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Abstract

The increasing use of variable renewable energy sources and demand response programs
has posed challenges in solving many power system planning problems due to their inherent
uncertainties. Among such is the unit commitment problem to determine the operating
status of dispatchable power sources including conventional fossil-fuel generators on the
following day. As its main contributions, this dissertation proposes three unit commitment
models based on robust optimization for power systems under the uncertainty of variable
renewable energy generation or that of demand response. The significance of the proposed
models is that they optimize worst-case performances of such power systems in less con-
servative and more generalized ways than existing models. Simulation results verify the

effectiveness of the proposed models.
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Chapter 1

Introduction

This dissertation is concerned with the unit commitment (UC) problem for an electric
power system under the prediction uncertainty of variable renewable energy (VRE) gen-
eration or that of demand response. In this chapter, the dissertation is overviewed. This
chapter is organized as follows: Section 1.1 explains a brief background of the UC problem.
Section 1.2 gives a literature review. Section 1.3 describes the main contributions of the

dissertation and outlines the remaining chapters.

1.1 Background

To ensure that power supply and demand are finely balanced at the lowest operating cost,
various power system planning problems are addressed on different time scales [1]. One
of the most studied among them is the UC problem, the optimization problem of the
commitment (on/off) status of generators. The UC problem is solved in advance, usually
for an hourly demand forecast of the following day, as some generators may require a certain
amount of time to start up or shut down. Nested in the UC problem, the optimization
problem of the power outputs of generators in operation is called the economic dispatch
(ED) problem. With the commitment status of generators represented by binary variables,
the UC problem is formulated as a mixed-integer programming (MIP) problem whose
objective function and constraints vary depending on specific context [2]-[4]. It is vitally
important, and difficult at the same time, to formulate and solve the UC problem properly,
because unexpected events, e.g., deviation of demand from the forecast and component
failure, may happen while the commitment status of some generators cannot be changed
quickly in real time. To hedge against such uncertainties, reserve requirements are imposed
in traditional UC models according to deterministic criteria, e.g., the largest generator in
terms of installed capacity and some percentage of the peak demand [5].

Meanwhile, the past few decades have witnessed an increasing penetration of VRE
generation systems, e.g., wind turbines and solar photovoltaic systems, owing to their
environmental and economic benefits [6]. Specifically, the global wind and solar power
capacities have expanded from 16.93 GW in 2000 to 733.28 GW in 2020 and 1.23 GW
in 2000 to 713.97 GW in 2020, respectively; for reference, Fig. 1.1 shows the yearly
global growth of the installed capacity of wind and solar power from 2000 to 2020 [7].

Based on energy plans and policies from around the world as of 2019, the wind and solar
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Fig. 1.1. Trends in the installed capacity of wind and solar power.

power capacities are expected to increase to 4474 GW and 2434 GW by 2050, respectively,
accounting for 36% of total power generation [8]. Moreover, to make optimal use of VRE
generation, battery energy storage systems (BESSs) are increasingly integrated as well.
Specifically, the global energy capacity of stationary storage technologies is expected to
expand from 30 GWh in 2019 to 3400 GWh in 2050 [8].

Besides BESSs, demand response can also be used to increase the flexibility of power
system operation [9]. Demand response refers to intentional changes in electric energy
consumption induced by changes in the price of electricity or by incentive payments as
signals from the system operator [10]. With demand response, a range of services can
be performed including peak demand reduction, congestion management, and assistance
in emergency conditions [11]. In the Stated Policies Scenario of the International Energy
Agency, demand response is a fast-rising source of flexibility, whose increased shares in the
year 2040 in the US, the EU, China, and India compared with in 2018 are noticeable [12].

Despite numerous advantages they bring to power systems, however, VRE generation
and demand response pose fundamental challenges in addressing the UC problem by adding
to the uncertainties. In the presence of VRE generation or demand response, it might in-
crease operating costs drastically or cause a power supply-demand imbalance to implement

traditional UC models for any nominal scenario of VRE generation or demand response.

1.2 Literature Review

To deal with the uncertainty of VRE generation or demand response, many UC models are
studied in the literature adopting stochastic optimization methods where possible scenarios
of VRE generation or demand response are explicitly considered. In this section, such

existing UC models are reviewed.

1.2.1 UC with Uncertain VRE Generation

Arguably the two most popular stochastic optimization methods for the UC problem under
the uncertainty of VRE generation are stochastic programming and robust optimization
[13], [14]. In this dissertation, UC models based on stochastic programming and robust

optimization are referred to as stochastic and robust UC models, respectively. Both types of
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Fig. 1.2. Decision-makings in the two-stage and the two-stage non-anticipative frameworks.

UC models typically assume a series of two or more decision-making stages, among which
the first and the other one or more are usually for day-ahead and real-time decisions,
respectively. In this dissertation, UC models assuming one day-ahead plus one real-time
stages and those assuming one day-ahead plus more than one real-time stages are referred
to as two-stage and two-stage non-anticipative UC models, respectively.

Considering a single real-time stage, two-stage UC models optimize real-time decisions
for all the time periods of the planning horizon simultaneously by solving a multi-period
ED problem. In practice, however, as the VRE generation at different time periods can-
not be observed at once, real-time decisions at different time periods have to be made
sequentially with the future VRE generation unknown. To enable such non-anticipative
real-time decision-making, two-stage non-anticipative UC models assume more than one
real-time stages, each of which corresponds to each time period of the planning horizon.
Differently from two-stage UC models, real-time decisions at each time period are made
based on only the past or current, but not the future, VRE generation. In this regard,
two-stage non-anticipative UC models are more practical than two-stage UC models. Fig.
1.2 illustrates the two-stage and the two-stage non-anticipative frameworks to address the
uncertainty of VRE generation over the planning horizon of T' time periods.

Regardless of the UC model, the objective of the real-time decision-making is mainly to
minimize operating costs for the actual VRE generation. However, the day-ahead decision-
making has different objectives depending on the stochastic optimization method. In
general, stochastic UC models aim at minimizing the expected total operating cost or

ensuring that the probability of failing to maintain power supply-demand balance is below



a specified level, under the assumption that a probability distribution of VRE generation
is given [15]. To build representative scenarios of VRE generation that are explicitly
considered, various scenario generation methods are also developed in the literature [16].
Stochastic UC models are well studied for both two-stage and two-stage non-anticipative
frameworks, the latter of which is made possible by constructing a scenario tree [17].

Robust UC models, on the other hand, do not require a probability distribution of VRE
generation. This is a major advantage because the accurate probability distribution of VRE
generation is usually hard to infer. Instead, they use worst-case analyses for a set of VRE
generation scenarios. Modeling techniques of the scenario set for robust UC models are
extensively studied in the literature [18], [19]. The objective of a robust UC model may be
to minimize the worst-case total operating cost [20], [21], a weighted sum of the worst-case
and the expected total operating costs [22], [23], the maximum regret [24], the base-case
total operating cost with the adaptivity of day-ahead decisions guaranteed [25], [26], and
the variance of the total operating cost [27]. To reduce the intrinsic conservativeness of
robust optimization, some models employ multiple scenario sets [28] or a single multi-band
scenario set [29], [30]. Furthermore, the scenario set itself can be adjusted to minimize the
base-case total operating cost with a limited operational risk [31], [32].

All the above-mentioned robust UC models are of the two-stage formulation. In contrast
to stochastic programming, robust optimization is not easily applied within the two-stage
non-anticipative framework as infinitely many scenarios of VRE generation are considered
in general. Existing two-stage non-anticipative robust UC models include the ones in
[33] and [34]. The model in [33] uses an affine policy [35], where the power output of
each generator at each time period is modeled as an affine function of the current VRE
generation. The coefficients of the function are determined so that power supply and
demand are always balanced. The specific objective of this UC model is to minimize the
worst-case total operating cost. The affine policy can also be used to plan operations of
BESSs [36]. In [34], some VRE generation scenarios are preselected and the corresponding
power outputs of each generator are first obtained to minimize a weighted sum of the
total operating costs for the preselected scenarios. Subsequently, the power output of
each generator for the actual VRE generation at each time period is computed as a linear
combination of the predetermined power outputs for that time period.

Last but not least, it is noteworthy that a stochastic UC model is studied within a three-
stage framework in [37]. The three decision-making stages in this model represent a day-
ahead electricity market, an intra-day electricity market, and the real-time operation in the
real world, respectively. The intra-day market, which is the newly added decision-making
stage compared with two-stage stochastic UC models, makes adjustments to 24 hourly
schedules settled at the day-ahead market and closes a few hours before the first power
delivery on the planning horizon. The three-stage stochastic UC model is demonstrated
to be superior to its two-stage counterpart through numerical simulations. To the best of
the author’s knowledge, no robust UC model based on the three-stage or the three-stage
non-anticipative framework, which further enables the non-anticipative real-time decision-

making, is found in the literature.



1.2.2 UC with Uncertain Demand Response

Similarly to the uncertainty of VRE generation, that of demand response can be addressed
using stochastic programming and robust optimization [38]-[41]. The uncertainty con-
sidered in [38]-[41] is specifically that in the demand curve of each customer, which is
dealt with more directly in the form of the utility function of power consumption. In [38],
stochastic programming is applied within the two-stage framework; the UC model is solved
under the uncertainty of demand response at the day-ahead stage, and the power output of
each generator is determined simultaneously with the power consumption of each customer
for the actual utility at the real-time stage. The objective of this model is to maximize the
expected social welfare; the social welfare is defined in this dissertation as the total utility
of power consumption by customers subtracted by the total operating cost of generators.
The model in [39] uses robust optimization within the two-stage framework to maximize
the worst-case social welfare. The models in [40] and [41] also employ robust optimization
to maximize the worst-case social welfare, but assume only one decision-making stage in
addressing the uncertainty of demand response; the power output of each generator and
the power consumption of each customer are determined while the utility is uncertain, and
not adjusted afterwards. Owing to its adaptivity, the two-stage framework used in [39]

never achieves a lower social welfare than the single-stage one in [40] and [41].

1.3 Contributions and Organization

As its main contributions, this dissertation proposes three robust UC models to address
the uncertainty of VRE generation or that of demand response. In this section, the three
proposed models are briefly explained. Thereafter, the rest of this dissertation is outlined.

The first proposed model is a two-stage non-anticipative robust UC model for a power
system of generators, BESSs, loads, and VRE generation systems under the uncertainty of
VRE generation; the generators and the BESSs indicate fossil-fuel-based ones that cannot
be turned on or off promptly and stationary ones, respectively. This model can be used
to minimize the worst-case total operating cost. Although the affine-policy-based model
in [33] has the same objective, which also enables the non-anticipative real-time decision-
making, its solution might be too conservative. This is because the operating level is
modeled as an affine function of the VRE generation. To balance power supply and demand
in a less costly way, the first proposed model uses a novel approach where the operating level
of each power source at each time period is optimized by solving a single-period ED problem
for the actual VRE generation at the same time period. To this aim, the operating range of
each power source at each time period is determined with the operating status at the day-
ahead stage. The operating range is such that every element in it as a possible operating
level is feasible for any operating level of the power source at the other time periods.
The first proposed model is formulated as a two-stage robust optimization problem, which
can be solved by using existing algorithms. It is shown via numerical simulations that
this model is less conservative than the affine-policy-based model. In the meantime, this

dissertation further provides two supplementary methods for the first proposed model to



reduce the actual total operating cost. Combining stochastic programming and robust
optimization, the first supplementary method minimizes the expected total operating cost
for some preselected scenarios of VRE generation with the worst-case total operating cost
bounded by a specified value. By using the second supplementary method, the operating
range of each power source at each time period obtained by solving the first proposed
model is extended so that more economical real-time decisions can be made.

The second proposed model is a three-stage non-anticipative robust UC model for a
power system of generators, BESSs, loads, and wind farms, among other VRE generation
systems, under the uncertainty of wind power. This model can be used to minimize the
worst-case total operating cost, which builds on the first proposed model. Although the
first proposed model is directly applicable with the same objective, the solution may be
unnecessarily costly if the scenario set of wind power is constructed too conservatively. To
lessen the conservativeness of the first proposed model, the second proposed model exploits
the fact that the uncertainty of wind power reduces over time and delays determining the
operating range of each power source at each time period. To this end, an intermediate
decision-making stage, namely the intra-day stage, is introduced between the day-ahead
stage and the first real-time stage; the time scale of the intra-day stage is the same as that
of the second decision-making stage in the three-stage stochastic UC model [37|. Conse-
quently, in the second proposed model, the operating status, range, and level are optimized
sequentially at the day-ahead, the intra-day, and each real-time stage, respectively, under
different degrees of wind power uncertainty. This model is formulated as a three-stage
robust optimization problem, for which existing algorithms are not applicable. To solve
it, a suboptimal approach is developed where an additional constraint is imposed on the
operating range so that one of the operational constraints in the power system of interest
is temporarily ignorable. By this approach, the intractable three-stage robust optimization
problem is reduced to a tractable two-stage robust optimization problem. It is numerically
shown that the second proposed model outperforms the first one when the wind power
uncertainty is severe at the day-ahead stage but reduces greatly at the intra-day stage.

The third proposed model is a two-stage robust UC model for a power system of gen-
erators and loads under the uncertainty of demand response. Each load has an associated
customer. Integrating a demand response program where each customer is allowed to bid
at the real-time stage for their flexible demand, this model maximizes the worst-case social
welfare, i.e., the social welfare for worst-case bidding scenarios. While the model in [39]
assumes the same number of decision-making stages with the same objective, it does not
consider the winning status of each customer as a decision variable. The winning status of
a customer indicates whether or not their bidding is accepted, which is a general modeling
concept of demand response [42]. The third proposed model is novel in that it explicitly
considers the winning status of each customer as a decision variable, enhancing the mod-
eling capability and the flexibility of power system operation. This model is formulated as
a two-stage robust optimization problem whose second-stage problem has integer variables
and an uncertain objective function. To solve it, an algorithm is designed borrowing the

concept of an existing one developed for a different class of problems. Numerical simulation



Chapter 2

* Uncertainty: VRE generation
* Optimization framework: Two-stage non-anticipative

Day-ahead stage First real-time stage Last real-time stage
Operating status & range Operating level Operating level
under uncertainty without uncertainty without uncertainty

* Novelty: The operating level at each real-time stage is obtained by solving a singe-period ED problem.
* Significance: This approach is less conservative than the one in [33].

Chapter 3

* Uncertainty: Wind power
* Optimization framework: Three-stage non-anticipative

Day-ahead stage Intra-day stage First real-time stage Last real-time stage
Operating status Operating range Operating level Operating level
under uncertainty under decreased uncertainty without uncertainty without uncertainty

* Novelty: The three-stage non-anticipative framework is used.
* Significance: This approach reduces conservativeness of the one in Chapter 2.

Chapter 4

* Uncertainty: Customers’ bidding
 Optimization framework: Two-stage

Day-ahead stage Real-time stage
Operating status Operating level, winning status & power consumption
under uncertainty without uncertainty

* Novelty: The winning status of each customer is optimized.
» Significance: This approach improves modeling capability compared with the one in [39].

Fig. 1.3. Summary of the proposed models in Chapters 2—4.

results show the effectiveness of this model.

The rest of this dissertation comprises four chapters. Chapter 2 explains the first pro-
posed model and the two supplementary methods in further detail. Chapters 3 and 4 study
in depth the second and third proposed models, respectively. Each of Chapters 2-4 be-
gins with an introductory section elucidating the motivation of the corresponding proposed
model and ends with a section summing it up. Each of these chapters is also equipped with
sections providing a mathematical formulation of the proposed model, a solution method,
and numerical simulation results. Finally, Chapter 5 closes the dissertation. Fig. 1.3

summarizes the proposed models described in the three main chapters.

Remark 1.3.1. The core idea used in the first proposed model is also suggested in several
existing research papers, e.g., [43| and [44], which are independent of this dissertation and

not further mentioned.






Chapter 2

Two-stage Non-anticipative Robust
UC with Uncertain VRE Generation

This chapter explains the novel two-stage non-anticipative robust UC model for addressing
the uncertainty of VRE generation and the two supplementary methods. This chapter is
organized as follows: Section 2.1 explains the motivation of the proposed model. Section
2.2 models the power system of interest. Section 2.3 presents a deterministic UC model
without considering any uncertainty. Section 2.4 models the uncertainty of VRE genera-
tion. Section 2.5 gives the mathematical formulation of the proposed model. Section 2.6
describes a solution method. Section 2.7 discusses numerical simulation results. Sections
2.8 and 2.9 provide the first and second supplementary methods, respectively. Section 2.10

summarizes the chapter.

2.1 Motivation

For a system operator who wishes to minimize the worst-case total operating cost under
the uncertainty of VRE generation, the affine-policy-based two-stage non-anticipative ro-
bust UC model studied in [33] yields a more practical solution than any two-stage robust
UC model. However, because the operating level of each power source at each time period
is modeled as an affine function of the VRE generation, the solution might be unneces-
sarily costly. To reduce the conservativeness in the affine policy, the proposed model uses
a different approach to realizing the non-anticipative real-time decision-making. In the
proposed model, a range of the operating level of each power source at each time period
is determined at the day-ahead stage with the operating status so that the operating level
can be obtained by solving a single-period ED problem parameterized with the VRE gen-
eration at the same time period. To give mathematical descriptions of the proposed model,

the power system of interest is first modeled in the following subsection.

2.2 Power System Modeling

In the proposed model, a power system with I buses and L transmission lines is considered.
The planning horizon is discretized with T" time periods. The index set of the buses, that
of the transmission lines, and that of the time periods are denoted by Z := {1,2,..., I},



10

L:={1,2,...,L}, and T := {1,2,...,T}, respectively. To represent the transmission
network, a DC power flow model is used, which is an approximation to a single-phase AC
power flow model [45], [46]. In the latter model, each bus has four associated parameters,
namely the voltage magnitude, the voltage angle, the active power injection, and the
reactive power injection, yielding nonlinear equations describing the active and reactive
power flow in each transmission line. In the DC power flow model, on the other hand,
only the active power injection is addressed under the following assumptions: First, the
resistance of each transmission line is small enough compared with its reactance. Second,
the voltage magnitudes at all the buses are approximately equal. Lastly, the voltage angle
difference between any two connected buses is small enough. By these assumptions, the
nonlinear equations in the AC power flow model are linearized. The active power flow in a
transmission line is then computed as a linear combination of the active power injections
at all the buses, whose coefficients are called power transfer distribution factors [47]. As
the reactive power injection is ignored, only the following two systemwide constraints are
imposed on the entire transmission network: First, the active power injections at all the
buses add to zero, which corresponds to the power supply-demand balance condition.
Second, the amount of active power flow in a transmission line is limited by its capacity.

Without loss of generality, it is assumed that a generator, a BESS, a load, and a VRE
generation system are connected to each bus, all with the same index as that of the bus.
The decision variables of each generator at each time period are the operating status, which
indicates whether it is turned on or off, and the operating level, i.e., its power output. The
generators cannot start up or shut down instantly; once a generator starts up, a certain
amount of time has to pass before it can be turned off again. This time length is called the
minimum up time; the minimum down time is similarly defined. Furthermore, the power
output of each generator in operation at each time period has to be greater than or equal
to the minimum possible power output and be smaller than or equal to the maximum
possible power output. The increase and decrease in the power output of each generator
over two consecutive time periods are also limited by the ramp-up and ramp-down rates,
respectively, if it is turned on at both time periods. If the generator starts up or shuts
down at the second time period, then its start-up-ramp and shut-down-ramp rates are
applied instead of the ramp-up and ramp-down rates, respectively. Moreover, the increase
and decrease in the power output of each generator within each time period is limited by
the maximum possible spinning reserve. The operating costs of each generator are divided
into fixed and variable ones. The fixed operating cost of a generator is defined as the sum
of its no-load, start-up, and shut-down costs, which are incurred when it is turned on,
starts up, and shuts down, respectively, regardless of its power output. Depending on the
power output, the variable operating cost of a generator is modeled as a linear function for
the sake of simplicity. Modeling the variable operating cost more generally and practically
as a piecewise linear function is straightforward [48].

The decision variables of each BESS at each time period are the operating status,
which indicates whether it is charging or discharging, and the operating level, i.e., its

power input or output. Differently from the generators, the operating status of the BESSs
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can be quickly changed. However, there are maximum possible values of the power input
and output, and more importantly, the amount of energy stored. While no fixed operating
cost is incurred, the variable operating cost of a BESS is defined as the sum of the charging
and discharging costs, each of which is modeled as a linear function of the operating level.

The power demand and VRE generation at each bus and time period are considered
unadjustable. Load shedding and VRE generation curtailment are not modeled for the
sake of simplicity. In the following section, the deterministic UC model for this power
system is described where both power demand and VRE generation at each bus and time

period are assumed precisely known.

2.3 Deterministic UC

Without considering any uncertainty, the deterministic UC model is formulated as the

following mixed-integer linear programming (MILP) problem:

uE{O,l}IEiTI,lxeRMT ;; Ciugy + Ciluy, + C’idu?t + C’fa:ft + C’gazit + CPxy, (2.1a)
S.bo Uy — Wp_gy = Uy — ul, VieINVteT, (2.1b)
Uy — U1y S Uy, 7=t min{t - 1+T T} Vi€ IVt €T, (2.1c)
uy oy —uf <l—ul, 7=t mn{t—14+TLT}VieT,VteT (2.1d)
Xl <28 <Xul,, VieIVteT, (2.1¢)
why — a5,y < Riuj_qy + Ry, VieILvteT, (2.1f)
o8,y — o5 < Riuj + Ry, VieIVieT (2.1g)
0<y, <Yi(1-u), VieIVteT, (2.1h)
0<vysy <Y°u, VieIVteT, (2.17)
0 < Sio+ Zt: (E;y;t — ];)yg) <S8, VieIVteT, (2.1j)
=1 (

Z (ngt - xit + a3 — dig + Sit) =0, VteT, (2.1k)
€T

R <Y Fy(af—al, a2l —ditsi) <F, VieLVWteT (2.11)

i€

where u, x, and R denote a vector of binary variables wu}}, uj;, u%, and u, for all 1 € 7
and t € T, a vector of real variables x5, @i, and 2§, for all i € Z and ¢t € T, and the set
of real numbers, respectively. Variables uj,, u};,, and u?t denote the on/off, start-up, and
shut-down status of generator 7 at time period ¢, respectively; u}, being equal to 0 and
1 indicates that it is turned on and off at time period ¢, respectively; if it starts up at
time period ¢, then wj; is set to 1; if it shuts down at time period ¢, then ugf is set to 1.
Variable :czgt denotes the power output of generator ¢ at time period ¢. Variable ug, denotes

the operating status of BESS ¢ at time period t; if it is charging and discharging at time
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period ¢, then u, is set to 0 and 1, respectively. Variables a:%t and z7, denote the power
input and output of BESS 4 at time period ¢, respectively.

Constraints (2.1b)—(2.11) in problem (2.1) are explained as follows: First, constraints
(2.1b)—(2.1g) correspond to the operational constraints of the generators; (2.1b) to the
logical constraint on the operating status; (2.1¢) to the minimum up time constraint with
T} denoting the minimum up time of generator i; (2.1d) to the minimum down time
constraint with T denoting the minimum down time of generator 4; (2.1e) to the possible
range of the power output of each generator at each time period with X, and X; denoting
the minimum and maximum possible power output of generator i, respectively; (2.1f) to
the ramp-up constraint with R}' and R;" denoting the ramp-up and start-up-ramp rates
of generator i, respectively; (2.1g) to the ramp-down constraint with Rfii and Rfd denoting
the ramp-down and shut-down-ramp rates of generator i, respectively. Note that the
constraint on the adjustment of the power output from each generator within each time
period is not considered in the deterministic UC model. Furthermore, constraints (2.1h)—
(2.1j) correspond to the operational constraints of the BESSs; (2.1h) to the possible range
of the power input at each time period with YZ-i denoting the maximum possible power
input of BESS 4; (2.1i) to the possible range of the power output at each time period
with Y,° denoting the maximum possible power output of BESS i; (2.1j) to the storage
constraint at each time period with E};, E?, Sio, and S; denoting the charging efficiency,
discharging efficiency, initially stored energy, and storage capacity of BESS i, respectively.
Finally, constraints (2.1k) and (2.11) correspond to the systemwide constraints; (2.1k) to
the power supply-demand balance condition with d;; and s;; denoting the power demand
and the VRE generation at bus ¢ and time period ¢, respectively; (2.11) to the transmission
capacity constraint with F; and Fj; denoting the power flow capacity of transmission line
[ and the power transfer distribution factor of bus ¢ and transmission line [, respectively.

The objective function (2.1a) of problem (2.1) is the total operating cost, i.e., the sum
of the fixed and variable operating costs of the power sources, where C}', C}, C’Zd7 ng,
C}, and CY denote the no-load cost of generator i, the start-up cost of generator ¢, the
shut-down cost of generator 7, the marginal power output cost of generator ¢, the marginal
power input cost of BESS ¢, and the marginal power output cost of BESS i, respectively.

For the sake of notational simplicity, let problem (2.1) be rewritten compactly as follows:

min cju+cgx (2.2)
ueld xeF1(u)NFs(s)

where s is a vector of s;; for all i € Z and t € T. Sets U, F" (u), and F* (s) are defined as

follows:
U = {u e {0,117, (2.1b)f(2.1d)} ,

F'(u) = {x e R¥T : (2.1e)-(2.1j) },
F5(s) := {x € R¥T: (2.1k) and (2.11)} .
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Vectors ¢; and c9 are such that

c;ru = Z Z Ciuyy + Cltuyy + C’Z»du?t
teT i€l

and
c;x =) > Ciafi+ Cimy + CPafy
teT i€l

represent the fixed and the variable operating costs of the power sources, respectively.

Problem (2.1) can readily be solved by using various off-the-shelf solvers [49]. However,
the solution may not satisfy the systemwide constraints (2.1k) and (2.11) when the power
demand or VRE generation deviates from the predicted values. In the following section, the
uncertainty of VRE generation is modeled. For the sake of simplicity, the power demand

at each bus and time period is assumed to be precisely known.

2.4 Uncertainty Modeling

The proposed model uses a worst-case analysis, for which a set of possible VRE generation
scenarios has to be built. In this chapter, it is assumed that the scenario set is constructed
by using an interval prediction method for simplicity [50]-[53|, which yields an upper and a
lower limit of the VRE generation at each bus and time period; to model the spatiotemporal
correlation of VRE generation, a finite number of linear may be added. Specifically, the

scenario set is defined as follows:
S = {SGRITzﬁz’tSSit < Sit, WGI,WET}

where s;; and 5;; denote the lower and upper limits of s;;, respectively. By using the
proposed model, the total operating cost associated with worst-case scenarios of VRE
generation in S can be minimized. In the following section, the mathematical formulation

of the proposed model is given.

2.5 Problem Formulation

The proposed model is based on the following existing two-stage robust UC model [21]:
: T a
2.3
R CARTAUE) 2

where the objective function is the worst-case total operating cost and f? (u,s) is defined

as the optimal value of the following linear programming (LP) problem:

. T
. 2.4
xeful(lllll)gfs(s) C2X ( )

This model is implemented as follows: First, problem (2.3) is solved at the day-ahead

stage for the scenario set S to determine the operating status u. Subsequently, problem
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(2.4) is solved at the real-time stage to determine the operating level x for the actual
VRE generation s. Notably, problem (2.4) is a multi-period ED problem; the optimal
operating level of each power source at each time period depends on the VRE generation
at all the time periods, which hinders the non-anticipative real-time decision-making. More
specifically, this is due to the dynamic constraints implied by F"(u), i.e., the ramp limit
constraints (2.1f) and (2.1g) of the generators and the storage capacity constraint (2.1j) of
the BESSs. To enable the non-anticipative real-time decision-making, the proposed model
replaces F"(u) by another set without any dynamic constraint. This new set is defined by
the minimum and maximum allowable operating levels of each power source at each time
period, which are determined with the operating status at the day-ahead stage.

Let E,Lgt, E%t, 73, and X denote the maximum allowable power output of generator ¢ at

time period ¢, the maximum allowable charging power of BESS ¢ at time period ¢, the
g
it

Z,, and T, for all i € Z and t € T, respectively. Let also 5, x,, 25, and x denote the

maximum allowable discharging power of BESS ¢ at time period ¢, and a vector of T

minimum allowable power output of generator ¢ at time period ¢, the minimum allowable
charging power of BESS i at time period ¢, the minimum allowable discharging power of
BESS i at time period ¢, and a vector of glgt, @t, and z3, for all i € 7 and t € T, respectively.

The proposed model is formulated as follows:

. T —
min ciu+max f(X,X,s 2.5
i Sl o ) (2.5
where the objective function is the worst-case total operating cost and f (X, x,s) is defined

as the optimal value of the following LP problem:

min_ cg x. (2.6)
x€E[x,X|NF5(s)

Note the difference of the feasible sets F" (u) N F* (s) of problem (2.4) and [x,X] N F*(s)
of problem (2.6). Problem (2.6) is seemingly a multi-period ED problem associated with
all the T" time periods, but contains none of the dynamic constraints of the power sources.
Thus, problem (2.6) can be considered as a series of temporally decoupled T single-period
ED problems each of which is parameterized by the VRE generation at each time pe-
riod. Consequently, the operating level of each power source at each time period can be

determined based on the VRE generation only at the same time period.
Meanwhile, the constraints (2.1e)—(2.1j) of the operating level have to be satisfied in
any case. That is to say, x still has to be in F" (u). Therefore, set X (u) is defined as

follows:
X (u) := { (%,x) e R x RYT . X,ul, <28 <78 < Xul,, VieIVteT, (2.7a)
AR %g(t—l) < Riujy_qy + R'uy, Vi€ VEeT, (2.7b)
Ty — 2 < Riuf + Ry, VieIVteT, (2.7¢)
T8 — 28 < X!, VieIVteT, (2.7d)



0<al, <7, <X/(1-uf), VieIVteT, (2.7¢)
0 <z <75 < XPuj, VieIVteT, (2.7f)
t
|
0< S+ (E;x;t - E@”“"?t) , YieIVteT, (2.7¢)
=1 v
¢ o 1
SZ'SO + Z (E;ilf;t - E)x?t> § Sz‘, Vi € I, Vt € T} (27h)
T=1 g

where constraints (2.7a)—(2.7c), (2.7e¢)—(2.7h) enforce that any x € [x,X] satisfies con-
straints (2.1e)—(2.1j). Specifically, (2.1le) is guaranteed to be met by (2.7a); (2.1f) by
(2.7b); (2.1g) by (2.7c); (2.1h) by (2.7e); (2.1i) by (2.7f); (2.1j) by (2.7g) and (2.7h). In
other words, if (X,x) € X (u), then [x,X] C F" (u) and thus a solution to problem (2.6)
meets all the operational constraints of the power sources and the systemwide constraints.
Furthermore, constraint (2.7d) limits the adjustment of the operating level of each gen-
erator at each time period, where X denotes the maximum possible spinning reserve of
generator 7.

The proposed model is implemented as follows: First, problem (2.5) is solved at the
day-ahead stage for the scenario set S to determine the operating status and range of
the power sources. Subsequently, the T single-period ED problems contained in problem
(2.6) are sequentially solved at the T real-time stages to determine the operating level for
the actual VRE generation. Fortunately, problem (2.5) is a two-stage robust optimization
problem, or more specifically a min-max-min problem, for which many existing algorithms

are readily available. In the following section, one of the existing algorithms is described.

2.6 Solution Method

Many of the existing robust UC models considering the uncertainty of VRE generation are
solved by using Benders decomposition [20]-[22], [54] or the column-and-constraint genera-
tion (C&CG) algorithm [28], [55], both of which are iterative decomposition algorithms. In
this dissertation, problem (2.5) is solved by using the latter as it is reportedly faster than
the former [55]. In the algorithm, a master problem and two subproblems are iteratively
solved to obtain a transient solution and test its feasibility and optimality.

The algorithm is described as follows: For initialization, any s}" € S is selected and the
iteration step P is set to 1. At each iteration step P > 1, the master problem is solved,

which is formulated as the following MILP problem:

B min B ciru—l—n s.t. an;—xp, p=1,...,P (2.8)
ueU,(X,x)€X (1), nER,x, €[x,XINF5 (s}
where x), corresponds to the decision vector of problem (2.6) for s = s)). Let (up,Xp,xp)
denote the solution of problem (2.8) corresponding to (u,X,x). Let also Lp denote the
optimal value of problem (2.8). Note that problem (2.8) is a relaxation of problem (2.5),
i.e., Lp is a lower bound of the optimal value of problem (2.5). Subsequently, the feasibility

of the transient solution is tested by solving the first subproblem, which is formulated as
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follows:
max 7' (Xp,Xp,s) & (2.9)
scS,Efent
where &f, =f, and 7 (X,x,s) are a vector of the dual variables, the feasible set of £l
and a vector of the coefficients in the dual function, respectively, all associated with a
minimization problem of the total amount of violation of the systemwide constraints in
problem (2.6). This minimization problem is formulated as an LP problem based on
problem (2.6), specifically, by introducing auxiliary variables and modifying the objective
function. Then, it follows from strong duality that the optimal value of problem (2.9) is
equal to the worst-case total amount of violence of the systemwide constraints [56].
Let sp,; and Vp denote the solution corresponding to s and the optimal value of

f f'is a predefined tolerance, then it is

problem (2.9), respectively. If Vp > €', where €
implied that implementing [xp,Xp| as the operating range at the real-time stages may
lead to a power supply-demand imbalance. In this case, the iteration step increase to
P + 1 and the master problem (2.8) is solved again. Otherwise, the second subproblem is

solved to test the optimality of the transient solution, which is formulated as follows:

(B, P xe ) E (210)
where £°, Z°, and p (X, x, s) denote a vector of the dual variables, the feasible set of £°, and
a vector of the coefficients in the dual function associated with problem (2.6), respectively.
Due to strong duality, the optimal value of problem (2.10) is equal to the worst-case variable
operating cost when [xp, Xp| is implemented as the operating range at the real-time stages.

Let (sP,, &%) denote the solution of problem (2.10). Let also

e T T (+ o
Up:=up+p (XP’XvaVIg—Q—l) &p,

which is an upper bound of the optimal value of problem (2.5). If Up — Lp > €°, where €°
is a predefined tolerance, then it is implied that the transient solution does not minimize
the worst-case total operating cost within the acceptable error range. In this case, the
iteration step increases to P + 1 and the master problem (2.8) is solved again. Otherwise,
the algorithm terminates and (up,Xp,xp) is returned as a solution of problem (2.5). At
each iteration step P > 1, if either Vp > e or Up — Lp > €°, then it is implied that SPi1
is not equal to s)) for any p < P. This indicates that Lp increases with P and approaches
the optimal value of problem (2.5).

Meanwhile, the objective functions of the subproblems (2.9) and (2.10) include bilinear
terms and cannot be readily solved. Common approaches for solving such problems include
the Big M method [57] and the outer approximation method [58|, [59]. Using the Big M
method, each subproblem is rewritten as an MILP problem with auxiliary binary variables
introduced, guaranteeing the global optimality of the solution [20], [28], [55]. However,
the scalability issue may be faced depending on the number of additional binary variables.
In the outer approximation method, on the other hand, the bilinear terms are iteratively

linearized around transient solutions. Although not guaranteeing the global optimality, this
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method is shown to be computationally efficient in various power system planning models
based on robust optimization [21], [27], [30], [60]. For this reason, in this dissertation, the
two subproblems are addressed using the outer approximation method.

The outer approximation method for solving the first subproblem (2.9) is described as
follows: For initialization, any s:fl € S is selected and the iteration step @ is set to 1. At

each iteration step @ > 1, the following LP problem is solved:

max ¢ (Xp,xp) &N + (sz>T AR (2.11)
gfezt

where subvectors £ and £ of E,f, vector ¢ (X, x), and matrix A are such that
T (®%x8)E =¢" (xx)&" +sTAER

Let 522 and LfQ denote the solution and the optimal value of problem (2.11), respectively.
Let also E,g denote the subvector of E,fQ corresponding to £f2 of E,f. Subsequently, the

following LP problem is solved:

se8,Efe=f ceR

where
Mo ) = () Ae e Tagy - () ae?

is the linearization of the bilinear term s' A& around (s, &?) = (sg,E,gZ). Let SEQ_H
and Ucf? denote the solution corresponding to s and the optimal value of problem (2.12),
respectively. If Ué — LfQ > &%, where €% is a predefined tolerance, then the iteration step
increases to Q+1 and problems (2.11) and (2.12) are solved again. Otherwise, the iteration
terminates and s¥ | is set to 322 as an acceptable solution to problem (2.9). The outer
approximation method for the second subproblem (2.10) is applied in the same way.

Fig. 4.1 illustrates the C&CG algorithm combined with the outer approximation
method for solving problem (2.5). In the following section, performances of the proposed

model are examined through numerical simulations.

2.7 Numerical Simulations

This section tests performances of the proposed model via numerical simulations. In the
simulations, the proposed model is compared with the affine-policy-based model in [33|
with respect to the optimality on a 24-bus and a 300-bus test system. In the following

subsection, the simulation scheme and results for the 24-bus test system are explained.

2.7.1 24-bus Test System

The 24-bus test system consists of 12 generators, 17 loads, three wind farms, three BESSs,
and 34 transmission lines, the parameters of which are shown in Appendix A. The plan-

ning horizon is discretized with 24 hourly time periods. Each load and wind farm have
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Select any s} € S and P + 1

]

‘ Obtain (up,Xp,xp) and Lp by solving (2.8) %

Ive (2.
Solve (2.9) Select any s. € S and Q « 1

l
*>{ Obtain E,EQ and Lg by solving (2.11) ‘

‘ Obtain s§,; and U} by solving (2.12) ‘

Q+—Q+1

‘ Vp ! xP,xP,sQ E,Q ‘

S

Obtain sp; and Up by solving (2.10)

%

‘ Return (up,Xp, xP

End

Fig. 2.1. Solution method for problem (2.5).

an associated demand profile and nominal wind power scenario, respectively. The wind
penetration level of the test system, defined in this dissertation as the fraction of the total
wind power capacity to the peak demand, is 22.64%. To build the scenario set, the upper
and lower limits of the output from each wind farm at each time period are set above and
below the nominal value, respectively, so that their difference is equal to « = 0.1,0.2,...,1
times the wind farm capacity. Fig. 2.2 shows the nominal wind power scenario and the
scenario sets with the different values of « for wind farm 1.

For each value of «, the simulations are conducted as follows: First, the proposed and
the affine-policy-based models are solved to calculate the worst-case total operating costs.
Subsequently, the actual total operating costs for 100 wind power scenarios randomly
chosen from the scenario set are calculated. The simulations are run on MATLAB R2020b
with CPLEX 12.10 using a computer featuring an Intel Core i9 processor and 64 GB of
RAM. The convergence tolerances in the C&CG algorithm are set to 107°; those in the

MIP solver are set to the default values. Moreover, any initial guess required in the C&CG
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Fig. 2.2. Nominal scenario and scenario sets for wind farm 1 in the 24-bus test system.
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Fig. 2.3. Worst-case total operating costs of the 24-bus test system.
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Fig. 2.4. Average actual total operating costs of the 24-bus test system.

algorithm is randomly selected. With these settings, the proposed and the affined-policy-
based models are solved averagely in 2.88 s and 1.86 s, respectively.

The simulation results are presented in Figs. 2.3 to 2.5. Fig. 2.3 shows the worst-case
total operating costs incurred by the proposed and the affined-policy-based models. It is
observed that both models yield the same worst-case total operating cost for each value
of a. Fig. 2.4 shows the average actual total operating costs incurred by the proposed
and the affine-policy-based models. For reference, the minimum possible values of the
average actual total operating cost are also plotted, obtained by solving the deterministic

model (2.1). It is seen that the proposed model reduces the actual total operating cost
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Fig. 2.5. Average percentage decreases in the actual total operating cost of the 24-bus test
system.

in average compared with the affine-policy-based model for all the values of a. Fig. 2.5
shows the average percentage decreases from the actual total operating cost incurred by the
affine-policy-based model to that incurred by the proposed model. The average percentage
decrease tends to increase with «, implying that the more uncertain the VRE generation
is, the more effective the proposed model is compared with the affine-policy-based model.

In this subsection, the scenario sets are built by setting the differences between the
upper and lower limits of wind power equally for all the time periods. In the following

subsection, a more practical setup is used with the 300-bus test system.

2.7.2 300-bus Test System

The 300-bus test system consists of 69 generators, 191 loads, 15 wind farms, 15 BESSs, and
411 transmission lines, the parameters of which are shown in Appendix B. The planning
horizon is discretized with 24 hourly time periods. Each load and wind farm have an
associated demand profile and nominal wind power scenario. The penetration level of
wind power in this test system is 22.01%. In this subsection, the scenario set is constructed
based on empirical data shown in Figure 20 in [61]. This figure illustrates how the fraction
of the interval size, i.e., the difference between the upper and lower limits of wind power
obtained by using the interval prediction method, to the wind farm capacity varies with
look-ahead time from 2 h to 36 h. Based on these data, first, a profile of the fraction of
the interval size to the wind farm capacity is generated as in Fig. 2.6, which is above the
curves in Figure 20 in [61]. The upper and lower limits of wind power at each time period
are then set so that the profile of the interval size over the planning horizon is identical to
the profile in Fig. 2.6 for look-ahead times from 13 h to 36 h multiplied by the wind farm
capacity. The largest look-ahead time of 36 h is chosen considering the values adopted by
existing day-ahead electricity markets where the UC problem is solved [61], [62]|. Fig. 2.7
shows the nominal scenario and the scenario set for wind farm 1.

For the resulting scenario set, the simulations are conducted in the same way as in the
previous subsection with the optimality tolerance in the C&CG algorithm changed to 1073
as a relative tolerance. As a consequence, the proposed and the affine-policy-based models

are solved in 399.37 s and 50.78 s, respectively. The simulation results are as follows: Both
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Fig. 2.7. Nominal scenario and scenario set for wind farm 1 in the 300-bus test system.

models yield the same worst-case total operating cost of 1.37 x 107. Furthermore, the
average actual total operating costs incurred by the proposed, the affine-policy-based, and
the deterministic models are equal to 1.19 x 107, 1.25 x 107, and 1.15 x 107, respectively.
Notably, the proposed model lowers the actual total operating cost compared with the
affine-policy-based model for all the 100 randomly chosen scenarios, averagely by 4.63%.
Through the numerical simulations on the two test systems, it is verified that the
proposed model is more economical than the affine-policy-based model in terms of the
actual total operating cost. However, as the objective of the proposed model is to minimize
the worst-case total operating cost, the actual total operating cost might still be high.
In the following two sections, the two supplementary methods for the proposed model
are developed to reduce the actual total operating cost. The first method can be used
to minimize the expected total operating cost for some representative VRE generation
scenarios that are considered more probable, allowing an increase in the worst-case total
operating cost up to a specified level. Integrating the framework of stochastic programming,
this method requires modifications of the objective function of the proposed model and
is thus explained in the form of another UC model, hereafter referred to simply as the
modified model. Meanwhile, the second method seeks to increase the chance of reducing
the actual total operating cost still minimizing the worst-case total operating cost. This

method is applied after the proposed model, and thus explained independently.
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2.8 Cost Reduction via Integration of Stochastic UC

In this section, the modified model as the first supplementary method for the proposed
model is described. Combining the frameworks of stochastic programming and robust
optimization, the modified model minimizes the expected total operating cost for some
preselected VRE generation scenarios that are more probable with the worst-case total op-
erating cost bounded by a predefined value. Another way of considering both the expected
and the worst-case total operating costs is to minimize their weighted sum [22|. However,
it is not easy to find proper weighting factors leading to an acceptable solution before
actually solving the UC model [63]. In the modified model, the parameter affecting the
trade-off between the expected and the worst-case total operating costs, i.e., the maximum
allowable worst-case total operating cost, is in a monetary unit and thus can be set more
intuitively.

Let 7 :={1,...,J} and s; € S for each j € J denote the index set for the preselected
scenarios of VRE generation and scenario j, respectively. Based on the proposed model

(2.5), the modified model is formulated as follows:

. T —
4 W ,X,S; 2.13
uEU,(g};?EX(u) ‘it Z jf (X * Sj) ( a)
JjeJ
st. 7>clu+ masxf (X,x,s) (2.13Db)
s€

where the objective function (2.13a) is the expected total operating cost for the preselected
scenarios with W) denoting the probability associated with scenario j. Constraint (2.13b)
ensures that the worst-case total operating cost never exceeds 77 € R set by the system
operator.

One straightforward way to solve problem (2.13) is to introduce a decision vector corre-
sponding to x for each preselected scenario and apply the C&CG algorithm. However, this
approach may cause memory shortage as the number of preselected scenarios increases.
To avoid this computational issue, problem (2.13) is solved by using the C&CG algorithm
combined with Benders decomposition. In Benders decomposition for a two-stage robust
optimization problem, similarly to the C&CG algorithm, a master problem and one or
more subproblems are iteratively solved. However, differently from the C&CG algorithm,
only one or more of the most violated constraints, but not decision variables, are added to
the master problem. Benders decomposition is widely studied for not only robust UC mod-
els [20]-]22] but stochastic UC models [64], [65]. To further apply Benders decomposition,
problem (2.13) is first rewritten as follows:

. T
min ciu+ Win,;
uel,(X,x)eX (u),n; ! ]%:7 71

st. 7>cju+f(X,x,8), VseS,
n>p (Xx,8)& VEEE,VieJ

(2.14)
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where 7; is an auxiliary variable introduced to minimize f(X,x,s;). Note that, due to

strong duality, the last constraint in problem (2.14) is rewritten as follows:
UjZf(i,XaSj)» VJEJ

The solution method for problem (2.14) combining the C&CG algorithm and Benders
decomposition is described as follows: For initialization, any s} € S and E,{ € = for all
j € J are selected. Furthermore, R, P;, and Q{ for all j € J are set to 1. At each iteration
step R > 1, the following master problem is solved:

min cju+ Z Win;
ueld,(X,x)€X (u),n; ER,xp €[x,X]NF* (s} ) e

s.t. ﬁzclTu—FcQTxp, p=1,...,Pg, (2.15)

n > (Xx,8)E, q=1,...,Q% VjeT

where x;, corresponds to the decision vector of problem (2.6) for s = si. Let Lg denote
the optimal value of problem (2.15), which is a lower bound of the optimal value of prob-
lem (2.14). Let also (uRiR,zR,nﬁ) denote the solution corresponding to (u,X,x,7’) of
problem (2.15). Subsequently, the first subproblem of the problem (2.14) is solved to check
the feasibility of (Xgr,xp) with respect to the systemwide constraints. As in the case of
the proposed model (2.5), the first subproblem is formulated as problem (2.9). Let Vi and
s, for p = Ppry; denote the optimal value and the solution corresponding to s of problem
(2.9), respectively. If Vg > 0, then the iteration step increases to R + 1 and the master
problem (2.15) is solved again with Pry1 = Pr + 1 and Q%,, = @} for all j € J. If
Vg = 0, then the second subproblem of problem (2.14) is solved to check the feasibility of
(XRr,Xxp) with respect to constraint (2.13b), which is formulated as problem (2.10). If

n<ciug+f(Xr,Xg,8)), p=Prs1 (2.16)

where s)) for p = Pry is defined as the solution of problem (2.10) corresponding to s,
then the iteration step increases to R + 1 and the master problem (2.15) is solved again
with Pri1 = Pr+ 1 and Qg% = Qg{ for all j € J. Otherwise, the following subproblem
of problem (2.14) is solved for each j € J to check the optimality of (Xg,xp) in terms of

the actual total operating cost associated with scenario j:

maxp' (Rp, Xp,$5) & (2.17)

whose optimal value is equal to f (Xg,Xp,s;). Let E,g for g = Qi{—i-l denote the solution of
problem (2.17). Let also

Ti={ic T Uy~ Ly >}
where . A ,
U :==ciur+p' (Xp,Xp,s;) &, ¢=Q%x1

J ._ T J
LR = Cl uR“l_nR,
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and € is a predefined tolerance. If Jp is non-empty, then it is implied that the following

constraint in problem (2.14) is violated for each j € Jp:
T : .
15 > P (X7§7 S]) Ev{p q= %{4_1'

In this case, the iteration step increase to R 4 1 and the master problem (2.15) is solved
again with Pry1 = Pr, Q% = Q% for all j € 7\ JF, and @, = Q% +1 for all j € Jy.
If Jp is empty, then it is implied that all the constraints in problem (2.14) are satisfied. In
this case, the algorithm terminates and (ug,Xp,Xg) is returned as a solution of problem
(2.13).

At each iteration step R > 1, if Vg > 0 or inequality (2.16) holds, then it is implied
that s} for p = Pry1 is not equal to sy for any p < Pgr. Moreover, if Jp is non-empty,
then it is implied that, for each j € Jjg, Efz for ¢ = Q%’.—H is not equal to E{I for any q < Q%z
This indicates that the optimal value of problem (2.15) increases with R and approaches
the optimal value of problem (2.14). Note that other convergence criteria may be used
instead to deal with the optimality of the expected total operating cost. For example, the
difference of an upper and a lower bound of problem (2.14) may be evaluated, which can
be computed by solving problems (2.15) and (2.17) for all j € J, respectively.

To examine performances of the modified model, numerical simulations are conducted
on the 24-bus test system used in Section 2.7 with the scenario set for o = 0.3. As the
preselected scenarios, J = 5,10,15,20 randomly chosen wind power scenarios are used.
Each preselected scenario is assumed to have the same probability, i.e., W; = 1/J for
all 5 € J. In the simulations, three UC models are implemented as follows: First, the
proposed model (2.5) is solved. Subsequently, another UC model is solved to minimize
the expected total operating cost with the feasibility of problem (2.6) guaranteed for any
scenario in the scenario set; the worst-case total operating is not explicitly considered.
Finally, the modified model (2.13) is solved with 7 set to the middle point of the worst-case
total operating costs incurred by the first two models. In solving the modified model, the
optimality tolerance €® for the actual total operating cost associated with each preselected
scenario is set to 1073 as a relative tolerance. For each value of J, the worst-case and the
expected total operating costs incurred by the three models are compared.

Figs. 2.8 and 2.9 show the worst-case and the expected total operating costs, respec-
tively, incurred by the three UC models. It is observed that the modified model yields a
lower expected total operating cost than the proposed model by allowing an increase in
the worst-case total operating cost up to the maximum allowable value. Meanwhile, the
modified model requires much higher computation time than the proposed model; specif-
ically, the modified model is solved in 4191.80 s, 7747.56 s, 9981.91 s, and 13151.79 s for
J = 5,10, 15,20, respectively. This is due to the relatively slow convergence of the actual
total operating costs associated with the preselected scenarios, which necessitates a novel

technique to accelerate the algorithm.
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Fig. 2.8. Worst-case total operating costs incurred by the proposed, second tested, and modified
models.
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Fig. 2.9. Expected total operating costs incurred by the proposed, second tested, and modified
models.

2.9 Cost Reduction via Interval Extension

In this section, the second supplementary method for the proposed model is described. The
objective of this method is to increase the chance of reducing the actual total operating
cost, or more precisely, the actual variable operating cost, while still minimizing the worst-
case total operating cost. The idea is to extend the operating range of each power source
at each time period obtained by solving the proposed model. As the optimal value of
a minimization problem is equal to or smaller than that of the same problem but with
another feasible set containing the original one, this method may well decrease the actual
variable operating cost.

Let (ub7 X, gb) denote the solution of the proposed model (2.5). In the second supple-
mentary method, set [x”, X"], which serves as part of the feasible set of the operating level
x in problem (2.6), is expanded. The expanded set is also designed based on constraints
(2.72)—(2.7h) to enable the non-anticipative real-time decision-making. Specifically, the
expanded set is modeled as a set [x®,X?] such that (X*,x*) € X(uP), where x* and X* are
the decision vectors. Furthermore, to still minimize the worst-case total operating cost,
(x*,x*) is determined so that [x°,X"] C [x* %X?]. This leads to f(%X*,x%s) < f(X,xP,s)
for any s € S, increasing the chance of reducing the actual variable operating cost.

Notably, the larger any entry in (X* — x*) € R37 is, the lower the actual variable
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operating cost f(X* x*,s) is likely to be for any s € S. However, it is impossible to
maximize all the entires in (X* — x*) to the fullest as (X*,x*) has to be in X' (u®). Thus,
the second supplementary method to determine (X*,x?) is formulated first as the following

multi-objective optimization problem:

max X —x" (2.18a)
(x* xd)GX( )
b

[

s.t.

and X° < X* (2.18b)

where the objective vector (2.18a) include 31T objective functions each of which is the
width of the operating range of each power source at each time period. Constraint (2.18b)
implies [xP, %] C [x?,X?).

As a multi-objective optimization problem, problem (2.18) can be addressed based on
various criteria [66], [67]. In this dissertation, the problem is solved using the method of
global criterion [68], which does not require any preference information on each objective
function [69]. In the method of global criterion, the distance of the objective vector and
the ideal objective vector is minimized in terms of, e.g., the p-norm where 1 < p < co. The
ideal objective vector refers to the vector each entry of which is the maximum possible value
of the corresponding entry in the objective vector. In this dissertation, with the 2-norm
chosen as the distance metric, problem (2.18) is converted to the following single-objective

optimization problem:

min  [[f*— (X* —x%)||2 s.t. (2.18b) (2.19)
(x*x2)eX (uP)
where ||-||2 and f* represent the 2-norm and the ideal objective vector associated with

problem (2.18), respectively. For k = 1,2,...,3IT, the kth entry of f* is equal to the
optimal value of the following LP problem:

max Ty —xy s.t. (2.18b)
(ia,ga)eX(ub)
where 73, and z3 denote the kth entries of X* and x?, respectively. The solution of problem

(2.19) is obtained by solving the following convex quadratic programming problem:

min  ||f* — (X* — x| st (2.18b). (2.20)
(Ka,ga)eX(ub)

Let (X**, x%*) denote the solution of problem (2.20). By implementing [x**,X**] instead of
[zb,ib] as the operating range at the real-time stages, the chance of reducing the actual
total operating cost increases with the worst-case total operating cost still minimized.

To test performances of this supplementary method, numerical simulations are con-
ducted on the 24-bus test system used in Section 2.7 with the scenario set for o = 0.3.
In the simulations, the proposed model (2.5) is first solved. Subsequently, the actual total
operating costs for 100 randomly chosen wind power scenarios are calculated before and

after the method. By using the method, the operating ranges of generators 1, 2, 6, 7, 11,
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Fig. 2.10. Operating ranges of generators (a) 1, (b) 2, (c) 6, (d) 7, (e) 11, and (f) 12.

and 12 at some time periods are indeed extended as shown in Fig. 2.10; those of the other
generators and the BESSs do not change. As a result, the actual total operating cost for
each of the 100 scenarios is reduced averagely by 0.27%. Meanwhile, problem (2.20) is
solved in 8.55 s. The computation time can be shortened by solving the problem sepa-
rately for each power source, as it does not impose any coupling constraint on the decision

variables for different power sources.

2.10 Summary

In this chapter, the novel two-stage non-anticipative robust UC model and the two sup-
plementary methods were studied to deal with the uncertainty of VRE generation. The
proposed model enables the non-anticipative real-time decision-making by confining the
operating range of each power source at each time period. The simulation results verified
that this strategy is less conservative than the affine policy. It was also shown that the
two supplementary methods can further lower the actual total operating cost.

However, the proposed model itself might be overly conservative and show a poor worst-
case performance if the uncertainty is too huge; notably, the supplementary methods cannot

reduce the worst-case total operating cost. This issue is addressed in the following chapter.
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Chapter 3

Three-stage Non-anticipative Robust
UC with Uncertain Wind Power

This chapter studies the novel robust UC model considering the decreasing uncertainty
in wind power forecasting. This chapter is organized as follows: Section 3.1 explains the
motivation. Section 3.2 overviews the optimization framework. Section 3.3 models uncer-
tainties considered in the proposed model. Section 3.4 gives the mathematical formulation.
Section 3.5 presents a solution method. Section 3.6 discusses numerical simulation results.

Section 3.7 summarizes the chapter.

3.1 Motivation

One of the intrinsic issues of the two-stage non-anticipative robust UC model proposed
in the previous chapter is that it may yield a costly solution or even not be feasible if
the scenario set is built too conservatively. Meanwhile, the forecasting accuracy of wind
power, among other types of VRE generation, improves with time as more observation
data, which are temporally more correlated to the actual wind power, are available [70],
[71]. Indeed, it is shown in [61], [72], |73] that wind power forecasting errors grow with
look-ahead time. Considering that the model in the previous chapter assumes only one
scheduling stage, it may solve the issue to add another so that the decreasing wind power
uncertainty can be exploited. Based on this idea, to achieves less conservative scheduling
of power sources under severe wind power uncertainty, the model proposed in this chapter
introduces an intermediate decision-making stage, namely the intra-day stage, between
the day-ahead and the first real-time stages. The new decision-making stage corresponds
to the intra-day market considered in the three-stage stochastic model [37]; the time gap
between the day-ahead and the intra-day stages is thus assumed to be around 10 h.

In this chapter, the power system described in Section 2.2 is considered with each VRE
generation system assumed to be a wind farm; the symbols are used without change except
those for the VRE generation systems. For descriptive purposes, the models proposed in
the previous and this chapter are hereafter referred to as the two-stage and the three-stage
models, respectively. Furthermore, the real-time stages assumed in both the two-stage

and the three-stage models are described as a single decision-making stage for the sake of
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brevity. In the following section, the optimization framework in the three-stage model is

overviewed.

3.2 Overview

The biggest difference of the two-stage and the three-stage models is that the former
assumes one scheduling stage, whereas the latter does two. In the two-stage model, the
operating status and range are optimized simultaneously at the day-ahead stage for a given
scenario set. Subsequently, the operating level is determined at the real-time stage for the
actual wind power. In the three-stage model, on the other hand, the operating range is
optimized at the intra-day stage. That is to say, the operating status, range, and level
are optimized sequentially at the day-ahead, intra-day, and real-time stages, respectively.
To exploit the fact that the uncertainty in wind power forecasting decreases over time,
the scenario set is constructed at the intra-day stage, not the day-ahead stage, using the
interval prediction method. The scenario set constructed at the day-ahead stage for the
two-stage model and that at the intra-day stage for the three-stage model are hereafter
referred to as the day-ahead and the intra-day scenario sets, respectively.

The objective of the three-stage model is the same as that of the two-stage model,
i.e., to minimize the worst-case total operating cost. Therefore, both operating status
and range are optimized using the minimax criterion. When determining the operating
status at the day-ahead stage, there are two uncertainties resolved at the two subsequent
decision-making stages: the uncertainty in predicting the intra-day scenario set resolved
at the intra-day stage and that in predicting the actual wind power for a given intra-day
scenario set resolved at the real-time stage. This implies that the operating status has to
be determined assuming worst-case wind power scenarios in worst-case intra-day scenario
sets. With this aim, a collection of possible intra-day scenario sets is constructed at the
day-ahead stage. In this dissertation, the collection of possible intra-day scenario sets is
referred to as the vaguity set. As the intra-day scenario set is built using the interval
prediction method, the vaguity set is constructed by setting a lower limit to the lower limit
in, and an upper limit to the upper limit in each interval of the intra-day scenario set.
Furthermore, the size of each interval is bounded above to model the largest projected
wind power uncertainty at the intra-day stage [52], [53]. These parameters of the vaguity
set can be determined practically in various ways. For example, the lower (upper) limit
of the lower (upper) limit in each interval of the intra-day scenario set can be set to the
lower (upper) limit in each interval of the day-ahead scenario set. Moreover, the upper
limit of the interval size of the intra-day scenario set can be set based on historical data
on the interval size obtained for different look-ahead times. At the intra-day stage, the
uncertainty in predicting the actual wind power is the only uncertainty. The operating
range is thus optimized assuming worst-case wind power scenarios in the actual intra-day
scenario set. Finally, at the real-time stage, the operating level is optimized to minimize

the variable operating cost for the actual wind power.
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Considering the three decision-making stages, the three-stage model is formulated as a
three-stage robust optimization problem. This problem is suboptimally addressed by solv-
ing instead a tractable two-stage robust optimization problem. Before going into detail on
the mathematical formulation, the two uncertainties in the three-stage model are modeled

in the following section.

3.3 Uncertainty Modeling

To exploit the decreasing uncertainty of wind power, the three-stage model uses the intra-
day scenario set instead of the day-ahead scenario set. The intra-day scenario set is built
by using the interval prediction method and denoted by W := [w, W] C R/T where w and
w represent the vector of w,, and that of wy for all i € Z and t € T, respectively; w,, and
w;+ denote the lower and upper limits of the power output w;; from wind farm ¢ at time
period ¢, respectively, both set at the intra-day stage and unknown at the day-ahead stage.

Meanwhile, to consider worst-case intra-day scenario sets, the vaguity set is also con-
structed at the day-ahead stage. The vaguity set is equivalently represented by the follow-

ing set of pairs of w and w:
W::{(W,g)eRfoRIT:ﬂdgﬂgwgwd and W—ﬂg\?v*}

d w4, and w* denote the vectors of Q%, @?t, and W}, for all 7 € Z and t € T,

where w'
respectively; w?t, E?t, and w}, denote the lower limit of w;;, the upper limit of w;, and the
upper limit of the difference (w; — w;;) of Wy and wy;, respectively, all of which are set at
the day-ahead stage. Notably, (w;; — w;;) can be interpreted as the degree of wind power
uncertainty at the intra-day stage and is bounded by j;,. In the following subsection, the

mathematical formulation of the three-stage model is given.

3.4 Problem Formulation

For the vaguity set W, the three-stage model is formulated as follows:

. T _
min< c; u+ max u,w,w 3.1
ueu{ ! (W,E)GWQ( )} (3:-1)
where g (u, W, w) denotes the minimum variable operating cost for worst-case wind power
scenarios in a given intra-day scenario set w. Specifically, ¢ (u,W,w) is defined as the

optimal value of the following problem:

min  max f (X, X, W 3.2
i max (., w) 32
where w is the vector of w;; for all i € Z and ¢t € T. Moreover, f (X,x,w) represents the
minimum variable operating cost for a given wind power scenario w, i.e., the optimal value

of problem (2.6) for s = w.
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The three-stage decision-making framework in the three-stage model is realized ideally
by solving problem (3.1) to determine the operating status at the day-ahead stage, prob-
lem (3.2) to determine the operating range at the intra-day stage, and problem (2.6) to
determine the operating level at the real-time stage. However, problem (3.1) is a three-
stage robust optimization problem, or more specifically, a min-max-min-max-min problem,
for which no standard algorithm exists; problem (3.2) is a two-stage robust optimization
problem that can be solved using well-studied cutting-plane methods, e.g., Benders decom-
position and the C&CG algorithm, as explained in the previous chapter. In the following

section, the suboptimal solution method for problem (3.1) is suggested.

3.5 Solution Method

In this section, the two-stage robust optimization problem is formulated to obtain a subop-
timal solution to problem (3.1). While there is no standard algorithm that exactly solves
the three-stage model (3.1), for the single-bus version of the power system of interest, i.e.,
the power system of interest without the transmission capacity constraint (2.11), the three-
stage model is formulated as a tractable two-stage robust optimization problem. To show

this, let the three-stage model for the single-bus system be written as follows:

. T s _
min<c; u+ max u,w,w 3.3
weld { 1 (W,w)EW g ( ) 7)} ( )
where ¢° (u, W, w) is the minimum variable total operating cost for worst-case wind power
scenarios in a given intra-day scenario set w. Specifically, ¢° (u,w,w) is defined as the

optimal value of the following problem:

in max f°(X,x,w 3.4

e, max (%% W) (3:4)

where f*(X,x,w) denotes the minimum variable operating cost for a given wind power

scenario w. Specifically, f®(X,x,w) is defined as the optimal value of the following prob-
lem:

min cgx s.t. (2.1k) (3.5)

XE[X,X]

where the power supply-demand balance condition is the only systemwide constraint.

Problem (3.5) is a series of single-period ED problems for the single-bus system, imply-
ing that the merit-order dispatch is possible at each time period. This further means that
the all-maximum and all-minimum wind power scenarios can be considered as the possible
worst-case ones at each time period. Therefore, problem (3.4) is rewritten as the following
LP problem:

min 1"
(%,x)eX (u)neR”
st.om > (CPmy + Claly + C7T), VHET, (3.6a)

1€T
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n =Y (Clay + Oz + CPay), VEeT, (3.6b)
i€

> (@i —ah + T — dig +wy) =0, VEET, (3.6¢)

€L

ST (@ — T+ 2y —di + W) =0, VteT (3.6d)

1€

where 11 and 1 represent a vector of 1, for all ¢ € 7 and the T-dimensional all-ones vector,
respectively; n; denotes the worst-case variable operating cost at time period t. The right-
hand sides of constraints (3.6a) and (3.6b) correspond to the variable operating costs for
the all-minimum and all-maximum wind power scenarios, respectively. Constraints (3.6¢)
and (3.6d) specify the operating levels for the all-minimum and all-maximum wind power
scenarios, respectively. Since problem (3.4) is rewritten as an LP minimization problem,
problem (3.3) can be considered as a tractable two-stage robust optimization problem.

Although the three-stage models (3.1) for the power system of interest and (3.3) for
the single-bus system have seemingly the same structure, only the latter is tractable. This
is due to the difference in the scales of problems (3.2) and (3.4). In fact, problem (3.2)
is rewritten as an LP minimization problem using the duality principle. However, the
number of variables or constraints in it is too large for problem (3.1) to be solved using the
cutting-plane methods. By contrast, problem (3.4) is rewritten as a much more small-scale
LP minimization problem as shown above, thus making problem (3.3) solvable.

The basic idea of the suboptimal approach for problem (3.1) is to impose a constraint
on the operating range for each possible intra-day scenario set so that the power system of

interest can be considered as the single-bus system. The constraint is written as follows:

~R<Y (o —al by - Fadg v wy), VIELVIET,
1€T

+ (3.7)
g i— o+ +
E :(xzt — Ty Ty _Fildit+wit> <F, VYielNteT
1€L
where
gt ._ g =8 g— . g =8
x = max {Fyas, FuTyt, xy = min{Fag, Fuzgt,
i+ i —i i— . i i
a = max {Fyzjy, FyTy, ), aj; :=min {Fyzj, FyT, ),
o+ ._ o —0 o— .__ . o —o
wy = max {Fyafy, Fyxy}, @y o= min {Fyaf, Fyah},

+ . - — T
wyy = max {Fyw,, Fyw;}, w; = min{Fw;, Fyw} .

Regarding problem (3.2), if (X,x) € & (u) further meets constraint (3.7), then the power
system of interest can be considered as the single-bus system for the intra-day scenario set
w as constraint (2.11) will be satisfied for any x € [x,X] and w € W at the real-time stage.
The two-stage robust optimization problem to obtain a suboptimal solution to problem

(3.1) is formulated by adding constraint (3.7) to problem (3.2) as follows:

in<c; (u,w 3.8
ll}gg{clqu(w{rvlf)uéWf (u,w,w)} (3.8)
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where

fu,w,w) = i 1™ st. (3.6), (3.7 3.9
S (w0 w) (iz)egl(%,neRT L (36), (3.7) (3:9)

is equal to the optimal value of problem (3.2) with the additional constraint (3.7). Note
that constraint (3.7) is rewritten as 2L7 linear inequalities and thus problem (3.9) is recast
as an LP minimization problem. The LP reformulation of problem (3.9) has a significantly
small number of variables or constraints compared with a duality-based LP reformulation of
problem (3.2). Consequently, problem (3.8) can be solved by using Benders decomposition
or the C&CG algorithm similarly to problem (3.3). In this dissertation, problem (3.8) is
solved in the same way as problem (2.5), which has the same structure. To avoid repetition,
the algorithm for problem (3.8) is not described in detail.

To sum up, the three-stage decision-making framework of the three-stage model can
be realized practically by solving problem (3.8) at the day-ahead stage, problem (3.2) at
the intra-day stage, and problem (2.6) at the real-time stage. In the following section,

performances of the proposed approach is tested via numerical simulations.

3.6 Numerical Simulations

This section test performances of the three-stage model via numerical simulations. In the
simulations, the three-stage model is compared with the two-stage model with respect to
the optimality on the 24-bus and 300-bus test systems used in Section 2.7. In the following

subsection, the simulation scheme and results for the 24-bus test system are explained.

3.6.1 24-bus Test System

In this subsection, the relationship between performances of the three-stage model and
the degrees of wind power uncertainty at the two scheduling stages is analyzed on the
24-bus test system. To build the day-ahead scenario set for the two-stage model and the
vaguity set for the three-stage model, two simulation parameters § = 0.2,0.4,...,1 and
v = 0.1,0.2...,1 are introduced. Regarding the day-ahead scenario set, the upper and
lower limits of the output from each wind farm at each time period are set above and
below the nominal value, respectively, so that their difference is equal to § times the wind
farm capacity. As for the vaguity set, the upper (lower) limit of the upper (lower) limit in
the intra-day scenario set is set to the upper (lower) limit in the day-ahead scenario set.
Furthermore, the upper limit of the interval size of the intra-day scenario set is set to ~y
times the interval size of the day-ahead scenario set. Notably, 5 and 7 can be interpreted as
the degree of uncertainty at the day-ahead stage and the maximum degree of uncertainty
at the intra-day stage, respectively.

For each pair of 8 and «, which defines the day-ahead scenario set and the vaguity set,
the simulations are conducted as follows: First, the two-stage and the three-stage models
are solved for the day-ahead scenario set and the vaguity set, respectively. Subsequently,
10 intra-day scenario sets of the largest interval size are randomly chosen from the vaguity

set. For each intra-day scenario set, problem (3.2) is solved with the operating status fixed
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to the one obtained by solving three-stage model. For fair comparisons, the operating
range for the two-stage model is updated by solving problem (3.2) with the operating
status fixed to the one obtained by solving the two-stage model. Furthermore, 10 wind
power scenarios are randomly chosen from each intra-day scenario set. For each wind
power scenario and each model, problem (2.6) is solved. Meanwhile, the worst-case total
operating cost assumed at the day-ahead stage (DA-TOC), the worst-case total operating
cost for each of the 10 intra-day scenario sets assumed at the intra-day stage (ID-TOC),
and the actual total operating cost for each of the 100 wind power scenarios incurred at
the real-time stage (RT-TOC) are calculated for each model.

The simulations are run on MATLAB R2020b with CPLEX 12.10 using a computer
featuring an Intel Core i9 processor and 64 GB of RAM. The convergence tolerances in the
C&CG algorithm are set to 1075; those in the MIP solver are set to the default values. Any
initial guess required in the C&CG algorithm is randomly selected. With these settings, the
two-stage and the three-stage models are solved averagely in 3.18 s and 2.71 s, respectively.
Moreover, problem (3.2) for both models is solved averagely in 1.38 s.

The simulation results are presented in Fig. 3.1 and 3.2. Fig. 3.1 shows the DA-
TOCs, the average ID-TOCs, and the average RT-TOCs incurred by the two-stage and
the three-stage models. For reference, the minimum average RT-TOCs are also plotted,
which are calculated by solving the deterministic model (2.1). It is observed that the three
indices associated with the three-stage model increase with « for each 5 and become more
sensitive to change in v as § grows. This indicates that the worst-case or actual total
operating cost at each decision-making stage can be reduced by improving the worst-case
forecasting accuracy at the intra-day stage, especially when the wind power uncertainty is
severe at the day-ahead stage. Fig. 3.2 shows the average percentage decreases from the
DA-TOC, ID-TOC, and RT-TOC incurred by the two-stage model to those incurred by
the three-stage model. It is seen that the larger 5 is and the smaller « is, the higher the
average percentage decrease tends to be. This implies that the three-stage model can be
particularly effective when the uncertainty is large at the day-ahead stage and expected to
reduce greatly at the intra-day stage.

In the simulations above, each randomly chosen intra-day scenario set is of the maxi-
mum interval size. To investigate the sensitivity and uncertainty of the relative performance
of the three-stage model with regard to the actual degree of uncertainty at the intra-day
stage and the actual wind power, percentage decreases from the RT-TOC incurred by the
two-stage model to that incurred by the three-stage model for another 5000 wind power
scenarios are further calculated. The 5000 wind power scenarios are randomly selected
from 50 intra-day scenario sets, 100 scenarios from each set, which are generated around
the nominal scenario so that the interval sizes are equal to § = 0.02,0.04,...,1 times the
largest value assumed in the vaguity set for (8,7) = (1,0.8). Fig. 3.3 shows box plots of
all the 5000 percentage decreases and 100 out of them associated with each value of §. It
is observed that the percentage decrease varies over a far smaller range for a fixed value of
6. This implies that the relative performance of the three-stage model is more sensitive to

change in the actual degree of uncertainty at the intra-day stage than to that in the actual



36

‘+ Two-stage - Three-stage -e-Det.

5
oo 0000
4 Lo & — b
$ssts00-00o
39-0-0-0-0-0-0-00 i
2 DA-TOC $=0.2| |DA-TOC $=0.4| |DA-TOC 3=0.6] | DA-TOC (=0.8| |DA-TOC =1
5
— 3
vy
=4 ’*./0 e
z 3 . .ﬁgﬂw I |kfﬂ.'4.r;ﬂ; :F'f/’t
2 3 ¢-0-0-0-0-0-0-0-0-9 .H,...—O*O*H J
S
5 |Ave. IDTOC  =02| |Ave.ID-TOC  =0.4| [Avg ID-TOC _ f=06| |Avg.ID-TOC =08 |Ave ID-TOC B=1
5
4
-------- 58888888
3e-0-0-0-0-0-9-0-9 oo 000000 *o-9-000-0-0
2 Avg. RT-TOC $=0.2| |Avg. RT-TOC $=0.4| |Avg. RT-TOC $=0.6| |Avg. RT-TOC (=0.8

0.5 1 0.5 1 O.§Y 1 0.5 1 0.5 1
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Fig. 3.2. Average percentage decreases in the DA-TOC, ID-TOC, and RT-TOC of the 24-bus
test system achieved by the three-stage model compared with the two-stage model.

wind power.
In this subsection, the differences between the upper and lower limits of wind power
in the scenario sets are set equally for all the time periods. In the following subsection, a

more practical setup is used with the 300-bus test system.
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Fig. 3.3. Box plots of (a) the 5000 percentage decreases in the RT-TOC of the 24-bus test system
achieved by the three-stage model and (b) 100 out of them associated with each value of ¢.
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Fig. 3.4. Construction of the vaguity set for wind farm 1 in the 300-bus test system.

3.6.2 300-bus Test System

In this subsection, the performances of the two-stage and the three-stage models are com-
pared on the 300-bus test system. To build the day-ahead scenario set and the vaguity set,
the empirical data used for this test system in Section 2.7 are revisited. Specifically, it is
supposed that a profile of the maximum fraction of the interval size to the wind farm ca-
pacity for look-ahead time from 2 h to 36 h is given as in Fig. 2.6. The day-ahead scenario
set is then generated around the nominal scenario so that the profile of the interval size
over the planning horizon is identical to the profile in Fig. 2.6 for look-ahead time from
13 h to 36 h multiplied by the wind farm capacity. Regarding the vaguity set, the upper
(lower) limit of the upper (lower) limit in the intra-day scenario set at each time period
is set to the upper (lower) limit in the day-ahead scenario set. Furthermore, the profile of
the upper limit of the interval size of the intra-day scenario set over the planning horizon
is set to the profile in Fig. 2.6 for look-ahead time from 2 h to 25 h multiplied by the wind
farm capacity. To help understanding the construction of the vaguity set, Fig. 3.4 shows
the nominal wind power scenario, the day-ahead scenario set, and an intra-day scenario
set with the maximum interval size in the vaguity set for wind farm 1.

For the resulting pair of the day-ahead scenario set and the vaguity set, the simulations
are conducted in the same way as in the previous subsection with the optimality tolerance

in the C&CG algorithm changed to 1072 as a relative tolerance. As a consequence, the
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Fig. 3.5. Box plots of (a) the 5000 percentage decreases in the RT-TOC of the 300-bus test
system achieved by the three-stage model and (b) 100 out of them for each value of 4.

two-stage and the three-stage models are solved in 444.51 s and 921.67 s, respectively.
Moreover, problem (3.2) for both models is solved averagely in 89.38 s.

The simulation results are shown in TABLE 3.1, where the figures in parentheses indi-
cate the average percentage decreases from the DA-TOC, ID-TOC, and RT-TOC incurred
by the two-stage model to those incurred by the three-stage model. It is observed that
the three-stage model averagely lowers the total operating costs at all the decision-making
stages. Meanwhile, the sensitivity and uncertainty analysis are performed in the same way
as in the previous subsection. Fig. 3.5 shows the results, from which the same interpreta-

tion can be made as in the previous subsection.

3.7 Summary

In this chapter, the three-stage non-anticipative robust UC model under the uncertainty
of wind power was studied. Utilizing the fact that the uncertainty of wind power decreases
with time, the three-stage model optimizes the operating status, range, and level of each
power source at the day-ahead, the intra-day, and each real-time stage, respectively, under
different degrees of wind power uncertainty. The simulation results showed that this model
can outperform the two-stage model with respect to not only the actual total operating
cost but the worst-case total operating cost. Its relative performances improve with the
worst-case accuracy of wind power forecasting at the intra-day stage.

In Chapters 2 and 3, the uncertainty of VRE generation was addressed. In the following

chapter, that of demand response is considered.

TABLE 3.1. Simulation results for the 300-bus test system.

Index ‘ Two-stage ‘ Three-stage ‘ Deterministic
DA-TOC (x107) 1.37 1.27 (7.711%) -
Avg. ID-TOC (x107) 1.29 1.26 (2.48%) -
Avg. RT-TOC (x107) 1.20 1.16 (2.91%) 1.15
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Chapter 4

Two-stage Robust UC with

Uncertain Demand Response

This chapter describes the novel two-stage robust UC model for addressing the uncertainty
of demand response. This chapter is organized as follows: Section 4.1 explains the mo-
tivation. Section 4.2 overviews the proposed model. Section 4.3 models the uncertainty.
Section 4.4 gives the mathematical formulation. Section 4.5 presents a solution method.

Section 4.6 discusses numerical simulation results. Section 4.7 summarizes the chapter.

4.1 Motivation

To enhance the flexibility of power system operation, a UC model can integrate a demand
response program where customers are allowed to bid for their flexible demand [74]. How-
ever, the utility of power consumption, which a bid price represents, may vary with time.
Thus, a solution to the UC model with a fixed bid price might lead to an unexpectedly low
social welfare. Under the uncertain utility of power consumption, the two-stage robust UC
model studied in [39] maximizes the worst-case social welfare. In this model, however, the
winning status of a customer, which indicates whether their bid is accepted, is not dealt
with as a decision variable. The winning status is a general modeling concept in demand
response that enables considering more diverse constraints, e.g., the minimum level of flex-
ible demand at each time period and that of the total flexible demand [42]. The novelty of
the proposed model, which is also based on the two-stage robust optimization framework,
is that it explicitly considers the winning status of each customer as a decision variable.
The power system of interest in this chapter is modeled as the one described in Section
2.2 without the VRE generation systems and BESSs; u, X, c¢1, co, and U are redefined
accordingly. Furthermore, in the context of the bidding process, each load has an associated
customer with the same index; additional variables for each customer are introduced later

in this chapter. In the following section, the proposed model is overviewed.

4.2 Overview

The proposed model considers a bid-based demand response program over the day-ahead

and the real-time stages, at the latter of which the bidding takes place. Specifically, the
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following optimization framework is used: At the day-ahead stage, each customer submits
a set of flexible demand profiles and that of bid price profiles over the planning horizon.
The utility associated with the flexible demand at each time period is modeled as a linear
function, and a bid price at each time period indicates the marginal utility. Without loss of
generality, the inflexible demand of each customer at each time period, which must be fully
met regardless of its utility, is set to zero [42]. At the real-time stage, each customer reports
the actual bid price profile, i.e., the actual marginal utility profile, which is assumed to be in
the set submitted at the day-ahead stage. Meanwhile, based on the customers’ reports, the
operating status of the generators are optimized at the day-ahead stage. Subsequently, the
operating levels of the generators are determined at the real-time stage with the winning
status and the power consumption profiles of the customers. The winning status of a
customer in the proposed model indicates whether their bid is accepted, i.e., whether they
are served for their flexible demand at all. The power consumption profile of each customer
is chosen from the set of flexible demand profiles only if their bid is accepted.

The objective of the proposed model is to maximize the worst-case social welfare under
the uncertainty of the customers’ real-time bidding. Thus, the proposed model is formu-
lated as a two-stage robust optimization problem where the second-stage problem is an
MILP problem whose objective function includes uncertain parameters. Before going into
detail on the mathematical formulation, the set of bid price profiles submitted by the cus-
tomers is modeled. Note that only the bid price profile, i.e., the marginal utility profile, of
each customer is uncertain; their power consumption profile is not. To clarify this, the set

of bid price profiles is hereafter referred to as the scenario set.

4.3 Uncertainty Modeling

Let 6; and © denote the bid price associated with the flexible demand of customer ¢ at
time period ¢, and a vector of 6; for all i € Z and t € T, respectively. Although the
marginal utility is uncertain at the day-ahead stage, customer ¢ is required to submit the
following parameters, which are available from their own historical data: the lower limit
0,, of 0; for all t € T, the upper limit 6 of ; for all t € T, the lower limit €5 of the
sum ), 0; of the bid prices, the upper limit 0; of > 7 Oit, the lower limit 6}, of the
temporal change (0 — 0;;—1)) in the bid price over two consecutive time periods for all
t € T, and the upper limit ?; of (0t — ;1)) for all £ € T. Then, the scenario set © is

defined as follows:

0 :={0cR" 0, <0y <y, VicLVET,

;< 6i<8, Viel
teT

0} < 0 — 01y <Oy, VieI,Vte T}

Note that any constraint on © can be added, if it is written as a linear (in)equality. In the

following section, the mathematical formulation of the proposed model is given.
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4.4 Problem Formulation

To maximize the worst-case social welfare under the uncertainty of demand response, the

proposed model is formulated as follows:

T .
- 4.1
e { -<To+ gigh .01} -y

where h (u, 0) is defined as the optimal value of the following MILP problem:

max —c;rx + GTy (4.2)
ze{0,1},(x,y)€V(u,z)

where z and y denote a vector of binary variables z; for all ¢ € Z and that of real variables
yir for all i € 7 and t € T, respectively; z; and y;; denote the winning status of customer ¢

and their power consumption at time period ¢, respectively. Furthermore, y is such that

eTy = Z Z ¢ 1)it

1€ teT

represents the total utility. The feasible set ) (u,z) of (x,y) is defined as follows:

Y(u,z) = { (x,y) € RIT x RIT : (2.1¢)(2.1g),

Yizi <y <Yz, VieIVteT, (4.3a)

Yz <Y yin <Yiz, Vi€l (4.3b)
teT

~F <) Fulaf—ya) <F, VI€LVLET, (4.3¢)
€T

S (@h—y) =0, VteT) (43d)

i€

where constraints (4.3a) and (4.3b) represent the lower and upper limits of the power con-
sumption by each customer at each time period and those of the total power consumption
by each customer, respectively; the parameters Y, for allt € T, Y, for all t € T, Y?, and
715- are submitted by customer i at the day-ahead stage wth those defining the scenario
set. Constraints (4.3c) and (4.3d) represent the transmission capacity constraint and the
power supply-demand balance condition, respectively. The objective function of problem
(4.2) is the variable net utility, i.e., the total utility subtracted by the variable operating
cost. Constraints (4.3a) and (4.3b) imply that y;; = 0 for all ¢t € T if z; = 0 for each i € Z,
customer ¢ may not be served if their marginal contribution to the variable net utility is
negative. This is the most distinguishable feature of the proposed model compared with
the existing model in [39]; the existing model can be considered the proposed model with
z; fixed to 1 for all 4 € Z. While it is straightforward to decide whether to serve customer
i at each time period with 7" binary variables introduced, only z; is used for simplicity.
The proposed model is implemented as follows: First, problem (4.1) is solved at the

day-ahead stage for the scenario set © to determine the operating status of the generators.
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Subsequently, problem (4.2) is solved at the real-time stage to determine the winning status
and the power consumption profiles of the customers as well as the power output profiles
of the generators for the actual bid price profile ©. Problem (4.1) is a two-stage robust
optimization problem whose second-stage problem (4.2) is an MILP problem. The solution

method for problem (4.1) is described in the following section.

4.5 Solution Method

The proposed model cannot be solved using Benders decomposition or the C&CG algorithm
in the same way as problems (2.5) and (3.8), due to the non-concavity of the second-
stage problem. To solve the proposed model, the C&CG algorithm is applied in a nested
fashion, the concept of which is developed in [75]. The solution method is overviewed
as follows: First, the C&CG algorithm is applied to problem (4.1), which is decomposed
into a master problem and a subproblem that are iteratively solved. The master problem
and the subproblem of problem (4.1) are written as an MILP problem and a minimax
problem, respectively. Subsequently, the C&CG algorithm is applied to the subproblem of
problem (4.1), which itself is decomposed into a master problem and a subproblem that are
iteratively solved. In other words, the C&CG algorithm is used twice in a nested fashion.
Hereafter, the iteration involving the master problem and the subproblem of problem
(4.1) and that dealing with the master problem and the subproblem of the subproblem of
problem (4.1) are referred to as the outer and the inner iterations, respectively.

The outer iteration is described as follows: First, for initialization, any 01 € O is
selected and P is set to 1. At each iteration step P > 1, the master problem of problem
(4.1) is solved, which is formulated as the following MILP problem:

max —clTu +n
ueld,neR,z,€{0,1} (xp,yp)€X (0,2y) (4.4)

st. n< —C;—Xp-F Ggyp, p=1,..., P.

Let up and Up denote the solution corresponding to u and the optimal value of problem
(4.4), respectively. Note that Up is an upper bound of the optimal value of problem (4.1).

Subsequently, the subproblem of problem (4.1) is solved, which is formulated as follows:

in h 0). 4.5

min  (up, ©) (1.5)

Problem (4.5) is solved via the inner iteration. Let ©p;; denote the solution of problem
(4.5). Let also

Lp:=—c{up+h(up,0ps1),

which is a lower bound of the optimal value of problem (4.1). If (Up — Lp) is greater than
a predefined tolerance €, then the iteration step increases to P + 1 and problem (4.4) is
solved again. Otherwise, the outer iteration terminates and up is returned as a solution to

problem (4.1). At each iteration step P > 1, if Lp is less than Up, then 0 p41 is not equal
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to 0, for any p < P. This implies that Up decreases with P, approaching the optimal
value of problem (4.1).

While problem (4.4) is an MILP problem that can be solved by using off-the-shelf
solvers, problem (4.5) cannot. In this dissertation, the C&CG algorithm is used again to
solve problem (4.5). Before the inner iteration is described, problem (4.2) is first rewritten
as follows:

max hP (u,0,z)
z2e{0,1}}

where

RP (u,0,2z):= max —cgx+0'y. 4.6
( ) (x,y)€X(u,z) 2 ( )

Also, the dual optimal value of problem (4.6) is denoted by

hd(u,0,2) ;== min 7' (u,2)§ (4.7)
£€E(0)
where &, Z(0), and 7 (u,z) denote a vector of dual variables, the feasible set of &, and
a vector of coefficients of dual variables associated with problem (4.6), respectively. Set
= (0) is described by a finite number of linear inequalities whose coefficients are linear in 6.
Each entry in 7 (u,z) is an affine function of u or z. Then, it follows from strong duality
that

h(up,0) = max h' (up,0,z)

where
Z(u) = {z € {0,1} : X (u,2) ;A(i)}.

This indicates that problem (4.5) itself can be considered as a two-stage robust optimization
problem where z and problem (4.7) correspond to the uncertainty and the second-stage
problem, respectively. The C&CG algorithm is now applicable to problem (4.5).

The inner iteration is describe as follows: First, for initialization, any z] € Z (up) is
selected and @ is set to 1. At each iteration step () > 1, the master problem of problem
(4.5) is solved, which is formulated as the following LP problem:

o min n ost. n>w! (up,zZ) &, q=1,...,Q. (4.8)

€0,5,€E(0),neR
Let GSQ and LSQ denote the solution corresponding to © and the optimal value of prob-
lem (4.8), respectively. Note that Lzz is a lower bound of the optimal value of problem

(4.5). Subsequently, the subproblem of problem (4.5) is solved, which is formulated as the
following MILP problem:

max —co X + (BSQ)T y. (4.9)

2e{0,1} (x,y)€X (up2)
Let zp),; and U, denote the solution corresponding to z and the optimal value of problem
(4.9), respectively. Note that Up is an upper bound of the optimal value of problem (4.5).

If Ué - LZ? is greater than a predefined optimality tolerance %, the iteration step increases
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Outer iteration

Select any 81 € © and P + 1
i
Obtain up and Up by solving (4.4) }.7

Inner iteration

Select any z] € Z (up) and Q + 1
y

Obtain 07 and Lg, by solving (4.8)‘
y

‘ Obtain zg,, and Ug, by solving (4.9)‘

| Lp« —clup +Up and 0p 11 + 03

Return up

Fig. 4.1. Solution method for problem (4.1).

to @ + 1 and problem (4.8) is solved again. Otherwise, the inner iteration terminates and
0, is returned as a solution to problem (4.5). At each iteration step Q@ > 1, if Up is
greater than LSQ at any iteration step (J, then zSQ 41 is not equal to zj for any ¢ < (). This
implies that Lp) increases with @, approaching the optimal value of problem (4.5). The
inner iteration stops in a finite number of iterations as the feasible set Z (up) of z is finite.

Combining the outer and the inner iterations, the solution method for problem (4.1) is
illustrated in Fig. 4.1. The effectiveness of the proposed model is examined in the following

section.

Remark 4.5.1. Problem (4.5) can also be solved by using another cutting-plane method
[76]. In this case, at each iteration step R > 1, the master problem of problem (4.5) is
formulated as the following LP problem:

min s.t. >_cix.+0"y., r=1,....R
96@,776R17 Nz —CX.+0 Yy, RREE)
where (x,y}) denotes the solution of the subproblem corresponding to (x,y) at the iter-
ation step 7. The subproblem is formulated as problem (4.2) with u and © set to up and
the solution corresponding to © of the master problem, respectively. However, as could
be expected by the fact that a two-stage robust optimization problem whose second-stage

problem is an LP problem with an uncertain feasible region is solved in general more
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efficiently by the C&CG algorithm than by Benders decomposition [55], it was checked
through some pretests that the C&CG algorithm solves problem (4.5) much faster than
this alternative algorithm. Thus, only the C&CG algorithm is used in this dissertation.

Remark 4.5.2. The original nested C&CG algorithms in [75] target a two-stage robust
optimization problem whose second-stage problem is an MILP problem with an uncertain
feasible region. The algorithms include some complicated computational steps to linearize
bilinear terms. Notably, the solution method for the proposed model, where only the

objective function of the second-stage problem is uncertain, works without such steps.

4.6 Numerical Simulations

To test performances of the proposed model, numerical simulations are conducted on the
24-bus and 300-bus test systems used in Section 2.7 without considering the BESSs and
wind farms. To model the set of flexible demand profiles, the upper and lower limits of
power consumption by each load at each time period are set to 1.5 and 0.5 times the
nominal value, respectively; the upper and lower limits of the total power consumption
by each load are set to 1.2 and 0.8 times the nominal value, respectively. Meanwhile, to
model the scenario set, first, a profile of nominal bid prices O foralli € Z and t € T is
generated by scaling that of the nominal demand values so that the maximum nominal bid
price is equal to the maximum marginal generation cost. Subsequently, the parameters of

the scenario set are set as follows:

Oy =150y, VieIVteT,
0, =050y YVieIVteT,
7, =08 (% - Q,-(t_l)> +02 (0 — Oye_1)), VicIVteT,
0% = 0.8 (65 — Bip_1)) +0.2 (@t - QZ.(H)) . VieIvteT,
0; =08> 0y, Vield,

teT

0;=12> 0, Viel
teT

The simulation scheme is explained as follows: First, problem (4.1) is solved. Subse-

quently, the deterministic model

max —clTu — c;x +0'y

ueld,ze{0,1} (x,y)eX (u,z)
is solved to maximize the social welfare for three scenarios of 0; two are selected from
the scenario set by maximizing and minimizing the sum of the bid prices, while the other
is set to the nominal profile. These three deterministic models are referred to as MAX,
MIN, and NOM, respectively. Based on the operating status of the generators obtained
by solving each model, the maximum variable net utility is calculated for 100 scenarios

randomly selected from the scenario set. The four UC models are compared in terms of
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the worst-case social welfare for the scenario set and the average social welfare for the
randomly selected scenarios. In solving problem (4.1), both outer and inner optimality
tolerances are set to 1073 as a relative tolerance. The simulations are run on MATLAB
R2020a with CPLEX 12.10 using a computer featuring an Intel Core i9 processor and 64
GB of RAM. As a consequence, for the 24-bus and the 300-bus test systems, the proposed
model is solved in 27.68 s and 201.74 s, respectively. The three deterministic models are
solved averagely in 0.24 s and 5.82 s, respectively.

The simulation results are shown in TABLE 4.1; the figures in parentheses indicate
percentage increases from the indices associated with each deterministic model to those
associated with the proposed model. It is observed that the proposed model yields the
highest worst-case social welfare for both test systems. In the meantime, the relative
performance of the proposed model regarding the average social welfare varies depending
on the test system and the deterministic model. To explicitly consider the trade-off between
the worst-case and the average social welfares within the proposed framework, the method

suggested in Section 2.8 may be used.

4.7 Summary

In this chapter, the novel two-stage robust UC model under the uncertainty of demand
response was studied. By explicitly considering the winning status of each customer as a
decision variable, the proposed model can integrate more generalized constraints in demand

response than the existing model with the same objective.

TABLE 4.1. Simulation results for the 24-bus and the 300-bus test systems.

’ Index (24-bus) H Proposed ‘ MIN ‘ NOM ‘ MAX ‘
Worst-case social welfare 413 3.82 3.70 3.13
(x10%) (+8.05%) | (+11.49%) | (+31.88%)
Average social welfare 118 0.98 1.34 1.25
(x10°) (+20.39%) | (—12.26%) | (—5.57%)
Index (300-bus) | Prop. | MIN | NOM | MAX |
Worst-case social welfare 9.31 9.29 9.12 9.07
(x10%) (+0.16%) | (+2.08%) | (+2.61%)
Average social welfare 343 3.43 3.42 3.41
(x107) (+0.01%) | (4+0.39%) | (+0.53%)
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Chapter 5

Conclusion

In this dissertation, the three robust UC models were proposed to address the uncertainty
of VRE generation or that of demand response. Chapters 2—4 are summarized as follows:

In Chapter 2, the novel two-stage non-anticipative robust UC model under the un-
certainty of VRE generation was explained. Considering a power system of generators,
BESSs, loads, and VRE generation systems, this model minimizes the worst-case total op-
erating cost for a set of VRE generation scenarios. To this end, the operating range of each
power source at each time period of the planning horizon is determined at the day-ahead
stage with the operating status. Subsequently, the operating level of each power source
is optimized at each real-time stage within the predetermined range for the actual VRE
generation. This model is formulated as a two-stage robust optimization problem, which
was solved by using the C&CG algorithm and the outer approximation method. The simu-
lation results showed that this model can be more economical than the affine-policy-based
model. Meanwhile, in this chapter, the two cost reduction techniques for the UC model
were also suggested. The first supplementary method modifies the model so that the ex-
pected total operating cost is minimized with the worst-case total operating cost allowed
to increase up to a specified level. The modified model was solved by using the algorithm
for the original model combined with Benders decomposition. The second supplementary
method extends the operating range of each power source at each time period obtained by
solving the model. This method is formulated as a multi-objective optimization problem,
which was solved by using the method of global criterion with the 2-norm.

In Chapter 3, the three-stage non-anticipative robust UC model under the uncertainty
of wind power was explained. Considering a power system of generators, BESSs, loads,
and wind farms, this model minimizes the worst-case total operating cost for a set of
wind power scenarios. Based on the first proposed model, to exploit the fact that the
wind power uncertainty decreases over time, this model delays determining the operating
range until the intra-day stage introduced between the day-ahead and the first real-time
stage. This model is formulated as a three-stage robust optimization problem, for which
no exact algorithm exists. The intractable problem was reduced to a tractable two-stage
robust optimization problem by adding a constraint on the operating range such that the
transmission line capacity constraint can be ignored. The resulting problem was solved by
using the C&CG algorithm and the outer approximation method. The simulation results

demonstrated that this model can outperform the first proposed model under the currently
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severe but decreasing wind power uncertainty.

In Chapter 4, the novel two-stage robust UC model under the uncertainty of demand
response was explained. Considering a power system of generators and loads with a demand
response program where each customer bids for their flexible demand, this model maximizes
the worst-case social welfare for a set of bidding scenarios. The novelty of this model is
that it explicitly considers the winning status of each customer as a decision variable,
which improves the modeling capability of demand response. This model is formulated as
a two-stage robust optimization problem whose second-stage problem has integer decision
variables and an uncertain objective function. This problem was solved by applying the
C&CG algorithm in a nested way. The simulation results verified its effectiveness.

The studies in this dissertation have the following four issues among others to be solved
in the future work: First, the class of intra-day scenario sets for the second proposed model
is technically restricted to those obtained by using the interval prediction method, which
thus might be overly conservative. This is because the constraint added to the operating
range assumes the spatiotemporal independence of wind power. Second, the solution of
the second proposed model is suboptimal, which is also due to the additional constraint.
As a result, this model might incur a higher worst-case total operating cost than the first
proposed model, especially when the biggest assumption does not hold, i.e., when the
wind power uncertainty is not expected to decrease at the intra-day stage. Therefore, it
is recommended that both models are pretested so that the one with a lower worst-case
total operating cost can be used. Furthermore, finding a suboptimality bound for the
second proposed model would be an interesting research topic. Third, the optimization
framework of the third proposed model is unrealistic in that the non-anticipative real-
time decision-making is not considered. Notably, the temporal decomposition technique
in the first proposed model is not viable because of the binary variables in the second-
stage problem. Finally, the suggested algorithms for the three proposed models may not
be computationally efficient for practical power systems. This is due to the following two
aspects of the algorithms: First, a set of decision variables and constraints are iteratively
added to the master problems. With this feature, the algorithms cannot straightforwardly
handle relatively large-scale power systems, e.g., those with a few thousand buses, in the
real world. Second, they are centralized; it is assumed that a single system operator collects
all the information needed, e.g., the operational parameters of generators and the scenario
sets of VRE generation systems, and solves the models. However, modern power systems
feature various distributed energy resources managed by local communities, whose data
privacy is not preserved by the algorithms. To resolve the scalability and privacy concerns

simultaneously, novel distributed algorithms will need to be developed.
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The 24-bus test system used in this dissertation is a modified version of the one studied in

[77]. In the following sections, the parameters of the generators, the BESSs, and the wind

farms are listed. Regarding the buses, loads, and transmission lines, the parameters in [77]

are used without change.

A.1 Generator Data

TABLE A.1 shows the operating parameters of the generators.

Furthermore, TABLE

A.2 shows the cost parameters and initial status of the generators. The generators are

assumed to be initially turned on and off for longer than the minimum up and down times,

respectively.

TABLE A.1. Operating parameters of the generators in the 24-bus test system.

X; X, XXy X xd xsd | e | o
Generator | Bus

(MW) | (MW) | (MW) (MW /h) (h) | (h)

1 152 30.4 80 120 8 | 4
2 152 30.4 80 120 8 | 4
3 350 75 140 350 8 | 8
4 13 | 591 | 206.85 | 360 240 12 | 10
5 15 60 12 48 60 4 | 2
6 15 155 | 54.25 60 155 8 | 8
7 16 155 | 54.25 60 155 8 | 8
8 18 | 400 100 0 280 1|1
9 21 | 400 100 0 280 1|1
10 22 | 300 300 300 1|1
11 23 | 310 | 1085 | 120 180 8 | 8
12 23 | 350 140 80 240 8 | 8

TABLE A.2. Cost parameters and initial status of the generators in the 24-bus test system.

’ Generator ‘ Bus ‘ C? (/h) ‘ cy ‘ Cid

C# (/MWh) | wfy | 25 (MW) |

I

1]

0

| 14304 | 0 |

1332 | 1|

76

|
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2 2 0 14304 | O 13.32 1 76
3 7 0 1725 0 20.7 0 0
4 13 0 3056.7 | O 20.93 0 0
5 15 0 437 0 26.11 0 0
6 15 0 312 0 10.52 0 0
7 16 0 312 0 10.52 1 124
8 18 0 0 0 6.02 1 240
9 21 0 0 0 5.47 1 240
10 22 0 0 0 0 1 240
11 23 0 624 0 10.52 1 248
12 23 0 2298 0 10.89 1 280
A.2 BESS Data
TABLE A.3 shows the parameters of the BESSs.
TABLE A.3. Parameters of the BESSs in the 24-bus test system.
X, X; | c,cp . S; Soi
BESS | Bus E E?
(MW) | (3/MWh) YO (MW) | (MWh)
3 20 0 0.9 200 0
7 20 0 0.9 200 0
20 0 0.9 200 0

A.3 Wind Power Data

TABLE A.4 and A.5 show the parameters and the nominal scenarios of the wind farms,

respectively. The nominal scenarios are based on data in [78].

TABLE A.4. Parameters of the wind farms in the 24-bus test system.

Wind farm ‘ Bus ‘ Capacity (MW) ‘

1
2
3

3
5
7

200
200
200

TABLE A.5. Nominal wind power scenarios in the 24-bus test systems.

Time period

Power

output (MW)

Wind farm 1 ‘ Wind farm 2 ‘ Wind farm 3

76.8921
66.8277

112.6747
111.2854

72.5227
105.5854
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78.4220
64.1437
102.2196
134.0390
146.5166
143.1758
163.2967
172.6347
166.9354
161.9205
155.9409
147.4501
144.0457
149.0420
136.4638
131.2970
146.8513
144.8147
147.2976
126.3128
124.8788
137.8622

124.0128
113.1810
132.5925
134.4096
136.7111
138.1363
141.2391
131.1882
136.8023
140.3817
141.4847
141.0267
148.9593
152.6110
145.5098
139.1727
144.9506
154.3495
164.8713
156.5771
163.0162
150.3954

106.7157
123.8305
137.2258
141.9488
144.1148
142.1095
142.9034
136.2534
141.5592
134.2399
126.6948
137.1150
138.3782
148.6890
139.0087
131.5645
154.5557
160.4212
167.0224
165.0386
164.2696
154.5532
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The 300-bus test system used in this dissertation is a modified version of the one studied

in [79]. In the following sections, the parameters of the generators, the BESSs, and the

wind farms are listed. Regarding the buses, loads, and transmission lines, the parameters

in [79] are used without change.

B.1 Generator Data

TABLE B.1 shows the operating parameters of the generators. Furthermore, TABLE B.2

shows the cost parameters and initial status of the generators. Each generator is assumed

to be initially turned on for longer than the minimum up time.

TABLE B.1. Operating parameters of the generators in the 300-bus test system.

X; X; Xrol X X xd xsd |, d
Generator | Bus

(MW) | (MW) | (MW) (MW /h) (b)
1 8 130 20 | 33.33 100 5
2 10 | 130 20 | 33.33 100 5
3 20 | 130 20 | 33.33 100 5
4 63 | 130 20 | 33.33 100 5
5 76 | 450 50 100 300 8
6 84 | 450 25 | 33.33 100 6
7 91 | 200 20 | 33.33 100 5
8 92 | 350 20 | 33.33 100 5
9 98 | 130 20 | 33.33 100 5
10 108 | 130 20 | 33.33 100 5
11 119 | 2500 | 150 | 100 300 8
12 124 | 450 50 100 300 8
13 125 | 130 20 | 33.33 100 5
14 138 | 130 20 | 33.33 100 5
15 141 | 350 20 | 33.33 100 5
16 143 | 900 20 | 33.33 100 5
17 146 | 130 20 | 33.33 100 5
18 147 | 300 20 | 33.33 100 5
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19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
o7
58
59
60

149
152
153
156
170
171
176
177
185
186
187
190
191
198
213
220
221
222
227
230
233
236
238
239
241
242
243
7001
7002
7003
7011
7012
7017
7023
7024
7039
7044
7049
7055
7057
7061
7062

130
500
450
162
300
130
300
162
300
1500
1500
600
2300
500
350
130
500
300
450
400
500
700
300
700
700
300
450
600
700
1500
300
400
400
200
500
800
130
130
130
300
450
500

20
20
150
25
20
20
25
25
20
150
150
150
20
20
20
20
20
20
50
20
20
50
20
20
20
20
50
20
20
100
20
20
20
20
20
20
20
20
20
20
50
25

33.33
33.33
100
33.33
33.33
33.33
33.33
33.33
33.33
100
100
100
33.33
33.33
33.33
33.33
33.33
33.33
100
33.33
33.33
100
33.33
33.33
33.33
33.33
100
33.33
33.33
33.33
33.33
33.33
33.33
33.33
33.33
33.33
33.33
33.33
33.33
33.33
100
50

100
100
300
100
100
100
100
100
100
300
300
300
100
100
100
100
100
100
300
100
100
300
100
100
100
100
300
100
100
100
100
100
100
100
100
100
100
100
100
100
300
150

S co v Ot Ot Ov Ot Ot Ot Ot Ot Ot Ot Ot Ot o Ot Ot Ot Ot O Ot Ot 0o Ot Ot Ot Ot Ot Ot 0O 00O 00 Ut O O Ot Ot Oy o Ot Ot




61 7071 130 20 33.33 100 5
62 7130 | 1500 20 33.33 100 )
63 7139 | 900 20 33.33 100 )
64 7166 | 700 20 33.33 100 )
65 9002 | 450 50 100 300 8
66 9051 | 450 50 100 300 8
67 9053 130 20 33.33 100 )
68 9054 130 20 33.33 100 )
69 9055 130 20 16.67 50 )

TABLE B.2. Cost parameters and initial status of the generators in the 300-bus test system.

Generator | Bus | CP (/h) | op | G | CF (/MWh) | uly | 2§ (MW) |
1 8 0 550 | 0 27.5 1 20
2 10 0 550 | 0 27.5 1 20
3 20 0 550 | 0 27.5 1 20
4 63 0 550 | 0 27.5 1 20
5 76 0 4500 | 0 225 1 50
6 84 0 900 | 0 45 1 25
7 91 0 550 | 0 27.5 1 20
8 92 0 550 | 0 27.5 1 20
9 98 0 550 | 0 27.5 1 20
10 108 0 550 | 0 27.5 1 20
11 119 0 4500 | 0 225 1 150
12 124 0 4500 | 0 225 1 50
13 125 0 550 | 0 27.5 1 20
14 138 0 550 | 0 27.5 1 20
15 141 0 550 | 0 27.5 1 20
16 143 0 550 | 0 27.5 1 20
17 146 0 550 | 0 27.5 1 20
18 147 0 550 | 0 27.5 1 20
19 149 0 550 | 0 27.5 1 20
20 152 0 550 | 0 27.5 1 20
21 153 0 4500 | 0 225 1 150
22 156 0 900 | 0 45 1 25
23 170 0 550 | 0 27.5 1 20
24 171 0 550 | 0 27.5 1 20
25 176 0 900 | 0 45 1 25
26 177 0 900 | 0 45 1 25
27 185 0 550 | 0 27.5 1 20
28 186 0 4500 | 0 225 1 150
29 187 0 4500 | 0 225 1 150
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30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
95
56
o7
58
59
60
61
62
63
64
65
66
67
68
69

190
191
198
213
220
221
222
227
230
233
236
238
239
241
242
243
7001
7002
7003
7011
7012
7017
7023
7024
7039
7044
7049
7055
7057
7061
7062
7071
7130
7139
7166
9002
9051
9053
9054
9055

S O O O O O O O O O O O O O O 0O 0O 0O 0O 0O o0 o0 o0 o0 o0 o0 o0 o0 o0 o0 o0 oo oo o oo oo

4500
550
550
950
950
950
550

4500
950
950

4500
550
550
950
950

4500
550
550
950
950
950
550
550
950
950
950
550
550
950

4500
900
550
550
950
950

4500

4500
550
550
950

O O O O O O O O O O O O O O O 0O 0O 0O 0O 0O 0O o0 o0 o0 o0 o000 o0 o0 o0 o0 oo oo oo oo

225
27.5
27.5
27.5
27.5
27.5
27.5
225
27.5
27.5
225
27.5
27.5
27.5
27.5
225
27.5
27.5
27.5
27.5
27.5
27.5
27.5
27.5
27.5
27.5
27.5
27.5
27.5
225
45
27.5
27.5
27.5
27.5
225
225
27.5
27.5
27.5
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150
20
20
20
20
20
20
50
20
20
50
20
20
20
20
50
20
20

100
20
20
20
20
20
20
20
20
20
20
o0
25
20
20
20
20
50
50
20
20
20
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B.2 BESS Data

TABLE A.3 shows the parameters of the BESSs.

TABLE B.3. Parameters of the BESSs in the 300-bus test system.

X, X7 | aLey ~ S Soi
BESS | Bus B E?

(MW) | ($/MWh) YO (MW) | (MWh)
1 19 35 13.75 1 350 0
2 39 35 13.75 1 350 0
3 43 35 13.75 1 350 0
4 100 35 13.75 1 350 0
5 114 35 13.75 1 350 0
6 121 35 13.75 1 350 0
7 145 35 13.75 1 350 0
8 153 35 13.75 1 350 0
9 172 35 13.75 1 350 0
10 179 35 13.75 1 350 0
11 213 35 13.75 1 350 0
12 221 35 13.75 1 350 0
13 248 35 13.75 1 350 0
14 319 35 13.75 1 350 0
15 7024 35 13.75 1 350 0

B.3 Wind Power Data

TABLE B.4 and B.5 show the parameters and the nominal scenarios of the wind farms,

respectively. The nominal scenarios are based on data in |78§].

TABLE B.4. Parameters of the wind farms in the 300-bus test system.

Wind farm ‘ Bus ‘ Capacity (MW) ‘ Wind farm ‘ Bus ‘ Capacity (MW) ‘

1 19 350 9 172 350
2 39 350 10 179 350
3 43 350 11 213 350
4 100 350 12 221 350
5 114 350 13 248 350
6 121 350 14 319 350
7 145 350 15 7024 350
8 153 350
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TABLE B.5. Nominal wind power scenario in the 300-bus test systems.

Time period

Power output (MW)

Wind farm 1 Wind farm 2 Wind farm 3 Wind farm 4

1 134.5612 197.1806 126.9148 70.7233
2 116.9484 194.7495 184.7745 109.9931
3 137.2386 217.0225 186.7525 151.3217
4 112.2515 198.0667 216.7034 158.2608
5 178.8842 232.0369 240.1452 204.6654
6 234.5683 235.2167 248.4104 190.7862
7 256.404 239.2445 252.2009 219.7115
8 250.5577 241.7385 248.6916 213.0525
9 285.7693 247.1684 250.0809 243.9737
10 302.1107 229.5793 238.4434 255.6491
11 292.137 239.404 247.7287 258.3902
12 283.3609 245.668 234.9198 237.4107
13 272.8965 247.5982 221.716 206.0808
14 258.0377 246.7968 239.9512 216.5924
15 252.0799 260.6788 242.1618 217.1874
16 260.8236 267.0693 260.2058 226.2602
17 238.8117 254.6422 243.2652 230.379
18 229.7697 243.5522 230.2379 206.91

19 256.9897 253.6635 270.4724 239.5389
20 253.4258 270.1115 280.7371 247.7054
21 257.7707 288.5248 292.2891 252.8171
22 221.0474 274.0099 288.8176 255.3889
23 218.5379 285.2783 287.4717 257.7769
24 241.2589 263.1919 270.4682 248.2101

) _ Power output (MW)
Time period - - - -
Wind farm 5 Wind farm 6 Wind farm 7 Wind farm 8

1 195.3915 163.8661 142.7711 174.7102
2 192.0929 193.8261 198.1291 226.4174
3 212.5226 200.9765 201.0225 236.902
4 213.3869 212.6324 245.4862 245.9996
) 232.2957 241.3968 251.3885 245.7554
6 224.6407 245.3729 225.9542 207.9511
7 234.8057 251.8407 216.1643 228.5029
8 230.4488 256.2326 219.1438 253.4331
9 246.0792 251.1609 225.6417 253.0894
10 215.2703 224.294 219.6467 254.1349
11 220.977 230.6477 218.5153 234.9262
12 206.2955 239.3252 222.2887 236.8665
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13 204.1448 187.4016 189.9258 219.4849
14 211.9889 186.8643 183.0864 187.2984
15 231.5888 219.0176 183.9271 196.6775
16 253.5596 231.9011 179.4701 208.8072
17 237.5188 200.3306 181.3227 220.9022
18 230.1904 182.3051 161.5731 190.8079
19 263.6601 254.0486 250.3484 241.0639
20 256.1009 251.5917 268.9723 255.6376
21 253.3738 231.509 259.0887 248.4399
22 251.002 221.2766 260.5103 249.4324
23 234.3438 219.8513 273.6409 253.1659
24 198.7378 193.444 245.0852 222.438
. , Power output (MW)
Time period - - - -
Wind farm 9 Wind farm 10 | Wind farm 11 Wind farm 12
1 123.975 188.0991 149.5832 170.0304
2 142.1535 179.443 165.8351 175.3373
3 142.4474 181.3469 198.9748 187.5721
4 160.6539 201.9071 203.5112 210.9148
5 159.165 226.7748 214.9212 221.0134
6 147.0418 186.2466 190.6261 209.1112
7 149.6856 203.2511 213.1871 202.0189
8 152.621 212.0134 228.5942 213.573
9 153.3347 224.679 247.3293 207.1608
10 149.3942 221.0235 230.4046 215.8965
11 139.9038 216.4689 224.5139 200.3778
12 141.6738 215.68 224.7272 224.4912
13 124.4952 185.8278 192.8043 202.5309
14 123.8046 146.264 167.266 191.7899
15 121.4486 166.8798 171.5415 207.8409
16 135.0239 212.9267 174.6226 200.6781
17 141.6114 228.7373 189.7633 221.7965
18 139.4991 231.4452 218.3078 212.4794
19 151.2933 258.1086 262.0748 261.6054
20 146.8222 244.4596 250.3501 254.4634
21 144.5201 227.2293 207.9921 233.2617
22 140.6239 218.8905 210.4615 225.5793
23 137.5553 215.4578 208.6413 196.1795
24 113.4379 193.1604 191.8606 184.531

Time period

Power output (MW)

Wind farm 13 Wind farm 14 Wind farm 15
1 164.2808 165.6102 129.8909
2 186.1338 188.8418 125.4783
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209.0641
236.6788
230.4269
229.1293
224.5629
222.4579
220.637
218.9739
206.9621
209.6244
201.7264
197.2707
215.8607
218.5506
240.4426
250.9076
272.4957
254.1918
256.1075
257.1801
248.3541
245.9429

208.6881
228.9113
228.0154
229.5299
222.8846
218.357
212.3715
214.8295
224.9194
225.3978
186.1185
162.8914
153.8296
179.8426
202.2974
198.6045
24'7.4696
238.7793
191.0244
179.3709
177.7513
161.0885

138.325
187.9145
177.186
152.5638
164.6137
181.3251
151.232
181.6424
188.3402
169.2179
155.0621
127.9684
115.6978
132.3953
199.5338
175.201
245.173
228.3933
220.4843
221.4655
225.2509
208.0504
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