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ABSTRACT

OPTIMIZATION APPROACHES FOR OPTIMAL POWER FLOW PROBLEMS
IN RENEWABLE ENERGY GRIDS

by

ABDULLAH M. ALZAHRANI

Adviser: Mohamed A. Zohdy, Ph.D.

In recent years, the global energy crisis confronting humanity is attributable
to a deficiency in classical energy sources whereas the energy demands are
widespread growth. In overcoming this crisis, increasing the efficiency of energy and
sustainability are becoming significantly crucial. Therefore, the integration of
various renewable energy resources into the traditional electrical grid is quite a
challenging issue due to their intermittent nature. In this dissertation, the main
focus is on the operational stage optimization problem considering the optimal
power flow (OPF) problem to economically meet time-varying consumer demands.
This brings a new level of complexity to the OPF problem that needs to be
addressed by new and more performant optimization algorithms. One promising
area, of research that will be followed in this work is the use of heuristic optimization
algorithms. These have been used both alone, or in hybrid combinations of two
optimization algorithms to compensate for the weaknesses of each.

Due to nonlinearity introduced by alternating current power flow equations,
this research focuses on improving the non-linear of the OPF problem for an
electrical power grid that includes different energy sources along with thermal plants
as energy generators. This dissertation illustrates how to improve the numerical

stability of the proposed optimization approach by considering different variables to



avoid ill-conditioned numerical operations. The proposed optimization approach, on
the other hand, is able to deal with non-convex problems with multiple local optima,
and also it is able to deal with the additional complexity of the hybrid power grid.

This dissertation aimed at improving the use of stand-alone and hybrid
AC/DC microgrid systems by minimizing some issues, e.g., global warming
emissions and the increasing cost of power systems and losses during the entire time
horizon. In this work, some assumptions have been made by considering line
constraints on the network to theoretically prove that the performance of the
polynomial optimization problem relaxation can satisfy the original power flow
equations.

Finally, the performance of the proposed algorithm has been examined on
different electrical power networks with various power system sizes, such as IEEE 5,
14, and 30 bus. The outcomes of the experiments proved the adaptability of the
algorithm when considering large-scale electrical power networks. In addition, this
proposed algorithm has been compared with some exiting optimization algorithms
given in the literature for similar power systems, where it shows the effectiveness of
this proposed method. This achievement will strengthen the use of this
convexification approach in its applications on large-scale systems to reduce energy

expenses and network system losses.
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CHAPTER ONE

INTRODUCTION

Efficient operation of electrical power grids has been a constant
preoccupation for many years. As a a major component of our modern industrial
societies, electrical power grids have played an enormous role in the well-being of
humanity for the last 100+ years. Indeed, a large majority of the energy used by
human society nowadays is traded over electrical power grids. Consequently, even
tiny improvements of the efficiency of electrical power grids have an enormous effect
in terms of cost savings. This reality has been recognized for a long time and has
stimulated a lot of effort to devise solutions that can contribute to a more efficient
operation of electrical power grids. The optimal power flow (OPF) as a
mathematical formulation of the efficient operation of an electrical power grid was
originally formulated in the sixties [3] and has received enormous attention ever
since.

From a numerical point of view, the OPF problem is extremely challenging.
Even in its simplest formulation, it is a nonlinear, non-convex optimization problem
of very high dimensions. It may therefore have local optima. It is also typically
poorly conditioned. As a consequence, standard numerical optimization methods
have difficulty achieving the solution. Many advanced optimization methods have
been proposed over the years. In fact, the OPF problem has been often used as a
benchmark problem for the validation of new optimization methods. As the
numerical apparatus and the computational capacities evolved, so has the problem
itself. For instance, new aspects of the grid operation were included in the

formulation of the problem, such as switches that modify the topology of the grid.



If these switches are included as decision variables for the OPF problem, the
problem becomes a mixed integer problem, which can only be tackled by different
optimization methods. This process continues currently and will also be pursued as
part of the work proposed here. The OPF problem was originally formulated from
an economic point of view. However, the consequences of more efficiently working
power grids are not only economical in nature. Indeed, reduced fuel consumption
translates to reduced pollution levels and better use of existing resources. Both are
constant preoccupations of greater importance in our times. The same
preoccupations for the environment and for the continuity of energetic resources has
generated important developments in the area of renewable energy sources. The
development of wind and solar power has taken off and is continuing on an
increasing scale. Hydroelectric energy solutions are also enjoying a great interest.
Next to the traditional hydroelectric plants that have the disadvantage of being
limited to particular geographical conditions and necessitating huge investments and
important disruptions of natural environments, newer technologies that exploit tidal
and wave energy are also being developed. As renewable energy sources receive a
more important role in energy production, it becomes very important to help them
operate efficiently next to the traditional plants.

This is a major challenge in the context of the OPF problem for the
following reasons. Firstly, many renewable sources, such as solar power, naturally
generate DC current. Incidentally, nowadays there is also a large class of consumers
that need DC current. This is motivating the formulation of the OPF problem for
hybrid AC-DC grids in lieu of purely DC grids, which is a subject that has only
recently received attention. Secondly, most renewable sources have limited
availability as they depend on natural processes that are weather dependent. Taking

this into account adds a new level of complexity to the OPF problem and



necessitates the inclusion of probabilistic models for source availability. Storage
levels as decision variables may also be used to add a greater degree of realism to
the OPF problem and make its solution more implementable in practice.

Given the characteristics of the OPF problem as listed previously, it is clear
that classical optimization methods can only provide local optima in the best
scenario. This is acceptable in a situation where the optimal solution can be apriori
estimated quite well. If the network topology changes only slightly in time, new
solutions will likely be close to the previous solution, so classical optimization
methods are readily applicable. However, if the network topology changes
drastically, it is important to be able to find the new optimal solution quickly and
efficiently, even if it is far from the previous solution. A particular class of
optimization methods that have gained a lot of popularity in recent years are
heuristic optimization methods. These methods are based on analogies from
biological or physical sciences and are able to find optimal solutions for problems of
high dimensionality and with many local minima beyond the capabilities of classical
methods. However, their efficient application and success depends on judicious
choices of design parameters and proper initialization. Also, each of these methods
has specific weaknesses that must be circumvented in practice. One solution that
has been actively pursued is to combine two such heuristic optimization methods
into a hybrid algorithm such that the weaknesses of one method is balanced by the
other method. With these approaches, the central question that will be answered in
this work is to find an efficient algorithm for solving the OPF problem for a grid that
includes thermal, wind energy and solar power sources, that combines a heuristic
optimization method with a convex relaxation method and uses the structure of the
OPF problem in order to find the best design parameters to tune the optimization

algorithms. In order to clarify why this research question may contribute to the rich



body of research into numerical methods for solving the OPF problem, we present in

next section an overview of the OPF problem and the current state of the art in this

field. Based on this analysis, we will argue the opportunity of the proposed research.
1.1 Motivation

The increased use of direct-current micro-grids that independently include
distributed generation into the electricity grid for storage and restoration of power
has resulted in compliance with stringent universal cost minimization and power
loss regulations. One of the several optional objectives of what is called the
“optimum solution” is to minimize the power cost, generation cost, or power losses.
A number of researchers have already successfully applied their results to various
industrial environments to achieve this solution [4]. Despite these accomplishments,
there are still limitations in using this approach [5] to obtain a what has come to be
known as a globally optimal solution. The stability, reliability, development, and
decision-making abilities of this intelligent power system are required to fully
guarantee high performance [6] and [4]. Thus, the development of hybrid AC/DC
and direct current microgrid stand-alone (DCMG) systems are the main focus in
producing power to consumption, and developing a high quality of electricity while
minimizing production time, generation cost, and power losses. Within this
framework, both understanding alternative solution methods such as LP, QP, SDF,
and SOCP, as well as executing a proper OPF technique are needed to achieve a
numerically efficient solution.

The hybrid AC/DC and direct current microgrid stand-alone (DCMG) are
powerful systems for the future study of intelligent micro grids, and are particularly
useful due to their extreme sensitivity to tiny changes in the weather or shut-downs
of the main power fuel supply. Despite these capabilities, the hybrid AC/DC and

direct current microgrid stand-alone (DCMG) have not been widely used in studies



of power production under known or known power failure situations. This is not an
ideal situation as it is necessary to address the applicability of new techniques to
develop highly effective systems that can work under different system failure
situations. The principal objective of the hybrid AC/DC and DCMGs stand-alone is
to provide uninterrupted power supply to load systems, which can be located almost
anywhere, such as in aircraft drones, airplanes, hospitals, rural areas, and remote
isolated sites. This research will improve a technique that may be used to build
effective, robust hybrid AC/DC and direct current microgrid stand-alone (DCMG)
systems to generate power independently with high performance of operations,

minimizing the cost generation and power losses during power operation.

1.2 Dissertation Outline

Following the introduction in Chapter 1, Chapter 2 covers the recent stage in
the development of the optimization techniques in order to solve the optimal power
flow (OPF) problem in general, and more precisely, for the form of the power grid
systems that comprise renewable energy sources. In Chapter 3, the OPF problem is
introduced. We begin by discussing the formulation and defining the general
structure of an OPF problem, objective functions, state and control variables, and
constraints. Thereafter, we present the difficulty of the OPF problem and the
techniques to address it that are of common interest in solving a global optimization
problem. The OPF problem is also formulated without considering the energy
storage unit into the power systems. In chapter 4, a polynomial optimization
problem (POP) relaxation based on optimization approaches is proposed to solve
the non-linear of the OPF problem in DC power network. Improving the numerical
stability of POP relaxation is also discussed in terms of avoiding ill-conditioned
numerical operations. To ensure smooth operation and high power system reliability

and quality, the recent optimization approaches for hybrid energy must be

5



considered. An overview of the most recent optimization techniques for hybrid
energy is broadly introduced and discussed in Chapter 5. Following in Chapter 6,
the optimal power flow problem with the energy storage unit is modeled and
illustrated with its notations. In Chapter 7, we test and apply the semidefinite
(SDP) relaxation technique on standard test networks for the problem using a
strategy based on a convex semi-definite program for the OPF problem with energy
storage for a large scale power systems. In Chapter 8, the proposed optimization
approach is applied to the hybrid AC/DC power networks. The performance of the
proposed algorithm is evaluated on different electrical power networks with various
power system sizes in the order of proving the adaptability of the algorithm. Then,
we conclude the dissertation and explore future work in Chapter 9. In this
dissertation, all the numerical data and results are listed and summarized in

Chapter 10. The flowchart below summarizes the dissertation outline.
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CHAPTER TWO

BACKGROUND AND STATE-OF-THE-ART

In order to make explicit the purpose of the proposed work, this chapter
gives a short account of the theoretical and numerical developments concerning the
OPF problem in general and more specifically for the kind of power grids that

include renewable energy sources.

2.1 Demand Response

Demand Response is one of the key solutions available to electrical utilities
in terms of reaching higher efficiency and smoother load curve [7]. The residential
portion consumes nearly 42% of the entire available energy which composes a
significant element of the seasonal and daily peak load [8]. Based on the latest data
released by the U.S. Energy Information Administration (EIA), U.S. electric
utilities had around 94.8 million advanced (smart) metering infrastructure (AMI)
installations, where nearly 89.5% of them are considered as residential smart meters.
The smart metering infrastructure is an integrated system that enables two-way
communication between utilities and customers [8]. It covers around 50% the 150
million consumers in the U.S. [9]. The state of Michigan stands out among the
Midwest on smart metering infrastructure with a smart meter penetration rate of
over 81%, according to government data [10]. Enhanced penetration of smart
meters empowers higher active participation of consumers in the demand response
program. The demand response is expressed as the alteration in the electric
consumption from their natural consumption in response to the control signal by
end-use customers. The control signal can be modeled regarding the electricity cost

or reliability of the system [1]. Costumers are offered incentives by utility companies



to engage in the demand response program [11]. Since consumers are more flexible
under the demand response program, the resilience of the demand is higher, as
shown in Fig.2.1. Without considering the demand response program, the demand
is expressed as a vertical line while with the demand response program, the demand
curve has a negative slope compared to the original curve. Thus, a small reduction

in demand leads to a large reduction in the total cost.

Price ($/WMh)
A

P le e e e e e e e e e e -2
. Without Demand
. +  Response
With Demand '

Response | \

PL_ N
H
o
v
N
H\

s

Demand (WMh)

Figure 2.1: This figure depicts the effect of demand response on electricity market
price [1].



The power system stability must be preserved with regard to two operating
points of frequency and voltage. The traditional power secures are commonly
dispatched in a load-following pattern. Large integration of demand response and
uncertain renewable energy sources causes more intricate power system stability.
The demand response can be utilized in a rapid and accurate way to react to the
unknown and intermittent characteristics of renewable energy sources. The load
frequency control and corrective voltage control have been applied for decades in
terms of preserving the voltage and frequency of the power system. The effect of
integrating renewable energy sources and demand response programs on load
frequency control and corrective voltage control have to be accurately taken into
consideration [12].

The performance and efficiency of coordinating resilient demands to
minimize the overall energy cost that costumers paid has been studied in [13]. It has
been introduced that proper coordination of the resilient power resources
ameliorates the power system operation adequacy [14, 15, 16, 17]. The resilient
electric load aggregations not only can transmit the valuable electricity service
commonly provided by traditional power generators, yet also their distributed
nature makes them qualified for new services [18]. Modern independent aggregators
are florentine in the U.S. market due to the correct rate they bring to the market
and not regulatory comparisons [19]. The two main classes of the demand response

program are illustrated in Fig.2.2 as follows:

10



Energy efficiency %

—

Efficiency

Conservation

\ e/

Demand Side Management

—

[
:I
Load curtailment |
[
[

Demand bidding |

— Demand response ——
. Incentive based [ ,{ Price based |
Y
:I
|

Direct load Control |1 .
I Time of Use (ToU
b W
|
|
Emergency demand :: Real-time pricing
reduction (RTP)

Inclined block rate
(IBR)

:: Critical peak pricing

(CPP)

\
I
|
I
I
I
|
I
i
I
I
!
|
i
I
f
I
I
I
I
I
|

On-site hackup

—

—

Generation

Storage

/

U

Figure 2.2: This figure depicts a schematic diagram for the demand response strategies
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e Price-based demand response: Customers receive their electricity consumption
through communication channels and they would or would not to respond to
the signals [20]. This kind of program cannot be controlled directly by the

system operator and is only involved in energy market.

e Incentive-based demand response: The end-consumers are rewarded for a
particular transmit or reduction of the load. This kind of program is generally
predetermined and offers several stages of control to the operators.
Consequently, the power system operators can be involved in the energy,

power capacity, and auxiliary markets [11].

Demand response can offer diverse advantages and its advantages are not
restricted to the participants only. Since the load peak is shaved using demand
response, the accessible infrastructure can be applied more effectively, the required
electricity from expensive generation units minimizes, and thus, the total electricity
cost is lowered [21]. Furthermore, new investment in generation and transmission
areas can be evaded or at minimum postponed. In a well-planed demand response
program, the customers take part in minimizing the risk of outages whereas the
power system operators have a broad domain of resources to preserve the system’s
stability. In addition, environmental advantages associated with the demand
response program are accomplished by offering reserves for the power system
operators and accelerates the incorporation of renewable energy into the power grid
system. Some of the demand response program’s advantage are summarized in

Table.2.1
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Table 2.1: This table depicts the demand response advantages.
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2.2 OPF Problem Formulations

In order to formulate an OPF problem, the electrical power grids are
modelled as a set of buses that represent local networks of generators and/or
electrical loads, that exchange electrical energy over larger distances through
electrical transmission lines. Typically, one of the buses is chosen as a reference bus,
with a fixed voltage and the (complex) voltages of the other buses are expressed
relative to this bus. Using this model, a simple static mathematical model can be
written consisting of power balance equations at each bus, limit constraints on
power (generated or consumed), and voltages at each bus and on the currents along
the transmission lines. For each bus j, the power balance equation is

Sn= yniVa(Vik = V), (2.1)
jinej

where sy, represents the net complex power injection at bus n
(Sn = Pyen,n — Ploadn) > Vn denotes the voltage of bus n, yy,; is the admittance of
the line from bus n to bus j, and the sum is taken over all the lines that are
adjacent with bus n. Constraints are usually imposed on the magnitude of the
voltages Vp,, on the power injections, and on the current along the lines.

A power flow solution consists of a set of voltages and powers at each bus
that satisfies all these equality and inequality constraints and, in general, there are
infinitely many power flow solutions. An OPF problem formulation additionally
requires a cost function to be associated with each power flow solution. The cost
function can express the cost of generating real power at each generator, or the
losses along the line, and can generally be expressed in terms of the bus voltages as
a real valued function C ({V'}). The problem is to find the power flow solution(s)

that minimize(s) the cost function.
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Depending on the cost function, there are many OPF problem formulations.
The simplest OPF problem is to minimize the transmission losses. In this case, the
cost function is the algebraic sum of generated and consumed powers on the grid.
Because of power conservation, this sum coincides with the power lost on the
transmission lines, and minimizing this loss is an obviously desirable objective.
However, technical and commercial considerations may require different cost
functions and many of them have been studied in the literature. There are also
more complex versions of the OPF problem. One of them is the Dynamic Optimal
Power Flow (DOPF) problem (e.g. [22, 23, 24]) which attempts to optimize the
power distributions over several time periods. In this formulation, constraints on the
variation of operating points of some grid components can also be taken into
account. Another variation of the classical OPF problem is Multi-Objective
Optimal Power Flow (MO-OPF) (e.g. [25, 26, 27, 28]) which uses multiple cost
functions that account for different objectives that the power solution has to satisfy.
In this case, the proposed methods are attempting to find Pareto front solutions for
this problem, instead of optimal solutions as in the classical OPF formulation.

The OPF problem has been addressed in the literature for a several decades.
One of the first contributions in this area [29] credits the first formulation of the
problem to the article [3], which indicated that the interest of the OPF problem is
economic. With the gigantic amount of energy that is traded on the electric power
grids around the world, it is clear that the interest for the OPF problem remains
enormous and this is reflected in the research literature. Understandably, for many
years, the research on the OPF problem was limited to alternating current (AC)
power grids that are ubiquitous in modern economies. This is the consequence of
the famous “battle of the currents” that ended with the decisive victory of AC,

although the outcome was not obvious from the beginning [30].
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Only recently has preoccupation for DC grids been rising, on one hand
motivated by the wider use of renewable energy sources that are better compatible
with DC operation, and, on the other hand, by the wider use of consumer
electronics that operate on DC power. In fact, there are opinions such as [31] that
we are assisting at a new battle in which DC may gain the upper hand, or, in any
case, grow significantly in importance. Actually, this reference shows that DC has
never completely left the market of power distribution, although it was limited to a
few niche applications. Also, new technological developments have the potential to
make DC a serious competition to AC. However, as we shall see further, all these
new developments are not yet reflected in the literature on the OPF problem, so a
meaningful literature review on this subject cannot be limited to the DC version(s)
of the problem.

It is fair to say that the literature on the OPF problem is vast. As early as
the nineties, we find a survey from [32]. A newer and more extensive two part
survey [33, 34] lists about six hundred contributions. Both of these surveys include
no reference to the version of the problem for DC grids. As DC power generators
became more widely used, some research effort was directed towards hybrid AC/DC
power grids and the OPF problem for this type of grids was tackled in contributions
such as [35, 36, 37].

The article [38] that is analyzed here is concerned with purely DC grids.
This is not the first paper that treats the OPF problem for DC grids, as its main
contribution is to strengthen the results of a previous paper on the same subject
[39], but these two seem to be the only papers in the literature that are devoted
exclusively to DC grids. On the bright side, the OPF problem for DC grids is
simpler since it does not have to deal with voltage phase and reactive power as it is

the case for AC grids. Therefore, all the techniques previously employed for AC
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grids could be adapted for DC grids. In fact, the techniques employed in the two
cited papers [39, 38] have been previously developed for the AC grid version of the
OPF problem as presented in the two part tutorial [40, 41].

No matter the type of grid for which it is formulated, the OPF problem, as
an optimization problem, presents two main challenges. First of all, it is a
nonlinear, non-convex problem, which means that straightforward application of
numerical optimization methods is not adequate. Secondly, practical cases lead to
optimization problems of very large orders. Besides, the OPF problem has to be
solved again every time the configuration of the grid changes, e.g. if a load or a
generator are disconnected. It is therefore very important to have efficient numerical

methods to solve this problem.

2.3 Classical Optimization Methods

By examining the literature on the OPF problem using the literature surveys
cited before, it can be concluded that the OPF problem was used as a benchmark
for about every class of optimization methods that are currently available.

One purpose of the research was to approximate the OPF problem (at least
locally) with simpler problems that can be readily solved by efficient numerical
methods. Linear Programming (LP) approximations and Quadratic Programming
(QP) approximations were considered. This class of methods may be very useful in
practice in many situations, but they are not guaranteed to lead to a solution as
they are dependent on the quality of the approximation. Further, there was a lot of
work on classical iterative methods such as Gradient Methods, Newton,
Quasi-Newton, etc. These methods may be very time consuming and, given the
non-convexity of the original OPF problem, their convergence cannot be guaranteed.

Another class of methods is based on convex relaxation and as the two part

survey [40, 41] shows, they have been extensively studied. The relaxation of an
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optimization problem is another optimization problem with fewer or weaker
constraints. Essentially, the feasible set of the optimization problem is enlarged so
that the feasible set becomes, for example, convex. In general, the optimum of a
relaxed problem is different from the optimum of the original problem, unless the
solution of the relaxed problem satisfies the original set of constraints. In this case,
it is said that the relaxation gap is zero, or that the relaxation is exact. The
transformation of the OPF problem into a relaxed problem makes use of the
intrinsic structure of the problem and its success depends essentially on this aspect.
As shown in [40], the Branch Flow Model for the OPF (also used in [39, 38] for the
case of DC grids) is a good candidate for performing the convex relaxation and
under certain assumptions provides an exact relaxed convex equivalent optimization
problem.

In principle, if the problem is reduced to a convex optimization problem,
classical optimization methods are entirely able to solve the problem in a reasonable
number of iterations. When convexity cannot be achieved, or if the convex
relaxation is not exact, it is interesting to consider different methods such as those

presented in the next section.

2.4 Heuristic Optimization Methods

In terms of increasing system dimensionality and causing non-convexity on
the OPF problem, there is a need to consider more robust approaches based on
heuristic optimization methods. Such methods have been proposed in numerous
ways over the years with the purpose of circumventing the typical disadvantage of
classical methods to converge to local minima. As the name shows, each of these
optimization methods is based on some heuristic idea lent from biology or physics.

Here is a short review of some popular heuristic methods and of their application to

the OPF problem.
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Particle Swarm Optimization (PSO): The heuristic idea of this method
is to simulate the behaviour of a swarm of intelligent and communicating
agents/particles that explore the space of possible solutions, changing their
positions and velocities based on their own “best” visited point, and the “best”
point that the group has visited. These agents represent candidate solutions and the
“motion” that occurs in the (high-dimensional) space of possible solutions. The
method was originally introduced in [42] and has seen important improvements and
adaptations ever since. Overviews of the progress of the method and its many
applications can be found in [43] and in the book [44]. Since it was noticed that the
original version tended to converge very quickly to some local optimum and be
“trapped” there, several improvements have been proposed over the years. Most of
them were focused on the communication network between the particles. Initially,
all particles communicated with each other. By limiting the communication network
to, for example, m closest neighbours, premature convergence can be prevented and
the performance of the algorithm is improved. A different version of the algorithm,
called Aging PSO, adds to the basic uniform swarm configuration a “leader” that
ages with subsequent iterations, and is replaced by another one.

The method was first applied to the Optimal Power Flow problem in [45],
but there have been many other contributions such as [46, 47]. The method was also
used to tackle multi-objective OPF problems in [26, 48]. There are many more
contributions that try to mitigate the disadvantages of PSO by proposing hybrids
with different optimization methods, as will be discussed later.

For our particular subject, the recent reference [49] deserves particular
attention since it applies PSO in a power flow controller for a hybrid renewable
energy grid. In this case, PSO is used to find the optimal parameters for a grid P-Q

controller, which is a cascaded control system consisting of four PI regulators used
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to control the voltage and current levels at the interface between the renewable
power sources grid and the main grid.

Genetic Algorithm (GA): This method is based on the heuristic
biological processes of evolution, mutation, and natural selection. The solution
candidates at each iteration represent the individuals of the population. They are
represented by a set of parameters that represent the “chromosomes” and their
fitness is represented by the optimization criterion. At each iteration step, a part of
the population is selected for recombination and mutation and a new generation is
obtained. These “genetic operators” have a stochastic character in nature, but they
need to be designed in such a way that the average fitness of the new generation is
better than the old. Genetic Algorithm optimization was applied to the OPF
problem in numerous contributions such as [50, 51] and it is still an active area of
research as indicated by recent references such as [52, 53].

Simulated Annealing (SA): This method was developed by the
technological process of annealing in metallurgy. It consists of heating a metal
above recrystillization temperature and letting it cool off in a controlled manner,
which tends to increase the size of the crystals in the material. The method starts
with a candidate solution and takes random steps at each iteration to a
neighbouring point. The new candidate is then submitted to a vetting process. It is
automatically accepted if it improves the cost criterion, which makes it a better
candidate than the previous one. However, in some cases it could not be the best
candidate because the parameters are decreased with each iteration. If it is the
worse candidate, then it may still be accepted randomly with a probability that
depends on the “temperature” parameter. This parameter is decreasing with each

iteration, so the method will accept worse candidates with lower probabilities as the
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number of iterations increases. In this way, the method can evade local optima and
approximate better global ones.

The method was first proposed in [54] as a method to solve discrete
optimization problems (such as the Traveling Salesman Problem), and has been
extended and improved over the years. Some relatively recent applications can be
consulted in [55]. There are relatively few attempts to apply Simulated Annealing
to solve the OPF problem. The first appears to be the conference paper [56] which
was published later as a journal contribution [57]. Simulated Annealing is evident a
second time in [58]. It turns out that the method in its original form does not
provide good computational performance in the case of the OPF problem. However,
there are many applications of hybrid methods that do include SA that will be
discussed later.

Bacterial Foraging Algorithm (BFA): This method is inspired by the
patterns exhibited by bacteria while foraging for food. It was introduced in [59] and
it mimics the tendency of natural selection to eliminate bacteria with poor foraging
strategies. The method was extensively used in the context of the OPF problem.
For example, [60] applied to optimize the real power losses and voltage stability
limits of a mesh power network. [61] developed a version of the BFA method with
varying population for the OPF problem. [62, 63] presented an approach called
Dynamic BFA (DBFA) to solve the OPF problem with dynamic loads, in which the
variations of power loads and system topology were simulated as regular and
irregular environmental changes.

Artificial Physics Optimization (APO): This method was relatively
recently introduced in [64, 65] which is similar to PSO in the sense that it proceeds
with a population of candidate solutions that are initially randomly distributed in

the space of possible solutions. However, in contrast to PSO, the motion of the
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particles is dictated by relative pseudo-gravitation forces. To determine these forces,
the particles are assigned masses that depend on the value of the objective function
in the current position of the particle. In this way, the method assures that “better”
candidates attract “worse” candidates so that the particles tend to converge towards
the optimum solution. There do not appear to be direct applications of APO to the
OPF problem. However, the method was applied in hybrid forms in a few

contributions that will be discussed later.

2.5 Hybrid Optimization Methods and the OPF

Although promising in theory, the practical application of heuristic methods
can be challenging in practice. Firstly, there is no guarantee that the optimum
outcome will be achieved. Each method has a number of tuning parameters and
their choice has a strong influence on the performance of these algorithms.
Unfortunately, it is not always clear how to choose these parameters in order to
achieve desired performance while not affecting the convergence rate too negatively.
Another important aspect is that each heuristic optimization method has specific
strengths and weaknesses and therefore, there is a strong interest in devising
methods that combine some of these optimization methods in order to compensate
for their weaknesses.

The survey article [33, 34] lists numerous contributions to solving the OPF
problem using a variety of hybrid optimization methods. These include methods
that combine conventional iterative methods (SQP, Newton, Interior Point) as
(meta) heuristic methods such as the ones presented before in many combinations.
However, the survey does not mention any contributions to hybrid grids that

include conventional energy sources and renewable energy sources.
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2.6 Discussion

There is a great deal of work done on the OPF problem using heuristic
optimization methods, both in pure form and in hybridized form. The work on OPF
problems for grids that include renewable energy sources is relatively scarce. The
references that are available at the moment use mostly hybrid heuristic optimization
problems. However, these methods do not make use of the particular structure of
the OPF problem that consists of a generally convex optimization criterion, with
various equality and inequality constraints, few of which violate the convexity
condition. Therefore, convex relaxation methods have been relatively successful in
addressing the OPF problem. It is therefore recommended to make use of the
structure of the OPF problem to devise better solution methods as the work

proposed here will attempt to do.
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CHAPTER THREE

OPTIMAL POWER FLOW PROBLEM FORMULATION

3.1 Notation
This section will present the Direct Current (DC) System notation that will
be utilized throughout the dissertation. The DC power grid model is comprised of
buses and lines connecting all buses with each other. As shown in Fig.3.1, these

lines can be linked in tree, mesh, or radial topology.

Bus Bus/

Va ynj

G

QP ‘

In

Figure 3.1: Summary of the power system notation.

A Graph G:={N, &} contains a set N of nodes and a set £ of edges. Each
line connects an ordered pair (n, j) of buses. If two microgrids n and j are
connected by a tie line directly, we denote (n,j) € € by n ~ j. For each bus n € N,
Vi, represents the voltages, I, represents the current injections, and P, represents
the power injections. At each line let y,,; represent the admittance, and I,;
represents the current flow between buses n ~ j from n to j, also marking out the

Znj = yi For each microgrid n € £, let PJ(t) denotes the generation at time ¢
nj
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and P%(t) denotes its constant load demand. Notice that all the above parameters

are real numbers since we are working in DC network.

3.2 Mathematical Model and Problem Formulation

3.2.1 The Optimal Power Flow in the Absence of Energy Storage

The derivation of the optimal power flow equation will be introduced in this
section, see [66] and [5] for more details. This formulation will include energy
storage elements. To illustrate this, see a fully connected 3 bus system in Fig.3.2.

The Power flows in network are controlled by the below physical rules:

Inj = (Vo = Vj)yn;j ,¥{n,j} € £ (Ohm’s Law)

I, = Z (Inj) ,¥{n,j} € N (Current balance)
Jne~j

Pp = VoI, ,¥{n,j} € N (Power Balance)

Py A A Pz
V1 Yzz V2
Bus 1 Bus 2
Y75 Y23 y,
Pi3 P23
\Bus 3 /
P7 | Vs

Figure 3.2: This figure depicts a diagram of a three bus power system.
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In the next model we show the power flow in the DC network by removing
the current variable, as follows:
Po=Va Y (Va=Vj)ynj, VY{njteN (3.1)
Jin~g

Subsequently, the OPF equation of this particular example is:

3

min PY). 3.2
Vn,Pnnﬂfn( ) (3:2)

Subject to,

3
Po=Va Y (Va=Vj)yp; n=1,.,3 (3.3)

jnesj

P,” <P, <P,7T n=1,.3 (3.4)
Vo < Vu <Vt n=1,.,3 (3.5)

Where V =V, € N, and n is represented at each bus. The cost (3.2) is a
function of generation in each node, which should satisfy that f,(PJ) is strictly
increasing Vn € N. The equality constraint (3.3), non-linear in V;,, can be replaced
by a linear constraint on V'V with a new matrix variable U. However, in the term to
make the map from V to U invertible, U must be constrained to be both Positive
Semidefinite (SDP) with rank equals to one, then eliminate the rank to be convex,
since the rank makes it non-convex. One way that we can make the OPF convex
problem is by relaxing the rank constraints to (3.10); that in turn leads to a
second-order cone programming (SOCP) relaxation.

Now, The OPF can be reformulated as follows:

3
min Y fn(P) (3.6)
1

PnavnaMnj n—
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Subject to,

3
Pp = Z (vn Unj)yn] (3.7)
Jin~j
P <P <P (38)
+

(Vn)2 <wvp < (Vn)2 (3 9)

v Ui
Mpi=| " "0 VYn~j (3.10)

U]n 'UJ

Notice: If Positive Semidefinite relaxation obtains a solution subject to
optimal U and it has rank one, the actual problem is solved. Eliminating the rank
one constraint results in a convex problem of Positive Semidefinite relaxation.

This provides a better understanding of the formulations that have been
presented above in two steps, which are transformation and relaxation, see (3.10)

and (3.12). The slack variable has been shown in a transformation stage as follows:

%1
M = ' Vi Vo o Vn (3.11)
Vn

In the transformation step, inserting the slack variable is shown in the

following by using:

v =V2 neN (3.12)
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Upj = VaVj yn~j (3.13)

After that, (3.3) is converted to a linear equality constraint, as shown in (3.7) in
(P,v,U). For each line n ~ j where n < j, let it be assumed that R2*2 then we will

use (3.10) and (3.11) to derive the following equation:

Un U, Vn
My, = nyl _ [Vn V]] (3.14)
U v Vj
Then, the non-convexity in (3.3) is converted to another non-convexity in

Rank(M,;) :=1 (3.15)

assuming that V;, # 0 and SDP.
In terms of relaxation, during the second stages, the rank constraint (3.15) is
eliminated; however, the positive semidefinite constraint (3.10) is necessarily kept.

We hereafter called this relaxation SDP.

3.2.2 The Optimal Power Flow with Energy Storage

An OPF problem optimizes both variables V' and P over the solution
collections of the bus injection model in (3.3). Additionally, all voltage magnitudes
must satisfy (3.9), where the lower and upper bounds are represented by (V)™ and
(Vn)+, by assuming that the lower bound of voltage magnitude is greater than
zero,(Vy,)™ > 0, due to avoiding the triviality in the system. The power injection is
also bounded as shown in (3.8) as it is in the voltages magnitude, where P, and
P, are given bounds on the injections at bus n.

We now formulate an optimal power flow with energy storage and
time-varying generation costs and demands. In this formulation of DC systems, the
reactive power is ignored and only the active power is kept. ry(t), represents the

value of the power at time (¢) where it charges or discharges.
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It charges when 7, (t) has a negative value:
m(t)” <0 (3.16)
It discharges when r,(t) has a positive value:
ra)T >0 (3.17)

bn(t), represents the value of the energy storage at time (¢). The amount of the

energy storage is modeled to follow the first order differential equations.

bu(t + 1) = bu(t) + ra(t)B (3.18)

where [ is denoted the time interval [¢, (£ + 1)] given that the initial value of the

energy level is b, (0) > 0 at each bus n € N, are modeled as follows:

0 < bn(t) < Byt (3.19)

Bn T is the maximum value of the energy storage.

Moreover, the charge and discharge battery are bounded as follows

Ry~ <rp(t) <Ry T (3.20)

where t = 1,...,(T + 1)

The network constraint at each bus n € N and time ¢t € T are

3
3" (vn = Unjynj = PI(t) — PA(t) — rn(t) (3.21)
jin~j

where, P (t) represents the generation at time (t) and P%(t) represents its constant

load demand.
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Thus, the final formulation of adding energy storage for the DC microgrid

system stands alone as follows:

o 6:;,%‘,1,@)7%{ gfnwﬁ) + h%(bnm)} (3.22)
Subject to,

Vi~ <Vu <V, T (3.23)

Pt <Pl < PI)t (3.24)

0 < by(t) < By ™ (3.25)

bu(t + 1) = bn(t) — ra(t)B (3.26)

R~ <rn(t) < R (3.27)

i (vn — Unj)ynj = P(t) = Pa(t) = ra(t) (3.28)

Jm~j
Where
° fn(Pg ) is the quadratic problem, which represents generation cost and battery

costs.

e hl (by(T)) represents the terminal costs.
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CHAPTER FOUR

POLYNOMIAL OPTIMIZATION PROBLEM

4.1 Introduction

Polynomial Optimization is an active field of research and remains the focus
of researchers from different areas as semidefinite programming, real algebraic
geometric, and operator theory. The basic idea to employ a convex optimization
method to minimize unconstrained multi-variable polynomial was presented by [67].
Moreover, the first discussion of taking advantage of the duality of moment cones
and cones of non-negative polynomials in a convex optimization scope was
developed by [68]. Nesterov’s works show that the characterization of a moment
cone by linear matrix inequalities, i.e., semidefinite constraints, in case the elements
of the corresponding cone of non-negative polynomials can be written as sum of
squares. The next significant achievement in reducing the multivariate polynomials
was explored by Lasserre [69], who realized that to employ the recent real algebraic
solution that was given by Putinar [70] there must be a sequence of semidefinite
program relaxations whose optima converge to the optimum of a polynomial
optimization problem ( POP ). The modern improvements in polynomial
optimization are, for example, the utilization of sparsity in order to accomplish the
best numerical developments by suggesting a sequence of sparse SDP relaxations by
Waki, Kim, Kojima and Muramatsu [71], and other approaches to characterize the

POP by semidefinite programs via finite varieties by Laurent [72].

4.2 Application
Polynomial Optimization problems (POPs) arise from different applications

in science and engineering, for instance, control theory signal processing, speech
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recognition, numerical linear algebra, graph theory, and investment science. It is
essentially hard to list, even very partially, the accomplishments of using POPs,
intelligibly due to its massiveness in the literature. To prompt our research, we will
nevertheless discuss some sample applications to explicate the benefits of utilizing
POPs.

POPs have an existing application in investment science, for example, the
celebrated mean-variance model presented by Markowitz [73] early in 1952, where
the portfolio selection problem is modeled by reducing the variance of the
investments subject to its objective recurrence. In control theory, the polynomial
optimization of stochastic feedback control for stable plants was established by
Roberts and Newmann [74]. In diffusion magnetic resonance imaging, a situation for
the fourth order tensor approximation was proposed by [75]. In fact, there is a huge
class of (POP) appearing from tensor approximations and decompositions, which
are invented from applications in psychometrics and chemometrics ( for more detail,
see the survey written by Kolda and Bader [76]). In addition, POPs have
applications in signal processing. A quartic polynomial model for blind channel
equalization in digital communication was explored by Maricic [77], and conducted
global optimization for high degree polynomial minimization models arising from
signal processing by Qi and Teo [78].

The aim of this chapter is to propose the modern practical SDP relaxation
for a sparse POP and present its performance for solving the OPF problem of the
power system model via the polynomial optimization technique. By using the
previous model of the six-bus example, we will illustrate the algorithm procedure

via polynomial optimization technique for demonstration.
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4.3 The Polynomial Optimization Problem ( POP )

min f = [5Py1 + TPy (4.1)
xT .= Pgl sz i Vo Vg Vyu V5 Vg (4.2)
Subject to,
Py = Py — Py + (ViVk)(y15) — (V1) (y15)
(4.3)
Py = Pyo — Pra + (VaVe) (ya26) — (V2)%(y26)
(4.4)
Py = Pgg — P+ (V3Va) (y34) + (V3Vs)(y35) — (V3)* [ys4 — vs)
(4.5)
Py = Pgy — Pry + (VaV3)(ya3) + (VaVe)(ya6) — (Va)* [ya3 — yae)
(4.6)
Ps = Pys — Prs + (V5Vi) (ys1) + (V5V3) (ys3) + (Vs Ve) (ys6) — (V5)? [ys1 — 53 — s
(4.7)

Ps = Pys — Prg + (VsV2) (ye2) + (Vs V) (¥ea) + (Vs V5) (we5) — (Vs)? 62 — Yea — Yes)
(4.8)
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’

0< Pgl < 10K
0< sz < 10K

350 < Vjy,_¢) < 450
[Pgn7 PLna Vn]:< o

vrel — 380
P = 10K
Pry=6K
\

Where V[l,--,6] is represented the voltages at each bus.

4.3.1 Solution Report and Analysis

I - Approximate Optimal Solution Information

Table 4.1: This table depicts the results of the IEEE 6 bus power system.

No. Py \%
1 9999.9992 380
2 6,5164  375.47
3 0 366.35
4 0 366.41
5 0 366.84
6 0 366.80

II - Approximate Optimal Value Information

The SDP solver, called SeDuMi, takes 2.58 second to reach the minimum cost of the

system with 3.07 second of total CPU time, 0.37 second per iteration.
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Table 4.2: The objective values obtained from the Matlab-SparsePOP programming
solver.

No. Type of Approaches Value
1 The SDP Objective Value  9,5615.01
2 The POP Objective Value 9,5614.96
3 Relative Objective Error  +5.703e-07
4 The POP absolute Error  -2.565e-03
5 The POP scaled Error -1.869e-10

4.3.2 Result Summary

This chapter presents the OPF solution of a six-bus system. The system is
modeled via the polynomial optimization model. SparsePOP applies the procedure
of constructing an SDP relaxation problem with given parameters, solving it using
SeDuMi, and reports a global optimal solution. The result shows that the proposed
OPF algorithm is effective and more accurate by using SparsePOP solver for a large
size system. In fact, the computational efficiency of solving SparsePOP thus
depends on how the SDP relaxation problem is constructed and solved. In
conclusion, the minimum solution is satisfied constraints and the final cost using the
Matlab SparsePOP solver is 9,5615%/h, which is very close to the final cost using
the CVX Solver.

4.4 The Proposed Research Problem

This section describes the problem statement of this research study to
give an explicit understanding of what the major issue is and what type of approach
is considered to tackle the OPF problem in terms of widely enhancing the use of
standalone DC microgrid systems. In this publication, we define the approach steps
for simply solving the OPF problem in the last section to provide a better

understanding of how we are going to deal with the OPF problem associated with
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the use of standalone DC microgrid systems. This research study offers two main
contributions. One contribution is to prove sufficient conditions for the relaxation to
be numerically exact and introduce stronger convexifications for the OPF problem
than those currently presented in the literature. As a secondary contribution, the
paper beholds improving the numerical conditioning of the OPF problem by an
equivalent transformation based on convex optimization methods. Then, a larger
instance than those published in the current literature are solved to global
optimality by exploiting structured sparsity of the OPF problem. Finally, we
provide proof of convergence of the sparse hierarchy of SDP relaxations for OPF.
Notably, both of the presented techniques improve upon the Lavaei-Low SDP
relaxation, whenever the Lavaei-Low SDP relaxation does not provide the global
optimum. The central contribution of this research considers solving the formulated
OPF problem as a polynomial optimization problem that has been divided into three
phases. The first two phases are to transform the OPF problem into a second-order
conic programming problem. The first phase is used to improve the numerical
conditioning of the OPF problem. The second phase is an equivalent transformation
of the original OPF problem. The non-convex optimization of the OPF problem is
transformed into a second-order conic optimization problem with a supplemental
non-convex constraint that a number of second-order matrices have an inequality
constrained with a rank one. The third phase is a relaxation stage, which consists
simply of removing the rank constraint. The fact that this relaxation is exact, under

some mild conditions, is the main theoretical result of the publication [79].
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4.5 Model Description and Problem Formulation

In the following subsection, a description of the system model for the DC
network is provided along with a mathematical approach of the optimal power flow

equation.

A - The Model Description

In this subsection, the proposed method of this study is validated in the IEEE
30 bus test system to empirically evaluate the suggested approach while the
microgrid system is operated in two different modes of operations and network
topologies. The proposed power system has a three feeder system, as shown in
Fig.4.1. The line-data and the bus-data can be found in [80] and [81]. The cited
reference assumed the network on AC power and studied the effect of re-configuring
the network in relation to the feeders in order to minimize power loss. However, in
this study a modification has been made by considering it as a DC power network
and by then adding power generators in certain busses’ networks.

As can be seen by Fig.4.1, the proposed microgrid system consists of six
distributed generators with a capacity of 10MW. The proposed system is composed
of three feeders, twenty-nine sectionalizing (usually closed) breakers, and nine tie
(usually open) breakers. The solid line in Fig.4.1 depicts the sectionalizing breakers
and a dotted line depicts the tie breakers.

In this systems, all the tie and sectionalizing breakers are considered as
candidate circuit breakers for network topologies. In this proposed work, two
different types of operations are considered to support the loads, namely, a
grid-connected of three feeders and standalone where the main power grid is
switched off. These two different types of operations are assumed to be evaluated

under different types of network configurations, namely tree and mesh
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s = Seclionalizing breakers
- = Tie breakers
— = BUS

. := Distributed generators

Figure 4.1: This figure depicts a schematic diagram for a 30 bus MG system.
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configurations. In the tree configuration, all the circuit breakers are assumed to be
disconnected and this assumption is tested for both grid-connected (G-tree) and
standalone (S-tree) configurations. However, in the mesh configuration, circuit
breakers are assumed to be connected and this assumption is tested for both
different types of operations as (G-mesh) and (S-mesh). The main idea of
considering different types of operations at two different network configurations is to
prove whether the relaxation of OPF problem for the DC network does depend on
the configuration and/or operating mode, as stated for the AC network by [82]. As
aforementioned, the main objective for this work is to reduce both the total cost
and loss of power system by using the convex relaxation approach based on a

polynomial optimization problem.
B - Problem Formulation

The problem formulation considered in this study is based on a simple model of
a DC microgrid system. It is regarded as a graph with vertices
n €N :={1,2,--- ,m} denoting buses and the £ denoting the sets of all lines. The
line connecting bus n with bus j is denoted n ~ j. Each bus is described by its
voltage V, and the power injection p,. In general, these variables are constrained by
given boundaries as follows:

Vo <V <Vih VneN
(4.9)

py <pn<pl VneN

and it can be assumed with no loss of generality that V,,- > 0,Vn € N/. The
current flow through n ~ j is characterized by equation (4.10), where y,,; is

described the conductance on the lines and it has to be y,; >0

Inj = (Vn — V})?Jnj V{n,j} e N (4.10)
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For each bus, the power balance equation (4.11) expresses the fact that the power
injection has to be equal to the transmitted power over the lines close to each bus.
pn= ValVa—Viynj ¥{n,j}eN (4.11)
n~j
By involving a cost function f;, for the power generation at each bus, it is possible
to define a total operation cost for the power system

h(p) = Z fn(pn) (4.12)
neN

The fundamental version of the OPF problem comprises of finding the
minimum of (4.12) under the equality constraints (4.11) and inequality constraints.
The decision variables for this problem are both the voltages V;, and the power
injections p, at each bus. Because of the equality constraints, this is a nonlinear,
nonconvex problem. The generation cost functions f;, may be linear or affine. In the
simplest case, they all coincide with the identity function fy,(pp) = pp, in which case
the OPF problem is simply to minimize network losses. A more realistic version of

the OPF problem imposes additional constraints on the currents through as follows:
B <hy <17 Vngen (413)

Although these constraints are convex, their addition complicates the
problem as it turns out that the relaxation procedure applied to solve the original
problem is not generally exact if such constraints are included. Contrary to this
formulation, [6] assumes the existence of a particular bus with a fixed voltage and
an unbounded power injection. Such a bus, called a substation, can be a model of a
large power system to which the DC microgrid is considered. It is not a realistic
assumption for a standalone microgrid. On the other hand, [6] allows for discrete

value sets for the voltages and power injections, that correspond to the case that
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some power buses can be turned off (p, = 0) or turned on (p, = Pp). The results in
[38] do not allow for such cases. Indeed, the proof of the results depend heavily on
the fact that the decision variables take continuous values. The results of the paper
follow the same approach as those of [6] except that different assumptions are made.
First of all, the OPF problem is converted into an equivalent problem by

introducing additional variables as follows:
vni=V2 VneN (4.14)
Upj :=VaV; Vn~j

Therefore, the power balance equation (4.11) becomes a linear equality

constraint as follows:

Pn = Z(vn - Unj)ynj V{n,j} €N (4.15)

n~j

and the voltage constraint converts into the following equation
Vg_ <op < V,%+ VneN

the slack variables Uy,; satisfy the inequality constraint U,; = 0 and the equality
constraint Uy, ; = U, for n ~ j. The relationship between the vy, and U, namely

Vv = Ug f is expressed in an positive definiteness constraint as follows:

) U,
Mpj=| "~ M |=0 Va~j
U]n 'Uj
with the rank condition
Rank(Mp;) =1 Vn~j (4.16)

The first main result of this research states that the change of variables leads

to an equivalent optimization problem in the decision variables vn, Up; and pp.
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Although the new problem is nonlinear and non-convex as well, and in addition
involves more decision variables than the original OPF problem, it has significant
merit. The only non-convex constraint is the rank condition (4.16), and all the
other constraints are convex. The elimination of this condition leads to a relaxed
problem that belongs to a subclass of convex optimization problems known as
POP, for which very efficient algorithms have been devised. Of course, this is only
useful if the solution of the relaxed problem satisfies the additional constraints
(4.16). This is proved in [6] and [4] under two relatively mild assumptions that hold
for practical standalone DC microgrids: all the upper values of the voltages Vn+ are
equal, and the sum of all power injections is positive. Since there is no transmission
line that is perfectly lossless, the last assumption is automatically satisfied. Finally,
the relaxed problem is converted into another equivalent optimization problem using
the Branch Flow Model (BFM) map. This conversion is based on a technique
previously developed for AC networks. An extensive presentation of the BFM and
its application to the OPF problem for AC grids can be found in [83] and [84],
however, it originated earlier in contributions such as [85]. In order to write the
BFM, the graph that describes the power network is converted into an oriented
graph by assigning an arbitrary orientation to each edge (i. e., transmission line). In
this research, the orientation of the edge n ~ j is from n to j if n < j, and in this
case the edge is denoted n — j. For each oriented edge n — j, a new decision

variable is introduced

lnj = (0n — Upj — Ujn +0j)y5;  Vn~j
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By the definition of v, and Uy, lp; = (Va — Vj)2y721j is the square of the

current through the line. Also, for each edge n ~ j,
Pn':(vn_Unj)ynj Vn ~j

is the power flow through the line. With these new decision variables, the variables
U,;j are eliminated and a new optimization problem can be written in terms of vy,
Pn, Pnj, lnj. The power balance equation becomes
pn=) Pnj VneN
n~j
the limit constraints on p, and v, are unchanged. In addition, three equality

constraints have to be added for each oriented edge n — j

Pnj Pjn = Z’n,]ln] Vn —)j
vn —vj = 2pj(Ppj — Pjn) Yn—j

Inj = PZi/vn  Vn~j

where z,; =1 / Yn; is the impedance of the transmission line. A new optimization
problem is obtained that is equivalent with the original OPF problem. Its convex
relaxation is obtained by substituting the last equality constraint with an inequality
constraint

lnj > Py;/on  Yn~j

The problem that is obtained in this way is a POP that is better conditioned
than the previous relaxed problem. The fact that the two relaxed problems are
equivalent is proven in the paper as Theorem 3. Considering current line constraints

is equivalent to add to the set of the inequality constraints
lnj < T2, VYn~j

nj?
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It is argued that including additional constraints may render the relaxed
problem inexact, though we provide sufficient cases for exactness formulated in [6]
and [4]. However, these cases enforce serious limitations on the networks.
Essentially, in both cases, the line current constraints are traded for the constraints
on the power injections. Intuitively, if there is a possibility to reduce the generated
or the demanded power levels, or to skip the power constraints altogether, the
bounds on the line currents can be circumvented without affecting the exactness of

the relaxation.

4.6 Numerical Experiments and Discussions

In this section, we have empirically examined the research approach to
evaluate that both the POP exactness and its computational time for all four
different configurations, whether they are reliable and sufficient or not, to solve a
large power system. The simulations were carried out on a desk-computer with
16GB RAM and 3.50 GHz CPU, the proposed problem was tested for the IEEE
30-bus test system (all values are assumed to be in per-unit), running a 64-bit
Windows 10 professional operating system. In this system, the lower and upper
limits of the voltage are set to be in per unit of 0.95 and 1.05, respectively. In this
study, the main objective is to reduce the total network loss and the problem is
solved via GloptiPoly [86], and the test network is modified from the Matlab
environment using Yalmip [87] as an interface to the semi-definite programming by
disregarding both the reactance in transmission lines and reactive power flows. The
results are summarized and compared to each configuration in the following figures

4.2 and 4.4.
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Figure 4.2: This figure depicts the results of the IEEE 30 bus test system.

From this figure 4.2, it can observe that the proposed relaxation method
does not rely on power network topology and/or operating modes. The the object
function which indicates that the mesh network topology can minimize the total
network losses in both operating modes with the capability of handling high nodal
voltage values. Also, the computational time indicates that the solver takes less
time compared to other approaches where the minimum total network losses of the

system reached in all cases is due to having a better memory and machine. It can
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be also noticed that the grid-connected mode, in both network topologies, faces

slightly fewer network losses compared to standalone mode, since more power is

received from power sources in terms of high nodal voltage values. Fig.4.3 shows

that the outcomes of received power profiles at each bus.
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Figure 4.3: This figure depicts the power injection profiles.
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Based on the results, it is illustrated that our experiments offer better results
in each case and shorter conversions for the relaxed problem. Therefore, we can
indicate that the suggested approach can handle the non-convexity of the power
system and can satisfy the network constraints, even if some constraints are added.
The figure 4.2 shows the results where the line constraints are included and

indicates that no case was found in which the relaxation is not exact.
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Figure 4.4: This figure depicts the results of the IEEE 30 bus test system
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The following Fig.4.5 shows the average voltage profiles for each different
configuration on each bus. There are two dotted lines which show the maximum
and minimum limit of voltages (i.e., 0.95-1.05p.u), respectively. Upon close
examination, it can be noticed that the average voltage profiles in all configurations

are within the system limits.
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Figure 4.5: This figure depicts the nodal voltage profiles.
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4.7 Conclusion

This research paper aimed at improving the use of the standalone
DC-microgrid system to the world by minimizing common issues, e.g., global
warming emissions and the increasing cost of power systems. This study focused on
one of the major issues in power network operation, which is the OPF problem in
the DC system, to economically schedule the demand and provide enough energy so
as to minimize the power network costs and losses during the entire time horizon.
Indeed, the OPF problem is hard to solve since power flow is governed by nonlinear
physical laws. Therefore, this paper proposed a polynomial optimization problem
(POP) relaxation based on optimization approaches to solve the non-linear aspect of
the OPF problem in a DC power network. The paper discussed how to improve the
numerical stability of POP relaxation by considering different variables to avoid
ill-conditioned numerical operations. Moreover, in this research study, an
assumption has been made by considering line constraints on the DC network to
theoretically improve that POP relaxation can effectively satisfy the original power
flow equations.

Based on the numerical results, it can be indicated that the proposed
approach does not depend on the operating mode of grid and network topology. We
believe evaluations such as this achievement will strengthen the use of this
convexification approach to be applied in large scale systems to reduce energy

expenses and network system losses.

4.8 Future Work
In this chapter, several future trends can be addressed to model a power
system that can be efficiently utilized to enhance the performance of a multi-power

systems’ sources. These future research studies can be exposed and split into two
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subcategories and then one or two of these subcategories shall be emphasized in

detail as a tendency driving the future of this research paper.

e It is important that the microgrid protection controllers are developed to
guarantee that the power network systems are more efficient and reliable to
meet the required loads without any intermittency issues. This development of
microgrid protection controllers offers smooth electricity operations under any

expected or unexpected events, including a blackout.

The protection controller system ought to immediately respond to the network
failures and seek another path to continue covering the required loads while
ensuring there is no partially or full delays or power outages on the system. For
instance, if the power network failures happen in a particular location in the
network, the desired response ought to immediately take action and make the
decisions to isolate all the components and device units at that specific line or bus,
as illustrated in Fig.4.6.

Thus, the protection controller should be designed to be more durable,
reliable, and adequately rapid to protect the equipment on the network and
decrease the disruption that is raised by the fault on the network. Furthermore, the
evaluation performance of the protection controller shall be tested based on the
number of separate protection zones and the rapidity of discovering the exact place
of the fault on the network. Subsequently, quicker procedure communications are
highly necessary for ensuring comprehensive network protection through the
operational time. For guaranteeing the high efficiency and reliability of the network
protection, controller system needs to be designed to dislink all power generators

and equipment on the existence of the fault.
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Figure 4.6: This figure depicts a partial power network failure.

In addition, advanced protection schemes are needed to detect and locate the
network failure in different modes of operation, e.g., grid-connected and islanded
modes. Consequently, the major philosophy of both modes of operation is fairly
identical. However, there are some requirements that have to be considered based
on, in some cases, how the relay switches are designed and the current value on the
circuit that it is allowed to pass through the switches for these two modes. The
designations for these relays, i.e, upon circuit breaker (CB) switches, shall be

considered in a future study. To achieve perfect outcomes for this future study, a
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knowledgeable developer with a very solid background in both programming and
the electrical power system transmission and distribution are required to carefully

handle this case study.

e The energy storage system, on the other hand, has seen many exciting
upheavals and successes. The main function of an energy storage system is to
coordinate with the main utility power system to ensure the microgrid

generation sufficiency and also to minimize the energy expenses.

The energy storage systems will be valuable to assist in managing the power
system and significantly essential for various stimuli. A number of these major
aspects will be based on the measuring of the energy storage, an optimum lifespan
for the battery, and optimal energy storage charging/discharging techniques. For
instance, hydro pumps are considered as the earliest type of energy storage, where
the fundamental approach is based on that idea that the power is stored in the form
of water in an impoundment, whereas batteries store electrical energy in their
chemistry. Moreover, energy storage systems can be considerable microgrid
constituents which promotes the prime grid system in various paths, such as keeping
the flow of the electricity to support the demand loads and reduce the cost of both
transportation and fuel, etc. Therefore, this energy storage will be designed to give
the storage unit the capability to interact expeditiously to any unexpected transitory
power alterations in grid-connected operations and to maintain a full charge. This
approach will provide numerous advantages which can be applied in the microgrid
with an incorporation of renewable energy resource systems to minimize cost and to

be considered as a standby system for rural regions, as shown above in Fig.4.6.
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CHAPTER FIVE

AN OVERVIEW OF OPTIMIZATION APPROACHES FOR OPERATION OF
HYBRID DISTRIBUTED ENERGY SYSTEMS WITH PHOTOVOLTAIC AND
DIESEL TURBINE GENERATOR

Humanity is presently confronting a global energy crisis due to an
insufficiency in traditional energy sources while the worldwide energy demands
continue to increase. In response to this crisis, improving energy efficiency and
sustainability and are becoming critical. Therefore, distributed energy systems are
extremely important in terms of having multiple energy sources to meet
time-varying consumer demands. Recently, hybrid distributed energy system has
become widely applied to raise system reliability and improve power quality instead
of depending on one type of conventional energy sources such as diesel generators.
Yet, it faces some challenges in its widespread deployment, such as unpredictable
nature and intermittently varying renewable energy sources like solar radiation.
This issue can be overcome by integrating energy storage that manages the time
mismatch between energy production and load requirements. Hence, it is important
to review the recent promising approaches for the optimization of hybrid systems to
reduce the operation cost and total network losses. This work encompasses a review
of the recent optimization approaches for hybrid energy systems with PV, diesel
turbine generators, and energy storage systems to give the basis for solving difficult
and intricate real-world problems related to distributed energy system operation.

5.1 Introduction

The traditional energy resources, such as fossil fuel, have become rarer as a

result of the increase in the electrical load for the community such as commercial

area, industrial area, residential area, etc. Considering alternative energy resources
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(such as wind energy, solar panel, hydroelectricity, and geothermal energy) is most
common in the last decade to improve the power system reliability and efficiency.
Renewable energy is being used beside non-renewable energies to cover the required
loads and to maximize power efficiency. Therefore, hybrid energy is the most
popular option that has been applied to give a better choice than relying on one
type of power source in terms of minimizing the cost and improving the power
efficiency of the system. The hybrid energy is commonly composed of two or more
power sources utilized altogether to offer a greater balance in energy supply. Several
types of hybrid energy combinations are convenient to be used but they depend on
the power system location and which kind of power sources are available and
suitable to be proposed to cover the required demand loads at lowest cost.
Therefore, increases in the use of distributed energy systems have risen parallel with
price reductions in solar, wind and inverter technologies. Depending on the
connection of power systems to the main grid, the power systems can be broadly
classified into grid-connected systems and standalone power systems [88]. A
standalone power system does not have a connection to the main electricity grid. A
grid-connected system is connected to a larger independent grid, typically the public
electricity grid, and feeds energy directly into the grid.

By taking the maximum benefits of the hybrid energy system, the microgrid
system is one of the key elements in giving the significant momentum to distribute
the power generations. The microgrid system is significantly important to ensure
smooth operation and high power system reliability. Microgrids consist of a
collection of distributed generation systems coordinated with each other in a way
that increases the capacity of the system and improves the power quality
[89, 90, 91, 92], and [93]. There are some advantages associated with this hybrid

energy combination, which can be classified as: technical, economical, and
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environmental. From a technical perspective, hybrid energy distributed generation
systems can effectively support the energy of remote places and provide very high
efficiency while lacking the fixed source vulnerability of large-scale networks, which
is a factor in the failure of power systems [94] and [93]. From the economic point of
view and according to market research studies, distributed generation minimizes line
losses and interruption costs for consumers while reducing fuel cost [95]. The
environmental advantages of hybrid energy combination systems are investigated in
[96] and include reducing the emissions of pollutants and greenhouse gases and
easier integration of clean energy sources. In most recent research, considering the
significance of new technology integration and renewable energy insertion to power
systems it has been discovered that the reliability aspect is one fundamental issue of
progress in sustainable energy.

The reliability of the power system is required due to the adoption of a
hybrid energy combination system that allows multiple power sources. One common
type of hybrid system is the PV-diesel turbine generator. The system components
are PV arrays, diesel turbine, inverter, converter, controller, and energy storage
(ES). The schematic is shown in (Fig.5.1). The energy storage will be charged by
the solar and diesel turbine and discharged by the loads during the operational
time. To be more specific, the power generated from the solar and diesel turbine
charges the battery after meeting demand loads but if generated power is lower than
demand loads, then the battery will support the loads as per storage capacity. The
other fundamental issue of progress in sustainable energy refers to mathematical

optimization for the operating and planning of hybrid distributed energy systems.
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Figure 5.1: Schematic of PV-Battery-Diesel Microgrid systems.
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Mathematical optimization has been applied over recent years for many
power systems’ planning, operation, and control problems. Mathematical
formulations of real-world issues are obtained under certain hypotheses, and even
with these hypotheses, the results of distributed energy systems are not simple.
There are many uncertainties in power system problems because power systems are
complex and geographically broadly distributed. More recently, the fluctuation of
power sources has inserted new issues into the existing problems. It is highly
required for the solution of power system problems to be optimum or nearly
optimum, which is the best-known solution among all possible solutions, but the
solution searched by mathematical optimization is usually optimum locally. These
facts make it hard to deal effectively with numerous hybrid distributed energy
system problems through strict mathematical formulation alone.

This review paper considers one type of these hybrid energy combinations
which is the solar photovoltaic, diesel turbine generator system, and energy storage.
Solar photovoltaic and energy storage are the most popular type of renewable
energy source that can be integrated into modern power systems and microgrids
(MGs) [97] and [98].

This review paper sheds light on the diverse existing optimization methods
applied to the operation of various power sources. The focus is on finding a way of
solving the problem of integrating and operating a variety of power units. A
synopsis grouping all the discussed optimization methods provided at the end will

help to choose the most effective technique to model a similar problem and solve it.
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5.2 Optimization Formulation Framework for Hybrid Power Systems

In this section, a brief formulation framework of optimization for hybrid
power systems with their objectives, variables, and constraints are discussed. The
hybrid power systems are generally designed for the generation of electrical power
using a number of power generation devices such as wind turbine, PV, micro hydro
and/or other conventional generators using fossil fuels. Such systems can range from
small systems capable for providing power for a single home to large systems which
can power a village or an island. Hybrid power systems are thought to provide
power to many remote communities especially in the developing world where the

national grid is economically and technically not viable, as shown in (Fig.5.1).

5.2.1 The Standard Formulation for the Optimization

The Optimal Power Flow (OPF) problem includes minimizing the overall
cost of generation while assuring that the Power flow equations are met at each bus
of the power system. In addition, voltage, generation, and other constraints are
enforced. A detailed outline of the optimal power flow problem algorithms will be

explored and described to apply them for solving the OPF problem.

5.2.1.1 Objective Function

The objective function is used to reduce the overall cost of the produced
power, occasionally taking into consideration the active transmission losses in the
whole or portion of the power network as well. For the convergence, the generation
cost functions are considerably approximated by either linear or quadratic functions
[99]. In some conditions, the cost is a function of both the generation active and
reactive power in the network. Other types of costs which can be comprised in the
objective function are power transfer capability, investment cost, load shedding,

environmental influence, etc [100]. Throughout the years, some researchers have
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defined several optimization objective functions whilst structuring the renewable
energy system. A number of the most extensively utilized objective functions, such

as cost and reliability, are concisely described in the proceeding section.
A - The Cost Analysis of the Power System

The main objective of operating the renewable energy system is to determine
the authentic size of every single component in the system that will meet the
minimum cost of load demand with respect to some constraints on the system. In
order to assess the cost objective function, the following costs are generally taken

into account.

e Cost of maintaining the components.

e Cost of the hybrid system components such as the fuel cell, electrolyzer, and

photovoltaic (PV) module etc.
e Cost of replacing faulty system components.

e Cost of fuel throughout the entire lifespan of the system.

Various approaches were applied in assessing the cost of the power system
including the net present cost, annualized system cost, levelized energy cost, and
lastly life-cycle system cost. The characterization of the cost functions including

their formulation will be demonstrated in Table.5.1.
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Table 5.1: A synopsis of the cost objective functions and their equivalent formulation.
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B - The Power System Reliability

Reliability indices have been utilized to rate the performance of the power
system in several domains of engineering. The main conception of reliability, thus,
may not be entirely captured by a particular definition [104]. Power system
reliability is realized as the ability of the power system to convey enough electricity
to customers in a secure manner. Several of the most broadly and latterly utilized
reliability indices are considered while evaluating the renewable energy system
performance, including probability of power generator loss, loss of energy expected,
loss of load expected, and equivalent loss factor. The description of the reliability

indices and their respective formulation is given in Table.5.2.
5.2.1.2 Variables

Analysis of the OPF equations exposes two kinds of variables: dependent
and decision variables, also known as state and control variables, respectively. In
general, the vector state x in the OPF problem represents the electrical state of the
network. These can be described as voltage phase angles, voltage magnitudes, active
power output of the slack bus only, and reactive power of all generations at every
bus, comprising the power loads and line flows. These state variables can be
represented as continuous in nature. On the other hand, the control variables u in
the OPF problems commonly contain a subset of the state variables and also
variables describing control appliance adjustments, such as the active power at the
generator buses, tap changes in transformer, position of the phase shifting taps, and
the status of the switched capacitors and reactors (switchable VAR sources). The
selections of the state variables x are imposed by the structure of Power Flow (PF)
equations utilized, whereas control variables vary among OPF formulations

depending on the nature of the particular problem [45] and [109].
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Table 5.2: A synopsis of the reliability objective functions and their equivalent

formulation.
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5.2.1.3 Constraints

Constraints are commonly considered an integral portion of a particular
optimization problem playing a critical role in its categorization, for instance,
convex vs non-convex. In the OPF problem, the network variables have to be within
admissible bounds or else the electrical power network devices can be damaged or
cause a malfunction. Typically, the constraints are classified as equality and
inequality constraints [45] and [109].

In OPF problems, equality constraints are the power flow system equations
[110]. Inequality constraints designate upper and lower bounds on the control and
state variables of the devices of the electrical power network and also the bounds
required to guarantee network security and stability [111]. The inequality
constraints on the state and control variables can be partitioned as follows: the
state variables bounds are been on the magnitude angle of voltage, and the power
lines. The control variables bounds are on the active and reactive power generation,
voltage generation, and transformer tap position. Furthermore, the inequality
constraints can also locate forbidden areas of branch flow boundaries, interface
boundaries, active/reactive power reserve boundaries, power of the PV power source
constraints [112], power of the diesel turbine source constraints, spinning reserve
requirements, transient security, transient stability, transient contingencies,

environment constraints, rotor angle stability, etc. [113].
I - Photovoltaic (PV) System

In this subsection, the photovoltaic system is discussed and its constraints are
introduced. The photovoltaic power generation system consists of one or a set of
solar panels incorporated with an inverter device, controller and other electrical

components. This kind of renewable energy is used to generate electricity through
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solar energy. The photovoltaic power generations are currently implemented on a
wide range, with several energy investing companies promoting it. However, it
requires a high level of expertise for enforcement, modeling, and improvements.
Today, several countries are interested in harnessing their geographical position to
install the solar energy to help them reduce cost and support their needs for the
electricities. The photovoltaic power generation system is comprised of a
photovoltaic array which transmutes the sunlight (photons) falling on it to
electrons. This produces a direct current (DC) which can be enhanced with DC-DC
converters and then reversed to give an AC power to the loads. Consequently, the
most important device in terms of linking the PV to the grid is the power electronic
device. Moreover, a particular maximum power point tracking system (MPPT) is
needed to vest photovoltaic system to reduce maximum energy from the sun by
changing the slanting angle of its beams all throughout the day-time. Lastly, the
low-pass filter systems are required to be considered in terms of ignoring unwanted
harmonics before it enters the grid.

Most of photovoltaic power generation system are made of semiconductor
crystalline materials. Since there are several types of materials that are used to
design the PV system, a new material in designing the PV system was discovered to
improve the power efficiency of the system, which is known as titanium-oxide coated
PV cells. Thus, the PV cells are placed in a group to shape modules which can
either be electrically correlated in parallel and/or in series shaping large system
with scaled voltages and improved power outputs. The MPPT systems are
significantly substantial for optimal absorption of solar energy to maximize the
efficiency and reliability of the transformation system. Although the solar insolation
may differ naturally during the day-time,the MPPT system regulates the PV array

output to produce the highest real power at a fixed voltage. Reactive power control
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is done utilizing an inverter controller operating in fixed power factor mode. A
silicon PV module output relies on numerous variables comprising the sort of
material, temperature, and solar irradiation incident on the surface of the module

[114]. Its output can be formulated as following

GC X [1 + K/(TC - TTGt)]
Grat

Pout == Prat X (5.1)

where Pyt represents the power output of the PV system in W; G4t represents the
solar insolation in Wm™2; G, represents the insolation of the operating point; K
represents the temperature coefficient of the power; Pr4t represents the rated output
generated by the module under standard test conditions in watts [115]. The T¢

represents the temperature and it can be obtained as following

(N7 — 20)

T.=T
c=dat 0%

X Sg (5.2)

where Ty, represents ambient temperature, S, represents the global solar insolation
incident on a horizontal plane united as kWm ™2, and Nt represents the normal
operating cell temperature, which is around 48C. The Assumption that the PV
system can be correlated in series and/ or parallel was illustrated previously to
improve the output of both the voltages and currents. A matrix of N € (ns X np)
represents that the number of models are connected in series (ns) or parallel (ny),
respectively. The voltage outputs of the PV array V4, and power of the PV

systems Ppy, are expressed as following
Vzova = vasVPv (5-3)
Ppy =ng X np X Psys X Ny PPT X Mioss (5.4)

where Npys represents the serial connection number of the PV modules, nysppr is

the efficiency of the MPPT system, Psys indicates the maximum power output
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delivered by the PV system, and 7,45 is the factor which represents cable resistance
and other losses [15]. The local observatories usually provide data on solar
irradiance as incident on a horizontal plane. Hence Hongxing et al. [116] employed
the Perez model which helps to find the solar irradiance data for slanting planes

with the aim to exploit maximum 7 at any time.
II - Diesel Turbine Generator

In this subsection, the diesel turbine system is discussed with its constraints
introduced. Enhancing clean energy, diesel turbine generators are now mainly
utilized as standby resources in a hybrid power system. In the situation of failures
on the renewable sources and battery systems to provide power to meet the required
loads, the diesel turbine generator is brought into action. There are several crucial
factors for operating of diesel turbine generator including demand loads, and also
the costs of both transportation and fuel, etc. have to be taken into consideration
[117] and [114]. An example was considered by Deshmukh and Deshmukh, where
they operated engine generator under two situations a one when the diesel turbine
generator is directly connected to the demand load and another when it is employed
as a battery charger [118]. Overall, the diesel turbine generator efficiency can be

expressed as

Ntotal = Tlbrake thermal X "lgenerator (5.5)

where Nprake thermal represents the brake power of a heat engine as a function of
the thermal input from the fuel in the diesel engine and ngenerator is the power
efficiency of the diesel engine. Indeed, the generator operation at 70 — 90% of full
load is discovered to be economical. Hence, diesel turbine generator is beneficial in
promoting power during peak demand hours and later for energizing the energy

storage units as and when desired. The power constraints for diesel turbine
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generators can be written as
— =+

the value of kgep, sets to be 0.3 based on the manufacturer’ suggestion [115]. The
minimum and maximum power constraints for the diesel turbine can be represented

by PEgen and P;gen, respectively.
IIT - Energy Storage System (ESS)

This subsection discusses the energy storage system and introduces its
constraints. Exploring energy storage systems from a power management
standpoint is going to be considerably momentous for numerous motivations. Some
of these major aspects are measuring of the energy storage and optimal
charging /discharging procedures. One of the initial sorts of energy storage is hydro
pumps, where the power is stored in the form of water in an impoundment, whilst
batteries store electrical energy in their chemistry. Furthermore, energy storage is a
considerable microgrid constituent which assists the main grid in numerous ways
such as ancillary services comprising load following, operational reserve, renewable
integration and relieving congestion and constraints. Indeed, energy storage units
must have the adequacy to react sufficiently rapid to transient power changes in
grid-connected mode and to retain themselves entirely charged. In addition, there
are several other applications that can apply energy storage devices in microgrids,
comprising consumers energy management (minimize cost) and incorporation of

renewable energy sources [119).
e Model of Battery Source: An example of modelling of a lead—acid

The battery storage units are described here. At any given time, there are

some limitations for the State of Charge (SoC) of the lead-acid battery units which
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can be defined as
SoC;~ < SoCn(k) < SoC.t, VneN, ke (5.7)

where SoC’;LF is the upper limit, and SoC},” is the lower limit SoCY, for the battery.

Similarly, limits for the output power of the lead-acid battery can be defined as
r <rp(k) <Y, VneN, ket (5.8)

where 7, and r;l' are the minimum and maximum allowed charging and discharging
power for the battery, ry, is positive when discharging, and negative for charging.
The SoCy, value at time (k + 1) is related to SoCy, value at time k by the following
equation:

SoCh(k + 1) = SoCp(k) + aprp(k), VYneN, kex (5.9)

where a;, denotes the time interval [k, k + 1]. Assuming the initial energy stored is
SoCp(0) > 0 at each bus n € N. In Equation (5.9), the battery SoC at the end of
current time interval is equals to the SoC at the end of last time interval plus the
energy charged minus the energy discharged during current interval. The energy
storage outputs are subject to power factor limits in both charging and discharging
states as in Equations (5.8). The charging and discharging rates are both assumed
to be 90%, according to the practical situation of the Dongfushan Island system
[120]. Today we are able to generate only less than 20% of the volumetric capacity
from batteries [120, 121, 122]. Battery storage units technology is a fast growing
area where there is vast opportunity to harness the power extracted from renewable
sources. In spite of its poor efficiency, hydrogen storage systems will become
competitive in the near future due to increasing fossil fuel prices and reduced

lifetime of battery storage units. Similarly, all other energy storage are also seeing
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rapid increase in research and development to improve overall efficiency of stored

energy both economically and in an Eco-friendly manner.
IV - Network Constraints

In this subsection, we present two mathematical models of the power system
networks and show their equivalence. Let the set of buses be N:={1,2,3,..,n}, the
set of transmission lines &€ C {N x N} of edges. Then n ~ j denotes a line between
the buses n and j. The general bus injection model is defined by the following
power flow equations that represent Kirchhoff’s laws at each bus

Sn=> Va(WH - vyl vne N (5.10)
g~y
the superscript H denotes hermitian transpose. Let the set of solutions of the power

flow V for each S to be:
V:={V e | v satisfies (5.10)} (5.11)

The buses in the power networks can be divided into three classes: slack,
generation, and load buses. The next quantities are generally identified at each bus:
voltage phase angles d, voltage magnitudes |V|, active power output of the slack bus
only P, and reactive power of all generations @),,. Usually the voltage magnitudes
and the angles are described by one complex variable V' rather than real and
imaginary variables. Let us now consider the general power network modeled by the
subset of buses N:={1,2,3,..,n}, the set of transmission lines & C {N x N'} of

edges, and the set of generation buses G C V.

e P4 44iQ% : Complex power of the load connected to bus n,Vn € N.

e PJ +iQ7 : Complex power output of the generator connected to bus

n,Vn € N
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e V,: Complex voltage at bus n,Vn € N.

e y,;: Admittance of the transmission line (n, j) € £, yn; =gn; + ibp;.

Define V, P9, )9, P and Qd as the vectors formed stacking, in lexicographical

order the values at all the buses of the corresponding variables Vy,, PI. QI PT‘f, and

Q% Vn € N, respectively. Assume fy(-) is a convex function representing the cost

associated with bus n € N. The objective is to minimize the total cost of the

system. This problem can then be formulated as follows:

min
P'g,Vn
subj. to

F=>" falP9)
neN

Vi | S Va(s) <IVifl,, VneN, ket

PI <Pik)<PIT, VneN, ren

Qn <Quk) <QF, VneN, ket

|7 (k) ZNPUSV (k) VTLGN, KET

pun pun

Kgen P < Pgen (8) <

Dgenp,

Py . VneWN,
gen

n

KET

van(ﬁ) =ngs X np X Psys, (k) X npyrppr(K) X Mioss(k),

Py, < Ppy, (k) < Py,

pon pon?

Vn

eEN, kKeT

SoC” < SoCpn(k) < SoC.t, VneN, ket

rn <rn(k) <7,

VneN, ket

SoCn(k + 1) = SoCr(k) + Qprn(k), Vn e N,

Va(k) = Vi(®)| < AV, (%),
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V(n,j) €&

KET

Vn € N,

(5.12)

(5.13)
(5.14)
(5.15)
(5.16)
(5.17)
(5.18)
(5.€9)
(5.20)
(5.21)
(5.22)
(5.23)

(5.24)



Pi(k) + Qf(k) = P(k) + QL (k) + (k) + Ppo,, (k) +
nEN
PDgenn k) + Vn(k Z Vn(k ( )}ynj, VneN,keET (5.25)
Jjin~j

In this formulation PJ and QY are controllable variables, and Pg and Qﬁll are
given external disturbances. The solution will give values of PJ and QY, at every
bus, that minimize the cost and satisfy the physical and operational constraints of

the network. In the remainder of if we specialize to only DC power systems the Q3

— Q% = 0 and the constraints are P, , P;~, P4, V..

5.3 Types and Approaches of Optimization in Power System Operations

This section offers an overview of optimization approaches for power system
operation and energy management in two aspects, namely, different operation
characterization of aspect and the preferable of the optimization approaches based
on the power operation problem. It also explains the advantage of optimization
methods in terms of simplifying the power system operation problem from three
different aspects, namely generation, control, and demand. Then, the deterministic,
stochastic, and hybrid approaches are reviewed, and a comparison between the

advantages and disadvantages of is summarized.

5.3.1 Types of Optimization

In this subsection, we define the optimization problem as it is used to obtain
the best solution from a cluster of feasible solutions from three different aspects,
namely generation, control, and demand. Power system optimization problems are
very hard to solve because power systems are very large, complex, geographically

widely distributed and influenced by many unexpected events, in terms of both
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quality and reliability. It is, therefore, necessary to employ efficient optimization
methods to solve the power system operation problem. Any stage in the microgrid
system operation such as controlling, operating, maintaining, and scheduling calls

for the application of optimization in multiple domains.
I - Generation Aspect

In order to operate a hybrid power system, a full study on determining a way
to integrate a different power source and operate a multi-power generation system is
crucial. In this case, the optimization tools and techniques have been widely
considered and applied to improve the capability and efficiency of the hybrid power
systems via reducing the annualized cost and the probability of power supply loss
[123, 124, 125, 126, 127, 128]. There have been several research studies in terms of
integrating a multi-power generation system and most of them have been done

utilizing diverse optimization approaches [129, 130, 131].
II - Control or Operation Management Aspect

The control or operation management of a microgrid offers enormous
intricate decision-making domains where optimization techniques can be suitable to
consider in terms of conveying reliable, secure, and high-quality power to the
customers at all operational times. Optimization techniques are used to manage the
energy between power generation, load, and energy storage, providing a stable and
efficient renewable power system. A dynamic method based on a numerical model
for a real-time optimal solution for control management of a hybrid system
integrating hydro-power, wind power, and fuel cells was proposed in [132]. The most
substantial decision is to determine the best operating modes of the microgrid

system i.e., whether to remain connected to the main grid or to produce energy in
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island mode at any given point of time. Another important decision is about the
power required to be controlled midst the alteration of operating modes. In the
microgrid system, there are mainly three phases of control technique which have to
be considered, namely, primary, secondary and tertiary control phases. Several
research works have discussed and studied the system behavior during the exchange
between connected and island modes taking into account the three phases of control
techniques in detail [133, 134, 135]. In this work [136], for instance, a hardware
communication-less control technicality is discussed in terms of exchanging
operating modes of the microgrid system. Moreover, an analysis of the operation of
the microgrid has been investigated by [127]. The analyzing in this study was done
by optimizing controller parameters, power-sharing coefficient, and damping
resistance during two different modes of operation, while connecting or
disconnecting to the main grid and also considering load variations. An optimal
power control scheme based on a real-time self-tuning approach is investigated by
[137]. The parameters considered for the performance assessment are both the
voltage and frequency regulation and power- sharing. The system performances are
rated while considering alteration operation mode of microgrid especially when
there are unexpected load variations. More analysis is done by [138], in which a
real-time self-tuning of power controller parameters for voltage source inverter-based
distributed generators were also evaluated to guarantee minimal integral time

absolute error whilst exchanging power evenly with the main grid power system.
III - Demand Aspect

From the demand aspect, the principal missions of scheduling demand
tracking and optimal energy management offer a considerable scope of research. A

probabilistic framework based on 2m point estimate approach, to examine the
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uncertainties in the optimal energy management of the microgrids comprising
diverse renewable power sources, is proposed by [139]. Scheduling and dispatching
of the generated power whilst reducing the emission costs are studied in

(140, 141, 142]. While the former work utilized a niching genetic technique to minify
both the cost of emissions and operations, the latter applied the differential
evolutionary technique for heat balancing in a combined heat power in accordance
with microgrid systems. More details can be found in [143] and [144], for evolving a

novel economic dispatch utilizing a hybrid genetic technique.

5.3.2 Optimization Approaches

This subsection includes some recent optimization approaches that should
enable us to solve power system operation problems. For this, it is necessary to
optimize the operation of a power system, minimizing or maximizing one of its
multi objectives such as the total power cost, power loses, power system stability,
etc.. This kind of operation problem can be solved based on the choice of
optimization technique [145]. It is significantly substantial to carry out a systematic
optimal solution process. The degree of precision and the realistic optimal result
alters with the adopted technique. There are a lot of efforts that have been put
down to develop such a technique that can be used to solve this kind of problem
[115, 138], and [145]. The researchers generally agree that there are mainly two
unique sorts of optimization approaches, namely; deterministic and stochastic
approaches [146]. In this review paper, a third optimization approach is also
introduced to solving more complicated optimization problems. Hereafter, a brief
synopsis of the approaches is presented in (Fig.5.2). An overview of the most

recent approaches adopted in literature is discussed below.

74



Optimization

Linear
Programming

Approaches

Graphical
Construction

Discrete Harmony
Search-Simulated
Annealing

Numerical Probabilsti

c
Crunch

Technique

Analytical

Technique

Figure 5.2: Diversity of Optimization Approaches.

Simulated
Annealing

Artificial Bee

Biogeography-
Colony Based

Mine Blast
Technique

Optimization

Imperialist
Competitive
Technique

75

Hybrid Big

Simulated
Annealing- Tabu
Search

Improved
Harmony Search-
Simulated
Annealing

Simulated
Annealinge-
Chaotic Search

Hybrid




I - Deterministic Approaches

The deterministic approaches consist of some techniques such as linear
programming, graphical construction, numerical, probabilistic, and analytical
techniques, etc. [146, 108], and [147]. The deterministic approaches apply the
analytical characteristics of the problem to produce a positive definite sequence of
points and converge in probability to a global minimum solution. The deterministic
approaches always seek the local solution space based on a deterministic procedure
and entirely employ the analytical characteristics of the problem, which effectively
enhance computational efficiency [148]. The exhaustive technique is a deterministic
approach that usually seeks in a discrete space by assessing all potential minimum
solutions and choosing the most minimal or best one. This technique has been
applied to in renewable energy system in order to lower the initial investment cost
of the system in [149]. Due to a huge number of explanatory variables in the
exhaustion optimization process, a large amount of time is needed. As a result of
this study [149] and [148], the exhaustive method is not appropriate to large scale
power problems. A research study has been compared two techniques in research
study of distribution electric network optimization, namely, the deterministic
voltage control and a novel meta-heuristic technique [150] and [151]. Moreover, a
diversity research study in optimization techniques are widely discussed to
effectively improve the shortcoming in the distributed energy systems [150]. A
research study has been highlighted the most common distinction between a
deterministic technique (Sequential Quadratic Programming) and a stochastic
technique (Genetic Method)in the optimization of the model parameters of a smart

grid energy storage [152].
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In [153], an iterative simulation-optimization technique based on a
deterministic approach has been considered to optimize a hybrid standalone solar
energy, wind turbine, battery storage, and fuel system for four various sites in Iran’s
territory. The proposed problem was to minimize the overall system cost and
reliability based on losses of the expected load indices. In a similar manner, the
iterative optimization technique was considered to optimize a hybrid of standalone
solar energy, wind turbine, and hydrogen hybrid system for a desalination unit
[154]. The main target was to operate the combination of different power sources to
meet the required loads at minimum power cost. However, these used techniques
may be, in some cases, not adequate especially for problems with many local optima
[147]. They are prone to local optima entrapment, meaning they may not be able to
meet the point of the global solution. In order to evade entrapment, the techniques
are iterated numerous times by randomly picking up an initial condition. Even with
these iterations, the outcome result may possibly not be the best solution within a
reasonable time due to the high intricacy of the problem [155]. A few research works
have considered deterministic techniques and concluded that they have poor
accuracy performance. Based on some recent research works, the principle
advantages and the disadvantages of the deterministic techniques can be

summarized in Table.5.3.
II - Stochastic Approaches

Recently, the use of stochastic approaches have been broadly considered in
renewable energy operations; because of that renewable energy suffers from what is
known as intermittency issues. They have also some advantages over the use of the
deterministic approach [156]. These approaches have the ability to solve small or

large scale power system operations [157] and [158]. The stochastic approaches have
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a variety of methods that have been widely used; they are presented in (Fig.5.2).
In contrast with the deterministic approaches, the stochastic approaches only
depend on utilizing random operators to avert entrapment in local optima. The
stochastic approaches also have the ability to highly accurately locate the global
optimum solution to a problem.

The particle swarm optimization is a population-based stochastic
optimization technique improved by [42] and [159] in 1995, inspired by the social
behavior of bird flocking or fish schooling, and is a swarm-based technique. The
particle swarm optimization participates in many symmetries with evolutionary
computation techniques such as genetic technique. The particle swarm optimization
is rapid in convergence, simple and not complicated to apply [147]. This technique
has been implemented in recent research work in terms of optimally operating
renewable energy systems, where the system reliability is evaluated based on the
probability of power supply loss [160]. A dynamic multi-objective particle swarm
optimization is suggested for the operation of a hybrid standalone system. The
main objective of this work is to keep the entire power system operating in the
different subsystems in order to reduce fuel emission and the net present cost of the
system. In this work, sensitivity analysis is performed on the system to examine the
impact of changing input parameters on the optimal solutions obtained. Another
research work considers the same method to operate a hybrid power system of wind
turbines, solar, and hydrogen energies [161]. The principal goal of this research work
is to ensure a highly reliable system that can power loads for an interval of twenty
years. The proposed system is optimized based on both annualized cost of the
system and loss of load expected, and it is found that the suggested approach yields

a better outcome comparing to the deterministic approach.
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The artificial bee colony method, in addition, has been developed to solve
many real-life power system operation problems [162]. The idea of this method is
motivated by the intelligent foraging behavior of honeybee swarms, suggested by
[163] in 2005. In the artificial bee colony, a population-based method, the location
of a food source depicts a potential solution to the optimization problem and the
nectar amount of a food source corresponds to the quality (fitness) of the associated
solution [164]. There are several research works that have employed the artificial
bee colony method to a standalone hybrid power system [164]. The goal of this
work is to integrate and optimize a multi-power system to economically provide
energy and meet the loads. Another research work considers the multi-objective
artificial bee colony method to locate the optimal operation of the power system
with wind turbines, solar, and fuel cell energies [165]. The main target of the
optimization is basically to reduce losses and the cost of the system while
maximizing the voltage stability indices of a 33-bus distributed generation.

Moreover, another method is based on a music-based meta-heuristic
optimization algorithm, known as a harmony search [166]. This kind of optimization
algorithm was motivated by the realization that the purpose of music is to seek for
the best situation of harmony [166]. The process of finding harmony in music is
similar to the process of determining the optimal solution in optimization
procedures. The search procedures in optimization can be contrasted to a jazz
musician’s improvisation procedures [166]. In [167], the harmony search method is
proposed to optimize a distributed generating source consisting of some power
system sources such as wind turbines, solar, and fuel cell energies. The main goal of
this work is to reduce some objective functions such as the energy cost of the

system, power losses, and carbon dioxide emission while maximizing the voltage
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stability indices. This research work shows, as a result, that the used algorithm
achieves better performance as contrasted with different algorithms [167].

Another optimization algorithm, the evolutionary algorithm, is inspired by
imperialistic competition. Like other evolutionary ones, the proposed algorithm
begins with an initial population of individuals which is known as a country [168].
The population individuals can be broken down into two types, namely, colonies
and imperialists, that both define some empires. Imperialistic competition amidst
these diverse empires forms the root of the evolutionary method. Throughout this
competition, weak empires break down and robust ones take the property of their
colonies [168]. There are several research works that have applied this imperialist
competitive algorithm in terms of operating and planning such power systems. One
of them is done by [169], where fuzzy logic and then imperialistic competition
algorithm were used to optimize a hybrid standalone power system in order to
reduce the air emission and net present cost while improving the reliability of power
system. As a result of this proposed study, it demonstrates that it is likely
cost-effective in grid-connected mode but not in standalone mode [169]. Based on
some recent research works, comparison of the advantages and the disadvantages

between both the stochastic and deterministic approaches is already summarized in

Table.5.3.
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Table 5.3: A synopsis of the advantages and disadvantages of deterministic and

stochastic optimization methods.
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III - Hybrid Approaches

As the complexity of power system operation grows, the hybrid technique is
widely considered to solve non-convexity problems. Therefore, the hybrid
approaches are highly required for more sophisticated and precise optimization
techniques to be used in order to maintain pace with the swift progression on the
use of renewable energy integration. Consequently, a lot of efforts have been
recently made to develop such an optimization technique, called hybrid optimization
approaches, to be applied in the renewable energy operation. Hybrid optimization
approaches are basically a merging of two well-known stochastic optimization
techniques. This association between two different methods offers a significant
feature in such a way as to enhance or emphasize the qualities of both methods in
terms of solving complicated optimization problems.

Recently, a new development on hybrid approaches, for instance, has been
made by some research works such as Discrete Harmony Search-Simulated
Annealing [170], Improved Harmony Search-Simulated Annealing [171], Hybrid Big
Bang-Big Crunch [172], Hybrid Simulated Annealing-Tabu Search [173] and [147].
In [174], researchers determined the beneficial standalone hybrid system operation
to provide electricity to a housing unit using different approaches separately
simulated annealing-harmony search and simulated annealing-chaotic search
techniques. In this work, the incorporation of three various renewable energy
systems was considered: wind turbines, photovoltaic power generations, and
hydrogen fuels. As a result of this study, the system was optimized for the purpose
of maximizing the system reliability based on the probability of power generator
losses. Therefore, the analysis result shows that the consideration of three renewable

energy systems together can be cost-effective for generating electricity to the
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housing unit. Using the simulated annealing harmony search technique can offer a
more favorable solution in comparison to other techniques.

The novelty of developing the hybrid approach is to define multiple search
strategies for enhancing the replacement of the worst solutions from two or/and
three algorithms with the best solutions from the other algorithm with
consideration of the uncertainty of different parameters. Therefore, the hybrid
optimization approach will provide the decision-makers with an effective tool to
achieve better management and operation for the power system. This new
development of hybrid approaches offers some advantages as following: (1) it has
greater success at finding the global optimal to a wide variety of functions; (2) it
can be robust and it can rapidly discover and provide a good solution for many
combinatorial problems; (3) it can be efficient for solving problems presenting
difficulty to find accurate mathematical models; and (4) using the hybrid
optimization approach an early convergence and immature solutions can be avoided.
Finally, many researchers have recently studied and developed new algorithms to
solve various power system operation problems using optimization techniques.
However, new hybrid algorithms are highly needed to solve difficult and complicated

real-world problems related to power system operation.

5.4 Conclusion
Optimization techniques are a critical key in power system operation,
especially for systems with renewable energy. This article reviews the recent
optimization approaches for hybrid energy systems with PV, diesel turbine
generator, and energy storage systems. The general optimization formulation
framework is first presented, including decision variables, constraints, and objective
functions, for a better understanding of the operation problem. Then, the

deterministic, stochastic, and hybrid approaches for energy system optimization are
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reviewed and their advantages and disadvantages are compared. As deterministic
methods are not efficient for the large power systems, stochastic methods are
becoming more popular. As the complexity of power system operation grows, the
hybrid technique is introduced to solve non-convexity problems. This review article
sheds light on the important optimization techniques for the operation optimization

of hybrid energy systems.
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CHAPTER SIX

OPTIMAL POWER FLOW WITH ENERGY STORAGE

6.1 Notation

In this chapter, we first review the notation. A Graph G:={N/, £} contains a
set N of nodes and a set £ of edges. Each line connects an ordered pair (n, j) of
buses. If two buses n and j are connected by a tie line directly, we denote (n,j) € £
by n ~ j. For each bus n € N, V,(k) represents its voltage. At each line let Ynj
represent the conductance between bus n ~ j from n to j. For each bus n € N, let
P (k) denotes the generation, P%(k) its load demand at time & and by (k) the value
of the energy storage at time k. The energy storage elements are modeled by the
difference equation (6.1). It can therefore be considered as the following collection
of discrete linear time-varying models (one for each T = {1, ..., (M)}), whose state at
time k (going backward in time) is k € T. It also can be assumed that T represents
the time step of the time series. Moreover, ry (k) represents the value of the power
at time (k) where it charges when 7, (k) has a negative value; 7, < 0. Otherwise it
discharges when 7y, (k) has a positive value; T';i_ > 0. In addition, B, and Bﬂ[

represent the minimum and maximum value of the energy storage, respectively.

6.2 The Optimal Power Flow with Energy Storage

An OPF problem optimizes both variables V' and P over the feasible
solutions of the bus injection model in (3.3). Additionally, all voltage magnitudes
must satisfy (3.9) where the lower and upper bounds are represented by V,,~ and
V,,;L. The lower bound of voltage magnitude is assumed to be greater than zero to
avoid triviality in the system. The power injection is also bounded, as shown in

(3.8), similar to the case of the voltage magnitudes, where P, and PT‘J' are given
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bounds on the injections at bus n. We now formulate an OPF with energy storage
and time-varying generation costs and demands. As mentioned previously, by (k)
represents the value of the energy storage at time x at bus n. The amount of the

energy storage is modeled to follow the first order difference equation.
bn(k+1) = bp(k) + aprp(k), VneN, kex (6.1)

where a;, denotes the time interval [k, k + 1]. Assuming the initial energy stored is

bn(0) > 0 at each bus n € N
0< B, <by(k)<B}, VneN, ket (6.2)

where B, and B; represent the minimum and maximum value of the energy
storage at bus n, respectively. Moreover, the charge rate of the battery are bounded
by:

r <rp(k) <1, VneN, kenx (6.3)

where k=1, ..., (T 4+ 1). The power flow constraint at each bus n € N and time k € T

are thus:
neN
PY(k) — PY(k) — rn(k) = Z (’Un(K,) - Unj(m))Ynj,Vn eEN,kKeT (6.4)
Jin~g

where Pj(k) represents the generation at bus n at time x and P%(k) represents its

load. Thus, OPF problem with energy storage in DC microgrid can be formulated
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as follows:

Pg(ﬂ)yn(rsi;n(ﬂ)m(n) ng{ éfn(Pﬁ (k) + hﬁ(bn(f))},\m €N,k €&5)
subj. to (6.6)

Vo <Vak) <ViF, VneN, ket (6.7)

PI <PIk)<PIT, VneN, ren (6.8)

r <ra(k) <7, VneEN, kenx (6.9)

by <bp(k)<bl, VneN, ket (6.10)

bn(k+ 1) = bp(k) + aprp(k), Vn e N, k € T (6.11)
neN

Pi(r) — PA(k) —ra(k) = ) (Vﬁ(n) - Vn(/i)Vj(R)> Unj,Vn € N, k € 16.12)
jin~j

e The Initial Condition (I.C) of b, at k =0
bn(0) = pe, VneN (6.13)

e The Voltage Reference at bus n;.

vired (k) = Vg (6.14)

Npef
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Now, we present the convex formulation of the OPF problem with energy storage:

M
min fn(PI(K)) + hg(bn(fr))},\m €N, K(615)
PY(k),wn(k)bn(k),rn(k),Un (k) %{ Rgl
subj. to (6.16)
v, <wp(k) <ul, VneN, ker (6.17)

Pi” <Pi)<P{", VneN, ket  (618)

o <ra(k)<rT¥, VneN, ket (6.19)
B, <by(k)<Bl, VneN, ket (6.20)
bn(k + 1) = bp(k) + aprp(k),Vn e Nk € T (6.21)
neN
PJ(k) — PA(k) — rn(k) = Z (’Un(h',) - Unj(n)> Yoj,VneN, ket (6.22)
Jn~j
v Un;
Mp;=| " -0, Vn~j (6.23)
U}n U]
Rank(M,;) =1 (6.24)

where W:V,% and Unj::Van Vn ~ j.
Since (6.24) is a non-convex constraint, it must be relaxed to arrive at the

convex formulation. Also, f, has to be a convex function.

e The Initial Condition (I.C) of b, at k =0
bn(0) = pe, VneN (6.25)
e The Voltage Reference at bus n;.

ref (k) = Vp (6.26)

Npef
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Equation (6.1) is often written in term of the State-of-Charge, SOCy, (k) = bn(x)
O

where Fiqt is the total energy. Hence it is equivalent to

SOCh(k+ 1) = SOCy (k) + anrn(k), VYRneEN, ket (6.27)
where, Q;, is qut‘ f)t' With respect to SOC inequalities (6.20) became
SOC; < SOCp(k) < SOC,T, VneN, ken (6.28)

where
e fn(PJ) is a convex cost function, which represents generation.

e hl(by(T)) represents the terminal cost.

6.2.1 Optimal Power Flow with Line Constraints

It is also possible to limit the current going through any line n ~ j. Let I,;
be a threshold of the current flow through n ~ j, then the line constraint can be

formulated as:
(vn — Unj — Ujn +vj)yn; < I3 (6.29)
which in terms of original voltage variables is:

(Vo = V) ?yn; < In; (6.30)
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Adding (6.29) to the constraints of the OPF problem leads to:

min
P (k),on(K),SOCn(K),rn,(),Un (k)
subj. to

Pi(k) = P3(r) = rn(r) =

One way to keep some of the theoretical equation is to force the line constraints in

neN

k=1

v, <wvp(k) <vl, VneN, ket
Py <Pik)<PIT, VneN, renx

r;<rn(m)§r;1", VneN, ket

B, <80Cu(k) < B, VneN, ket

SOCh(k+ 1) = SOCy (k) + aprn(k), VneN,
neN

> (vn(m) — Unj(n)) Y, VneN, ke

Jmeg

(vn(ﬂ) - Unj(ﬂ)) Ynj < Puj
05() = Ujn(s) ) ¥in < P

v U,i
My = " " =0, Vn~yj

Uj vj

terms of power flows alternatively. In specific, [I,;] < fnj is equivalent to

|Pnj| < annj- Assuming that V}, is near to its nominal value, then |Pnj| < annj

can be proximated by |F,;| < f’nj for some f’nj € R. Hence, the final formulation

of the line constraints can be written as (6.39) and (6.41). (For detailed proofs, see

Theorem — 7 in [66]).
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6.2.2 Modeling the Energy Storage

Presuming that bus n can have at most one battery device for energy
storage, the SOC), indicates the charge of the battery at bus n. The batteries were

simplified by modeling them as discrete-time integrators:
SOCp(k+ 1) = SOCy (k) + anrn(k), SOCL(0) given (6.42)

where oy, [h/KW] represents the event sampling and 7y, (k) represents the rate of
charge at bus n. This subsection explores how to demonstrate the dynamic
formulations imposed by the battery as algebraic linear equations that are
appropriate for integration in a non-dynamic optimization problem.

A discrete-time, causal linear, and time-invariant system with the state-space

equations is expressed below

z(k + 1) = Az(k) + Bu(k), z(0) =2z, (6.43)

y(k) = Cz(k) + Du(k)

where z indicates the state vector and u the input vector, and z(0) represents the
initial conditions of the system at time zero.
In general, the solution of the state-space formulations can be expressed as

follows

k—1
z(k) = Afzo+ Y ATV Bu(m), k>0 (6.44)

m=0
In the context of optimal power flow problems, T defines the index of the planning

epoch. Assume that the problem implies (M) epochs, beginning at M = 1. Then
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(6.44) can be expressed in matrix form as:

z(M) —AMy, = |qM-1p

AB B

u(M —1)

(6.45)

We obtain the following linear algebraic equation by collecting all of the states at

each epoch in a vector as follows:

)] [a] [ B 0

z(2) A? AB B
AM-2p

z(M)|  [AM] | AM-1p AM-2p

From the above equations (6.46), the specific model of the battery in equation

(6.42) can be reduced to

[ soc,1) ] [1] [0, 0
S0C,(2) | |1
— | 1] SOCR(0) =
s0C,(M)| (1) on
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u(M —1)

rr(0)
rn(1)

_rn(M - 1)_
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CHAPTER SEVEN

DEMONSTRATION AND ASSESSMENT OF THE PROPOSED OPF
APPROACH INCLUDING ENERGY STORAGE

This chapter illustrates the DC-OPF problem with energy storage units by
evaluating the effectiveness of the proposed polynomial convex approach, two
different case studies, the IEEE 14 and 30 bus test systems, are used. This OPF
problem is considered as a nonconvex optimization problem whose objective
function has discontinuous first-order derivatives that we solved through a special
CVX solver and ran on a Lenovo Intel Core i5 DDR3 SDRAM (2410M Cache, 2.30
GHz) with 8GB memory.

7.1 CASE STUDIES

7.1.1 The DC Microgrid Power System Test Case

The first case study considers a microgrid system of a 14 bus power system,
with five distributed power sources — the DC network and four battery devices —
directly attached to the microgrid over various buses. The battery devices are
included in the grid to provide sufficient power to smoothly cover the demand loads,
including during situations where the local power sources are not adequate or if a

specific generator breaks down.

7.1.2 The Parameters and Results of the First Case Scenario-I

The microgrid is a system of fourteen buses shown in Fig. 7.1. The network
consists of five power generators at buses 2, 5, 6, 8, and 14; five loads at buses 4, 5,
8, 11, and 13; eight link buses (i.e., without generation nor load); and nineteen
transmission lines. An energy storage unit has been added to busses 3, 8, 10, and
12. Since the full life of a battery device is directly related to the number of

charging and discharging cycles, there is a cost associated with it per charge cycle
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[5]. The parameters and the boundary conditions associated with the power

generators, the SOC, and the bus reference are given in Table. 7.1 and the power

loads at different operational times are given in APPENDIX A Table. 1. The line

constraints are given in Table. 7.2. The costs of power purchased from the

generators are set to Py = 58/MWh, P¢ = 7$/MWh, P = 58/MWh,

P{ =7$/MWh, and P49 = 58/MWh. The voltage magnitude bounds for all buses

are set between 350 V' and 450 V| and the voltage magnitude at the first bus as

defined as a reference bus, Vlref , is 380 V.

Table 7.1: The lower and upper bounds of the constraint parameters.

BUS V-

V.t Pl

pPIT

viel,

SOC, SOC;F

Tn

o+

n

380
380
380
380
380
380
380
380
380
380
380
380
380

R oD o ©00 0 Utk W -

450
450
450
450
450
450
450
450
450
450
450
450
450

100K

100K
100K

100K

380
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0.8
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Table 7.2: The power capacity bounds of the constraint parameters.

BUS  AVp(k)™ AVy,(k)*

4To b -2K 2K
5 To 4 -2K 2K
11 To 13 -2K 2K
13 To 11 -2K 2K

For power system protection and security, in this scenario, the transmission
lines between buses 4 and ,5 and between buses 11 and 13, are restricted. The
storage battery is constrained by a capacity SOCy (k)™ and SOCy (k)T with a
charge or discharge rate (discussed earlier) as 7y, () ~and 7, (k) T. The initial
condition of the energy storage units is defined as 0.7 KWh. A total of 20 KWh of
energy was proposed, as well as the sampling time of one hour, and the simulations
were performed over one day. The simulation results explicate the merits of
including energy storage units under low and high-demand circumstances. During
low demand, the energy is stored in the storage unit and then released when the

load starts rising, smoothing the total power injected into the power grid system.

7.1.3 Demonstration of the First Case Scenario-I

The system in Fig. 7.1 includes four storage devices at buses 3,8, 10, and
12. To reiterate, the following description was mentioned earlier: power generations
are represented by PJ, storage power is rn(k), and the event sampling is a,. The
battery is modeled by its minimum and the maximum value of the energy storage
(k)™ and 7, (k) T, and the battery State of Charge SOCy,, is in the range of 0.2

and 0.8. This represents energy in this problem.
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Figure 7.1: The first scenario-I: fourteen bus power system with energy storage units.
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24
min Z{ Z fn(5pg76’14(m)+7pgs(m))} (7.1)

P3(x),on(x),S0Cn(K),rn(k),Un(k) =1 \ peid
subj. to (7.2)

380 < wp(k) <450, Vne 14, ket (7.3)

0< PJ(k) <100K, k€T (7.4)
0< P{(k) <100K, k€T (7.5)
0< PJ(k) <100K, keT (7.6)
0< P{(rk) <100K, k€T (7.7)
0< P/, (k) <100K, keT (7.8)

—TK < T[3,8,10,12] (K/) < 7K, KET (79)

SOC38 10,19 (k +1) = SOC38 10,19] () + 0[3,8,10,12)7[3,8,10,12] (), £ E(T.11)

neld

P[g2,5,6,8,14]('$) - P[(zil,5,8,11,13](”) - 7"[3,8,10,12](”) = Z {vn(n) - Unj(n)}Ynj,‘v’n € 14, (7.&2y
Jim~g
—2K < {vn(n) - Unj(m)}Ynj <2K (7.13)
—2K < {’Uj(/’i) - an(n)}an <2K (7.14)
M,;
R = =0, Vn~yj (7.15)
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e The Initial Condition (I.C) of SOC|33 19,19] at £ =10
SOC3810,12)(0) = 0.7 (7.16)
e The Voltage Reference at Bus n,.¢
Ve (k) = 380 (7.17)

The problem was solved numerically using CV X. The results are

summarized in Table. 7.3.

Table 7.3: The result of the first case scenario-I.

Optimization Methods Opt. value Comp. Time Comp. Time

(s) w/ (s) w/o

acceleration acceleration

SP-Relaxation 1.64665e+06  140.283 590.845
Algorithm

Mixed-Integer 1.65327e4+06  320.743 1350.907
Programming Algorithm

Interior-Point Algorithm 1.69653e+06  474.591 1998.885
Genetic Algorithm (GA) 1.97481e+06  758.8 3195.919
Particle Swarm Opt. 1.74653e+06 773.4 3257.4119

Algorithm (PSO)

It was proven, subsequently, that the rank one conditions on M,;,V n ~ j
were satisfied for the proposed technique. Hence the optimal value of the cost
reported in the table is also a global optimum for the original OPF. The proposed
optimization approach is compared with other existing techniques to ensure the
proposed technique’s performance. The numerical values of power injections and

nodal voltages are listed in APPENDIX A, Tables. 2 and 3.
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7.1.4 The Load Data of the First Case Scenario-I

The total power load of the DC microgrid for each hour is shown in Fig. 7.2.
This includes the power loads at buses 4, 5, 8, 11, and 13. The power loads at buses
5 and 11 are constant during the operational time. However, the power loads at

buses 4, 8, and 13 are unsteady, with an average hourly power load of around 12.704

KWh.
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Figure 7.2: The power load profiles.
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7.1.5 The Power Generation Data of the First Case Scenario-I

The power generator schedule for 24 hours is presented in Fig. 7.3, which
illustrates that all generators during the operational time are within the boundaries
and satisfied the constraints. It can be also seen that the power generator at bus 6
produces less energy compared to others, due to its location between two energy

storage units, which are busses 10 and 12.
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Figure 7.3: The hourly economic schedule of power generation.
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7.1.6 The State-of-Charge (SOC) and Battery Rate (r) of Case Scenario-I

A dynamic OPF problem has been solved due to the dynamics of the
state-of-charge (SOC) of the battery. As shown in Fig. 7.4, it can be seen

experimentally when the battery is either charged fully SOC = 100% or discharged
to SOC = 0%.

1 State of Charge SOC
[ I | | |
A& SOCs
09 wm= SO0y |-
-¥--50C)
08 S0Cy |
SocMax
SocMin
0.7 L vil_,l -
g | |
:/ 06 i | 048 ) - EEELELELD . é". i
& | 75 8 85 9 :
§ 05 g ".f;.'-'-'i\‘.._.}‘,'..—,ﬁ;f-'-""_{r"-¥'-¥~$"-¢"¥'-%‘:}"ﬁ"i“:ff'ﬂ-‘-ﬁ-”wf -
) : : HE T
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Figure 7.4: The hourly economic schedule for state-of-charge.
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In Fig. 7.5, it can been seen that the battery schedule satisfied the
constraints and boundaries during the operations. Moreover, battery charging and
discharging occur during the production times, as can be seen by noting the graphs.
The energy stored in the battery at bus 3 is charging during 2 to 5, 9 to 14, and
between 17 and 24. It is also discharging during 1 to 2, 6 to 8, and between 15 and
16. In bus 8, the energy stored in the battery is charging during 2 to 6, 8 to 10, 13
to 16, and between 19 and 21. It is also discharging during 1 to 2, 7 to 8, 17 to 19,
and between 22 and 24. The energy stored in the battery at bus 10 is charging
during 2 to 6, 9 to 13, and between 17 to 23. It is also discharging during 1 to 2, 7
to 8, 14 to 16, and between 23 to 24. The energy stored in the battery at bus 12 is
charging during 2 to 5, 9 to 14, and between 17 and 24. It is also discharging during
1 to 2, 6 to 8, and between 15 and 16. The stored power is utilized to feed nearby
loads and avoid losses and the high cost on the system if the DC generations are
used to feed these loads is far away. Since the batteries are not needed to hold any
further power at the end of 25 hours, it is economically beneficial to discharge all
the battery energy so the net battery energy is 0. The total optimal cost for
supplying the load are given in Table. 7.3. A list of the standby power battery
values are given in APPENDIX A, Table. 3. These values are required at each

hour to support the system by providing energy necessary for the loads.
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Figure 7.5: The hourly economic schedule for the battery units.

7.1.7 The Voltages Profile of the First Case Scenario-I

The optimal solution obtained by using the proposed algorithm of IEEE 14
bus system for the scenario is specified previously, and the voltage profiles for this
scenario are shown in the following Fig.7.6. As can be seen, the voltage profiles for
each bus are maintained within the limit during the operational time. There are two
straight lines showing the maximum (red) and minimum (green) limit of voltages
(i.e., 380 - 450 volt), respectively. Upon closer examination, it is noticed that the

average voltage profiles at all times are within the system’s limits.
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7.1.8 The Parameters and Results of the Second Case Scenario-11

In this scenario, the OPF formulation with energy storage dynamics is
applied to examine the reliability and stability of the system. The power system of a
DC microgrid is depicted in Fig. 7.7. The considered power network model consists
of six power generators at buses 1, 2, 13, 22, 23, and 27; twelve distributed loads at
buses 3, 4, 8, 11, 13, 14, 18, 21, 23, 26, 27, and 30; four link buses (i.e., without
including generation nor load); and thirty one transmission lines. Furthermore, nine
energy storage units have been applied in the network at buses 7, 8, 10, 11, 12, 19,
24, 28, and 30. The main aim of including battery device units distributed in this
system is to increase system security and continuity of supporting the loads by
acting as a standby when required. The parameters and the constraints in the
power network associated with the power generators PJ, the state of charge (SOC),

f

and the bus reference V; </ are summarized in Table. 7.4, and the power loads szl at
different operational times are also given in APPENDIX B Table. 1. Furthermore,
to ensure system security, the line constraints have been taken into consideration in
this case, as depicted in Table. 7.5. The costs of power purchased to the main grid
throughout the operation are also set to P{ = 5$/MWh, P§ = 7$/MWh,
PJ; = 88/MWnh, Py, = 9$/MWh, Py, = 10$/MWh, and P§, = 10$/MWh. The
voltage magnitude V;, bounds for all buses are set between 350 and 450 V' and the
voltage magnitude at the first bus is defined as a reference bus, Vlref = 380V.

In this scenario, the transmission lines between buses 3 and 4, and between
buses 27 and 30, are tied between an upper and lower limit. The battery storage
device units are constrained by a capacity SOCy (k)™ and SOCy (k)" with a charge

or discharge rate (discussed earlier) as ry(k) ™ and 7y, (). The initial condition of

the storage battery was selected to be 0.7 KWh.
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Table 7.4: The lower and upper bounds of the constraint parameters.

BUS V.o Vit PRI PIT vt socy soct rponf
1 - - 0 100K 380 ; : B
2 38 450 0 100K - ; ; -
3 380 450 - ] ; ; ; .
4 380 450 - ; . ; ; -
5 380 450 - ; ; ; ; .
6 380 450 - ; ; ; ; .
7 380 450 - ; . 0.2 0.8 7K 7K
§ 380 450 - - - 0.2 0.8 7K 7K
9 380 450 - - . ; . -
10 380 450 - - - 0.2 0.8 7K 7K
11 380 450 - - - 0.2 0.8 7K 7K
12 380 450 - - - 0.2 0.8 7K 7K
13 380 450 0 100K - ; . -
14 380 450 - - - - . -
15 380 450 - - - . . -
16 380 450 - ; . ; ; -
17 380 450 - ; . 0.2 0.8 7K 7K
18 380 450 - ; . ; ; -
19 380 450 - ; . 0.2 0.8 7K 7K
2 380 450 - ; . ; ; -
21 380 450 - ; . . ; -
22 380 450 0 100K - ; ; -
23 380 450 0 100K - ; ; -
24 380 450 - - - 0.2 0.8 7K 7K
25 380 450 - - - ; . -
26 380 450 - - - . . -
27 380 450 0 100K - . . -
28 380 450 - - - 0.2 0.8 7K 7K
20 380 450 - - - ; . -
30 380 450 - - - 0.2 0.8 7K 7K
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Table 7.5: The power capacity bounds of the constraint parameters.

BUS  AVp(k)™ AVy,(k)*

3 To4 -2K 2K
4 To 3 -2K 2K
27 To 30 -2K 2K
30 To 27 -2K 2K

A total of 20 KWh of energy was proposed as well as the sampling time of
one hour, and the simulations were performed over one day. The simulation
outcomes demonstrate the benefits of integrating energy storage devices under low

and high-demand circumstances.

7.1.9 Demonstration of the Second Case Scenario-11

The power network system is elucidated in Fig. 7.7 and comprises nine
storage devices at buses 7, 8, 10, 11, 12, 19, 24, 28, and 30. During the power
production, the energy is stored in the battery and released when the r,(x), value of
the power at time (k), is rn(n)+ >0 and rp(k) <0, respectively.

The following illustration was given earlier: power generations are described
by P, storage power is rp(k), and the event sampling is a;,. The battery is
modeled by minimum and maximum values of the energy storage (k)™ and
rn(n)+, and the battery state-of-charge SOCy,, in the range 0.2 and 0.8, describes

energy in this problem.
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Figure 7.7: The second scenario-II: thirteen bus power system with nine energy

storage units.
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The optimization problem for this case is:

24
min Y AD fa) (7.18)

P,g(n)’Un(K:),SOCn(K),Tn(ﬁ),Un(n) k=1 ne30
subj. to (7.19)

380 < wp(k) <450, Vne 30, ket (7.20)

0< P/y(k) 100K, KeET (7.21)
0 < P{y99(k) <100K, k€T (7.22)
0 < Py o-(k) < 100K, k€T (7.23)
—TK <rp(k)<T7K, KET (7.24)
0.2 < SOCh(k) <08, KET (7.25)
SOCy(k+1) = SOCy(K) + anrn(k), k €T.26)
ne30
PY (k) — PY(k) — rp(k) = Z vn (k) — nj(n)}ynj,\m € 30, k g®27)
Jme~j
—2K < {vn }Y <2K (7.28)
—2K < {v](n }Y <2K  (7.29)
nJ
R := =0, Vn~ 5(7.30)
My,

e The Initial Condition (I.C) Of 500[7,8,10,11,12,19,24,28,30] at k=0

SOCl7.8,10,11,12,19,24,28,30] (0) = 0.7 (7.31)
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e The Voltage Reference at bus n,.f

Vel (k) = 380

(7.32)

The optimal value of the cost and the running time are shown in Table. 7.6.

Table 7.6: The result of the second case scenario-II.

Optimization Methods Opt. value

SP-Relaxation 1.64979e+4-07
Algorithm
Mixed-Integer 1.65989¢e+07

Programming Algorithm

Interior-Point Algorithm  1.72437e+07
Genetic Algorithm (GA) 1.99864e+07
Particle Swarm Opt. 1.71218e+07
Algorithm (PSO)

Comp. Time Comp. Time

(s) w/
acceleration
214.83

1423.773
1592.58

2575.2
2672.4

(s) w/o
acceleration
904.822

5996.657
6707.640

10846.246
11255.634

The numerical values of power injections and nodal voltages are listed in

APPENDIX B, Tables 2 and 3.

7.1.10 The Load Data of the Second Case Scenario-I1

Analogous to the previous scenario, the total power load of the DC

microgrids for each hour are presented in Fig. 7.8. This includes the power loads at

buses 3, 4, 8, 11, 13, 14, 18, 21, 23, 26, 27, and 30. The attached power load at

buses 3 and 11 are constant throughout the operational time. However, the power

load at buses 4, 8, 13, 14, 18, 21, 23, 26, 27, and 30 are unsteady with an average

hourly power load of around 12.704 KWh.
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Figure 7.8: The power load profiles.

7.1.11 The Power Generation Data of the Second Case Scenario-1I

The power generators’ schedules for 24 hours are given in Fig. 7.9. From
this figure, it can been observed that all generators through the operational time are
retained inside the limits and they satisfied the system’s constraints. It can be also
noticed that the power productions are dropped around hour 14, due to the drop on

required demand loads compared to other operational times.
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Figure 7.9: The hourly economic schedule of power generation.

7.1.12 The State-of-Charge (SOC) and Battery Rate (r) for Case Scenario-II

A dynamic OPF problem has been solved due to the dynamics of the
state-of-charge (SOC) of the battery. As shown in Fig. 7.10, it can be seen
experimentally when the battery is either fully charged SOC = 100% or fully
discharged to SOC = 0%. The battery rates are shown in Fig. 7.11. It can be
observed that the battery schedules are within the limits and satisfied constraints

throughout the operations. Furthermore, battery charging and discharging happens
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Figure 7.10: The hourly economic schedule for state-of-charge.

during the production time, as noted in the graphs. The energy stored in the
battery at bus 7 is charging between 12 to 18. It is also discharging during 1 to 11
and between 19 and 24. The battery at this bus is charging most of the time and
acts as a standby energy source due to a low required demand load at this location.
In buses 8, 10, and 19, the battery behavior is nearly the same during the charging
and discharging statuses. The energy stored in the batteries is charging between 1
to 7, 13 to 16, and between 19 and 21. Also, they are discharging during 8 to 12, 17

to 18, and between 22 and 24. The energy stored in the battery at bus 11 is
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charging and discharging slightly due to its location between three battery devices,
7, 8 and 10, and they support the required demand load at bus 11. The energy
stored in the battery at bus 12 is charging between 10 to 21. It is also discharging
during 1 to 9 and between 22 and 24. Similarly, the battery at this bus is charging
most of the time and acts as a standby energy source due to a low required demand
load and its location between two power sources, the energy storage unit and the
power generation at buses 10 and 13, respectively. In buses 24 and 30, the battery
behavior is, again, nearly same during the charging and discharging statuses. The
energy stored in the batteries is charging between 12 to 14, 16 to 17, and between
19 and 22. It is also discharging during 1 to 11, 15 to 16, and between 23 and 24. In
bus 28, the battery starts to store at the beginning of the operation until hour 7,
then it discharges from hours 8 to 13, then reverts back to restore the battery
between 14 and 17, and thereafter the battery discharges during 18 to 22. In
general, the energy storage behaves such as that when the energy at a specific bus is
stored in the battery, and the battery at other buses is discharged from energy. The
stored powers are utilized to feed nearby loads and avoid losses as well as the high
cost on the system if faraway DC generations feed these loads. Since the battery is
not needed to hold any further power at the end of 25 hours, it is economically
beneficial to discharge all the battery energy so the net battery energy is 0. The
total optimal cost for supplying the load is given in Table. 7.6. Also, a list of the

standby power battery values are given in Table. 3.
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Figure 7.11: The hourly economic schedule for the battery units.

7.1.13 The Voltages Profile of the Second Case Scenario-11

The optimal solution obtained by using the proposed algorithm of the IEEE
30 bus system for the scenario was specified previously, and the voltage profiles for
this scenario are shown in the following Fig.7.12. As can be observed, the voltage
profiles for each bus are maintained within the boundary through the operational
time. The two straight lines on the graph represent that the maximum (red) and
minimum (green) boundary of voltages (i.e., 380 - 450 volt), respectively. Upon
closer examination, it is noticed that the average voltage profiles at all times are

within the system limits.
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Figure 7.12: The voltage profile of the IEEE 30 bus system.
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7.1.14 Analysis of Results

As can be seen from above scenarios, the SOCP is is exact, i.e.
Rank(M,y,j) = 1 holds, Vn ~ j and hence the solution found is also a global
solution for the original OPF. However, the scale of the problems solved in this work
is small. In practice, multi-bus DC systems may integrate a large number of buses.
The results of computation time suggests that the proposed method may not be
suitable for very large scale systems. Therefore, following flowchart summarizes the

SOPC relaxation approach used to solve the OPF problem.

Orginal Problem Relaxing

q Rank(f.{n)= 1 for

alllines and solve
the SOCP

The optimal
solution is a

global solution

Checking the
optimal solution if

Enforcing

Rarlvlklwm) =ﬁ1mf0r whether safisfies may not be
alllinesin the Rank(3,) = satisfied

1 ornot

Figure 7.13: The flowchart of the convexification process.
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The solution of the SOCP includes a set of 2 x 2 positive semidefinite
matrices M,;,V n j. Hence it is necessary to check the rank constraint a posteriory.
If it is satisfied then the optimal solution is the global solution of the original OPF

problem. If it is not satisfied then, in general, nothing can be said [6].
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CHAPTER EIGHT

HYBRID AC-DC POWER GRIDS

In this chapter, an introduction is given based on recent literature reviews for
consideration of the hybrid AC/DC optimal power flow problem. The proposed
solution of the hybrid AC/DC optimal power flow problem with its formulation is
illustrated and explained in this chapter. Thereafter, a set of equality and inequality
constraints are illustrated. The original problem of hybrid AC/DC OPF is
transformed to the positive semidefinite programming relaxation (SDP) format, and
it is further relaxed by a finite number of second-order cone programming (SOCP)
relaxations. Finally, the performance of the proposed algorithm has been examined
on different electrical power networks with various power system sizes, such as IEEE
5, 14, and 30-bus. The outcomes of the experiments proved the adaptability of the
algorithm when considering large-scale electrical power networks. In contrast, this
proposed algorithm has been compared with existing optimization algorithms given
in the literature for similar power systems, where it shows the effectiveness of the

proposed method.
8.1 Introduction:

The transition from fully used AC power networks to hybrid AC/DC power
networks is expeditious as a result of the improvement in power electronics and the
boost of the applications for DC power networks. Several renewable energy
resources, for instance, photovoltaic (PV) power systems, Wind turbines, generate
DC power networks [175]. High Voltage Direct Current (HVDC) transmission lines
ease transmitting power to or from rural areas [176]. Numerous electrical loads, for
example, electrical appliances and lights inside the home, consume the energy inside

the home[177]. The DC microgrid systems can be a feasible substitution as an
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energy source for producing energy while covering the loads [178]. Another stimulus
for shifting towards hybrid AC/DC power networks is the expansion of energy
efficiency by eradicating losses associated with DC to AC and/or AC to DC
conversions [179]. Besides, hybrid AC/DC power networks can be more reliable
than only AC power networks since the supplementary conversion stages in AC
power networks may produce potential faults [180].

As was already introduced in previous chapters, the optimal power flow
(OPF) problem is critical and it plays a significant role in proper power system
operation and planning. In OPF, the output power of the generators is defined by
optimizing an objective function, for example, the overall cost and the power losses
in the systems [181]. The OPF problem in AC power networks is subject to some
physical and operating constraints, such as power balance constraints, voltage
magnitude, power flow limits, and network constraints [181]. The OPF in AC power
networks is introduced as a non-convex optimization problem and it is commonly
quite intricate to solve. The non-convexity of the problem obviously emerges from
both the nonlinear power flow equations and quadratic dependency on the set of bus
voltages.

In most recent research studies [35, 182, 183], and [184], the consideration of
OPF in hybrid AC/DC power networks does not guarantee the acquisition of the
global optimal solution or the approximate optimal solution. In this chapter, the
target is to effectively define the global optimal solution and/or the approximate
optimal solution of the hybrid AC/DC OPF problem. The efficiency of positive
semidefinite programming relaxation (SDP) in solving the AC and DC OPF
problem has stimulated us to apply this method to solve the hybrid AC/DC OPF

problem. In this chapter, the hybrid AC/DC are linked with each other via
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three-phase AC/DC converters. The voltage source converter (VSC) is considered
to model the AC/DC converters and is broadly utilized in practice [185].

One of the key elements of using the VSC in hybrid AC/DC power networks
which has not been impartially addressed in the literature is its effect on enhancing
the economic efficiency of the electricity industry. In terms of quantifying the
economic efficiency of such systems, they have to be duly modeled in the OPF
formulation. Generality OPF formulations considering hybrid AC/DC systems
suggested in the literature have accounted for Current-Sourced Converter (CSC) -
High Voltage Direct Current Transmission (HVDC) systems. For instance, the two
sequential quadratic programming and sequential gradient-restoration algorithm
approaches have been applied to solve the AC/DC OPF problem of AC systems
with multiterminal DC systems constructed from current-sourced converters,
respectively [186] and [187]. Moreover, this research study [35] has suggested a
combination approach of heuristic and interior-point methods to solve the optimal
reactive power flow problem in the AC/DC power networks, integrating
current-sourced converters. In another study [188], a model of security-constrained
unit commitment with current-sourced converter based AC/DC power networks
utilizing benders decomposition is suggested. From this work, the proposed problem
is split into two parts: main and subproblem, where the mixed-integer programming
and Newton Raphson techniques are applied. However, since there is a number of
essential variations between voltage source converters and current-sourced
converters in both operation fundamental and structure, these suggested models
cannot be implemented to the hybrid AC/DC integrating voltage source converters.

Given the nonconvex nature of the optimal power flow problem, it has been

attempted in all the above-mentioned approaches to improve a convex optimization
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problem, which in several cases, drives the loss of precision in solutions or intricacy

of algorithms.

8.2 System Model and the Proposed Hybrid AC/DC OPF Formulation

This section illustrates the proposed hybrid AC/DC OPF formulation based
on the branch flow model variables. The derived formulation is then modified as
positive semidefinite programming relaxation (SDP) format, which is a convex
optimization problem. Foremost, a set of hybrid AC/DC constraints are enhanced
over the branch flow equations. In this research [189], the branch power flow model
has been considered to define the optimal locations of thyristor controlled series
capacitors utilizing mixed-integer programming. In this work, a number of equality
constraints are substituted by inequality constraints in terms of solving problems
with quadratic mixed-integer programming. Also, in terms of removing the
nonlinearity from the formulation, the transmission line losses equations have been
neglected. The transmission line losses equations are considered the master source
of nonlinearity in power flow equations.

A few research studies have formulated these power line losses as a quadratic
function of the variance phase angle between two linked buses and thereafter applied
a linearized approximation of the power losses [190] and [191]. In this chapter of the
dissertation, however, all the nonlinear equations related to both active and reactive
power losses for all AC and DC lines are modeled as a function of branch power flow
variables. An alternative of considering the linearized approximation of losses, the
active and reactive power losses are converted to convex constraints. Additionally,
all other AC and DC line capacity and thermal constraints, and generator/VSC
capacity constraints, are turned into convex constraints.

In order to perform the precision of the proposed positive semidefinite

programming relaxation (SDP) OPF, the numerical results are obtained in the
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general algebraic modeling system (GAMS) utilizing MOSEK solver [192] and are
contrasted to outcomes achieved in MATPOWER [193]. Four IEEE 5, 14, and 30

bus

8.2.1 The Model of Hybrid AC-DC Power Grids

In this subsection, an introduction to both the AC and DC models are
illustrated. An AC line between nodes i and j is represented by a m-equivalent
element consisting of a series impedance Z;; = R;; + jX;; of the branch and a shunt
element of charging susceptance B;;. If the branch also contains a transformer, it is

specified by a tap ratio 7 and a phase shift 6.

Bus J I Rt iy Bus |

Ny=Tje™

Figure 8.1: Model of an AC transmission branch.
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An AC bus may have a number of generators, a load and a shunt element. A

generator is modeled as a complex power injection:
S =PI+ Q7. (8.1)

Several generators can be attached to the same bus. The total load at a bus is

modeled as a consumed complex power quantity:
s4 = P4 Q. (8.2)

Each bus has its own total load. The bus also may have a shunt element specified

by its admittance
Yt = Gsh + jB3h. (8.3)

The DC bus can be specified by the power consumed from the DC grid Py,
and the voltage Ugj.. The DC transmission line can be simply specified by its

resistance Rg.

8.2.2 The Model of the Voltage Source Converter (VSC)

A voltage source converter (VSC) is used to convert energy between an AC
grid and a DC grid so it is connecting an AC bus and a DC bus. As the name
suggests, such a converter is controlling the output voltage either on the AC part or
the DC part. It is the most used type of converter because it has many advantages
over the alternative current source converter that was used previously. For the
purpose of OPF computations, a VSC converter is modelled as a pair of coupled
generators: an AC generator on the side of the AC grid and a DC generator on the
side of the DC grid, as illustrated in Fig.8.2. In addition, the active power losses in

the converter are best modelled as a quadratic function of the current magnitude
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through the VSC converter:

Ploss,cn = an + bple, + (en + T'n)I2 Vn e N, (8.4)

Ccn?

where

/P2 +Q?
NV bn _ Thn o yn e N, (8.5)

I, = ,
Cn Ukn
The AC and DC sides of a converter are linked by the energy conservation principle

as shown below
Ploss,cn = Pdcn - Pkn7 VneN, (8.6)

If the converter losses are supposed to be proportional to passing active power
through the converter (i.e. Pjys5 ., = B8P 5), injected DC power at each DC bus

can be defined as follows
Pye,, = (1+ ﬂ)Pkn, Vn € N, (8.7)

From this, the inequality constraints can be defined for the VSC converter at

each bus for both active and reactive power Py, and @, , respectively as follows:
Py <P (k) <P, VneN, (8.8)

Q. < Qrp(R) <QF, VneN, (8.9)

A more complicated model of a VSC converter that includes output
impedance, filter, and transformers can be accommodated by introducing a “dummy
generator or motor which either can absorb or inject active/reactive power to the
AC network,” an AC bus at the AC output of the converter, and a transmission line

to the actual AC bus.
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Figure 8.2: Modeling of a VSC AC/DC converter.

In the following subsection, we present the objective function and the

constraints of the AC/DC OPF problem.

8.2.3 Objective Function

The general use of the OPF objective function is to reduce the overall cost of
the produced power, occasionally taking into consideration the active transmission
losses in the whole or a portion of the power network as well. For the convergence,
the generation cost functions are considerably approximated by either linear or
quadratic functions [99]. In some conditions, the cost is a function of both the
active generation and reactive power in the network. The total fuel cost of

production (f;) for the real power of the interconnected generators is given by the
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quadratic function.

fi=min Y (An+ BpPf + Cu(P)?) (8.10)
neN

where Ay, By, and C), are the fuel cost coefficients of the generating unit i,
P is the generated active power at bus n and A is number of generators including

the slack bus.

8.2.4 Constraints

Constraints are commonly considered an integral portion of a particular
optimization problem and play a critical role in its categorization, for instance,
convex vs non-convex. In the OPF problem, the network variables must be within
admissible bounds, or else the electrical power network devices can be damaged or
cause a malfunction. Typically, the constraints are classified as equality and
inequality constraints [45] and [109].

In OPF problems, equality constraints are the power flow system equations
[110]. Inequality constraints designate upper and lower bounds on the control and
state the variables for the devices using the electrical power network, as well as the
bounds required to guarantee network security and stability [111]. The inequality
constraints on the state and control variables can be partitioned as follows: the
state variables’ bounds are on the magnitude angle of voltage and the power lines.
The control variables’ bounds are on the active and reactive power generation,
voltage generation, and transformer tap position. Furthermore, the inequality
constraints can also locate forbidden areas of branch flow boundaries, interface
boundaries, active/reactive power reserve boundaries, power of the PV power source
constraints [112], power of the diesel turbine source constraints, spinning reserve
requirements, transient security, transient stability, transient contingencies,

environment constraints, rotor angle stability, and more. [113].
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8.2.4.1 Photovoltaic (PV) System

In this subsection, the photovoltaic system is discussed and its constraints
are introduced. The photovoltaic power generation system consists of one or a set of
solar panels incorporated with an inverter device, controller, and other electrical
components. This kind of renewable energy is used to generate electricity through
solar energy. The photovoltaic power generations are currently implemented on a
wide range, with several energy investing companies promoting them. However, it
requires a high level of expertise for enforcement, modeling, and improvements.
Today, several countries are interested in harnessing their geographical position to
install solar energy to help them reduce cost and support their electrical needs.

The photovoltaic power generation system is comprised of a photovoltaic
array which transmutes the sunlight (photons) falling on it to electrons. This
produces a direct current (DC) which can be enhanced with DC-DC converters and
then reversed to give an AC power to the loads. Consequently, the most important
device in terms of linking the PV to the grid is the power electronic device.
Moreover, a particular maximum power point tracking system (MPPT) is needed to
vest photovoltaic system to reduce maximum energy from the sun by changing the
slanting angle of its beams all throughout the day-time. Lastly, the low-pass filter
systems are required to be considered in terms of ignoring unwanted harmonics
before it enters the grid.

Most photovoltaic power generation systems are made of semiconductor
crystalline materials. Since there are several types of materials are used to design
PV systems, a new material in designing PV systems was discovered to improve the
power efficiency of the system, which is known as titanium-oxide coated PV cells.

Thus, the PV cells are placed in a group to shape modules which can either be
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electrically correlated in parallel and/or in series, shaping large systems with scaled
voltages and improved power outputs. The MPPT systems are significantly
substantial for optimal absorption of solar energy to maximize the efficiency and
reliability of the transformation system. Although the solar insolation may differ
naturally during the daytime, the MPPT system regulates the PV array output to
produce the highest real power at a fixed voltage. Reactive power control is done by
utilizing an inverter controller operating in fixed power factor mode. A silicon PV
module output relies on numerous variables comprising the sort of material,
temperature, and solar irradiation incident on the surface of the module [114]. Its

output can be formulated as follows:

Gc X [1 + K/(TC - T'rat)]

Pout = Prat X
Grat

(8.11)

where P,,: represents the power output of the PV system in W; G,4; represents the
solar insolation in Wm™2; G, represents the insolation of the operating point; K
represents the temperature coefficient of the power; and P,,+ represents the rated
output generated by the module under standard test conditions in watts [115]. The

T, represents the temperature and it can be obtained as following

(N7 — 20)

Te=Ta+ =43

X Sy (8.12)

where T, represents ambient temperature, Sy represents the global solar insolation
incident on a horizontal plane united as kWm ™2, and Nt represents the normal
operating cell temperature, which is around 48C. The Assumption that the PV
system can be correlated in series and/or parallel was illustrated previously to
improve the output of both the voltages and currents. A matrix of N € (ns X np)
represents that the number of models are connected in series (ns) or parallel (np),

respectively. The voltage outputs of the PV array V4, and power of the PV
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systems Py, are expressed as follows:

V}wa = vasVPv (8-13)

Ppy = ns X np X Psys X NyrppT X Mioss (8.14)

where Npys represents the serial connection number of the PV modules, nysppr is
the efficiency of the MPPT system, Pgys indicates the maximum power output
delivered by the PV system, and 7, is the factor which represents cable resistance
and other losses [15]. The local observatories usually provide data on solar
irradiance as incident on a horizontal plane. Hence, Hongxing et al. [116] employed
the Perez model which helps to find the solar irradiance data for slanting planes

with the aim of exploiting maximum 7 at any time.

8.2.4.2 Diesel Turbine Generator

In this subsection, the diesel turbine system is discussed and its constraints
are introduced. To enhance clean energy, diesel turbine generators are now mainly
utilized as standby resources in a hybrid power system. In the situation of failures
on the renewable sources and battery systems to provide power to meet the required
loads, the diesel turbine generator is brought into action. There are several crucial
factors for operating diesel turbine generators, including demand loads, and the
costs of both transportation and fuel, etc. have to be taken into consideration [117]
and [114]. An example was considered by Deshmukh and Deshmukh, where they
operated engine generators under two situations, one when the diesel turbine
generator is directly connected to the demand load,and another when it is employed
as a battery charger [118]. Overall, the diesel turbine generator efficiency can be

expressed as

Ntotal = Tlbrake thermal X "lgenerator (8.15)
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where Nhrake thermal represents the brake power of a heat engine as a function of
the thermal input from the fuel in the diesel engine and ngenerator is the power
efficiency of the diesel engine. Indeed, the generator operation at 70 — 90% of full
load was discovered to be economical. Hence, diesel turbine generator is beneficial
in promoting power during peak demand hours and later for energizing the energy
storage units when desired. The power constraints for diesel turbine generators can
be written as

the value of kgen, is set at 0.3 based on the manufacturer’s suggestion [115]. The

minimum and maximum power constraints for the diesel turbine can be represented

by PDgen and PDgen’ respectively.

8.2.4.3 Network Constraints

In this subsection, we present two mathematical models of the power system
networks and show their equivalence. Let the set of buses be N:={1,2,3,..,n}, the
set of transmission lines &€ C {N x N'} of edges. Then n ~ j denotes a line between
the buses n and j. The general bus injection model is defined by the following
power flow equations that represent Kirchhoff’s laws at each bus:

Sn= Y Va(V =Vl vne N (8.17)
VELSY
the superscript H denotes hermitian transpose. Let the set of solutions of the power

flow V for each S to be:
V={Ve C(n+1)| V satisfies (8.17)} (8.18)

The buses in the power networks can be divided into three classes: slack,

generation, and load buses. The next quantities are generally identified at each bus:
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voltage phase angles d, voltage magnitudes |V|, active power output of the slack bus
only Ps, and reactive power of all generations @)y,. Usually the voltage magnitudes
and the angles are described by one complex variable V' rather than real and
imaginary variables. Let us now consider the general power network modeled by the
subset of buses N:={1,2,3,..,n}, the set of transmission lines £ C {N x N'} of

edges, and the set of generation buses G C V.
e P4 44iQ% : Complex power of the load connected to bus n,Vn € N.

e PJ +iQYJ : Complex power output of the generator connected to bus

n,Vn e N
e V,: Complex voltage at bus n,Vn € N.
® yp;: conductance of the transmission line (n, j) € £, yn; =gnj + ibp;.

Define V', P9, 9, P% and Qd as the vectors formed stacking, in lexicographical
order the values at all the buses of the corresponding variables Vi,, PJ, QJ, P,‘{l, and
Qg Vn € N, respectively. Assume fy(-) is a convex function representing the cost
associated with bus n € N. The objective is to minimize the total cost of the

system. This problem can then be formulated as follows:
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min - f= ) fn(PY) (8.19)

Pl.Vn neN
subj. to (8.20)
V.| < Va(k) < |ViF],, VneN, kert (8.21)
PI™ <Plk)<PI", WneN, ken (8.22)
Qn <Quk)<QF, VneN, ker (8.23)
Voon(x) = NovsVpup(r)y VREN, KET (8.24)
kgenPp o, < PDgeny, (K) < ngenn, VneN, ket (8.25)

Ppy < Puy(k) <Pl . WVneN, ket (8.27)
[Va(k) = Vi(®)| < AV £ (), V¥(n,j) € € (8.28)

P (k) + QAu(r) = Pi(r) + Q(K) +n(K) + Ppu, (£)+
neN
Ppgeny, (K) + Va(k) Z {Vn(n) - V]-H(m)}ynj, VneN, ket (8.29)
Jme~j

In this formulation P and QY are controllable variables, and P,‘{l and Qf,ll are
given external disturbances. The solution will give values of P and Q7, at every
bus, to minimize the cost and satisfy the physical and operational constraints of the

network.

8.3 Performance Evaluation

In this section, we illustrate the performance of the optimization approach
for solving the AC/DC OPF problem. The performance of the proposed algorithm
has been examined on different electrical power networks with various power system

sizes, such as IEEE 5 bus, IEEE 14 bus, and IEEE 30 bus. The outcomes of the
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experiments proved the adaptability of the algorithm when considering large-scale
electrical power networks. In contrast, this proposed algorithm has been compared
with several exiting optimization algorithms given in the literature for similar

consider power systems, where it shows the effectiveness of this proposed method.

8.3.1 Hybrid AC/DC Power Grid of IEEE 5 Bus Case Study

In this case study, an IEEE of 5 bus system test is selected and modified
from [194]. The five bus power system is illustrated in Figure 8.3. The power system
consists of 2 AC power buses attached at bus 1 and bus 2, three DC buses, five AC
branches, three DC branches, and three load sides attached at buses 3,4 and 5.
Three AC/DC converters are embedded in this system as follows: the converter
V. SC — 1 that is connected to bus 2 controls the DC voltage at DC bus D — 1. Also,
the converter V.SC — 2 that is connected to bus 3 controls the DC voltage at DC bus
D — 2. The converters V.SC — 3 that is connected to bus 5 controls the DC voltage
at DC bus D — 3. In bus D — G, the renewable energy source (i.e., photovoltaic

power system) has been considered to support the demand loads in the system.

Figure 8.3: An AC power system of IEEE 5 bus.
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To the AC power grid, we add a DC power grid connected through VSC

converters as shown in Fig.8.4, where the DC part of the grid was indicated in a

different color. The optimal value of the cost and the running time are shown in

Bus 2 |

Figure 8.4: A hybrid AC/DC power grid with five AC buses and three DC buses.

Table. 8.1. The data and results for this case are presented in APPENDIX C,

Tables 1 and 2, respectively.

Table 8.1: The result of the hybrid AC/DC power grid of the IEEE 5 bus.

Optimization Methods Opt. value

SP-Relaxation 1.5510e+03
Algorithm
Mixed-Integer 1.6552e+04

Programming Algorithm
Interior-Point Algorithm 1.7553e+-04
Genetic Algorithm (GA) 1.7551e+04
Particle Swarm Opt. 1.7552e+04
Algorithm (PSO)
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Comp. Time Comp. Time

(s) W/ (s) w/o

acceleration acceleration

0.1510 0.332
0.5714 0.9714
0.6028 1.5028
93.0323 122.81
90.212 120.701



8.3.2 Hybrid AC/DC Power Grid of IEEE 14 Bus Case Study

In this case, five hybrid power system terminals are adopted to modify IEEE
14-bus system, as represented in Fig.8.5. The power system consists of 14 AC
power buses, five DC buses, five generators, 20 AC branches, seven DC branches,
three HNSs, one renewable energy source (i.e., photovoltaic power system), and 11
load sides. Four AC/DC converters are embedded in this system as follows: the
converter V. SC — 1 that is connected to bus 1 controls the DC voltage at DC bus
D — 1. Also, the converter V.SC' — 3 that is connected to bus 3 controls the DC
voltage at DC bus D — 3. The converters V.SC — 9 and VSC — 13 that are
connected to bus 9 and 13 controls the DC voltage at DC bus D — 9 and D — 13,
respectively. In bus D — G, the renewable energy source (i.e., photovoltaic power

system) has been attached to support the demand loads in the system.
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Figure 8.5: A hybrid AC/DC power grid based on the IEEE 14 bus case.
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The fully used data for this system are provided in APPENDIX D, Tables
1, 2 and 3. The running of power flow results are also given in APPENDIX D,

Tables 4, 5 and 6. The optimal value of the cost and the running time are shown in

Table. 8.2.

Table 8.2: The result of the hybrid AC/DC power grid of the IEEE 14 bus.

Optimization Methods Opt. value Comp. Time Comp. Time

(s) w/ () w/o

acceleration acceleration

SP-Relaxation 1.0234e+-05 95.27 401.267
Algorithm

Mixed-Integer 1.3752e4+-05 281.32 903.545
Programming Algorithm

Interior-Point Algorithm 1.4652e+05 361.93 1615.28
Genetic Algorithm (GA) 1.4352e+05 661.32 2998.12
Particle Swarm Opt. 1.4152e+05 698.09 3092.85

Algorithm (PSO)

8.3.3 Hybrid AC/DC Power Grid of IEEE 30 Bus Case Study

A large-scale power system has to be considered to validate the practicability
of the proposed approach. An IEEE 30-bus power system (see Fig.8.6) is modified
to effectively cover the loads in the system. In this power grid system, four
renewable power sources (i.e., photovoltaic systems) are connected to the main
power grid at buses 1, 2, 5, 6, 15, and 30 through a HVDC line. The power system
consists of 30 AC power buses, five DC buses, six distributed power generators,

three main power feeders, 41 AC branches, eleven DC branches, and 20 load sides.
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Figure 8.6: A hybrid AC/DC power grid based on the IEEE 30 bus case.
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The fully used data for this system is presented in Appendix E, Tables 1, 2

and 3. The optimal value of the cost and the running time are shown in Table. 8.3.

Table 8.3: The result of the hybrid AC/DC power grid of the IEEE 30 bus.

Optimization Methods Opt. value Comp. Time Comp. Time

(s) w/ (s) w/o

acceleration acceleration

SP-Relaxation 0.8356e+06 188.25 635.31
Algorithm

Mixed-Integer 1.23059e+07 1210.773 4146.201
Programming Algorithm

Interior-Point Algorithm 1.33145e+07 1303.3 5163.04
Genetic Algorithm (GA) 1.40148e+07 2641.6 9846.246
Particle Swarm Opt. 1.21892e+07 2783.1.4 9943.942

Algorithm (PSO)

8.4 Analysis of Simulation Results

In terms of assessing the performance of the suggested proposed optimization
approach, different electrical power networks with various power system sizes, such
as IEEE 5, 14, and 30 buses, have been considered for this study. In this work,
converters associated with a hybrid AC/DC power system have been implemented
and compared with other existing techniques, with and without using the Matlab
acceleration technique.

The proposed optimization approach has been examined for a small power
system size, such as IEEE 5 bus test systems. The performance of the proposed
optimization approach is compared against existing approaches, where the results of

this system are presented in table 8.1. As can be observed, the SP-Relaxation
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algorithm offers a better performance, e.g. minimize objective value with a short
computational time, as compared with other approaches, even when it is a small
power network size.

The outputs of the proposed optimization approach are applied to IEEE 14
bus test power systems and then compared and summarized in table 8.2. Notice the
SP-Relaxation algorithm provides the lowest objective value and it takes about
95.27 seconds when we do not consider the acceleration technique. However, while
considering the acceleration technique, it provides a better computational time.
This proposed optimization approach is compared with other existing techniques.
For example, when we use the mixed-integer technique, as can be seen, the objective
value is slightly high compared to the proposed approach but it takes more
computational time to reach this value. Similarly, while applying the interior-point
technique, the computational time is increased, as well as the objective value.
However, these two techniques have shown better solutions and computational times
as compared to other well-known techniques, namely the genetic algorithm (GA)
and particle swarm optimization algorithm (PSO). The genetic algorithm (GA)
takes less computational time compared to the particle swarm optimization
algorithm (PSO) to achieve the objective value. However, the particle swarm
optimization algorithm (PSO) gives less objective value as compared to the genetic
algorithm (GA).

For the full implementation, the IEEE 30 bus case study was modified with
six terminal DC power systems, as illustrated in Fig.8.6. These DC power systems
can be set in two different sorts of configurations such as V and A. The converters
have been connected as follows: VSC — 1, VSC —2, VSC — 5, VSC — 6,

VSC — 15, and VSC — 30 are connected to AC buses 1, 2, 5, 6, 15, and 30,

respectively. The product range of the DC voltage levels is modified according to
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the ABB High Voltage Cable (HVC) technical report [195]. In this simulation, the
converter power ratings are chosen to be 100 (MVA).

For this hybrid power system, the constraints strategies have been considered
on the converter variables instead of using some control strategies. The converters
are set to be within upper and lower constraints. Therefore, the best value will be
chosen based on which one the objective function has minimized. The output

results are summarized in tables 8.4, 8.5 and 8.6

Table 8.4: The result of the IEEE 30 test system including the DC converters.

DC PJ(MW)  Q7(MVRA)
DG1 156.36 0

DG2 140.00 4.72

DG5 0.00 6.24

DG8 0.00 27.62

DG11 0.00 9.53

DG13 0.00 12.43

Table 8.5: The result of the IEEE 30 test system including the DC converters rated
at 100 MVA.

Parameters Total value

Pioss 3.82 MW
Qloss 14.19 MVAR
P9 289.92 MW
Q9 36.16 MVAR
QShant  61.19 MVAR
Qconv 43.00 MVAR
pie 2.10 MW
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Table 8.6: The result of the IEEE 30 test system including the DC converters rated
at 100 MVA.

DC bus parameters Voltage (p.u) Peopy(MW) Qconv(MV AR)
D -2 1.060 -79.962 17.310

D -6 1.045 25.741 2.682

D-5 1.040 52.529 26.898

D-1 1.060 -59.910 -17.454

D —-15 1.045 40.444 10.071

D —30 1.052 18.453 3.499

As can be seen from the outputs, the total losses of the AC power system are
minimized, which leads to a reduction in the generated power and analogous
reduction of generation cost due to the optimization values of converter variables.
Moreover, the reactive power generations have also been lowered due to local
reactive powers injected by converters.

From the other side of the analysis, the rating powers of the converter have
been set to a lower value of 100 (MVA). The reason for this is to observe its
influence on both total generation cost and converter variables. The corresponding
results are already summarized in tables 8.5 and 8.6. As a summary of outputs
obtained for the IEEE 5, 14, and 30 bus test power systems, the proposed
optimization approach is effectively performed with a hybrid AC/DC power system
associated with converters and it proves the accuracy of the proposed relaxation
OPF formulation. Notably, the solution can be reached with less computational

time compared to other existing approaches.
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CHAPTER NINE

CONCLUSION AND FUTURE WORK

9.1 Conclusions

In this dissertation, the polynomial optimization problem (POP) relaxation
based on optimization approaches has been introduced to solve the nonlinear
equation of the optimal power flow problem in standalone DC-microgrids and
hybrid AC/DC microgrids. The first objective of this dissertation was to formulate
the optimal power flow problem in a standalone DC-microgrid in order to
economically reduce the cost and network losses during the operational time. The
second objective was to formulate the optimal power flow (OPF) problem with
dynamic energy storage as a static optimization problem. Furthermore, the optimal
power flow (OPF) problem of a hybrid AC/DC power system associated with
converters has been formulated to deal with non-convexity present in the hybrid
AC/DC power system.

Since this problem leads to a nonlinear programming problem, it was
converted to a problem with constraints over the cone of positive semidefinite
matrices and required the introduction of a rank suitable constraint. The rank
constraint was ignored, resulting in an SOPC problem that can be solved
numerically as using SDP solvers. This approach was tested in various scenarios, for
example standalone DC-microgrids, power grid including energy storage device
units, and hybrid AC/DC microgrids. Analysis of the numerical results for these
scenarios shows that the optimal solution can be obtained, (i.e. Rank(My;) =1
holds, Vn ~ j). In cases where the energy storage devices were considered, it can be

observed that, as expected, the energy stored was scheduled to balance the power of
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loads and generation sources. It can be noticed that energy storage provides
additional flexibility to the power grid for tackling load variations and power limits,
with the potential of providing improved power quality, stability, load following,
peak reduction, and reliability.

Moreover, in this dissertation, a comparison of various exiting optimization
algorithms was considered in terms of showing the robustness and effectiveness of
the polynomial optimization problem (POP) relaxation based on the optimization
approach. As an achievement for this comparison, it can be seen that the proposed
approach can solve the nonconvexity of large-scale networks while minimizing the
energy expenses and network system losses. It can be also noted that the objective
value can be reached with a low computational time compared to other exiting

optimization considered algorithms in this dissertation.

9.2 Future Work
This dissertation offers numerous future research directions that have been
exposed as a result of ordinary work. Below is a summary of the most promising

possible trends to be carried out and investigated in future iterations:

e [t is significant to understand how to convert such challenging problems into
straightforward ones by merging the most recent techniques that efficiently
impose the relaxation of the rank constraint to its tractable convex envelope,
rather than neglecting it. Good techniques for further investigation are based
on the consideration of the Schatten quasi-norm minimization (SQNM)
technique and holder inequality for Schatten norms (HISN) [196] and [197],

respectively.

145



e Another research trend to make this study valuable is to consider both the
transient and small signal stability in terms of guaranteeing that the power
networks’ stability is not being affected by the circuit breakers when they are

turned ”on” and ”off” during the operational time.

e Future research in this area could evaluate the performance of the proposed
approach by considering a large-scale problem with multi-objective functions
such as minimizing the quadratic fuel cost function, fuel cost with value-point
loadings, real power losses of transmission, and fuel cost emission. Doing so
will offer a better evaluation for our proposed technique and then compared it

to other exiting techniques.

9.2.1 Other Possible Topics for Future Research

In contrast to the OPF problem for AC grids that was extensively studied
over many years, DC grids have not received as much attention. In fact, we could
only identify two papers that are exclusively devoted to the OPF problem for DC
grids and both are fairly recent. This is undoubtedly due to the fact that DC grids
are encountered far less often than the ubiquitous AC grids, providing many
possibilities for future research. Many problems, though not all, that were tackled in

the case of AC grids, can and should be considered for DC microgrids as well.

9.2.1.1 Local Approximations

As opposed to relaxation that calls for eliminating or weakening constraints,
approximating the problem around an operating point may transform the problem
into a Linear Programming problem that is readily solvable using the Simplex
Algorithm. An interesting extension of Linear Programming that was used in the

solution of the OPF problem [198] is Sequential Linear Programming which uses
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multiple linearization points to obtain the optimal solution. The cited reference
[198] introduces Sequential Quadratic Programming that uses a quadratic

approximation of the original problem.

9.2.1.2 Iterative Methods

The classical methods have proven their usefulness for the OPF problem in
the past and they may be interesting for DC microgrids as well, especially since the
size of such grids is usually moderate. First order methods, like the Gradient
Method, and second order methods, like Newton-Raphson, may be very useful,
especially if some information is available for an adequate initialization. Versions of
these methods can be used such as Reduced Gradient (e.g., [29]) which take

advantage of the fact that most constraints are linear to obtain even better results.

9.2.1.3 Duality Methods

A powerful alternative to relaxation for transforming a non-convex problem
into a convex one is duality. The duality of a non-convex optimization problem is a
convex problem itself, and its value is a lower bound of the value of the original
(primal) problem. The difference between the values of the two problems is called
the duality gap. If the duality gap is zero, it is possible to obtain the solution of the
primal problem, by solving the dual problem.

This approach was pursued in [199] for AC power grids and it would be

interesting to see how it can be adapted to DC grids.

9.2.1.4 Convex Relaxation Methods

The paper analyzed here uses second-order conic relaxation which is a very

special relaxation type. There are other relaxation types that were used in the
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literature, specifically semidefinite programming (SDP) relaxations, such as in [200]
and [37] and many others. In fact, the two part tutorial [40] and [41] gives a
detailed overview of all the convex relaxation approaches utilized at the time for
solving the OPF problem for AC grids. The interest of studying different convex
relaxation methods, other than second-order conic, is that they may prove to be
exact even for the case of line currents constraints. This advantage may come with
an execution time penalty since second-order conic problems are easier to solve

numerically than other convex problems, such as SDP problems.

9.2.1.5 Distributed Processing Methods

Due to the enormous size of AC grids and the interest in operating them as
efficiently as possible, there was a great interest in devising optimization methods
that use distributed data processing such as [201, 202, 203]. In the future, it could
be interesting to examine such methods for DC grids as well, although the current

opportunities to do so are relatively sparse.

9.2.1.6 Dynamic Networks with Discrete Elements

Although the OPF problem is referring to the optimal steady-state operation
of a network, the solution may change dynamically over time as new loads and/or
generators are coming online. Some networks have the ability to switch on and off
certain lines, depending on the power production and network demand. In this case,
the configuration of the network may be changed to improve the operation, and
therefore the OPF problem becomes a mixed integer optimization problem. This
case was extensively studied for AC grids, e.g., [81], but has not yet been studied for
DC power networks.

This area of research may potentially be of great interest in the future. After

all, the decisive advantage of AC grids over DC grids is the limitation of switches
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and circuit breakers, one of AC energy’s major advantages over DC energy. Thus,
the robust optimization of DC grids with switches should take such constraints into

account.

9.2.1.7 New Problem Formulations

There are many formulations for the OPF problem for AC grids. This is due
to specific characteristics of AC grids that require the control of reactive power, for
example. Balancing the efficiency of utilizing active power with the need to avoid
losses due to reactive power has motivated many versions of the OPF problem that
have been studied over the years. The situation is entirely different for DC grids
and the few contributions in this area have used the same formulation, based on
power generated and consumed over the grid. However, DC power grids have their
own characteristics. As aforementioned, one of them refers to switches and circuit
breakers. Another aspect is related to the change of voltage levels that is more
difficult in the case of DC energy. These and other aspects should be taken into
account to formulate more realistic versions of the OPF problem for DC power grids
that will likely present different challenges and may require the development of new

methods entirely different from those used in the AC case.
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A.3 APPENDIX A

Table A.1: The power load data for the first case scenario-I.

Time (hrs) Pgy; Pfg 3 Y ploads
10K 11566.88 54700.64
10K 11475.32  54425.96
10K 11322.26 53966.78
10K 11560.44 54681.32
10K 11850.9  55552.7

10K 12109.52 56328.56
10K 13375.81 60127.43
10K 14178.95 62536.85
10K 14462.95 63388.85
10K 14506.92  63520.76
10K 14488.38  63465.14
10K 144226  63267.8

10K  2236.89  26710.69
10K 1248.72  23746.17
10K 184520  25535.61
10K 7148.93  41446.80
10K 9794.53  49383.59
10K  8951.72  46855.17
10K 7615.88  42847.65
10K 8071.939 44215.81
10K 11004.78 53014.34
10K 14248.72  62746.17
10K 11393.01 54179.04
10K 6354.01  39062.03

BN DO BN DN DN = = = = e e e e e
DO RO WOo IO N WN RO ©00NO0 Gk W
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Table A.2: The power generation data for the first case scenario-I.

€L°60V90C¢ TL'1680G 61°Cc86¥ 8L'6197 61°Ce86Y <¢8'LVCIS 14
IV LLITTC 09°1680S LE'TC86Y 8L°9686  LE'1C86V 64 9VCIS €¢
€6°6V0VIC €' 16806 L80C86% 00°CLCCT L8'0C86Y SG6'¥PCIS (44
8V'E8CCIC 6L°0680G LV'1¢86% 88'G0G0T LV IC86Y L8 EVCIS 1¢
09°€cv0Tc €7'0680G T10°¢c86¥ 1¢'9¥98 T10°CC86Y ¥6°CVCls 0¢
0T°6LL60C TZ'0680G O0T1°¢c86¥ S¥'c008 0T1'¢e86¥ V& ¢vels 61
€G'C9860C 60°0680G L8 TIC86Y 769808 L8'TIC86Y SL'TIVCIS 81
GC'LIV60C 00°0680G €L 186V  LE'CVIL  €L'1C86Y IV IVCIS LT
¥€°0L9L0C ¥8°6880G 0¢'Cc86Y 86¥68S 0C'¢e86¥ <1 IVcIS 91
8¢'G0090C €9'6880G <CI1°'€C86¥ ¥S9'®ccy <¢1'6¢86Y 88'0VCI1S qI
0T°8€9G0C 69°6880G <CC'€C86¥ 9C'T98¢  ¢C'ed86Yy 18°0¥CIS 4!
8V'GIT90C ¢T9'6880G G0O'€C86Y 16'8¢EYy  G0°€C86Y V8 0VCIS ¢l
¢I'806CTC €0°0680G 06°0¢86%7 OT'SESIT 06°0¢86%7 61°IVcIS ¢l
¢0'SPESTC  L0°0680G 68°0C86% 88'TLGET 6802867 0 TVCIS 1T
9G°0€T9TC €T1°0680G 88'0¢86¥ T¢ LSEVT 88'0¢86% SV IVCIS 0T
86°L9€9T1¢C TC'0680G 68°0C867 ECE€V6SVTI 6800867 S9'TVCIS 6
8T'9€091¢ T1E€°0680G¢ G6°0286% L0O'CICVT SG6°0C86% 16 TVCIS 8
TL'€0TSTC T¥'0680S 60°T¢867 <¢6°8CeET 60°'1¢867 0¢CVels L
SV OV6e1C T19°0680G <CC'1¢86Y SLVIICT <CE'1¢86Y 14°CVclIs 9
0T'8GSETIC L9°0680G LE'T1C86Y LS'ISLIT LE'1ICR6Y 18°CVCIS q
¥8°89¢CTIC¢ 680680 V¥'1¢86Y G6'I6VIT ¥V 1¢86Y <L E€VCIs 14
GO'8V6CTC LC'T680G TS'1¢86¥ TV OLITT TG'TCR6Y 96°EVCIS ¢
00°G0¥¢Tc T16°0680G SE'1C86Y €6°9¢90T 8E'TZR86Y 0V ¥WCl1s (é
CV'1C00TC  SP'c980G TR'VIBGY  8L'EGER  T8'RIBGY 8GLITIG !
X T od od g & (s ouny

152



Table A.3: The power load data and the battery charging rate for the first case
scenario-I.

Time (hrs) r3 r8 710 r12 Yo
1 -4004.39 -3213.10 -4006.79 -4004.02 -15228.29
2 -30.61 -848.39  -290.81 -30.63 -939.44
3 25.01 -151.85 23.29 25.55 -77.99
4 6.66 -68.49 5.48 6.96 -49.40
) 6.23 -69.03 5.22 6.46 -51.12
6 6.90 55.26 5.83 7.13 75.13
7 6.05 -46.89 4.92 6.28 -29.65
8 4.62 83.12 3.49 4.82 96.06
9 3.32 131.38 2.23 3.47 140.40
10 2.35 -149.71 1.33 2.42 -143.61
11 1.67 -916.50 0.74 1.67 -912.42
12 1.19 -2887.50 0.35 1.08 -2884.88
13 0.86 2102.01 0.10 0.68 2103.65
14 0.59 2612.53 -0.07 0.31 2613.36
15 0.46 2383.33 -0.13 0.13 2383.79
16 0.52 -1253.95 -0.05 0.20 -1253.27
17 0.96 -2152.16 0.30 0.73 -2150.17
18 1.95 -864.78 1.03 1.92 -859.89
19 3.56 386.56 2.19 3.83 396.15
20 5.55 574.27 3.57 6.13 589.52
21 7.19 -498.90 4.60 7.84 -479.26
22 9.10 -1976.72 5.60 9.72 -1952.30
23 20.20  -1496.23 12.97 23.05 -1440.01
24 1.46 -1734.23  -2.47 -3.66 -1738.90
25 0.00 0.00 0.00 0.00 0.00
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B.4 APPENDIX B

Table B.1: The power load data for the second case scenario-II.

: d d Loads
Time (hrs) Pgyy  Pfg13141821,232627 2-4n

0O Ut WN

l\Dl\Dl\D[\D[\Dr—lr—lb—l»—l»—l»—l»—l»—l»—l»—lo
W N O OO Utk wWwNn —=O

10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K
10K

11566.88
11475.32
11322.26
11560.44
11850.9
12109.52
13375.81
14178.95
14462.95
14506.92
14488.38
14422.6
2236.89
1248.72
1845.20
7148.93
9794.53
8951.72
7615.88
8071.939
11004.78
14248.72
11393.01
6354.01

124101.92
123277.88
121900.34
124043.96
126658.1
128985.68
140382.29
147610.55
150166.55
150562.28
150395.42
149803.4
40132.07
31238.51
36606.83
84340.42
108150.79
100565.51
88542.97
92647.45
119043.03
148238.51
122537.12
77186.10
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Table B.2: The power generation data for the second case scenario-II.
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Table B.3: The power load data and the battery charging rate for the second case

scenario-I1.
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C.5 APPENDIX C

Table C.1: The data profile for the IEEE 5 bus power system.

(a) The data profile for the generators of the IEEE 5 bus power system.

Bus Pg Qg Qmaz‘ Qmin ‘/g Pma.’t Pmi'n.

1 0 0 500 -500 1.06 250 10
2 40 0 300 -300 1 300 10
(b) The data profile for the buses of the IEEE 5 bus power system.

No Type P; Q4 Gs Bs Vp Vo o Vinaz Vinin
1 3 0O 0 0 O 1.06 0 1.1 0.9
2 2 20 10 0 O 1 0 1.1 0.9
3 1 45 15 0 0 1 0 1.1 0.9
4 1 40 5 0 O 1 0 1.1 0.9
5 1 60 10 0 O 1 0 1.1 0.9

(c) The data profile for the branches of the IEEE 5 bus power system.
From To R
1 2 0.052

(d) The data profile for the DC buses of the IEEE 5 bus power system.
Buspc Buspac Py Vie Ve,maz Ve min
1 2 0 1 1.1 0.9
2 3 0 1 1.1 0.9

(e) The data profile for the DC lines of the IEEE 5 bus power system.
Buspc Ps Qs, Viar BasekV  Vipmaz Vimmin @ b c
1 -60 -40 1 345 1.1 0.9 1.103 0.887 4.371
2 0 o0 1 345 1.1 0.9 1.103 0.887 4.371
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Table C.2: The optimal power flow results of the IEEE 5 bus power system.

(a) The AC buses of the IEEE 5 bus power system

Bus V,
1 1.018
2 1.007
3 0.993
4 0.992
5 0.992
(b) The AC generators of the IEEE 5 bus power system
Bus P! Q7
1 128.3 -7.8
2 80 20
(c) The result of DC the grid buses
B’U.SDC B’U.SAC Pdc Vdc
1 2 37.35 1.015
2 3 -12.34 1.094
3 5 -24.87 1.008
(d) The result of DC the grid lines
From To PPC ppPe
1 2 19.04 18.95
1 3 18.30 -18.19
2 3 6.60 -6.58
(e) The converter results
Buspg Peonw Qconvy Veonw Vm,c 5m,c PC,ZOSS
1 -37.49 -40 1 1.06 -9.03 0.023
2 12.31 -40 1 1.01 , -2.95 0.018
3 24.69 -40 1 0.92216 -1.54 0.016
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D.6 APPENDIX D

Table D.1: The data profile for the IEEE 14 bus of AC power system.

(a) The data profile for the generators of the IEEE 14 bus power system.

Bus Py Qg Qmaz Qmin Vy Praz Pmin

1 232.4 -16.9 10 0 1.06 3324 0

2 40 42.4 50 -40  1.045 140 O

3 0 23.4 40 0 1.01 100 O

6 0 122 24 -6 1.07 100 O

8 0 174 24 -6 1.09 100 O

(b) The data profile for the buses of the IEEE 14 bus power system.

No Type Py Qg Gs Bs Vi Vg Vmaz  Vinin
1 3 0 0 0 0 1.06 0 1.06 0.94
2 2 21.7 127 0 0 1.045 498 1.06 0.94
3 2 94.2 19 0 0 1.01 -12.72 1.06 0.94
4 1 478 -39 0 0 1.019 -10.33 1.06 0.94
5 1 76 16 O 0 1.02 -878 1.06 0.94
6 2 11.2 75 0 0 1.07 -14.22 1.06 0.94
7 1 0 0 0 0 1.062 -13.37 1.06 0.94
8 2 0 0 0 0 1.09 -13.36 1.06 0.94
9 1 295 166 O 19 1.056 -14.94 1.06 0.94
10 1 9 58 0 0 1.051 -15.1 1.06 0.94
11 1 35 18 0 0 1.057 -14.79 1.06 0.94
12 1 6.1 16 O 0 1.055 -15.07 1.06 0.94
13 1 135 58 0 0 1.06 -15.16 1.06 0.94
14 1 149 5 0 0 1.036 -16.04 1.06 0.94
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Table D.2: The data profile for the IEEE 14 bus of AC power system.

(a) The data profile for the branches of the IEEE 14 bus power system.

From To r T b

1 2 0.01938 0.05917 0.0528
1 5 0.05403 0.22304 0.0492
2 3 0.04699 0.19797 0.0438
2 4 0.05811 0.17632 0.034
2 5 0.05695 0.17388 0.0346
3 4 0.06701 0.17103 0.0128
4 5 0.01335 0.04211 O

4 7 0 0.20912 O

4 9 0 0.55618 0

5 6 0 0.25202 0

6 11 0.09498 0.1989 0

6 12 0.12291 0.25581 O

6 13 0.06615 0.13027 O

7 8 0 0.17615 0

7 9 0 0.11001 O

9 10 0.03181 0.0845 0

9 14 0.12711 0.27038 O

10 11 0.08205 0.19207 O

12 13 0.22092 0.19988 O

13 14 0.17093 0.34802 0
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Table D.3: The data profile for the IEEE 14 bus of DC power system.

(a) The data profile for the DC buses of the IEEE 14 bus power system.

Buspc Buspac  Pge Ve Vc,max Vc,min
1 1 20 1 1.1 0.9
2 3 20 1 1.1 0.9
3 9 20 1 1.1 0.9
4 14 20 1 1.1 0.9
5 0 501 1.1 0.9
(b) The data profile for the DC lines of the IEEE 14 bus power system.
From To R
1 4 0.38
1 5 0.25
2 5 0.38
2 3 0.32
3 4 0.51
3 5 0.51
4 5 0.51

(c) The data profile for the converters of the IEEE 14 bus power system.

Buspc Ps Qs Viar Base Vmmmaz Vimin 2 b ¢ r
(kV)

1 60 -40 1 100 1.1 0.9 001 0 0 0.02

2 60 -40 1 100 1.1 0.9 001 0 0 0.02

3 60 -40 1 100 1.1 0.9 001 0 0 0.02

4 60 -40 1 100 1.1 0.9 001 0 0 0.02
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Table D.4: The power flow results of the IEEE 14 bus of AC power system.

(a) The results of generator for the IEEE 14 bus power system

Bus Py Qg Vg
1 307.8432 13.1492 1.06
2 40 147.8076 1.045
3 0 122.6089 1.01
6 0 105.5845 1.07
8 0 66.5951 1.09

(b) The results of buses for the IEEE 14 bus power system
No Type Py Q4 Vm Va
1 3 0 0 1.06 0
2 2 21.7 12.7 1.045 -10.2081
3 2 942 19 1.01 -24.4862
4 1 478 -3.9 0.96765 -20.0293
5 1 76 1.6 097611 -17.4385
6 2 11.2 75 1.07 -31.1678
7 1 0 0 0.98238 -29.3317
8 2 0 0 1.09 -29.3317
9 1 29.5 16.6 0.92216 -34.5665
10 1 9 5.8 0.93895 -34.1806
1 1 3.5 1.8 0.9985 -32.6886
12 1 6.1 1.6 1.0277 -32.8943
13 1 13.5 5.8 0.99051 -33.26
14 1 149 5 0.79046 -40.1509
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Table D.5: The power flow results for the IEEE 14 bus of AC power system.

(a) The results of branches for the IEEE 14 bus power system.

From To Pgrom erom Pro Qto

1 2 316.3443  -50.0736 -298.7007  98.0928
1 5 1453173  23.2227 -134.8381  14.9283
2 3 1323263 1.1433  -124.7862  25.9976
2 4 1043675 17.9974 -98.3615 -3.2219
2 5  80.3069 17.874  -76.7399 -10.5208
3 4 -29.4138  37.6113 30.9439 -34.9581
4 5 -97.074 13.613  98.444 -9.2917
4 7 75.132 9.4407  -75.132 2.8081

4 9  41.5596 19.0263 -41.5596 -7.374

) 6  105.534 3.2841  -105.534 22.3296
6 11 26.6389 25.9309 -25.4924 -23.5299
6 12 17.5055 9.4787  -17.0801 -8.5932
6 13 50.1895 40.3454 -47.7936 -35.6271
7 8  6.1062e-14 -60.0198 -5.5511le-14 66.5951
7 9 75.132 57.2117 -75.132 -47.0459
9 10 -12.0804  -13.7554 12.2058 14.0885
9 14 39.272 27.7325 -35.8171 -20.3833
10 11 -21.2058  -19.8885 21.9924 21.7299
12 13 10.9801 6.9932  -10.6256 -6.6725
13 14 449192 36.4996 -39.0829 -24.6167
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Table D.6: The power flow results for the IEEE 14 bus of DC power system.

(a) The results of DC buses for the IEEE 14 bus power system.

Buspo Busjc Py Vie

1 1 153.8434 1

2 3 -59.99 1.1948
3 9 -59.99 1.188
4 14 -59.99 1.129
5 0 0 1.1075

(b) The results of DC lines for the IEEE 14 bus power system.

From To PP¢  ppC

from

1 4 -67.8699 76.6219
1 5 -85.9735 95.2129
2 5 549176 -50.9035
2 3 5.0724 -5.0436
3 4 275118 -26.1443
3 5 37.5218 -34.978
4 5 9.5124 -9.3313
(c) The results of converters for the IEEE 14 bus power system.
BUSDC Peonw Qcom) Veonw Vm,c 5m,c Pc,loss
1 153.8185 -40 1 1.06 2.0397e-07 0.024988
2 -60 -40 1 1.01 -24.4862 0.01
3 -60 -40 1 0.92216 -34.5665 0.01
4 -60 -40 1 0.79046 -40.1509 0.01
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Power Load Data for the IEEE 30 Bus Power System
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E.7 APPENDIX E

Table E.1: The data profile of the AC generators and buses for the IEEE 30 bus
power system.

(a) The data profile for the generators of IEEE 30 bus power system.
Bus P, g Qg Qmaz  Qmin Vg Prax Poin
0

1 260.2 -16.1 10 1.06 3602 O

2 40 50 50 -40 1.045 140 0

5 0 37 40 -40 1.01 100 0

8 0 37.3 40 -10 1.01 100 0

11 0 16.2 24 -6 1.082 100 0

13 0 10.6 24 -6 1.071 100 0

102 10 0 10 0 1 10 0

103 15 0 15 0 1 15 0

(b) The data profile for the buses of the IEEE 30 bus power system

No Type P; Q4 Gs Bs Vnp Va Vinaz ~ Viin
1 3 0 0 0 0 1.06 0 1.06 0.94
2 2 21.7 127 0 O 1.043 -5.48 1.06 0.94
3 1 24 12 0 O 1.021 -7.96 1.06 0.94
4 1 76 16 0 O 1.012 -9.62 1.06 0.94
5 2 942 19 0 O 1.01 -14.37 1.06 0.94
6 1 0 0 0 0 1.01 -11.34 1.06 0.94
7 1 228 109 0 O 1.002 -13.12 1.06 0.94
8 2 30 30 0 O 1.01 -121 1.06 0.94
9 1 0 0 0 0 1.051 -14.38 1.06 0.94
10 1 58 2 0 19 1.045 -15.97 1.06 0.94
11 2 0 0 0 0 1.082 -14.39 1.06 0.94
12 1 112 75 0 0 1.057 -15.24 1.06 0.94
13 2 0 0 0 0 1.071 -15.24 1.06 0.94
14 1 62 16 0 O 1.042 -16.13 1.06 0.94
15 1 82 25 0 O 1.038 -16.22 1.06 0.94
16 1 35 1.8 0 O 1.045 -15.83 1.06 0.94
17 1 9 58 0 O 1.04 -16.14 1.06 0.94
18 1 32 09 0 O 1.028 -16.82 1.06 0.94
19 1 95 34 0 O 1.026 -17 1.06 0.94
20 1 22 07 0 O 1.03 -16.8 1.06 0.94
21 1 175 112 0 0 1.033 -16.42 1.06 0.94
22 1 0 0 0 0 1.033 -16.41 1.06 0.94
23 1 32 16 0 O 1.027 -16.61 1.06 0.94
24 1 87 6.7 0 43 1.021 -16.78 1.06 0.94
25 1 0 0 0 0 1.017 -16.35 1.06 0.94
26 1 35 23 0 O 1 -16.77  1.06 0.94
27 1 0 0 0 0 1.023 -15.82 1.06 0.94
28 1 0 0 0 0 1.007 -11.97 1.06 0.94
29 1 24 09 0 O 1.003 -17.06 1.06 0.94
30 1 0 0 0 0 0992 -17.94 1.06 0.94
101 1 0 0 0 0 0992 -17.94 1.06 0.94
102 1 0 0 0 0 0992 -17.94 1.06 0.94
103 1 0 0 0 0 0992 -17.94 1.06 0.94
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Table E.2: The data profile of the AC branches and buses for the IEEE 30 bus power
system.

(a) The data profile for the branches of the IEEE 30 bus power system.

From To r T b

1 2 0.0192 0.0575 0.0528
1 3 0.0452 0.1652 0.0408
2 4 0.057 0.1737 0.0368
3 4 0.0132 0.0379 0.0084
2 5 0.0472 0.1983 0.0418
2 6 0.0581 0.1763 0.0374
4 6 0.0119 0.0414 0.009
5 7 0.046 0.116 0.0204
6 7 0.0267 0.082 0.017
6 8 0.012 0.042 0.009
6 9 0 0208 0

6 10 0 0.556

9 11 0 0.208

9 10 0 0.11

4 12 0 0.256

12 13 0 0.14

12 14 0.1231 0.2559
12 15 0.0662 0.1304
12 16 0.0945 0.1987
14 15 0.221  0.1997
16 17 0.0524 0.1923
15 18 0.1073 0.2185
18 19 0.0639 0.1292
19 20 0.034 0.068
10 20 0.0936 0.209
10 17 0.0324 0.0845
10 21 0.0348 0.0749
10 22 0.0727 0.1499
21 22 0.0116 0.0236
15 23 0.1 0.202
22 24 0.115 0.179
23 24 0132 0.27
24 25 0.1885 0.3292
25 26 0.2544 0.38
25 27 0.1093 0.2087
28 271 0 0.396
27 29 0.2198 0.4153
27 30 0.3202 0.6027
29 30 0.2399 0.4533
8 28 0.0636 0.2

6 28 0.0169 0.0599 0.013
102 101 0.2399 0.4533 O

103 102 0.2399 0.4533 O

SO OO DO OO OO OO OO oo oo oo ooo

o
o
=~
[\
0o
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Table E.3: The data profile of the DC power system for the IEEE 30 bus power
system.

(a) The data profile of DC buses for the IEEE 30 bus power system.

Buspc Buspc FPge Vie Vemaz Vc,min
100 101 20 1 1.1 09

105 27 20 1 1.1 0.9
200 11 20 1 1.1 0.9
300 0 51 1.1 0.9
400 0 51 1.1 0.9
(b) The data profile of DC lines for the IEEE 30 bus power system.
From To R

300 200 0.052
400 200 0.052
100 105 0

(c¢) The data profile of converters for the IEEE 30 bus power system.

Buspc Ps Qs Viar Vmmaz  Vimmin @ b c r

200 -60 -40 1 1.1 0.9 1.103 0.887 4.371 2.885
100 -60 -40 1 1.1 0.9 1.103 0.887 4.371 2.885
105 -60 -40 1 1.1 0.9 1.103 0.887 4.371 2.885
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