parameters. During

a single iteration, mutation by the members (the set of sampled points) of the popu-
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lation and some random changes in their genes produces a new set of members. The
old members are replaced by the new members with better objective function values.
The important part of the genetic algorithm is the implementation of the reproduc-
tion process and random changes in the genes. A survey of genetic and evolution
algorithms is provided in [18]. Fig 2.2 shows an overall view of genetic algorithm

based optimization.

Generate
initial
population

Evaluate initial population

I
)

Select population

!

Recombine new population

I

Mutate the members

]

Evaluate new members

Accuracy
enough?

Fig. 2.2: The genetic algorithm optimization.
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2.2.3 Meta-Modeling

Many real world simulations are not only time-consuming but also costly (e.g.,
crash test of a car). This way require designers to use several estimating functions
instead of the real objective function. Therefore, the optimization is done using
the combination of an accurate but costly objective function and an inaccurate but
inexpensive one. These problems are categorized as meta-modeling simulation-based
optimization problems. A comprehensive survey of meta-modeling is presented in [19].
However, the application of these methods depends on the availability of appropriate

estimation procedures.

2.2.4 Direct Search Methods

Direct search methods are easy to program and some of them are reliable meth-
ods for optimization. In the past fifteen years these methods have seen a revival due
to appearance of new mathematical proofs of their convergence and advancements
in distributed and parallel computing. Direct search methods for optimization are
best known because they do not require explicit measurement of optimization func-
tion derivatives. The direct search methods have been developed mainly to handle
bounded or linearly constrained problems. Modern approaches in direct search are
reviewed in [20].

The lattice-based and grid-based methods are two well-known direct search opti-
mization algorithms. These methods have been proved to be globally convergent [20].
The grid-based method searches the optimization space on a regular grid and grad-
ually refines the grid at the locations containing lpcal minima. The grid-based opti-

" mization algorithms have found wide application for optimization of objective func-
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tions with few optimization parameters. The interior-point method is a direct search

method used for optimization and tuning of logic circuits [21].

2.2.5 Response Surface Method

The response surface method is based on sampling the objective function at a low
rate and then fitting a regression model on the selected points. The regression model
provides a rough approximation of the surface of the objective function; therefore,
the local minima of the reconstructed function can be seen as an estimate of the local
minima of the actual objective function. The sampling rate is then increased in the
estimated regions. Different response surface methods have been introduced in [22].
The surface regression method can also be regarded as a global optimization method
using globally convergent optimization algorithms for polynomial functions [23, 24]
only if the reconstructed function (regression function) is guaranteed to represent a
good approximation of the original objective function.

The drawback of the response surface method is the large number of initial sam-
pling points. The evaluation of this set of points requires a huge initial effort before
attempting to construct the estimating function. The Low-Cost Response Surface
Method (LCRSM) was introduced as a methodology to reduce the number of initial
sampling points [25]. The LCRSM method reduces by half the total number of sim-
ulations compared to a general response surface method.

The efficiency of the response surface method is mainly due to the iterative sam-
pling point generation in order to avoid sampling at regions that contain local minima.
Several sampling strategies are possible based on random sampling [26] or using a di-

rect search strategy [27]. This thesis introduces a new sampling method to enhance
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the ability of the optimization algorithm to avoid the necessity of using regression to
find an algebraic function to estimate the objective function in order to reduce the

computation time.

2.2.6 Statistical Simulation-Based Optimization

The simulation model block shown in Fig. 2.1 is not necessarily a deterministic
function. The result of the simulation could also be a statistical variable. The objec-
tive function in such a situation is calculated as the expected value of the simulation
results. Such a situation could happen, where a non-deterministic parameter exists
in the system like the consumer load. consumption in a power network.

A general formulation of a statistical simulation problem [15] is presented in (2.1).

min () = Blz(x)]
Subject to : g(x) =0 (2.1)

h{x) <0

where the objective function and constraints are statistical functions of the deter-
ministic input variables. The function F calculates the expected value of its input
variable. A comprehensive review of practical simulation-based optimization tech-

niques for statistical objective functions is presented in [15].
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2.2.7 Global Optimization

Global optimization is a challenging task and different approaches have been
introduced for addressing this issue [28, 29]. Several globally convergent methods
have been introduced for linear-constraint nonlinear optimization problems, if the
first order derivatives of the optimization function exist [30].

Global optimization requires a large number of sampling points to guarantee the
exploration of all possible regions. These global optimization methods are required
when the objective function contains many local minima and the solution is only
determined by the lowest local minimum. The Cutting Angle Method (CAM) was
developed for global optimization of functions containing a large number of local min-
ima [31]. The problem of global optimization of a potential function for a molecular
structure is solved by the cutting angle method [32].

Recently, some global optimization methods have been introduced, which use an
initial sampling of the whole optimization space. This initial sampling is used later
in a direct search method [6] or by a response surface method [22] to find the global
minimum. Similar approaches for global optimization use direct methods such as
interval analysis to iteratively find the regions containing local minima [33].

Rather than deterministic approaches for global optimization, some other methods
have been introduced that find the global minimum with a relatively high probability.
Densification and dynamical canonical descent was introduced to find the global opti-
mum [34]. In this method a curve is built out of the objective function. The sampled
curve is supposed to explore the regions containing the global minimum with high
probability. If the curve pases through a region containing the global minimum, then

during the next iterations the global minimum is found. This procedure, effectively,
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reduces the number of objective function evaluations, by reducing the optimization

search space to a 1-dimensional manifold.

2.2.8 Multiple-Objective Optimization

Designers are not only interested in optimizing a single objective function but
also a set of multiple objective functions to allow them to investigate the tradeoffs
between various design optimization criteria (e.g., a low economical cost or better
dynamical performance). Multiple objective function optimization is presented in

(2.2).

Minimize: F(x) = [fi(x),. .., fa(X)]
Subject to: g;(x) =0,i=1,...,N (2.2)

hi(x) <0,i=1,...,M

where g;(x) and h;(x) are the equality and inequality constraints respectively. The
minimization of one objective function does not necessarily result in the minimization
of the other objective functions. Therefore, a set of optimal points may not be
found that optimizes all functions simultaneously. The easiest way to handle multiple
objective function optimization is to combine the sets of objective functions into a
single optimization problem with only one function. This new combined objective
function could be defined as the weighted sum of all other functions. A survey of
multi-objective optimization methods can be found in [35].

In some situations designers are interested in finding the set of Pareto optimal

points, to investigate the tradeoffs between various sets of optimal parameters. The
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Pareto optimal points are defined as the sets of points, where a single objective func-
tion is optimized, while the other objective functions are not decreased accordingly.
A recently developed Pareto set identification algorithm for design problems is intro-

duced in [36].

2.2.9 Multi-Optimizer Strategy

Various optimization algorithms have been introduced in this section. These opti-
mization methods have found interesting applications in special fields. It is, however,
the skill of the designer to choose a suitable optimization method. It should also
be considered that every optimization problem mainly consists of the following two

phases:
1. exploration phase, where the region containing a local minimum is observed;

2. exploitation phase, where the optimization algorithm enhances the accuracy of

the estimated local minima.

Different algorithms can be applied during these two phases of optimization.
Switching from one method to another might greatly enhance the rate of conver-
gence, e.g., in the second phase the gradient based strategy might be the most useful
method, while for the first phase the evolutionary algorithms might be of the best
choices. The recent applications of such multi-optimizer approaches for simulation-

based optimization are presented in [37].
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2.3 Power System Simulation-Based Optimization

Modern power systems use a large number of controllers. These controllers are
responsible for issues such as firing angle generation of an HVDC converter or exciter
control of a generator. In all these applications proportional integrator controllers
(PI) are commonly used, because of their robustness and ease of implementation.
The problem of adjusting these PI controller gains is the challenging part of their
implementation. The design of such controllers is addressed in classical control us-
ing bode plots, Nyquist diagrams, or the root locus method. These methods find
limited application where the analytical model of the system is not available. This
results in acquiring a nonlinear derivative-free optimization method for controller de-
sign, but the interfacing between a nonlinear optimization method and an optimal
control problem needs a proper definition of an objective function. The interfacing
between a nonlinear optimization algorithm and a controller design problem is ad-
dressed in [38]. The approaches introduced and implemented for the practical design
of such controllers work by defining an objective function to provide a metric for
assessing the quality of the designed controller. This method has gained substantial
attention, because of the availability of Real Time Digital Simulators and other power
system simulation software (e.g, PSCAD/EMTDC).

Simulation-based optimization has proved to be a useful tool for the design of
power systems or power electronic controllers using a well-defined objective func-
tion [9]. The large number of controller parameters in a power system may reduce
the applicability of simulation-based optimization approaches. Practically, most of
these controller parameters are independent and they do not have serious coupled

effects on system performance especially at long distances. Some approaches make
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the controller parameters independent by splitting them into independent clusters.
The problem of interfacing between a user-defined objective function and a nonlinear
optimization algorithm is addressed in [39).

The objective functions defined for power systems are commonly achieved by
integration of an error signal containing numerous switchings, which results in a
non-smooth objective functions [16]. The applicability of gradient-based optimiza-
tion methods is restricted for non-differentiable objective functions. To address the
issue of employing methods that do not require the gradient information of the ob-
jective function and also performing a global search, in the upcoming chapters a

multi-resolution search strategy is proposed.

2.4 Multi-Resolution Function Reconstruction

Proposed response surface methodologies are based on sampling and estimating
the objective function and then iteratively increasing the sampling rate around the
local minima. This process can be seen as an iterative function reconstruction, where
the refinement criteria is the closeness to the local minima. A generalized function
reconstruction is addressed in [40], and the function reconstruction in cases of sta-
tistical functions is described in [41]. The function reconstruction in this thesis is
achieved using multi-resolution sampling with a refinement criteria of re-sampling at
the regions containing local minima.

Multi-resolution function reconstruction has been widely used for solving bound-
ary value problems [42, 43]. In a boundary value problem the distribution of the points

are intelligently selected to improve the resolution in places, where rapid changes oc-
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cur in the differential equation. Similarly, the multi-resolution is achieved using a
finite element mesh generation inside the boundary region of the optimization prob-
lem.

Multi-resolution function reconstruction is a combination of the response surface,
direct search and gradient-based optimization methods. Initially a whole regular set
of points is generated inside the region of optimization similar to grid-based search;
then the surface of the objective function is reconstructed similar to response sur-
face methods but via Delaunay triangulation [44}; and finally upon the triangulation,
the gradient at every point is calculated to explore the possibility of capturing any
trapped local minima in the proposed regions defined by the neighboring triangles
(elements generated by Delaunay the algorithm) of each point.

The use of multi-resolution sampling avoids a large number of sampling points,
while enabling the designer to investigate the whole region of optimization. This is
highly dependent on the abilities of the mesh generation techniques. Various mesh
generation techniques have been introduced, e.g., centroidal voronoi tessellation [45,
46] and implicit mesh generation [47]. In this thesis the implicit mesh generation is
used to produce a mesh.

In the process of multi-resolution objective function sampling, the sampling points
are derived as the nodes of the finite element mesh generated inside the optimization
space and edges of the elements are the connections between these nodes, which

represents the directions of derivative calculations as well.
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2.4.1 Constraint Handling

The constraints considered in this thesis are stated explicitly by equality or in-
equality equations. The equality and inequality constraints are handled by restricting
the mesh generation only to the regions satisfying these constraints.

Different approaches are needed to handle equality and inequality constraints,
because inequality constraints only reduce the volume of the optimization space,
while the equality constraints require sampling on specific manifolds satisfying them.
These manifolds are necessarily at lower dimensions than the original optimization
problem without equality constraints. These manifolds for example could be a line in
a 2-dimensional space or a surface in a 3-dimensional space. The following sections

review some available techniques addressing constraint mesh-generation.

2.4.2 Volume Mesh Generation

The primary stage of multi-resolution sampling of a function consists of sampling
the objective function at nodes of an initial finite element mesh covering the entire
optimization space. Such a method for mesh generation was introduced and developed
in [47, 48]. This method is based on the mechanical analogy of a system of truss
elements and the finite elements (simplexes) of a mesh. The algorithm works in two
stages: (1) initially a set of random or regular points are generated; and (ii) the set
of points are moved by the force exerted on them from the connecting bars (edges of
the finite element mesh). The final mesh, after a few iterations, is supposed to be a
| conforming mesh in the regions satisfying all inequality constraints.

The proposed implicit mesh generation [47] is used again in the second phase of the

multi-resolution sampling in order to refine the mesh in the regions containing local
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minima. The detailed process and algorithm is described in the upcoming chapters.

2.4.3 Surface Mesh Generation

The problem of multi-resolution sampling of a function only on a specific mani-
fold, where equality constraints are satisfied, needs a surface mesh generation and a
surface sampling technique. This new problem is defined as: (i) extracting an initial
set of sampling points on the manifold satisfying the equality constraints; and (ii)
connecting the sampling points by surface facets (elements) to find the local minima
on the manifold.

The area of surface mesh generation has been widely investigated in mechanical
design and computer graphics; but all these methods are complex, subject to some
specific conditions, and cannot be generalized to higher dimensions. However, [49]
proved the existence of a surface mesh for any Riemannian manifold given certain
conditions; but still a generalized surface mesh generator has not been developed.
Some specific generalized methods are presented only for 3-dimensional points [50],
but these are not extendable to higher dimensions.

Recently, some practical methods have been introduced based on Voronoi filter-
ing [51] and the advancing front technique [52]. Surface mesh generation using both
of these methods are discussed in Chapter 4, and then a modified version of the ad-
vancing front technique is introduced as a basis for sampling and mesh generation.
The algorithm is only implemented for a 2-dimensional example with one equality
constraint; therefore, the optimization space will be a curve in 2-dimensional space

in this example.
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OBJECTIVE FUNCTION DEFINITION

AND OPTIMIZATION

3.1 Introduction

Design of power systems often involves selection of a number of parameters, in-
cluding control systems parameters, element values, and firing angle sequences. De-
sign problems involving optimizing controller coefficients in a linear system and some
nonlinear cases can be done when an analytical model of the system is present. Re-
cently, developments in the design of high-power semiconductor devices has further
enabled incorporation of power electronic systems in power networks. The incor-
poration of these nonlinear and switching subsystems in various power systems has
increased the complexity of power networks, thus analytical model are not readily
available for these systems. The absence of analytical expressions to describe the

detailed behavior of switching power devices prohibits the use of fortrierly developed

29
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design procedures.

Fast transient dynamics play an important role in the behaviour of switching
converters. Therefore, the design of such nonlinear switching circuits (e.g., high-
power static converters) requires a detailed representation of the system behaviour.
Optimization-enabled electromagnetic transient simulation is designed to simulate
the detailed behaviour of switching power systems and provide metrics for measuring

the performance of the circuit.

3.2 Objective Function Definition

Simulation tools such as electromagnetic transient simulation (EMTS) programs [3]
could provide an accurate representation of complex phenomena in power systems;
thus they are being used as invaluable alternatives to analytical methods for the
design and analysis of complex power systems.

Optimization-enabled electromagnetic transient simulation (OE-EMTS) is based
on minimizing an objective function (OF), which is designed to provide a metric for
the quantification of the consistency of the network behavior with the desired design
specifications [1, 4]. The objective function is a measurement tool that provides a de-
fined distance between the simulated behaviour and the ideal response. To clarify the
definition of an objective function consider the following functions f(z) and f5(z).
It could be considered that the function fi(z) represents an ideal behaviour of a sys-
tem while the function f¥(z) represents the nonlinear behaviour of the corresponding

simulation model of the system using the parameter k as its input.
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1 if0<x<3
filz) = (3.1)
2 if3<z<6

2
edk(z-3)

f3(z) =1+ sin(11z) + (3.2)

e40(z—3)2 +1

where the parameter k should be adjusted so that the two functions resemble each

other as clearly as possible. The two functions f;(z) and f¥(z) are shown in Fig. 3.1

for £ = 10.
fi(z)
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Fig. 3.1: The functions fi(z) and f¥(z) for k = 10.

The two function are showing a similar behavior for k£ = 10, while if the parameter
is selected to be k = % then the the difference between the functions becomes more
significant as shown in Fig. 3.2.

To measure the difference between these two functions, one can use the following

=

6
At = [ 1A - @) ds (3.3)

=0

The distance between the two functions is defined as the objective function (OF),
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Fig. 3.2: The functions fi(z) and f§(z) fork = g.

which is a function of the system design parameters (e.g., controller parameters or

element values).

3.3 Objective Function Optimization

Objective function evaluation using simulation is costly and time consuming
because the system response must be achieved after the simulation is finalized and
the distance is measured between the ideal response and the simulated result. In
order to find the optimal set of parameters for the system, a search strategy must be
employed to reduce the number of function evaluations before the optimum point is
found. A nonlinear optimization algorithm guides the sets of test parameters towards
the optimal set of parameters. This approach is often orders of magnitude faster than
the conventional multiple-run search approach.

Knowledge of the objective function value for a set of system parameters requires
one simulation; therefore, this kind of optimization problem is categorized as black-
box function optimization. The evaluation of each set of parameters is computation-

ally intensive. The optimization methods applicable to this type of optimization must
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require the least number of objective function evaluations for finding the local min-
ima. The information provided after each simulation is only the objective function
value, while achieving other information like Jacobian vector or Hessian matrix of the

function at simulated points can not be achieved using a single simulation.

3.4 Constrained Optimization

Most engineering problems involve optimization, which are subject to several
equality and inequality constraints. These constraints are stated either explicitly or
implicitly as a function of design parameters. The implicit constraints depend on
the OF' value, while the explicit constraints are only stated based on the design’
parameters. In this thesis only explicit constraints are considered. The explicit
constraints of the design parameters themselves, can be stated via explicit or implicit
formulations.

The constraints are categorized as equality and inequality constraints. Different
approaches are introduced for handling equality and inequality constraints. The pres-
ence of constraints essentially reduces the region of optimization to smaller volumes
or smaller dimensions. Practically, any inequality constraint restricts the optimiza-
tion problem to smaller volumes of the same diménsion, while any equality constraint
restricts the optimization ‘problem to lower dimensional surfaces that satisfy equality
constraints.

Fig. 3.3 shows an opti;nization problem with three inequality constraints; hs,

ha, and hs. These inequality constraints restrict the optimization space only to the

hatched région. The equality constraint g; reduces the dimension of the optimization
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R

Fig. 3.3: A constrained optimization problem.

problem search space. The equality constraint reduces the optimization space to the
curve AB, which is specified by g; bounded inside the hatched region. The addition
of this equality constraint has reduced the optimization search space dimension from
a 2-dimensional space to a 1-dimensional curve in the former 2-dimensional hatched
region.

To clarify the statement above, consider a simple problem of optimization of a

1-dimensional function as introduced in (3.4).

fl@) = (2-2) (34)

The optimum point of this function is at x = 2; however by applying a constraint
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on z such that z > 3, th)e optimum point would become z = 3.
x

5 )

3

0 Loptl Lopt2 4

Fig. 3.4: Constrained versus unconstrained optimization example.

Similarly applying the equality constraint

(z—-20°=1

would result in the optimization space shrinking to only two points; x = 1 and z = 3.
Thus, the optimization space is reduced to a 0-dimensional space. The two optima
with and without equality constraints are shown on the graph (Z.pu and Tpwm) in
Fig. 3.4. Similarly in a 2-dimensional space an equality constraint would reduce the
optimization space from a 2-dimensional search space to a 1-dimensional search space,
but on a 2-dimensional curve.

A 2-dimensional optimization problem is stated here to clarify the concept. Con-
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sider the optimization problem in (3.5).

Maximize OF(z,y) = ze~="—¥") ¢ .21.

Subject to:

~02<z<2 (35)
_02<y<?

1
g@y)=2"+y - =0

The objective function is shown in Fig. 3.5. The optimum without considering the
equality constraint is shown on the graph. The only constraints here are the inequality
constraints. Applying the equality constraint of g;(z,y) = 0 reduces the optimization
space from the region of —0.2 < x < 2 and —0.2 < y < 2 to the 1-dimensional curve
(91). The new optimum points must be located on the curve satisfying the equality

constraint.

3.5 Multi-Modal Objective Function Optimization

The developed optimization-enabled electromagnetic transient simulation ap-
proach uses optimization algorithms such as simplex or gradient-based methods that
start the optimization process from a given point provided by the designer. This
approach is guaranteed to converge to a local minima, which is not necessarily the

global minimum of the objective function.
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Fig. 3.5: The optimization space using an equality constraint.

Consider function in (3.6) whose graph is shown in Fig. 3.4.
3 2 .
flz) = 0 ((z — 3)* = 0.9sin(11z) + 1) (3.6)

The function contains 11 local minima in the range [0,6]. A gradient-based opti-
mization method could converge to different local minima for different initial values.
A gradient based optimization method started from the point z;,;;; may converge to
Topt1, While one starting from ;2 may converge to the global point of z,pm.

This phenomenon, which is referred to as multi-modality happens in situations,
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f(z)

Fig. 8.6: Gradient-based optimization.

where a system contains more than one local minimum [5]. Optimization of functions
with this multi-modality property normally requires use of exhaustive search methods
such as sequential search. In this thesis a new method for global optimization of
multi-modal objective functions is developed using the multi-resolution approach for
reconstruction of the objective function (OF’). The multi-resolution algorithm reduces
the number of required simulations from a power law relationship in the sequential

search to a linear relationship in the multi-resolution approach.
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MULTI-RESOLUTION OPTIMIZATION

4.1 Introduction

This chapter provides the details of the proposed multi-resolution optimization
algorithm. This method is a combination of the direct search method [6] and the
response surface methpd [25], which have been formerly applied for global optimiza-
tion of simulation-based problems. This new method performs an initial sampling of
the whole optimization space [22] similar to the response surface method and then
iteratively generates new sampling points via a direct search strategy, but using an
irregular mesh. The deployment of the irregular mesh enhances the ability of the
algorithm to handle the inequality constraints.

This new algorithm samples the whole optimization space using a multi-scale mesh
in order to avoid excessive sampling at regions containing no local minima. This set

of sampling points is achieved using a finite element mesh, where the sampling points

are the nodes of the mesh and the connections between the points are the edges of
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the elements (simplexes). Upon completion of the first coarse sampling of the whole
optimization space, the method finds the smaller regions that contain local minima;
this process is called localization. These smaller regions are set of simplexes from a
finite element mesh. In the next step a new set of points are generated to refine the
mesh inside the regions where the local minima have been localized. The process of
refinement and localization continues until the local minima of the function are found
with specified accuracy in terms of closeness of the sampling points.

Initial sampling using a coarse mesh would fail to detect some highly sensitive
local minima. These highly sensitive local or global minima are not considered for
a practical design, because a sensitive global or local minimum is not guaranteed
to have the same objective function in practice compared to its performance in a
simulation case. This usually happens due to changes in the system conditions or
other design parameter values during time or loading conditions; therefore, the less
sensitive local minima are preferred.

The success of the algorithm in finding the local minima is mainly dependent on
the proper implementation of the above mentioned stages of initial mesh generation,
localization of local minima within the mesh, and refinement of the mesh inside the
localized regions. The initial mesh generation is implemented using an existing algo-
rithm [47, 48] based on a force relaxation method. The localization is addressed using
two different approaches: graph-based and cell-based localization. The cell-based lo-
calization is described in the next chapters and is used to localize the promising areas
for optimization. The refinement process is implemented either by centers-of-mass
mesh refinement or by a new mesh generation technique using a force relaxation

method.
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4.2 Multi-Resolution Search Algorithm

Direct search methods such as grid search subdivide the search space into smaller
grids and search the whole sampling regions in order to find local minima [8]. The
uniform sampling of the whole optimization space requires a large number of samples.
An option to decrease the large number of sampling points is to perform a coarse sam-
pling of the whole optimization space and then, using the knowledge gained through
this initial sampling, the next sampling points will be generated near local minima.

The initial sampling points, which are assumed to cover the entire optimization
space, play the most important role in determining whether the algorithm misses or
captures the local minima of the objective function. A dense initial sampling captures
the most sensitive local minima, while a very coarse initial sampling would capture less
sensitive ones. The multi-resolution optimization algorithm involves several iterative
steps. Fig 4.1 shows an overview of the overall implementation of the multi-resolution
algorithm.

The advantages of multi-resolution search compared to grid search originate from
adaptive sampling of the objective function, as sampling is avoided in regions con-
taining no local minima. The multi-resolution search implemented here is aimed at
handling equality and inequality constraints; therefore, the search is done on an irreg-
ular grid capable of conforming to the constraints. A finite element grid is a suitable
option for handling nonlinear boundaries. Finite elements have the ability to match
nonlinear inequalities by covering the region with simplexes (elements) of different
sizes.

Fig. 4.2 shows a finite element mesh generated to satisfy the inequality constraints
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Fig. 4.1: The multi-resolution optimization.

in (4.1).

—6<r<6
-6<y<6 (4.1)

16—-2°—9y2<0

The handling of the same nonlinear constraints using a regular grid needs more

sampling points in order to have a conforming mesh at the boundaries, because a
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Fig. 4.2: Inequality constraint.

finite element mesh has more freedom on positioning the points of a mesh in order to

be located on the boundaries to avoid extra sampling.

4.3 Multi-Resolution Implementation for Optimiza-
tion

The multi-resolution representation of a function has been used previously in
solution of boundary value problems [42] in order to reduce the computation effort in

achieving the final solution. The idea is to use adaptive sampling to avoid excessive
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computation in regions where the variation of the function is low and consequently
increase the sampling rate in regions with more variations [43]. The criteria of over-
sampling and under-sampling are determined via an estimation of the function vari-
ation, which could be determined analytically or by a rough initial solution. The
criteria of over-sampling in multi-resolution algorithm is determined by the closeness
to the local minima and the initial estimate is attained by evaluation of nodes of
an initial finite element mesh inside the optimization space. The coordinates of the
finite element mesh nodes represent the sampling points and the elements of the mesh
(simplexes) are used later .to derive connections between the points in the sampling
space.

The multi-scale mesh provides a tool for multi-resolution sampling of the opti-
mization space. The multi-scale mesh is generated through an iterative processes of
sampling and refining, where only the regions close enough to the estimated local
minima are refined. These local minima regions are detected using the localization
procedure. The new points are generated as a new set of nodes for the finite element
mesh. The coordinate of these new points represent the new sets of samplings of the
optimization space.

The following objective function is selected as a standard example used throughout
this chapter to represent the implementation of different stages of the multi-resolution

optimization algorithm [53].

flo,y) =@ +y— 112+ (1P +2 - 7)*
-6<z<6 (4.2)

-6<y<6
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The coordinates of local minima of function in (4.2) are tabulated in Table 4.1.
These were produced using a gradient-based solver with four different initial sampling
point (e.g., Mathcad).

Figs. 4.3 (a) and (b) show contour plots of function in (4.2) and the correspond-
ing generated multi-scale mesh using a multi-scale sampling method which will be
described later in the thesis. The generated mesh does not have a uniform element
size. The element sizes vary according to the closeness to the local minima. Using
this approach the local minima could be easily found without any need for a high

sampling rate over all the optimization space.

) ) >

Fig. 4.3: Multi-resolution mesh for optimization.

Table 4.1: Local minima coordinates of function in (4.2).
Coordinates of the local minima, f(z,y) = 0 for all four points
(—3.78,-3.28) [ (3.58,—1.85) l (3.0,2.0) I (-2.8,3.13)
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The procedure of multi-scale mesh generation adopted for function optimization

is an iterative process consisting of the following three major parts:
1. Initial mesh generation;
2. Localization of local minima;
3. Refinement of the mesh in the localized regions.

The following sections describe in detail these different parts and some approaches

for their implementation.

4.4 Initial Mesh Generation

The ability of the multi-scale optimization method in finding local minima is
dependent on the initial mesh covering the whole region of optimization. There is
always a tradeoff between the probability of capturing local minima and the cast of
many evaluating initial sampling points.

The initial mesh generation must satisfy the following conditions:
1. The sampling points must be only in the optimization space;
2. The whole optimization space must be covered by finite elements;

3. The algorithm must have the ability to distribute the initial points upon a

designer’s a-priori knowledge of the potential location of local minima.

The problem of mesh generation within the implicit boundary conditions was

introduced in [47, 48]. In mesh generation method the boundary conditions are
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specified by n implicit inequalities as

hi(p;) <0,i=1,...,nand j=1,...,N (4.3)

where p; is a point belonging to the initial mesh, N is the total number of initial mesh
points, and n is the number of inequality constraints. The inequality constraints h;(p;)
are satisfied by ensuring that the generated sampling points (p; for j = 1,... N) fall
in regions with the property of h;(p) < 0 for ¢ = 1,...,n. The proposed implicit
mesh generation is based on an analogy between mechanical truss elements and the
connected nodes of a finite element mesh, where the sampling points are modeled as
truss joints and the truss elements are the connections between these joints. The joint
connections are generated using Delaunay triangulation algorithm. The Delaunay
triangulation algorithm connects the nodes with elements (simplexes). The sampling
point connections are derived as the edges of these finite elements (simplexes).

The Delaunay algorithm provides the set of triangles 73, i = 1,...,m connecting
the points. Fig. 4.4 shows four sampling point p1, ps, p3, and ps. The set of Delaunay

triangulations for these points are

T= {T17T2}
Tl - {p11p3ap4}

Ty = {p1,p2,p3}
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The two points p; and p; are connected if the following condition is satisfied.

3T | {p:,p;} € T = p; and p; are connected

Fig. 4.4 shows a set of four points and their corresponding connections generated

using the two triangles derived by the Delaunay triangulation.

Fig. 4.4: The Delaunay triangulation and point connections.

Different approaches for implicit mesh generations have been proposed; in this
thesis mesh generation based on the force relaxation method [47] is chosen to provide
the sampling points all over the optimization space. This method is selected due to
its ease of implementation for handling any nonlinear inequality constraint. The force
relaxation is also used for mesh refinement.

The overall algorithm of mesh generation using force relaxation method is listed

below:

1. Initial regular or random sampling points are selected inside the optimization

space;

2. The points outside the boundary conditions are removed;
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3. The new points are moved in the direction of the total force exerted on it until

the appropriate distribution of points is achieved.

Random or regular sets of points do not necessarily provide a conforming sampling
of the optimization space; therefore, these new points must be relocated in order to
(i) avoid excessively close initial sampling; and (ii) to meet the inequality constraints.
The relocation of the points is done using the analogy between a set of finite elements
and a network of truss elements. The truss elements exert forces on their nodes
until the network becomes stable and the total forces at all nodes become zero. The
nodes then would represent a conforming distribution of the points. Fig. 77 shows
the process of mesh generation. The force relaxation method is described in the next
section.

The total points of the mesh are represented by

P =py,...,pnN] (4.4)

4.4.1 Mesh Enhancement Using Force Relaxation

The mesh generation method used in this thesis is based on the implicit mesh
generation method using the force relaxation method [47]. This mesh generation
algorithm starts with a regularly or randomly spaced mesh of points and then moves
the points in an iterative approach to confine the search only to the optimization
space. The force relaxation method is employed in order to satisfy the following two
conditions: (i) placing the nodes (sampling points) to cover the whole optimization
space; and (ii) to enable the designer to redistribute the initial sampling points by

prior knowledge (this could be specified as a density function).
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Fig. 4.5: The initial mesh generation.

In force relaxation method the points are modeled as nodes of a mechanical truss
structure and the connections between the points are modeled as spring elements.
Fig. 4.6 shows an example of sampling points and their connections as the spring

elements.

The forces exerted on the nodes are from the following two sources

1. Forces exerted from other nodés;
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Fig. 4.6: Modeling of point connections by spring elements.

2. Forces exerted from boundaries.

Fig. 4.7 shows a node on the boundary and the forces exerted on the node from
the neighboring elements and the boundary. The force from the boundary to the node
is considered to ensure that the sampling points remain inside the specified boundary

conditions.

Fig. 4.7: The internal and external forces on a boundary node.

The initial mesh is generated when all the nodes become stationary or, equiv-
alently, the internal and external forces on all nodes become zero. The nonlinear

equation in (4.5) specifies a condition, which must be satisfied by the mesh points in
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order to guarantee a conforming distribution of initial sampling points.
Fy(P) = [ﬁ”m,...,ﬁm} =0 (4.5)

where P is the collection of all points (P = [p1,...,2n]), F’;,j is the total force exerted
on the j** node, p; is the point representing the j* node, Fj is the collection of all
these forces in a matrix format, and N is the total number of points. The columns of
this matrix are the forces exerted on each node. The system of equations in (4.5) is
a nonlinear set of equations and could not be solved explicitly; therefore, an iterative
approach is used to find a solution to the equation. The points are moved according
to the differential equation in (4.6).
dpP

— = F(P) (4.6)

The differential equation is solved iteratively using euler method.
§P = F(P).ot (4.7)

where 0t is assumed to be the time step for solution of the differential equation.
The points movement stop when dP becomes zeros, which means also that the
net force has become zero and consequently (4.5) is satisfied. The mechanical analogy
between the truss structure and the nodes distribution inside the optimization space
must be achieved by modeling of the node links in the finite element mesh by spring

elements. The force-displacement relation of the nodes links (springs) is specified by
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a the following nonlinear characteristics.

k(1 —1o) if 1 < g
)= (4.8)

0 elsewhere

where the [y is the expected length of the spring and force-displacement factor is

defined as

e
k= 2,

(4.9)

where [ is the current length of the spring element and [y is the expected length of the
element connecting two points. The link sizes are assumed to reach approximately
to their corresponding expected length when the truss structure becomes stable. The
expected length is determined using a density function. The expected length is cal-

culated as in.

(M)

o Memll?

VEm| 3k m
Pk + Pm
S REI

kamlalk,m:pk :pmelk,m

lo(i, 5) = ha(®%: “;pj) (4.10)

where [o(%,5) is the expected length of the link connecting node i to node j, lgm
specifies the connecting link of node £ to node m, if such a connection exists, the
operator ||l || returns the length of the the link connecting node k& to node m, and
hgq is the density function specifying a distribution for the size of elements in the mesh.
The summation is held only on the connected points in the mesh, for example if node

¢ is connected to node j then the /; ; exists and represents the vector connecting these
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two points. In steady state, the points distribution will resemble the density function
ha.

Equs.(4.8) and (4.9) represent a spring with the following characteristics
1. The spring exerts repulsive force for [ < .
2. The attractive force is zero for [ > [,.

A spring at the three different lengthes of: (i) [ < lo; (ii) I = lp ; and (iil) { > Iy is
shown in Fig. 4.8. The repulsive forces ensure that the final points do not come too

close to each other.

7 b3
/»mmmmm—o F=0 (>0
P2
/Wo F=0 l=1
pl — —
& — (oo F#£0 1<
i

Fig. 4.8: The force-displacement characteristics of a spring element.

The distribution of the nodes can be altered using different density functions.
Fig. 4.9 shows a simple density function.

The final mesh generated is expected to have a dense sampling in regions with
lower density function, because the connection of the points are expected to be lower
due a less expanding force between the connected points. Fig. 4.10 shows the final
generated mesh using the specified density function, which clearly has higher density

around the point (2, 2).
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Fig. 4.9: A non-uniform density function for initial mesh generation.
4.5 Localization

The multi-scale sampling of the objective function is aimed at increasing the sam-
pling rate in regions where local minima exist. The finite element mesh subdivides
the space into smaller regions. These smaller regions are the elements of the mesh.
The local minima are located within some of these elements (simplexes). The process
of localization is performed in order to find the set of simplexes that contain local
minima. In this thesis two techniques are introduced for the localization of local min-
ima within the elements (simplexes) of a mesh. The first proposed method compares

each point’s objective function with the objective functions of its nearest neighbor
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Fig. 4.10: A non-uniform initial mesh generation.

points. This method is referred to here as the cell-based method. The second pro-
posed method is a simplex-based method which builds a directional graph, connecting
the simplexes inside the mesh as nodes of the graph. The nodes (elements) inside the
graph that contribute to a loop are the set of simplexes (elements) that contain local

minima. This method is referred to here as the graph-based method.

4.5.1 Cell-Based Localization

The cell-based method is a tool for localizing the elements, where local minima

exist. The cell-based method is guaranteed to find at least one region containing a
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local minimum, because there is always one point with the least objective function
value in a set of evaluated points. The set of nearest neighborhood points of a single
point inside a finite element mesh is defined as the point’s cell and the point is
called the center of the cell. These points and the cell-center point share at least one
element (simplex). The collection of these points forms a cell and the cell-center point
is located inside of them. Fig. 4.11 shows the cell of the point p., which is formed by

its six surrounding points.

Fig. 4.11: The cell definition.

The points ps, . .., ps form the cell of the point p.. This cell could contain a local

minimum if the condition in (4.11) is satisfied.

OF(p.) <OF(p;) fori=1,...,n, (4.11)

C

where n,_is the number of neighbor points around p. and OF(p;) represents the
objective function value specified by the set of coordinates of p;. Every cell satisfying
this condition is selected for further refinement, because there is possibility of existing
a p_oint with zero first order derivatives near this selected region. Every point with

zero second derivatives is considered to be a local minimum.
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Fig. 4.12 shows the selection of a suitable set of simplexes to be refined in the next
iteration for optimization of the problem specified in (4.2). The cell-based method
localizes some simplexes for further refinement. The selected simplexes are labeled
with dots. These elements are refined in the subsequent iterations using a mesh

refinement technique.

6 866 1048
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) 68
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Fig. 4.12: Localization of local minima for further mesh refinement.

The roots of the function in (4.2) are found by multi-resolution optimization using
cell-based localization. Table 4.2 shows the results of optimization. Comparison of
the results of optimization using the multi-resolution algorithm and the solutions

derived by a numerical solver in Table 4.1 shows the ability of the cell-based method
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to effectively find the location of local minima within a mesh.

Table 4.2: Location of the local minima in (4.2).
Coordinates of the local minima, f(z,y) = 0 for all four points
(-3.78,—-3.28) | (3.58,—1.85) | (3.0,2.0) l (—2.8,3.13)

4.5.2 Graph-Based Localization

A new method for localization is now introduced using a combination of graph
search and Nelder’s Simplex optimization method. The method is referred in this the-
sis as graph-based simplex method of localization. The graph-based simplex method
is an extension to simplex optimization method, except that, unlike the simplex
method, the new simplex is selected from the neighboring elements of the current
simplex in the finite element mesh. This method connects every simplex to another
simplex in a directional graph, where the nodes of the graph represent the elements
(simplexes) of the mesh.

Every simplex in n-dimensional space consists of n+1 nodes and n+1 neighboring
elements. Fig. 4.13 shows a simplex and its neighboring elements. A simplex a is
connected to simplex b if the facet connecting the two simplexes corresponds to the
node in simplex a with the highest objective function value. Fig. 4.13 shows the
element (simplex) Ty and three neighboring elements (simplexes); Ty, T3, and Tj.
The objective function of each node of the element 77 is evaluated. The element T}
is connected to the element T3, which is opposite to the node p;. The node p; is
selected, because it has the highest objective function value of all other _n_odes of the

element 71.
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OF(p,) > OF(p2) and OF(p;) > OF(p3)
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Fig. 4.13: The simplex connections in a graph-based localization method.

The graph-based localization method connects the simplexes of the mesh and
creates a connectivity graph (see Fig. 4.14). In this new graph the elements of the
mesh are the nodes of the' graph and the connections are made between these nodes
(simplexes). The set of connections between these elements makes the connectivity
graph. The resulting graph will be a tree ending in a loop. These loops in the
connectivity graph contains the simplexes that contain the local minima. These are
identified in Fig. 4.14 . The number of independent graphs would vary according to
the number of discovered local minima.

The simplexes that contribute to a loop in the connectivity graph are refined in
the subsequent iterations to increase the resolution of the local minima. Fig. 4.14
shows the connections between the simplexes (nodes of the connectivity graph) for
the objective function in (4.2) and four identified loops of a, b, ¢, and d are identified
on the graph by dotted ellipses. The simplexes selected for more refinement are
identified using small circles. The center of mass of the localized simplexes are added
at the next iterations to the existing mesh in order to increase the resolution of the

local minima within the mesh.
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Fig. 4.14: Graph-based localization using connectivity graph.

Table 4.3 shows the roots found using graph-based localization method. The
comparison of these local minima and the roots found using numerical solution shows
the ability of the new graph-based localization to select the appropriate simplexes for
further refinement. The graph-based method has the ability of finding the locations
of local minima, but it needs more iterations to reach the same accuracy of as the cell-
based method. The graph-based method also needs more computation for recognizing
thé loops in the constructed graph, because the loops are not all of the same size.

Table 4.3: Optimization result of (4.2) using graph-based localization.

Coordinates of the local minima, f(z,y) = 0 for all four points
(—=3.94,-3.62) | (3.64,-1.85) | (3.0,1.93) | (-2.79,3.12)
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The graph-based localization method has shown to have more abilities to find the

local minima in case that the initial sampling is done using a coarse mesh.

4.6 Mesh Refinement Techniques

The resolution of the local minima locations are increased in each iteration of
the algorithm using mesh refinement. In this thesis two methods for mesh refinement
are presented. The first method is based on refinement of a selected set of simplexes
by adding their centers of mass to the previous mesh and the second method of
mesh refinement generates a new mesh near the localized regions, where local minima
are estimated to exist, using the force relaxation method. The former needs less
computation, while the latter has the ability of controlling the number of sampling
points. The center-of-mass mesh refinement technique finds limited application in
higher dimension, because the number of simplexes sharing one node increases rapidly,

while the latter technique controls the number of sampling points to a limited number.

4.6.1 Center of Mass Mesh Refinement

Center-of-mass mesh refinement works by adding the centers of mass of the sim-
plexes belonging to the localized cells to the mesh. Fig. 4.15 shows the centers of mass
of the localized cells. These points are added to the existing mesh as new refinement
points. The points are then evaluated and a new approximation for the objective
function is reconstructed. The new mesh is generated again using the Delaunay tri-
angulation. Fig. 4.16 shows the refined mesh after one iteration of localization and

mesh refinement achieved by adding points corresponding to simplexes centers of
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mass.
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Fig. 4.15: Mesh refinement using centers of mass of simplezes.

The center-of-mass mesh refinement lacks the ability of restricting the number of
generated points for mesh refinement. The number of elements contributing to one
cell is typically small in a 2-dimensional mesh, but this phenomena is not the same
for higher dimensions. The center-of-mass mesh refinement technique is avoided in

the next sections due to its lack of efficiency at higher dimensions.



Chapter 4. MULTI-RESOLUTION OPTIMIZATION 64

Fig. 4.16: Refined mesh using centers of mass method.

4.6.2 New Mesh Refinement Technique

This new method is introduced based on force relaxation method for mesh re-
finement. This method adds new points near the cell-center point, which is selected
using the cell-based localization method for further refinement. The new points are
added as the corners of a cube with a size equal to the medium length of the edges
connecting the cell-center point to its surrounding points. Fig. 4.17 shows a selected
cell and the added points around the center of the cell. These new points are added
on the corners of a cube with the size determined by lgugp, (see Fig. 4.17).

The force relaxation problem is solved in a number of iterations until the new



Chapter 4. MULTI-RESOLUTION OPTIMIZATION 65

P3 Ds

Y4

)
Fig. 4.17: Cell-based refinement.

points are repositioned. The previous points of the mesh are held constant during
these iterations. The density function of the mesh distribution is modified in order
to enable a refined mesh generation around the selected cell by reducing the density
function near the localized cells using a gaussian-basis functions:

(x ~ pc,i)2

n 2
hanew(x) = ha(x) [] | 1 - e 2 lavg e (4.12)
1=1

" where p,; is the center of the i** localized cell, lavg,p.; is the average size of the cell (as
defined in Fig. 4.17), and « is the reduction of the density function, which is selected to
be 0.9 (this was selected empirically using experimental optimizations). The gaussian-
basis function is selected here because of its ability to reduce the density function at
a specific location and its ease of computation during mesh generation. Fig. 4.18
shows the initial added points and Fig. 4.19 shows the repositioned points after the

force relaxation is solved in a few iterations. Fig. 4.20 shows the final generated
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mesh using the proposed new mesh refinement technique. This final mesh represents
different resolutions in different areas of the objective function. The sampling rate
is increased in regions containing local minima, while the regions containing no local

minima are abandoned.

Fig. 4.18: Initial added points for the new mesh refinement technique.

4.7 Constraint Handling

The constraints are either specified by inequality constraints, equality constraints,
‘or both. The inequality constraints are handled by restricting the sampling and mesh

generation to only be inside the regions specified by the inequality boundaries. The
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Fig. 4.19: Repositioned points after force relazation for new mesh refinement.

equality constraints are handled by generating a mesh on the set of points satisfying
the equality constraints, which is necessarily at a lower dimension than the original

problem.

4.7.1 Inequality Constraints

Implicit mesh generation technique provides an efficient tool for restricting the
sampling space only to the regions satisfying the inequality constraints [47]. The in-
equality constraints are handled by exerting forces on nodes which are at the bound-

aries of the inequality constraints. These forces are modeled by returning back the
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Fig. 4.20: Final generated mesh using force relazation.

points which have crossed the inequality constraints to the boundary defined by these
constraints using a gradient based solver. As an example, consider the optimization

problem with three inequality constraints specified in (4.13).

flzy) = (22 + 9> = 16)" + (y* + = — 10)°
—6<z<6 (4.13)
—6<y<6

49— (z-6)°~(y~6)"<0
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Figs. 4.21 (a) and (b) show the initial and final mesh generated for multi-resolution

optimization of the objective function in (4.13).
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Fig. 4.21: Initial and final meshes for the inequality constraint.

The results of optimization is shown in Table. 4.4.

Table 4.4: Coordinates of the local minima of the function in (4.18).
Coordinates of the local minima, f(z,y) = 0 for all four points
(—3.78,—-3.28) , (3.59, —1.82) ] (—2.8,3.12)

The set of local minima presented in Table. 4.4 shows the ability of implicit mesh
generation to handle inequality constraints. One local minima, which was located in
the abandoned region is not derived and was automatically eliminated from the set

of solutions.
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4.7.2 Equality Constraints

Equality constraints are handled by restricting the sampling points to be on the
surfaces satisfying the equality constraints. The equality constraints define new sur-
faces in the optimization space; for example, an optimization problem in 2-dimensional
space with an equality constraint will be reduced to optimization only on a curve spec-
ified by the equality condition. In this thesis two methods are introduced to handle
the equality constraints by generating a mesh on the surfaces or curves that satisfy

these conditions.

Voronoi Filtering

Voronoi filtering [51] is introduced for generating the surface mesh of scattered
data in 3-dimensions, but it is not guaranteed to work for every kind of point distri-
bution on a surface. This method could be generalizable to higher dimensions using
algorithms capable of deriving voronoi points for these higher dimensions.

The Voronoi points of a set of initial points are the corners of the collection of
separate regions. FEach region corresponds only to one of the initial points. The points
located in every one of these regions, which corresponds only to one of initial set of
points, are closer to the selected initial point than to any other point of the initial
set of points. Voronoi filtering adds the voronoi points of the original set of points
and forms a new set of points; then the Delaunay triangulation is generated for the
combined set of voronoi points and the original set of points. The set of elements
from the Delaunay triangulation are filtered by accepting elements containing only
one point from the voronoi set of points. The surface elements are then derived from

the remaining elements by removing the voronoi points; Fig. 4.22 shows scattered
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data on the surface of a unit sphere and the resulting surface elements covering the
sphere.

The voronoi-based surface mesh generator only provides the surface elements,

(b)

Fig. 4.22: Surface mesh generation using voronoi filtering.

while it cannot provide a useful tool for deriving a set of sampling points of the surface
defined by the equality constraint. The generation of surface elements is an essential

part of localization procedure.

Advancing Front

The advancing front technique is widely used to construct surface meshes. In
this approach an arbitrary mesh is generated inside the region where the equality
constraint is defined. The set of elements, which are crossing the equality constraint

are found and refined by adding their centers of mass to the existing points, for
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example consider the following equality and inequality constraints.

flz,y)= (2 +y— 112+ (2 +2 - 7)° (4.14)
—6<z<6and —6<y<6 (4.15)
8y2 + :L.Q — 16 (4.16)

Fig. 4.23 shows the initial mesh generated inside the equality constraints and the
selected elements, which are crossed by the equality constraint. The selected elements
are colored in gray. These elements are selected based on having nodes with objective
function values of different signs. Fig. 4.24 shows the crossed elements after further
refinements. |

From the selected elements (the elements crossed by the equality constraints)
one node with the least distance to the equality constraint is selected. That node is
then projected to the equality constraint using a gradient-based solver. The gradient-
based solver receive this point and solves the nonlinear equation corresponding to the
equality constraint. This results in projection of the initial node to the manifold
defined by the equality constraint. These new points are the initial samplings of the
optimization space. Fig 4.25 shows the initial samplings of the optimization space,
defined by the combination of the inequality and equality constraints.

The initial sampling points are evaluated and the regions possessing local minima
are detected using the cell-based method. The refinement process is done by selecting
the mass centers of the simplexes belonging to the selected cells (e.g., one cell here
consists of one point and its two connected simplexes). The optimization space here

is a curve and the simplexes are the elements connecting these sampling points. This
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Fig. 4.23: Initial selection of elements crossing the equality constraint.

process continues until the local minima are found with enough accuracy. Fig 4.28
shows the final mesh and the final detected local minima. The result of optimization

is shown in Table 4.5.

Table 4.5: Coordinates of the local minima of the function in (4.16).
Coordinates of the local minima, f(z,y) = 0 for all four points
(—=3.03,—1.31) | (3.43,—1.03) | (3.08,1.27) | (—2.44,1358)
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Fig. 4.24: Elements crossing the equality constraint after 4 level refinement.
4.8 Parametric Studies

In this section a parametric study is done to investigate the effect of initial
non-uniform mesh distribution and force relaxation on rate of convergence to local

minima.

4.8.1 Effect of Mesh Distribution

The initial mesh distribution could be specified using the force relaxation method.

The effect of the initial mesh size is invéstigated on the rate of convergence of solutions
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Fig. 4.25: Initial sampling of the equality constraint.

to local minima. The function in (4.2) was selected to be investigated. Fig. 4.27
(a) and (b) show a non-uniform initial mesh and a uniform initial mesh generated
for multi-resolution optimization of the function in (4.2). The square root of the
objective function itself is used here as the density function to determine the mesh
distribution.

Fig. 4.28 shows the rate of convergence for the objective function in terms of
the number of iterations. The rate of convergence for the non-uniform mesh is higher
than the uniform mesh.

This example shows that the designer could specify an estimated objective func-
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Fig. 4.26: Final generated mesh for the equalily constraint.

tion prior to initial sampling point generation in order to enhance the rate of con-
vergence to local minima. The rate of convergence is increased because more initial
points are generated inside the regions Containing local minima. This estimated ob-
jective function could be used by force relaxation method to redistribute the initial
mesh nodes in order to increase the sampling rate in regions with greater possibility
of containing more local minima. This is very useful in the case of meta-modeling
optimization, where different estimates of the objective functions may be available at

low cost [19].
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Fig. 4.27: (a) Non-uniform initial mesh; (b) Uniform initial mesh.

4.8.2 Effects of Force Relaxation

The number of discovered local minima is related to the initial sampling size of
the objective function. A coarse initial sampling may miss some local minima, while
a fine initial sampling might find all local minima. However, the number of initial
sampling could not be very large for time consuming simulation cases; therefore,
the force relaxation is used to redistribute the points in the optimization space to
maximize the amount of information gathered from the initial sampling. The effect
of force relaxation was investigated on the number of found local minima.

Fig. 4.29 (a) and (b) show the final generated mesh for optimization of (4.2) with
an initial mesh size of hg = 4. The initial generated mesh has converged to all four
local minima, while the initial generated mesh without force relaxation has only found
two local minima.

Table 4.6 shows results for different instances of the multi-resolution optimization

method implementation with and without force relaxation. As can be seen, by using
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Fig. 4.28: Convergence rate in (a) log-log plot and (b) regular plot.

force relaxation, an initial mesh of 14 points could find all local minima, while without
force relaxation only two were found. These results show that the force relaxation
method using a proper density function for initial mesh, enables the algorithm of

maximum usage of initial sampling points.
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Fig. 4.29: Effect of force relaxation for initial mesh on finding local minima.

Table 4.6: The effect of force relaxation for derivation of local minima.

Initial Initial Number of
mesh number local minima,
size | of samples | with | without

force relaxation

1 175 4 4
2 46 4 4
3 23 4 3
4 14 4 2
4.5 12 2 2




Chapter 5

MODIFICATIONS TO

MULTI-RESOLUTION OPTIMIZATION

The extension of the multi-resolution optimization algorithm to higher dimensions
is subject to the following obstacles: (i) the total number of sampling points for the
initial mesh increases as n, where n is the total number of grid divisions in each
direction and d is the dimension of the optimization problem; and (ii) the Delaunay
triangulation becomes highly memory demanding at higher dimensions, because the
number of simplexes generated by the Delaunay triangulation increases exponentially
for higher dimensions than 4.

The first obstacle could be be solved using parallel computation and the second
can be solved by introducing a partial mesh generation technique that only gener-

ates the connections of required points in each iteration and avoids using Delaunay

triangulation.

80
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Fig. 5.1: Number of initial sampling poinis for a 1 and 2-dimensional problem.

5.1 Parallel Implementation

The proposed multi-resolution optimization algorithm performs an initial sam-
pling of the entire optimization space. Considering a simple example of such a sam-
pling only by three points in each direction, the number of initial sampling points for
a 1-dimensional case is 3, for 2-dimensional case is 3% and for a three dimensional case
is 3%. Fig. 5.1 shows the initial sampling points on a regular grid for a 1-dimensional
and a 2-dimensional case. Considering a simulation-based optimization of 6 variables
with a simulation time of 2 minutes and an initial sampling rate at 6 division in each
direction, the initial mesh evaluation would need 65 days. This makes the algorithm
inefficient for optimization using simulations at higher dimensions.

Despite the large number of initial samplings, the algorithm is suitably paralleliz-
able, because in each iteration the new sets of points can be evaluated by a distributed
network of machines. Once the set of points (sets of parameters) have been evalu-
ated the multi-resolution algorithm generates a new set of points. Fig. 6.1 shows a

parallel implementation strategy for the multi-resolution algorithm. Here, in every
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iteration, the set of sampling points ([p1,...,p,}) are evaluated using n simulation
agents one per machine; therefore, the computation time is reduced to the number of
iterations performed by the multi-resolution algorithm assuming there are n available

processors.

Simulation
module(1)

Simulation
module(i)

Send-Receive
module

Multi-resolution
algorithm

[OF(pl)a s 7OF(pn)]

Simulation
module(n)

OF(pn)

Fig. 5.2: Parallel OF evaluation in the multi-resolution algorithm.
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5.2 Partial Mesh Generation

Delaunay triangulation is used in each step of the multi-resolution algorithm
to generate the connections between the points of the mesh. These connections are
used for: (i) initial mesh generation; (ii) localization of local minima; and (iii) mesh
refinement. The algorithm derives the point connections (links of the nodes) using the
set of elements generated by the Delaunay triangulation algorithm. As the number
of points is increased in a mesh, the number of elements generated by Delaunay
triangulation increases as well. Fig. 5.3 shows the number of elements versus the
number of points for a mesh for different dimensions. As is shown in the figure,
the number of elements at higher dimensions will require an excessive amount of
memory to be stored so they can be used later to derive the point connections.
However, at lower dimensions than 5 the number of elements is almost linear versus
the number of points; therefore for optimization problems at these dimensions the
partial mesh generation is not preferred. The maximum number of point connections
is N—(I%:—ll (where N is the total number of points in a mesh), which is independent
of the dimension of the points; therefore, a new method is required to generate these
connections without using the Delaunay algorithm.

After the generation of the initial mesh and localization of the local minima, the
generation of all point connections is not necessary. In the next mesh refinement
stages only the point connections for the newly added points are required (i.e., the
points added to the refined mesh). Fig 5.4 shows the connections of newly added
points for a mesh refinement phase of the multi-resolution algorithm. The required
point connections are shown with dotted lines.

Similarly in the next localization phases, only the connections of the former lo-
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Fig. 5.3: Number of elements versus number of points.

calized cells points and the new sampling points are required. Fig 5.5 shows the
required connections for the next localization phase of the multi-resolution algorithm
with dotted lines.

The Delaunay algorithm should be replaced by another algorithm capable of
generating a partial mesh. This partial mesh should only contain the connections
of the required points, which will be used in the next iterations of multi-resolution
algorithm. The partial mesh generation introduced in this section selects a point and
then checks its connectivity to other points of the mesh. All the points of the mesh
need not be tested. A selected set of points with a distance less than a constant

number are checked. Fig. 5.6 shows a selected point p. and the other points of the
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Fig. 5.4: Required connections needed for mesh refinement phase.

mesh. The points with a distance lower than r. are selected. The connectivity of
the set of points p; ... p12 to p. are tested; for example, the connectivity test of ps to
Pe is accepted, but the connectivity of pig to pe (le10) is rejected (see Fig. 5.6). The
constant 7, must be specified in a way that the points of the cell defined by p. are
selected. The constant distance 7, here, is selected to be twice the initial mesh size
distribution hq (see Fig. 4.1); however, for a refined mesh the r. could be set equal to
twice the selected cell-size (see Fig. 4.17).

Fig. 5.7 shows the algorithm for partial mesh generation for a point p.. The set
of connected points to p, is returned in P

The algorithm tests the connectivity of a set of points. The connectivity test veri-
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Fig. 5.5: Required connections needed for localization phase.

fies the connection of the two points p. and py, (see Fig. 5.7) in a Delaunay triangulated
mesh. The test is performed using the same procedure of Delaunay triangulation but
without generating the elements (triangles). The next section describes the Delau-
nay algorithm using a convex hull generation of a set of points. Using the Delaunay
algorithm, the connectivity test of two points p, and py (see Fig. 5.7) is transformed
to a problem of connectivity test of two points on a convex hull of the transformed
set of selected points pseected = [P, - - -, P5,) (see Fig. 5.6). This algorithm will be ca-
pable of generating the connections of one point p. independently of the tessellation
(triangulation) of all sets of points of a mesh.

Partial mesh generation only provides the connections between the points, while
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Fig. 5.6: Partial Mesh Generation.

it does not provide the elements of the finite element mesh. This phenomena restricts
the applicability the graph-based localization and center of mass mesh refinement

techniques, because they need the set of elements covering the optimization space.

5.2.1 Delaunay Algorithm

The nearest neighbor points of a selected point z; are the points connected to z;
in the Delaunay triangulation. The Delaunay triangulation is generated using convex
hull generation. The smallest convex boundary enclosing a group of points is called
their convex hull; for example, in 2-dimensions, the convex hull is formed by stretching
a band around the points so that all of the points lie inside the band. Fig. 5.8 shows

the convex hull for a set of randomly scattered points in a 2-dimensional space. A
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Fig. 5.7: Partial Mesh Generation for a point (pc).
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convex hull is represented with a set of facets connecting the points. These facets
here are the point connections. Fig. 5.8 shows two points p; and p, that belong to the
convex-hull of a set of scattered points. The two points are connected by the facet

(element) e;. The elements for a 2-dimensional convex-hull are 1-dimensional facets.

1.5

-1.5 -1 -0.5 0 0.5 1 1.5

Fig. 5.8: Convez hull of a set of random data in 2-dimensional space.

A Delaunay triangulation in R™ can be computed from a convex hull in R™! [44].
The Delaunay triangulation of a set of points is the convex hull of the lifted points
on a paraboloid. The set of facets covering this convex hull are the set of elements of

| Delaunay triangulation. To generate the Delaunay triangulation, the points are lifted
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to a paraboloid in a higher dimension using the transformation in (5.1).

L1
Z1
p = —py = (5.1)
Zd
Td i=d _9
| > im1 T i

The facets of the convex hull of these points are the elements of the Delaunay
triangulation. Fig. 5.9 shows a set of randomly scattered points in [~1,1] and the
corresponding transformed points on a paraboloid. The transformed points are de-
picted with '4+’. The convex hull of the transformed points is also shown on the
graph. The lines connecting the points on the paraboloid are the 1-dimensional
point-connections generated using the Delaunay algorithm. These connections are
the Delaunay elements generated for a 1-dimensional case. Fig. 5.9 shows two points,
p1 and py and their set of transformed points on a hyperbola in 2-dimensional space.
The transformed points are shown as p}] and p). The two points p} and p), are con-
nected on the convex-hull of the paraboloid by the element e; therefore, the points
p1 and p, must be connected on 1-dimensional data by the element e;.

The partial mesh generation is supposed to generate all the connections of a point
(pe) in the mesh. This is achieved by first transforming the points to a paraboloid
using (5.1) and then finding the points, which are connected to point p. on the convex
hull; therefore, the connectivity of two points in a mesh, provided by the Delaunay
algorithm, is replaced by connectivity of the two points on a convex-hull generated
by transforming the points on a paraboloid using (5.1). The next section describes a

method to test the connectivity of two points on the convex hull of a set of points.
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Fig. 5.9: Delaunay triangulation as the convex hull of the transformed points.

The proposed algorithm is described for a 3-dimensional convex hull; however, it is

extendable to higher dimensions.

5.2.2 Convex-Hull Connectivity Test

In this section a new method is introduced to verify the connectivity of an arbi-
trary point z, to another point y; on a convex hull of a set of points P. Two points
7, and y; are connected on the convex-hull of a set of points (P) if there exist a
hyperplane that connects z; to y; while the other points of the set stand only on
one side of that plane. The set of all hyperplanes that connect z; and y; could be
represented by a set of lines on another hyperplane at z; and perpendicular to the
vector 4 that connects the point x; to y;. Fig. 5.10 shows two hyperplanes £;(X) and
L2(X) that cross the points ; and 3. The two hyperplanes could be represented by
the lines /; and l; on the hyperplane £(X). The problem of existence of a hyperplane

that crosses the two points x; and y; while all other points of the convex hull stands



Chapter 5. MODIFICATIONS TO MULTI-RESOLUTION OPTIMIZATION 92

only on one side of it can be reduced to a problem of the existence of a line on the

hyperplane £(X) that crosses z; while all other projected points along the vector ¥

on the hyperplane £(X) stands on one side of that line.
Y1

Fig. 5.10: The set of hyperplane crossing 1 and y1. L(X).

Fig. 5.11 shows the mapping of two points z; and 2, along the vector ¢ to the

hyperplane £(X).

Fig. 5.11: The mapping of the points on the hyperplane L£(X).

The projected points on the plane £(X) can be specified in a new coordinate
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system represented by vectors X ,/6\ and YE . The points z; and y; are transformed to
the origin in the new coordinate system.

Using such a transformation, the existence of a line on the hyperplane £(X) that
crosses z; while all other projected points (2 ... z,) stand on one side of it, can be
stated as, z; belongs to the convex-hull of the set of transformed points z; . . . 2, on the
hyperplane £(X). To check that z; belongs to the convex-hull of the points z; ... 2z,
all the points are represented in the 3 coordinate system. The transformation of the
points (z;) to the new coordinate system of § on the hyperplane £(X) is done using

an afline transformation

yz= A" ® [y — z1] (5:2)

z =y5(2,...,d) (5.3)

where ® is the matrix product, d is the dimension of the points on the convex hull,
Y5 depicts the coordinates of point y in the new coordinate system of B\, and A is
a matrix constructed as follows to transform the coordinates of points into the new
coordinate system (E) The first element in the new coordinate system is the height
from the hyperplane £(X); therefore, it is removed from the coordinates of Y5 in
order to represent the new points only on the new coordinate system standing on the

hyperplane £(X).
A=[2,XB,YP) (5.4)

z; is the projected point of y; with the coordinates stated in the coordinate system of

3.
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The vectors X B and YB\ that define the new coordinate on the plane £(X) can be
chosen arbitrarily; however, they must be perpendicular to each other and also to the
vector 4. The construction of such a set of basis vectors is described in Appendix A.
After representing the points in the new coordinate system, the origin is tested to see
if it belongs to the convex hull of the set of points z; ...z, on the hyperplane £(X).
If the origin belongs to this convex-hull then the two points z; and y; are connected.

As an example in a 2-dimensional space consider a simple set of points and their
corresponding convex hull as is shown in Fig. 5.12 (a). Two points z; and y; are
shown on the graph. [ is a line passing through z; perpendicular to the vector 4,
which is connecting z; to y;. The other points are also mapped along this vector to
the line {. Two points of z; and y; are mapped to a similar point on the line, which
is again depicted by z;. The mapped point of two points z; and y; belongs to the
convex hull of the set of transformed points on line [; therefore, the two points z;
and y; are connected. The same procedure is shown for another two points of z; and
y1 in Fig. 5.12 (b). The two points are again mapped along their connecting vector
to the line I, which is passing through z; perpendicular to the vector connecting the
two points z; and y;. The two points z; and y; are again transformed to a single
point z;. The point z; does not belong t<; the convex hull of the transformed points
on line [; therefore, the two points z; and y; are not connected on this convex hull.
The convex hull of a set of points on a line are the two ending points.

This procedure for testing the connections between the points on a convex hull
can be generalized to higher dimensions using higher dimensional hyperplanes for

projection of the points.
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Fig. 5.12: Convez-hull generation.

5.2.3 Convex-Hull Detection Test

In this section a simple algorithm is introduced to check that a point z; belongs
to the convex hull of a set of points z1...2z,. The algorithm first finds two points
z, and z, from the set of points (z1,...,2,) that make the biggest angle with the
point z;. Fig. 5.13 shows two such points, z, and 2, so that their angle (a,3) is the
biggest among all angles of the other pair of points that are connected to z;. If all
the remaining points stay on one side of the region defined by the two lines [, and [,

then the point z; belongs to the convex-hull of the set of points 21 ... zp,.

5.2.4 Partial Mesh Implementation

Using the algorithms introduced in the last sections the problem of partial mesh

generation is implemented by:



Chapter 5. MODIFICATIONS TO MULTI-RESOLUTION OPTIMIZATION 96

. . . e Zm
22 21 23
la - . . . o lb
\\ //
\\ //
~ e
\\ //
~ b
Zy ™ . . “ 2
Xab
Ty

Fig. 5.13: Convex-hull detection.
1. Selecting the required points for partial mesh generation (p.).
2. Detecting the connections of the selected points.

where each of these steps are done in each phase of mesh refinement and localization
of the multi-resolution algorithm. The required points in the mesh refinement phase
are the newly added points and the required points in the localization phase are the
formerly detected cell points (cell-center plus surrounding cell points) plus the newly
added points. The algorithm for determining the connections of a selected point p.
is shown in Fig. 5.14.

This algorithm is tested for a regular set of points in 2-dimensional space. These
points are selected regularly on a 5 x 5 grid. Fig. 5.15 shows the initial points and
the transformed points on a paraboloid using (5.1). The connections then are formed
on the paraboloid. These connections correspond to connections of points in a 2-

dimensional Delaunay triangulation.
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Fig. 5.14: Partial Mesh Generation for a point (p.).
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Fig. 5.16 shows the same paraboloid, but from a top view. It shows that the

Fig. 5.15: Delaunay triangulation as the convex hull of the transformed points.

connections on the paraboloid are the Delaunay triangulation of the 2-dimensional
data.

Using the proposed algorithm, the generation of a partial mesh is done without
any need of Delaunay triangulation. Unlike the Delaunay triangulation this algorithm
only determines the connections of the required points; therefore, it has decreased the

amount of memory reQuired and computation time needed for Delaunay triangulation.
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Fig. 5.16: Delaunay triangulation of a regular grid.



Chapter 6

DESIGN EXAMPLES

6.1 Introduction

The multi-resolution optimization method is implemented in this thesis using
PSCAD as a simulation agent that evaluates a single set of design parameters and
returns the corresponding objective function value. The interfacing between PSCAD
and the nonlinear optimization algorithm implemented in Matlab is shown in Fig. 6.1.

The proposed algorithm is tested through four examples. The first example is an
optimal switching problem, which has a known analytical form. There are two solu-
tions, which are derived using the multi-resolution algorithm. This example shows the
ability of the proposed method to capture all local minima for a problem with known
solutions. The last three examples are cases that have no analytical solutions. These
examples cover a wide range of applications including a power electronic converter, a
standard HVDC example, and a robust optimization case. The robust optimization

is done using a multi-objective optimization method.

100
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6.2 PSCAD Implementation

PSCAD has the ability to communicate with Matlab under the windows operat-
ing system. PSCAD receives the sets of testing design parameters from Matlab and
substitutes them as the system parameters in the simulation case. The objective func-
tion value will be available after the completion of simulation. The objective function
value corresponding to the received set of parameters is sent back to Matlab. The
optimization algorithm will either send a new set of design parameters or finish the
optimization in the case of reaching local minima with an enough accuracy. Fig. 6.1
shows a detailed diagram for interaction of the multi-resolution algorithm in Matlab
and PSCAD.

The multi-resolution algorithm generates a set of points during each iteration.
This new set of points is passed to a send-receive module, which is responsible for
sending the sets of design parameters to PSCAD and receiving the evaluations. The

set of results is then passed to the multi-resolution algorithm.

1
1
1
1
1
H
H

PSCAD
simulation
module

Send-Receive
module

Multi-resolution
algorithm

Fig. 6.1: PSCAD and multi-resolution algorithm interfacing.
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6.3 Example 1: Optimal Pulse-Width Modulation

Derivation of firing angles of an optimal pulse-width modulation using selective
harmonic elimination is done, as the first design example, for a 3-level converter.
Fig. 6.2 shows an implementation of a 3-level converter. Each converter leg is capable
of generating three levels of voltage, F, —F, and 0. The pulse-width modulation
technique selects the appropriate voltage level in each leg at appropriate sequences
of time in order to produce the desired output voltage at the synchronous frequency.

This is achieved using several switchings during one period of synchronous frequency.

: : s
C
A A A
3-phase’—- Va
input o * — vy
[ — Ve
M A A A
C
Diode AT~
rectifier . . a

Fig. 6.2: Three level converter.

The switchings cause undesirable harmonics and losses. The switching losses

are proportional to the number of switchings that occur during one period of the
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synchronous frequency. The selective harmonic elimination scheme was introduced to
keep the number of switchings, occurring during one cycle, low and also to eliminate
some selected harmonics. This method is also referred to as optimal pulse-width
modulation (OPWM). In the selective harmonic elimination scheme a limited number
of switchings happen at pre-selected instances of time (angles). An OPWM waveform
is shown in Fig. 6.3. Only three switching angles can be selected arbitrarily, because

the other switching instances could be derived using quarter-cycle symmetry.

v(6)

A

6(rad)

U

37 2T

|

Fig. 6.3: A 8-level switching waveform.
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The input voltage to the converter is either provided by a constant dc link or
a rectified voltage supplied from a rectifier. Assuming a constant dc input voltage
the output harmonic magnitudes are calculated as in (6.1). If the dc link voltage is
not constant this formulation is no longer valid, but still provides a good approxima-
tion [54].

=N

Z(—l)icos(kai)

=1

4F

" km

Vi (6.1)

where 2F is the total dc link voltage and N is the total number of switchings in the
first quarter-cycle. Using these IV switching angles per quarter-cycle, the fundamen-
tal component can be adjusted and N — 1 arbitrary harmonic components can be

eliminated or minimized. The quarter-cycle symmetry results in elimination of even
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harmonics; therefore, the odd harmonics are selected to be eliminated. The triple-n
harmonics are not considered because they are automatically eliminated in the line
voltages. Practically 3n 4 1 harmonics are tried to be removed from the output volt-
age. The solution is achieved by solving N nonlinear equations of the form (6.1).
Here, for example, the fundamental synchronous component is selected to be 10kV
and the 5** and 7** harmonics are set to zero. This is achieved by solving the following

equations

=3
v = 5 Z(——l)icos(kai) =10
i=1

T
=3

Z(—l)icos(lsai) =0 (6.2)

i=1

=3
AE .
Vyr = 7—71'_ E (—1) COS(kOLL’) =0

=1

_4E

Vg = —
5%

The solution of this system of equations is not unique [5]. The set of solutions have
been proved to be two zero points. The optimization problem is defined to minimize

the following nonlinear equation with three inequality constraints.

Minimize OF (ay, as, a3) = (v1 — 'Ulref)z + (v5)? + (v7)?

Subject to: 0 < a3 < ay < az < g (6.3)

where vy, is the desired fundamental component and vs and vy are the 5% and 7*
harmonic components respectively. The objective function defined in (6.3) attains its
absolute minimum at the zeros of the nonlinear set of equations in (6.2).

Table 6.1 shows the optimization results of the objective function in (6.3) with a
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variable dec-side voltage. Analytical solutions of the idealized problem are also shown
separately. The idealized problem has two distinct zeroes. The idealized problem
is solved assuming a constant dc input voltage, while the input voltage is provided
through a six-pulse diode rectifier. The six-pulse diode rectifier provides an almost
constant input voltage with some extra harmonics, which are not considered in the
ideal case. Two of the local minima (Table 6.1. (a) and (b)) are very close to solutions
of the idealized problem, indicating that practically, the solutions for the non-ideal
case, are not far from the ideal solutions. This happens because of small dc-voltage
variations resulting from the six-pulse diode rectifier [54]. The third local minimum
(c) has a larger objective function value, which indicates the third local minima is

not a solution of the proposed selective harmonic elimination problem.

Table 6.1: Selective harmonic elimination results.

Idealized Problem

6%} (6] 3
Solution 1 22.42° | 37.76° | 46.45°
Solution 2 13.76° | 73.58° | 82.31°
Optimization Results

Local Minima o o o3
(a) OF = 0.0066 | 21.81° | 37.26° | 45.29°
(b) OF = 0.086 | 14.32° | 76.73° | 82.94°
(¢c) OF =0.357 | 4.51° | 15.70° | 29.26°

Fig. 6.4 shows the harmonic spectrum of the output voltage for each of these
three sets of local minima. The spectrum shows that the fundamental component
is matched with the desired value for the first two local minima and the 5t* and 7
harmonics are essentially eliminated using the first two local minima. Both the (a)

and (b) local minima are solutions of the non-idealized problem. However comparison
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of the harmonic spectrum of the first and second local minima reveals that the first
local minima is superior to the second local minima, because of a lower 3"¢ harmonic
content. In practice it is desirable to have a lower third harmonic content as it will

not cause overly disadvantageous situations under unbalance conditions.

12 ! f ! f f !

1% Local Minima |

v l:l 2™ Local Minima
sl L@ O -3rdLocalMinima..._

i
o

Harmonic Magnitude ( Vk, rms)
@)}

5 7
Harmonic Number (k)

Fig. 6.4: Harmonic spectrum of the three local minima from in Table 6.1.

The third local minimum is not a good choice for selective harmonic elimina-
tion, because of higher harmonic content and an unmatched fundamental frequency

magnitude.

6.4 Example 2: DC-to-DC Converter

A dc-to-dc converter is designed in this section with the ability of adjusting its

output dc voltage. A schematic diagram of this dc-to-dc converter is shown in Fig. 6.5.
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The converter is fed from a diode bridge rectifier, which provides an almost constant

dc voltage.
0.0137 I_L.. 0.02
7Y YY) Y Y Y g ’UO
X 5 & A jf I
300V | g A o d l
B 5355 ¢ & §
C ! Vdc
60 Hz & &
Y'Y YY
0.0137

Fig. 6.5: Schematic diagram of the dc-to-dc converter ezample.

The average output voltage of the dc-to-dc converter is
v, = Duyy, (6.4)

where D is the duty cycle ratio of the switchings, v, is the output voltage of the
rectifier, and v;, is the input voltage.

By controlling the switching duty cycle (D), the output voltage of the converter
can be controlled. The output voltage controls the output current; therefore, a closed
control loop can be designed to regulaté the output current. A PI (Proportional-
Integrator) controller is designed to adjust D dynamically in order to enhance the
quality of transient response. Fig. 6.6 shows controller designed for adjusting the
_output current to a reference current (I .s).

The transient behaviour of the circuit depends on the PI controller gain (X) and
integration time constant (T'). The design problem is to find an optimum set of values

for K and T so that the two currents I, and I,.; become as similar as possible.
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ref '_(r TS
I4 < Filter D

Fig. 6.6: The current controller of a de-to-dc converter.

The objective function defined in (6.5) is used to measure the difference between

the given reference current and the simulated transient response.

OF(K,T) = /mZTf (1 _ fId(t)>2dt

=0 ref

Subject to: (6.5)

0<T<0land0< K <5

where I; is the load current, I,.f is the reference current, and 7% is the total simulation
time.

The defined objective function will vanish to zero when the load current (I),
completely tracks the reference current (I,.s); however, because of the switchings and
inductive load, the load current cannot exactly follow the reference current and the
objective function will not converge to zero; however an optimum design still can be
achieved.

The simulation case with the proposed objective function in (6.5) was optimized
using the multi-resolution optimization method. The generated multi-resolution mesh
for the optimization of this system is shown in Fig. 6.7. The multi-resolution mesh

has converged to six local minima; however very close local minima are rejected.
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Fig. 6.7: The multi-resolution optimization of dc-to-dc converter.

K

Table 6.2: Dc-to-dc converter optimization results.

Local | Control System Parameters Optimization Results

Minima | K T OF(K,T)
1) 1.406 | 0.0088 0.4091
(2) 1.242 | 0.0082 0.4092
(3) 1.764 | 0.0091 0.4244
(4) 1.414 | 0.0020 0.4244
(5) 1.269 | 0.0024 0.4249
(6) 1.130 | 0.0028 0.4262

Total number of simulation runs: 198 -
0<T<0.1 | 0<K<5

109

Table 6.2 shows the optimization results for the dc-to-dc converter design example.
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Fig. 6.8: The transient response of the global minimum (15¢localminimum).
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Fig. 6.9: The transient response of the 6% local minimum.

Fig. 6.8 shows the transient response of the global minimum (1% local minimum)
and Fig. 6.9 shows the transient response for the local minimum with worst per-
formance. The current follows the step input for both of the settings with a good
approximation during steady state and also during rise time using the two sets of
global and 6% local minima solutions.

Note that the corresponding objective function values for the six local minima
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are very close and also that the performance of the first and sixth local minima show
satisfactorily results. This phenomena is attributed to the non-smooth behaviour of
the objective function, because the objective function is a result of integration of a
switching signal with a high frequency content over time. The optimization of such
a non-smooth objective function can be treated as optimization of a noisy objective
function. The multi-resolution optimization algorithm is robust to noise because of an
initial coarse sampling; thefefore, at initial stages of localization of the local minima,
the noise would not play a major role. However, as the algorithm tries to increase
the accuracy of local minima estimation, a noisy function may cause detection of an
excessive number of local minima. The actual local minima here are detected as 3
separate clusters of local minima; however, due to flatness of the objective function in
the optimized region the location of the local minima are sensitive to the uncertainty
in the calculation of the objective function. The 1% local minimum and the 6
local minimum correspond to two different clusters that show different dynamical

behaviours, which shows the multi-modality of the objective function in this case.

6.5 Example 3: Cigre HVDC Benchmark

In this subsection a standard example of an HVDC system is optimized. A
closed form expression for the dynamical behaviour of this HVDC system is unattain-
able; therefore, the system can only be optimized using a simulation-based approach.
Multi-resolution optimization is used for the optimization of this complicated power
system. The multi-resolution optimization algorithm captures more than one local

minimum, which shows the multi-modality feature of the proposed HVDC system.
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The Cigre HVDC benchmark is a detailed model of a realistic mono-polar, 12-
pulse, back-to-back configuration of an HVDC system [55]. The schematic diagram
of the HVDC sending and receiving ends are shown in Fig. 6.10. The system is rated
at 2kA and 500kV.

: 1
AC1 Y/A —-d—> AY AC2
£y %
| |
L L1 * 3 111
Filters and L L Filters and
fixc?d Rectifier Inverter ﬁxc?d
capacitors capacitors

12-pulse converters

Fig. 6.10: Cigre HVDC benchmark model.

The control strategies for the rectifier and inverter are shown in Fig. 6.11. HVDC
systems are responsible to transfer a specific amount of power; therefore, the con-
trol system must guarantee that a constant amount of power is transferred. This is
achieved by controlling the current and voltage of the inverter and rectifier, respec-
tively. The inverter works at constant extinction angle control to avoid commutation
failure. The extinction angle control provides an almost constant voltage; therefore,
the current control must be achieved by adjusting the firing angle of the rectifier side.

The operating point of the system is determined by the crossing point of the
steady state V; — I; characteristics of the rectifier and inverter. The constant current
of the rectifier side is provided by firing angle control using a PI controller. Similarly
the constant gamma (constant extinction angle) control of the inverter side is main-
tained by adjusting the firing angle of the inverter side, which is again provided via

another PI controller. The implemented control diagram for firing angle generation
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Fig. 6.11: HVDC steady state control diagram.

for the rectifier and inverter sides are shown in Fig. 6.12. The design problem in this
case is the proper selection of parameters of the two PI controllers in order to obtain

the desired transient performance.

6.5.1 Defining the Objective Function

The objective function must be defined as an index penalizing any deviation or
failure in rectifier or inverter operation from the specified objectives. The variable
of the system, which is sensitive to abnormal behaviour of both sides is the dc link
current. The dc link current could be regarded as a factor describing how well the
HVDC system behaves. Almost any failure in the system directly alters the magnitude
of dc current; therefore, the objective function here is defined as the integration of

the difference between the current order and dc-link current over time. The objective
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Fig. 6.12: Cigre HVDC benchmark controller.

function is then defined as shown in (6.6).

t=Ty id 2
OF(KT,TT,Ki,Ti)z/ (1— ) dt (6.6)

t=Tp id,order

where 75 and %qorqer are the dc current and current order values, respectively. The
duration of integration is specified by Ty and Ty. The simulation time for this case
is 6s. The objective function will become zero, when the dc current exactly follows
the given current order. In practice the dc current cannot exactly follow the current
order; therefore, the solution is not the zero of the objective function, but a local
minimum. The local minima of the system were found using the multi-resolution
algorithm. Some local minima including the global minimum were found to have a
good match between the desired performance and the actual performance.

The controllers are not only responsible for performing well during steady state,
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but they are also designed to maintain the stability of the system during disturbances.
These disturbances could be internal like the change of the real power flow or external
like a voltage drop at the inverter or rectifier sides. Therefore, during the calculation
of the objective function, some faults are imposed on the system. This objective
function evaluates the ability of the controllers for establishing a new stable operating
point or bringing the system into the previous stable point; any disturbance either
changes the stability point or alters the trajectory of the dynamical system.

To evaluate the quality of the designed controller the following sets of disturbances

were imposed on the system:

1. ¢ = 0.04sec, the magnitude of the inverter ac network voltage was reduced by

5%;

2. t = 0.08sec, the magnitude of the inverter ac network voltage was restored to

the initial voltage;
3. t = 1.0sec, the current order was reduced by 50%;

4. t = 1.5sec, the current order was restored to its initial value.

The first set of disturbances (reduction of the ac network voltage) is a common
consequence of faults occurring at the ac networks connected to the HVDC system.
This test was performed on the inverter side, because of higher vulnerability to com-
mutation failure upon the reduction of the voltage magnitude at the inverter. The
last two sets of disturbances were done to evaluate the ability of the system to control
the dc current and, consequently, the power flow of the system. These two changes are
among the most common disturbances challenging the stable operation of an HVDC

system.
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Optimization of the OF in (6.6) using the proposed multi-resolution algorithm
was done and resulted in six different local minima. The optimization results and
their corresponding objective function values are listed in Table 6.3. Noting that a
conventional sequential multiple-run approach to acquire 1% accuracy needs a grid
with 50 divisions in each coordinate. The evaluation of such a grid needs 50* =
6, 250, 000 number of simulations, while the multi-resolution algorithm found six local
minima with only 3948 simulation runs. This shows the multi-resolution optimization
algorithm is 3.2 orders of magnitude faster than conventional sequential search in this

case.

Table 6.3: Cigre HVDC benchmark optimization results.

Local Control system parameters OF
Minima Rectifier Inverter
K, T; K, T;
(1) 2.144 0.0085 0.110 | 0.0876 1.655
(2) 3.068 0.0136 0.309 | 0.0737 1.698
(3) 3.030 0.0760 0.501 | 0.0765 1.765
(4) 2.546 0.0920 1.547 | 0.0660 2.405
(5) 1.260 0.10 5.0 |0.0467 36.71
(6) 0.932 0.0994 4.596 | 0.0903 38.68
Total number of simulation runs: 3948
Search interval for K, : [0.1,5] | Search interval for T; : [0.001,0.1]

The first 4 local minima result in good system performance, while the other two
local minima (with distinctively higher OF values) lead to poor performance. Note
also that a conventional optimization algorithm using a gradient-based method only
converges to a single local minimum based on the initial point for optimization; there-

fore it cannot guarantee the convergence to the global minimum.
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Fig. 6.13: Transient response of the system for the 15 minimum in Table 6.3.

The transient responses of the dc current compared to the current order for the
first four local minima are shown in Figs. 6.13 to 6.16. The HVDC dc-link current
follows the changes of current order after the 1% and 2 disturbances and also during
the steady state run using the first three local minima settings. The ac voltage
disturbance during [0.04s,0.08s] resulted in a small increase in the dc current, because
of the voltage reduction at the inverter side.

The simulation result for the 4** local minimum shows small oscillations from the
desired value, but they are still acceptable. These sustained oscillations resulted in
an objective function value of 2.405, Which is almost 50% more than the best local
minimum.

The transient response of the system for the last local minimum shows repetitive
commutation failures. The 6* local minimum has failed to restore a stable behaviour

after the imposed disturbances (see Fig. 6.17).
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Fig. 6.14: Transient response of the' system for the 2 minimum in Table 6.3.
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Fig. 6.15: Transient response of the system for the 3™ minimum in Table 6.3.
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Fig. 6.16: Transient response of the system for the 4" minimum in Table 6.3.
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Fig. 6.17: Transient response of the system for the 6* minimum in Table 6.3.
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6.6 Example 4: HVDC Robust-Optimization

The rectifier and inverter parts of an HVDC system are connected by a trans-
mission line to an ac network. The ac network is modeled using a voltage source
and an impedance. The impedance is not constant during operation of a real ac
network. The network impedance as well as the amount of reactive power provided
by the filters, capacitive loads or synchronous compensators at the connecting node
of ac network and HVDC converters play an important role in the performance of
the system during any disturbance imposed on the system. The impedance of the
network could be changed based on different loading conditions and changes of trans-
mission lines. The amount of reactive power injection could also be changed due to
changes in the number of synchronous compensators or capacitive loads at the ac bus.
These effects are described using an index called short circuit ratio (SCR). A weak
system is supposed to have an SCR factor of lower than 2.5 and a strong system is
supposed to have an SCR factor of more than 4. The controller designed for the last
HVDC example used a system with an SCR of 2.5. The designed controller is not
guaranteed to work well for a system with a lower SCR. A weak system with a lower
SCR is more susceptible to a commutation failure in comparison to a strong system.
An approach to find a suitable optimum design for both weak and strong system is
solved by using robust optimization approach. In robust optimization the objective
function is defined to be the summation of a set of objective functions for a strong,
medium and weak system [56]. Fig. 6.18 shows™ the robust optimization approach
used for optimal design of a controller, which works for a weak system as well as a
medium and a strong system.

The imposed disturbances on the system were modified to be
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1. t = 1.0sec, the current order is reduced by 20%;

2. t = 1.8sec, the current order is restored to its initial value.

The objective function in this example was defined to be the summation of the

objective functions of the systems with SCR =2, SCR = 3, and SCR = 5.

OF(K,, T,,K;,T;) = ofscr=2 + 0fscr=3 + 0fscr=s (6.7)

where the ofscr=2, 0fscr=3, and ofscr-s are defined using (6.6) for each system
with the specified SCR value. The duration of objective function evaluation was from
To = 0.8s to Ty = 3. The SCR value in each case was changed by assigning different

ac network impedances for each system at the inverter ac bus.

6.6.1 Optimization Results

The optimal design using the multi-resolution optimization is shown in Table. 6.4.
Six local minima were found for the robust optimization of the Cigre HVDC bench-
mark. The transient response of all local minima are depicted for all configurations
of the system in Figs. 6.19 to 6.24.

All local minima except the 4 local minimum have shown satisfactory results.
This is because of the selection of the objective function evaluation interval which is
from Tp = 0.8s to Ty = 3s. The 4% local minimum has bad performance at start up;
however, after startup the behaviour of the 4** local minima, is satisfactory; therefore,
it is selected as a local minimum.

The proposed robust ‘optimization implementation using the summation of the

objective function values is shown to be capable of capturing local minima with good
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Table 6.4: HVDC robust optimization results.

122

Local Control system parameters Objective
Minima Rectifier Inverter function value

Kor T; Kpr T; SCR=2 | SCR=3 | SCR=5 | OF

(1) 1.9587 | 0.0081 | 0.6592 | 0.0816 | 1.00 0.77 0.65 | 2.57
(2) 1.4616 | 0.0029 | 0.6534 | 0.0528 | 1.18 0.84 0.77 |2.80
(3) 1.9843 | 0.0313 | 0.6639 | 0.0685 | 1.43 0.76 0.76 | 2.95
(4) 2.0802 | 0.0676 | 0.6913 | 0.0771 | 1.53 0.89 0.86 | 3.28
(5) 14.446 | 0.0186 | 0.2723 | 0.0489 | 1.56 1.34 1.21 | 4.11
(6) 12.743 | 0.0078 | 0.2792 | 0.0873 | 1.68 1.54 1.16 | 4.35

Total number of simulation runs: 5730
Search interval for K, : [0.01, 20] | Search interval for T; : [0.001,0.1]

performance for all systems with different SCRs. The different transient responses

for each local minimum and each SCR value represent good performance; however,

designers could choose one of these six local minima based on their other transient

performance such as start up behaviour or overshoot at each disturbance.
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Fig. 6.18: The robust optimization-enabled simulation tool.
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Fig. 6.19: Transient response of the system for the 15¢ local minimum in Table 6.4.
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Fig. 6.20: Transient response of the system for the 2™ local minimum in Table 6.4. -
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Fig. 6.21: Transient response of the system for the 3™ local minimum in Table 6.4.
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Fig. 6.22: Transient response of the system for the 4" local minimum in. Table 6.4.
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Fig. 6.23: Transient response of the system for the 5t local minimum in Table 6.4.
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Fig. 6.24: Transient response of the system for the 6% local minimum in Table 6.4.



Chapt'er 7

CONCLUSIONS

Optimization-enabled transient simulation was introduced previously as an effi-
cient tool for optimal design of complex power systems. This design tool is a combi-
nation of a nonlinear optimization algorithm and an electromagnetic transient simu-
lation program. The interfacing between the simulation and nonlinear optimization
algorithm is provided by a well-defined objective function.

The objective functions selected may not always have only one local optimum.
The existence of multiple solutions for an optimization case was shown analytically
for an optimal pulse-width modulation previously, while due to lack of efficient meth-
ods capable of capturing all local minima of a simulation-based objective function,
the phenomena of multi-modality was not investigated for simulation-based optimiza-
tion cases. In this thesis a new method was introduced capable of capturing most
local minima in an affordable number of simulations using a multi-resolution function

reconstruction of the objective function.
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7.1 Thesis Contributions

The contributions of this thesis are: (i) the development of a new optimization
algorithm capable of capturing most local optima of an objective function; and (ii)

investigation of the multi-modality phenomena in some power systems.

7.1.1 Development of the New Nonlinear Optimization Al-
gorithm

A new nonlinear optimization algorithm was introduced in this thesis based on
a combination of the response surface method and direct search method. This new
algorithm samples the whole optimization space and then iteratively generates new
sampling points at locations where local minima exist. The sampling of the whole
optimization space enables the algorithm to discover most local minima. The algo-
rithm performs a multi-resolution search to estimate the objective function. In order
to make the proposed algorithm capable of solving a general constrained simulation-

based optimization problem the following steps are done:

1. The sampling of the function is done by a finite element mesh, where the coordi-
nates of the finite element nodes are the sets of parameters. The finite element
mesh covers the optimization space with a multi-scale mesh. The sampling
at nodes of the multi-scale mesh has enabled the algorithm to avoid excessive
objective function evaluations in unnecessary regions. The multi-scale mesh
provides a multi-resolution reconstruction of the objective function with the
criteria of over-sampling at regions where local minima exist, thus enhancing

the search process for finding local minima by orders of magnitude.
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2. The distinguishing feature of using a finite element mesh for multi-resolution
sampling is the ease of handling of equality and inequality constraints. The
equality constraints are proposed to be handled by surface mesh generation
techniques and the inequality constraints are handled effectively using, formerly

introduced, implicit mesh generators.

3. The force relaxation method is incorporated in multi-resolution algorithm to
enhance the initial mesh generation and subsequent mesh refinements. The
force relaxation method has enabled the algorithm to generate an initial mesh
with a desired initial sampling point distribution; thereby enabling the designer
to incorporate a priori knowledge of the objective function in order to enhance
the efficiency of the optimization process. Force relaxation was also shown to
be useful for enhancing the efficiency of initial sampling. The optimization
cases, which have used force relaxation for the initial mesh generation, have
been able to capture more local minima comparing to cases that have not used

force relaxation for initial mesh generation.

4. The drawbacks of every response surface or direct search optimization method
is an excessive amount of initial sampling. The algorithm has properties that

should allow it to be effectively parallelized to help address this phenomena.

5. The multi-resolution algorithm is dependent upon the point-connections genera-
tion using Delaunay triangulation. As the number of sampling points increases
the Delaunay triangulation can not be used effectively, because of excessive
memory usage requirement. This problem has been addressed using a partial

" mesh generation technique.
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The incorporation of all these tools enables the multi-resolution optimization al-
gorithm to effectively find most local minima of an objective function. This method
was tested on various problems with known and unknown local optima and has shown

satisfactory results for optimization of multi-modal objective functions.

7.1.2 Multi-Modality Phenomena in Power Systems

Multi-modality refers to optimization problems that contain more than one op-
timum; for example, optimal pulse-width modulation was shown to have more than
one solution. The problem of multiple local minima was not previously investigated
for power system optimization cases, where an analytical solution does not exist. The
phenomena of multi-modality in power systems was investigated in this thesis for a
problem of optimal selection of controller gains of a standard HVDC system. The
algorithm has found more than one local minima for the studied system, which shows
the existence of multi-modality phenomena in other power systems that incorporate

switching converters.

7.2 Recommendations for Future Work

The main obstacles of multi-resolution optimization are: (i) large number of
sampling point evaluations at the initial mesh; and (ii) a low rate of convergence to
the local minima at higher resolutions. A potential solution to the first obstacle was
discussed using parallel computation in Chapter 5. Other methods are also avail-
able to overcome these two obstacles including meta-modeling and multi-disciplinary

optimization algorithms.



Chapter 7. CONCLUSIONS 134

7.2.1 Incorporation of Meta-Modeling Technique

Meta-modeling could be implemented in situations where different estimating
functions of the actual objective function exist. The drawback of these estimations
is the uncertainty of their estimated value. However, uncertainty of objective func-
tions is not important when the sampling points are far apart and the uncertainty
is less than the objective function variation at these far points. The initial sampling
points of a multi-resolution optimization are commonly at far distances; therefore,
evaluations of these initial sampling points is not required to be done using a highly
accurate measurement of the objective function. Incorporation of an approximation
for the evaluations of the initial sampling points, with some uncertainty, will not
alter the result of localization phase of multi-resolution algorithm during early itera-
tions. Therefore, at early stages of the multi-resolution algorithm, objective function
evaluations could be done using some approximation methods. The benefits of this
approach is that these approximations could be done using some low cost estimating
functions; for example, an analytical solution for the average case model of a power
system. The incorporation of a low cost objective function will enhance the multi-
resolution optimization algorithm during the early stages, where a large number of

initial sampling point evaluations are required.

7.2.2 Incorporation of a Multi-Optimizer Strategy

The multi-resolution optimization algorithm has shown great ability to separate
regions contributing to each local minima during early iterations (the exploration
phase). during subsequent iterations the algorithm only increases the accuracy of

the estimated local minima (the exploitation phase). The multi-resolution algorithm
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is very effective during the exploration phase, while the efficiency of the algorithm
during the exploitation phase is often worse than conventional nonlinear optimiza-
tion algorithms such as simplex or gradient-based methods. These properties makes
the multi-resolution optimization algorithm a suitable option for a multi-disciplinary
optimization algorithm, where the exploration phase is done using multi-resolution
optimization and the exploitation phase is done by switching to other methods such
as simplex or gradient-based solver. The multi-resolution algorithm would then be
responsible to optimize the objective function until the regions of local minima are
clearly separated and then the simplex or gradient-based method would use each es-
timated local minima as an initial guess to find an accurate location of each optimal

point.



Appendix A

TRANSFORMATION MATRIX

The required transformation matrix for mapping the points along the vector
connecting two points of z; and y; to a surface at x; and perpendicular to this vector
can be stated as the construction of a matrix, where the first column of the matrix
must be a vector parallel to x; — y; and the other columns must be perpendicular
to each other and also to the first column. The following algorithm is introduced to
produce such a transformation matrix. The first column is the vector W&E%%IT and

the remaining columns are derived using an iterative approach to guarantee that each

column is perpendicular to the other columns.

_ (XI—Y1)
%1 = Tea—yy)l

fort=2—4d
ai,dxl = [—al(l),O, e ,O]T
f-orj =2—-1—1
. aT as
ai(j) = - f:j?j)]

end
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al ®ao
ag (’L)

a,l(z) = —

a; = —%
\/a’{@ai
end
A =lay, ..., a4)

where a; is the i column of the transformation matrix (A), ® indicates matrix
product, a;(j) is the j** element of the column vector a;, and d is the dimension
of the transformation. The iterative approach defined above guarantee, that the
columns of the transformation matrix will be perpendicular to each other, while the
first column is parallel to (x; — y,); therefore, the affine transformation introduced

here of the matrix A satisfies the requirements specified in chapter 5.
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