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ABSTRACT

The future smart grid is envisioned as a large scale cyber-physical system encompassing
advanced power, computing, communications and control technologies. In order to accom-
modate these technologies, it will have to build on solid mathematical tools which can
ensure an efficient operation of such heterogeneous and emerging cyber-physical systems.
This work provides comprehensive accounts of the application with optimization methods,
probability theory, commitment and dispatching technologies for addressing open problems
in three emerging areas that pertain to the smart grid: unit commitment, service restoration
problems in microgrid systems, and charging services for the plug-in hybrid electric vehicle

(PHEV) markets.



v

The work on the short-term scheduling problem in renewable-powered islanded micro-
grids is to determine the least-cost unit commitment (UC) and the associated dispatch,
while meeting electricity load, environmental and system operating requirements. A novel
probability-based concept, probability of self-sufficiency, is introduced to indicate the prob-
ability that the microgrid is capable of meeting local demand in a self-sufficient manner.
Furthermore, we make the first attempt in approaching the mixed-integer UC problem from
a convex optimization perspective, which leads to an analytical closed-form characterization
of the optimal commitment and dispatch solutions.

The extended research of the renewable-powered microgrid in the connection mode is the
second part of this work. In this situation, the role of microgrid is changed to be either an
electricity provider selling energy to the main grid or a consumer purchasing energy from the
main grid. This interaction with the main grid completes work on the scheduling schemes.

Third, a microgrid should be connected with the main grid most of the time. However,
when a blackout of the main grid occurs, how to guarantee reliability in a microgrid as much
as possible becomes an immediate question, which motivates us to investigate the service
restoration in a microgrid, driven islanded by an unscheduled breakdown from the main grid.
The objective is to determine the maximum of the expected restorative loads by choosing
the best arrangement of the power network configurations immediately from the beginning
of the breakdown all the way to the end of the island mode. The intermittency nature of
the renewable power, as well as the uncertainty of the duration of the breakdown pose new
challenges to this classic optimization scheduling task. The proposed two scenario-splitting
methods can be solved in a two-step solving procedure, in which a Lagrangian technique
and dynamic programming are utilized to provide an analytically sub-optimal yet efficient
solution to the original problem.

Lastly, the work investigating the pricing strategy in future PHEV markets considers

a monopoly market with two typical service classes. The unique characteristics of battery



charging result in a piecewise linear quality of service model. Resorting to the concept
of subdifferential, some theoretical results, including the existence and uniqueness of the
subscriber equilibrium as well as the convergence of the corresponding subscriber dynamics
are established. In the course of developing revenue-maximizing pricing strategies for both
service classes, a general tradeoff has been identified between monetization and customer

acquisition.
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Chapter 1

Introduction

1.1 Overview and Motivation

The smart grid is envisioned to be a large-scale cyber-physical system that can improve
the reliability, efficiency of energy grids by integrating advanced techniques from diverse
disciplines such as power systems, communications, signal processing, computing and math-
ematics. The smart grid is also regarded as essential technology paradigms that are able to
address the worsening issues of global warming and dwindling fossil fuels that have posed
great challenges to the maintenance of nations’ energy infrastructure. This heterogeneous
nature of the smart grid motivates the adoption of advanced technologies for overcoming
the various challenges at different levels such as service design, control, dispatching and
implementation.

In this context, an emerging power distribution system in the smart grid, known as
microgrids, is quietly gaining momentum. A microgrid is an integrated system consisting of
a set of distributed generators (microturbines (MTs), fuel cells (FCs), reciprocating engines)
and renewable energy sources (solar photovoltaics (PVs) and wind turbine (WT) systems)

that function cooperatively in parallel with, or autonomously of, the traditional electricity



macrogrid. This transparent adaptation in operational modes, along with the capacity to
better manage distributed energy resources (DERs), renders microgrid the most promising
solution to developing a more reliable and decentralized energy system. The challenge arises
when the daily operation of a microgrid involves multiple generators cooperating to find the
least operation cost dispatch while satisfying various technical, environmental and reliability
constraints. Besides, the scheduling time in the control center cannot be too long due to
the uncertainty nature of forecasted generation from renewable energy sources (RESs). This
motivates us to deal with the unit commitment and scheduling problem in the autonomous
microgrids from a convex optimization perspective, and meanwhile provides the practical
contributions in determining the size of the energy storage systems. As an extension of the
Unit Commitment (UC) scheduling of a microgrid in an “islanded mode”, the interaction
between the microgrid and the main grid should be addressed. Service restoration after a
breakout is an old topic in the distribution power network, and in the context of microgrid to
which the power supply from the main grid breaks unforseen, the unique features introduce
further restrictions as well as simplifications to this classic optimization task.

The plug-in hybrid electric vehicle (PHEV) has shown great promise in replacing fuel-
consuming vehicles and advancing the evolution of green energy, and becomes a critical part
in the concept of smart grid. This will increase the load on the power grid from which the
batteries of the PHEVs will be charged mostly. Besides, charging services will be necessary in
satisfying the diverse needs from users purchasing the PHEVs. This motivates us to propose
a pricing strategy for PHEVS’ battery charging from a market perspective to support the
PHEYV to spread rapidly and healthily.



1.2 Research Issues

1.2.1 Short-Term Operation Scheduling in Renewable-Powered Mi-

crogrid (Islanded Mode)

The defining characteristic of a microgrid is its ability to separate itself seamlessly from
the main grid during a utility grid disturbance, and function as a self-controlled entity with
high efficiency and low greenhouse gas emissions. The unique features of microgrid introduce
further restrictions as well as simplifications to the unit commitment and scheduling problem.
Our work presents an efficient duality-based approach for this cost-optimal microgrid design
(i.e., choice of generation components) under the constraints of emissions, operation, as well

as aspects of reliability.

1.2.2 Short-Term Operation Scheduling in Renewable-Powered Mi-

crogrid (Connected Mode)

In our work, the unit commitment problem in a connected mode is formulated and solved
with the similar method to the islanded case. The analysis focuses on the impacts from the
interaction with the main grid. We will investigate and analyze the impact from the main

grid under this case.

1.2.3 Service Restoration for a Renewable-Powered Microgrid in

Unscheduled Island Mode

In the issue of service restoration in a microgrid, the restoration scheduling is to reconfig-
ure the network by changing the topology of the distribution system through altering the
open/closed status of switches. The objective is to find a combination of the switch states

to cover as many loads as possible immediately from the beginning of the breakdown all the



way to the end of the island mode, on the premise that all constraints are met through the

main grid’s breakdown durations.

1.2.4 Pricing and Revenue Maximization for Battery Charging

Services in PHEV Markets

PHEVs are anticipated to be widely adopted in the coming years. Building a widespread
infrastructure, enabling battery charging at convenient locations such as road sides and
parking lots, stands as a promising solution to enable broad adoption of PHEVs. The solution
concept of charging stations plays an irreplaceable role over that of individual household
charging. There are two types of charging services considered in the work, battery exchange
service and battery charging service, which are currently envisioned to be implemented in
the charging stations. Our work focuses on investigating the revenue-maximizing pricing
strategies in a multi-class monopoly market for the charging service provider, meanwhile the

requirements of the subscribers are satisfied.

1.3 Dissertation Organization

In Chapter 2, we consider a duality-based approach for the short-term operation scheduling
in renewable-powered microgrids, which leads to an analytical closed-form characterization of
the optimal commitment and dispatch solutions. The connected mode of renewable-powered
microgrids is investigated as the extended work in Chapter 3. In Chapter 4, the service
restoration problem of the renewable powered microgrid in an unscheduled breakdown is
formulated and solved. Then, a pricing strategy to maximize the revenue in future PHEVs’
battery charging services markets is discussed. Service models developed for a monopoly
market with two typical service classes are given in Chapter 5. Finally, Chapter 6 concludes

this dissertation.
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Chapter 2

Short-Term Operation Scheduling in

Renewable-Powered Microgrids

(Islanded Mode)

Traditionally, the unit commitment problem is applied to large central generators in macro-
grids, and some typical numerical methods are used to solve the optimal problem. In this
chapter, we propose an analytical efficient duality-based approach to this problem, and pro-
vide theoretical analysis to verify its accuracy. The simulation results show that the proposed
method not only renders no loss of optimality, but uses less processing time compared to the

two classical methods.

2.1 Introduction and Motivation

The daily operation of a microgrid involves finding the least-cost dispatch of the distributed
generators (DGs) that minimizes total operating cost, while meeting the electrical load as
well as satisfying various technical, environmental and operating constraints. This can be

seen as a downsized version of the unit commitment (UC) problem that is traditionally



applied to large central generators in macrogrids [1]. Mathematically, the UC task can be
described as a mixed-integer optimization problem with a nonlinear solution space, which
has been the subject of intensive investigation for more than 40 years (c.f., bibliographical
survey [2]). Nevertheless, the unique features of microgrids introduce further restrictions as
well as simplifications to this classic optimization task that need to be addressed.

The biggest challenge comes from the intermittent nature of renewable energy sources
(RESs), which often leads to power variations and makes it much more difficult to produce
accurate day-ahead schedules in microgrids. Therefore, operation scheduling of the dispatch-
able Distributed Generations (DGs) should be performed at a much finer level, providing
quick and continuous power provision, based on the most recent and accurate forecasted data
[3]. Secondly, while large thermal units are often subject to ramping rate limits that are
typically in the order of several tens of megawatts per hour, it only takes several minutes for
microturbines to ramp up from 0 to full load [4]. This further supports operation scheduling
to be performed at a more granular level for microgrids [5]. Last but not least, the capacity
of switching between different operational modes calls for a proper modeling framework that
reflects the unique characteristic of microgrids.

Various numerical-based algorithms, including some typical heuristic methods, such as
genetic algorithm (GA) [6, 7], particle swarm optimization (PSO) [8], simulated anneal-
ing techniques [9, 10], and network-flow programming [11] have been proposed to solve the
optimal UC problem, but most of them only provide a reasonable numerical solution (sub-
optimal, nearly global optimal) and have high computational complexity. For the classical
mixed-integer UC problem, the branch and bound (BB) technique provides accurate numer-
ical results. However, the procedure is generally not efficient except when large portions of
the solution space can be quickly discarded in the case that there are not too many solutions
having near optimal function values. In [12], a linear optimization problem is formulated and

numerically solved to determine the optimal size of Energy Storage System (ESS) that min-



imizes the operating cost. The authors in [13] and [5] also establish UC strategies based on
piecewise linear blocks approximating the quadratic objective function and frequency droop
scheme, respectively. The authors in [14] model explicitly the length of time the microgrid
operates autonomously and use a Monte Carlo analysis to study the impact of RESs over a
set of United Kingdom commercial load profiles.

This chapter deals with a quadratic formulation of the environmental /economic UC opti-
mization problem in a microgrid that consists of DGs, RESs, and an ESS. The contributions
of this work are summarized as follows: 1) in light of microgrid’s unique operational feature
and taking into account forecast errors that exist in demand and wind power forecast, a novel
probability-based concept is proposed to indicate the probability that the microgrid is able
to operate in islanded mode, termed “probability of self-sufficiency” (PSS); 2) the mixed-
integer UC problem is approached from a convex optimization perspective, which leads to an
analytical closed-form solution. Compared to two classical methods, branch and bound and
genetic algorithm, the proposed method uses significantly less processing time yet renders
no loss of optimality in performance; 3) the proposed method provides guidelines in deciding

the size of the ESS to improve the autonomous target PSS for a microgrid efficiently.



Table 2.1: Nomenclature of Chapter 2

Symbol Description

acy, By, Y0 Emission coefficients of a unit

Ay Demand forecast error

Ay Wind power forecast error

€ Convergence criterion parameter

ALy (s V() Lagrange multipliers

He.d Mean of demand forecast error

Hew Mean of wind power forecast error
P() Cooling time constant of a unit

024 Variance of demand forecast error
02w Variance of wind power forecast error
7¢) Step size of the subgradient method
o) UC indication function

¢ Emission limit

2]} Euclidean projection of x to the interval [a,b], i.e.,[z]; = max(min(z,a),b)

Euclidean projection of x to the interval [0, +00),
ie., ()T = max(z,0)

Fuel cost coefficients of a unit
Aggregated cost coefficients of a unit
Maintenance cost coefficient of a unit
Error function [15, Eqn. 8.250.1]
Unit index (subscript)

Iteration index (superscript)

Power dispatch of a unit

Optimal power dispatch of a unit



min maxr

Py P

HSC(,

L)

MC,(.)
MUT,,,M DT,

10

Minimum and maximum power generation limits
Wind turbine power output

Power dispatch of a unit in the relaxed UC problem
Forecasted wind power in time interval ¢

Hour index (subscript)

Unit status indicator of a unit where 1 means on and 0 means off
Cut-in wind speed

Cut-out wind speed

Rated wind speed

Wind speed

Rated electrical power

Modified electricity demand in time interval ¢
Branch and bound method

Lower and upper limits of the energy stored in ESS
Cold start-up cost of a unit

Dual function

Forecasted demand in time interval ¢

Emission function of a unit

CDF of wind power forecast error

Fuel cost function of a unit

Generic algorithm

Hot start-up cost of a unit

Lagrange function

Maintenance cost function of a unit

The time a unit needs to remain on/off if on/off

at the beginning of the scheduling period



TU(') ,TD(.)

11

Total number of units

Probability operator

Probability of self-sufficiency

Operating reserve requirement in time interval ¢
Start-up cost function of a unit

Total time horizon of one day

Total cost of all units

The time a unit has been on/off at the beginning of the scheduling period
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2.2 System Model

We consider a microgrid that consists of a set of N DG units, including both MTs and
FCs, a RES, the wind turbine, and an energy storage module, the ESS. Electrical loads in
the microgrid are prioritized into tiers, which consist of, e.g., critical loads that relate to
essential processes that must be always met and lower-priority non-critical loads that can be
temporarily removed until adequate power is available. Due to the limited capacity of the
DERs and as in [16, 17, 18], we assume that the microgrid schedules its units to meet the
critical loads in the highest priority, satisfies the non-critical loads using best efforts, and
purchases power from the macrogrid in case of supply shortage. Besides, to better utilize
an environmental-friendly resource, we assume the WT is always on and functions as the
primary power source [12]. The DGs, on the other hand, serve as backup generators and
work collaboratively with the WT to meet the critical loads. The ESS module is introduced
to mitigate the renewable power intermittencies and load mismatches. In this work, we
assume that the microgrid updates its UC strategy every one hour!, during which load and

generation are considered constant. Parameters are listed in the Nomenclature in Table 2.1.

2.2.1 Forecasted Wind Power Model

Wind power is the electrical power generated by wind turbines, installed in locations with
strong and sustained winds. In practice, the actual wind power p,, almost entirely depends
on the wind speed v,, when other physical limitations are fixed or change relatively slow [12].
In principle, v,, is a random variable and varies continuously over time. In this work, we
assume that v,, remains unchanged in one scheduling period (i.e., one hour), and can vary
independently between different scheduling periods.

Extensive research has been done in developing wind forecasting models and approaches

'Depending on different application requirements, smaller updating intervals can be selected since the
closed-form UC solutions can be computed fast.
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Power

(kilowatts) Rated output ~ Cut-out
speed speed

Rated

output -
power (wr)
Cut-in speed
Wind spe
3.5(Vin) 14(vr) 25(Voul) (m/s)

Figure 2.1: Wind power output versus the wind speed

[12, 19]. To capture the relationship between wind speed and wind power and as in [12, 20],

the following piecewise linear model is adopted (c.f. Fig.2.1)

Wy Uy S v S 'Uoutv

pu = ety <o <o, (2.1)
0 else
\

2.2.2 Cost Models for Microturbines and Fuel Cells

MTs are small electricity generators that burn gaseous and liquid fuels to create highspeed
rotation that turns an electrical generator. Depending on the size range, an MT can ramp
up from 0 to full load between 10 seconds to several minutes [4]. FC technology uses an
electrochemical process rather than a combustion process to generate electricity. Polymer
electrolyte FCs, also known as Proton Exchange Membrane (PEM) fuel cells, are particularly
attractive for microgrids that require rapid start-up and quick response to load change [21].

The operating cost of an MT/FC usually includes fuel cost, maintenance cost, and start-

up cost.
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Fuel Costs. The fuel costs for DGs are considered as a quadratic model [22], which includes
linear fuel cost models as special cases [12, 5]. The fuel costs of unit ¢ in time interval ¢ can
be expressed as

FCiv(piy) = aip?,t +bipiy + ;. (2.2)

Maintenance Costs. The maintenance costs for DGs are based on forecasts with minimal
real-life situations, which are assumed to be proportional with the produced power [23].

Therefore, the maintenance cost of unit 7 in time interval ¢ is
Mci,t(pi,t) = d;piy- (2-3)

Startup Costs. The generator start-up cost depends on the time the unit has been off
prior to a start-up. The start-up cost of unit ¢ in time interval ¢ can be represented by an

exponential cost curve [22, Eqn. (3.12)]

_TD.
STC;y = (HSC’i + CSC; [1 — exp ( > m)}) (1 —uip—q). (2.4)

Sometimes, the industry is interested in the total cost per day

T N
TC =Y uy(FCiy+ MCiy + STCyy) . (2.5)

t=1 i=1

2.2.3 Emission Model

Emission effects should be taken into account for environmental friendly power production.
The microgrids are envisioned to be new energy-saving and green grids in the future, which
entails carbon emissions limited to regulations and law requirements.

The amount of emissions produced depends on fuel used, pollution control devices in-

stalled, and the amount of electricity generated. In this work, we assume that only DGs
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produce emissions and the RESs are emission-free?. The emission function is typically ex-
pressed as a polynomial, the order of which depends on the desired accuracy [25, 26]. As in

[13, 26], a quadratic function is considered for the emission curve as follows

Eii(piy) = qipi, + Bipie + e (2.6)

2.2.4 Energy Storage System

In renewable-powered microgrids, the problem of mitigating power intermittencies as well
as load mismatches is an important and challenging task. In this context, the ESS plays a
critical role in shaving peak demand and compensating forecast errors. For instance, when
the forecasted wind power is smaller than the actual value (i.e., an underestimate), the
supplied power is likely to be larger than the actual electricity demand, in which case the
ESS will be functioning in the charging state to store surplus electrical /renewable energy,
which can be dispatched properly later in the event of a power shortage.

The charge and discharge of the ESS is subject to stored energy limits, C,,;, and Cyaq,
which specify the minimum and maximum energy stored in the battery bank, respectively.
In this case, C,,4, is set as the full capacity of the ESS and C,,;, to be around 10% of its full
capacity. The ESS is also subject to starting and ending limits that specify the initial and
final energy inside the battery bank during the course of one day. In this work, the starting
and ending limits are both selected as C,,;, for the purpose of energy balance of the energy

storage system [12].

ZNote that the emissions in the production process of wind turbines and other equipment [24] have not
been considered.
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2.2.5 Unit and Operation Constraints

Maximum and Minimum Output Limits. The output power of the DG in stable

operation is restricted by its lower and upper limits as follows

P < iy < pt (2.7)

In our case, the minimum available power for the DGs are zero, i.e., the DG can be turned
off when the output power from the WT is enough to meet the demanded power.

Minimum Up/Down Time. Once a DG is switched on, it has to operate continuously
for a certain number of time before it can be switched off. Also, a certain number of hours
has to pass before a DG can be brought online after being switched off. Violation of such

constraints can shorten the unit’s life time. Mathematically, we have

(TUjp—1 — MUT;) (wip—1 — uip) > 0, (2.8)

(TDi,t—l — MDT;)(UZJ — uz‘7t_1) > O (29)

For DGs in microgrids, the minimum up/down time of DGs is around 600s and 300s [3],
respectively, which is always satisfied under hourly scheduling operations.

Ramp Rates. Traditional thermal units are often subject to ramp rate limits that specify
the amount a unit’s generation can increase or decrease during one scheduling period. In
the context of microgrids, small DG units can ramp up from 0 to full load in the order of
several minutes [21]. Thus, ramp rate limits are typically not reached under normal hourly
scheduling operations.

Emission Limits. To comply with the purpose of environment conservation and reduce the

greenhouse gas footprint, we impose hourly emission limits on all the DGs. Mathematically,
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we have

N
Zui,th‘,t(pi,t) <. (2-10)
i=1

Operating Reserves. In the event of a power supply disruption, operating reserve con-
straints guarantee that there exist extra generating capacity to the system that can be
brought online immediately (spinning reserves) or within a short interval (supplementary

reserves). In microgrids with fast-start DGs, operating reserves are imposed as follows [1]

N
> W — wiepie) > R (2.11)

i=1

Probability of Self-sufficiency. Both demand and renewable power forecast are prone
to errors, which affect negatively the microgrid in meeting local power demand and their au-
tonomous and independent functions. Once a microgrid cannot meet power demand solely
based on local generating units, it can switch to a grid-connected mode and purchase energy
from the upstream macrogrid, and in our case we only consider the MG operating in the
autonomous mode. To better understand the impacts of the operational mode on total oper-
ating cost, we propose the use of a novel probability-based concept, PSS, which indicates the
target probability that the microgrid is able to operate in islanded mode without purchasing
energy from the macrogrid.

As in [27, 28], we assume that both demand forecast error A, and wind power forecast
error A,, can be modeled as independent normally distributed random variables, i.e., Ay ~
N(pe,d; 02 4) and Ay ~ N(piew, 07 ,,). Then the probabilistic power balance constraint can

be expressed as

P (S piatio + Bua + Ay = Dy + Ag) = PSS, (2.12)
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which, after some algebra, can be reformulated as

N
Zpi,tui,t > Ay =Dy — Pyt — ((,Ue,w — fed) +1/2 (in + Uid)erf*l(l — ZPSS)). (2.13)
i=1

2.3 Problem Formulation and Closed-Form Solutions

2.3.1 Problem Formulation

The UC optimization problem in a particular operation scheduling interval ¢ can be written

as

N
P1 min Zui,t (FCit+ MCip + STC )
w:’il..z.’,tN i=1

st (27)—(211)and (2.13) Vi=1,..,N

Evidently, problem P1 is a mixed-integer programming problem with a nonlinear solution
space. In order to transform P1 into a convex optimization problem, we introduce auxiliary

power variables ¢;+ = p;,u;; and relax u;; to be a continuous variable in [0, 1]. Thus, the

transformed problem can be written as®

N
P2 min Z (aiqit/u@t + bigis + c;tui,t)

it Uit
Vi=1,...,.N =1

s.t. Zi\ilq@t Z At
Zﬁl (aiqzt/ui,t + Bigie + Yitiiz) < ¢
Zi\il (P — qi) > Ry

Ui P < qig < uggp™™, Vi=1,...,N

7

3The objective function is defined at u = 0 by continuity as lim, o (aq?/u + bg + cu) = 0.
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where the aggregated cost coefficients are b = b; + d; and C;',t = ¢; + STC;,. Note that the
objective function of P2 is equivalent to that of P1 as the change of variables is invertible
except for u;; = 0. The same statement holds for the emission constraints (2.10) and (2.14).
In case that u;; = 0, every p;; solves P1.

The Hessian matrices of the objective function and the constraints of P2 are positive
semidefinite, and the form of the whole problem meets the requirement of a convex problem

[29], implying that P2 is a convex problem.

2.3.2 Closed-Form Solutions

To solve P2 analytically, we first decouple the optimization variables ¢;; and wu;; by substi-
tuting p,, = ¢i+/uir. Note that Pix = iy for the case of interest, i.e., u;; # 0. For this

reason, we will henceforth use p,, = p;;. The Lagrangian function can then be written as
N N
L(Ae, pe, v, P, ) = Zui,t%,t(Pi,t) + MA — i+ B — ZP?LM» (2.14)
i=1 i=1

where ¢; +(p;+) can be viewed as the UC indication function

@it(piy) = (a; + Mtai)pit + (0 4 1B — M A ve)pig + (¢iy + peyi)- (2.15)

The dual function can be obtained by minimizing the Lagrangian (2.14), which is given by

N N
D(\, pie, ;) = min Zuit min SDi,t(pz‘,t) + NAy — i+ v Ry — Vtzpram~ (2.16)

" P <pi <ppeT pa
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The initial step to solve (2.16) is to tackle the inner minimization, the solution of which can

be easily derived as

. . b+ B — N+ ]
p;y = argimn @it(pir) = |— B
pin<p; <pe® (@i + pucy)

(2.17)

min

p;

The next step is to solve the outer minimization over u;; in (2.16), given the optimal power
dispatch solution (2.17). Evidently, the minimum value is attained by setting u;; = 1 for all

@it(Pi;) < 0 and u;; = 0 otherwise. Mathematically, we have

. 1 @i,t<pz<,t) <0,
Uiy = (2.18)

0 Otherwise.

An important step in the course of analytical derivation is to decouple the optimizations
of the commitment status w;; and the power dispatch p;; as in (2.16). Besides, we observe
that the commitment decisions are completely determined by the sign of ¢;,(.) at the optimal
dispatch p;, (c.f. (2.18)). Thus, ¢;,(.) can be seen as a UC indication function. In the case
that the power generated by the WT is sufficient to meet local power demand, the microgrid
will be entirely powered by the RES and no DG needs to be turned on, i.e., u;; = 0 for all i.

So far, we have found the analytical optimal solutions pj, in (2.17) and uj, in (2.18),
which are, however, functions of the Lagrangian multipliers. By convexity, it suffices to
obtain the optimal dual variables (A}, uf, v;') to the dual problem, which are used to compute
optimal primal solutions (2.17) and (2.18). The complete algorithm has be formally stated
in Algorithm 1 below.

This subsection discusses the use of a subgradient-based iterative procedure to numer-

*

ically compute the corresponding optimal Lagrangian multipliers A}, uy, and v;. The key
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Algorithm 1 Subgradient-Based Algorithm

Initialize Lagrangian multiplier )\ , uio) and l/t(o)

the step size 7™ = 1/(n + 1).

repeat
Compute economic dispatch p:’(t") using (2.17).
Obtain UC indication function gpgz) (p:gn)) via (2.15).

Find unit status indicator ufg”) using (2.18).

Update A" 1" and ™™ via (2.19), (2.20), and (2.21), respectively.
until |[7C™ — TCM=Y| < e TCMY,

to arbitrary nonnegative values and set

iteration steps are [29]

AP (300 (o) (At B ARG *Wﬂ (2.19)
n [ n n -
LD ) (val " (pzt ) g)} , (2.20)
_ +
D — [ (e~ 5 (o =i 221

which are provably convergent to the optimal value provided that the step sizes are selected
to satisfy Y oo ;7" = oo and > oo, (7" ) < oo [30]. A graphical convergence illustration

can be found in the following simulation section.

2.4 Simulation Results and Discussion

In this study, a microgrid system consisting of two MTs, one FC, one WT, and one ESS is
considered for a scheduling time horizon of 24 hours. The fuel cost coefficients, the emissions
coefficients, and the power limits of the DGs are assumed to be known, with p’(?f)m of all
DGs are zero kW. Similar parameter settings have also been used in [6]. The emission
limit ¢ is set as 150 kg/hour. The wind speed data samples adopted in this work are from
the “Wind Test Center” in West Texas A&M University [31], with the parameters in (2.1),

Vin = 3.5m/s,v, = 14dm/s, v, = 25m/s. Unless stated otherwise, the demand forecast
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error statistics and those of the wind power are set as jieq = fiew = 0, 02, = 144, and
02, = 256. To understand the impact of PSS on the total operating cost, three different
operation scenarios are considered, which are PSS = 90%, PSS = 70%, and PSS = 50%.

2.4.1 Unit Commitment, Dispatching and Methods Comparison

This subsection shall illustrate the derived unit commitment solutions without considering
the functionality of the ESS. The effects of the ESS will be investigated in Section 2.4.3.
Fig. 2.2 illustrates the fast convergence behavior of the proposed algorithm in optimizing the
total operating cost per day of the microgrid. It takes only about 20 iterations to reach the
optimal solution under all three PSS values. Besides, observe from Fig. 2.2 that the operating
cost increases as the microgrid functions more autonomously, since more power has to be
generated to ensure self-sufficiency and to mitigate demand and wind power forecast errors.

Fig. 2.3 shows the comparison results of four different methods in our environmen-
tal/economic dispatch optimization problem. We use a GA and the proposed method (Prop-
algor) to solve the original problem P1 and the transformed problem P2, respectively. In
addition, BB is applied to solve P1, providing us an accurate result as benchmark. The
proposed method is shown to incur no loss of optimality, while GA is worse in terms of accu-
racy of the results. The optimal continuous results of P2 given by the Matlab software cvx
(CVX) are also close to the solution provided by BB and Prop-algor. CVX is used to solve
convex problem, which also proves that P2 is a convex problem from another perspective.
More importantly, the simulation time of CVX, BB and GA are around 9 sec, 50 sec and
180 sec, respectively, while it only costs less than 3 sec for the proposed method to reach the
same accuracy. The corresponding CPU time to run the proposed algorithm is plotted in
Fig. 2.4. Observe that the algorithm running time decreases as the stopping criterion drops
from within 0.1% of the value in the previous iteration to 10%. (The computer used was an

ThinkPad Laptop with a i5 M560 duo-core processor at 2.67 GHz).
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Figure 2.2: Total operating cost per day under different PSS targets.

The optimal amount of dispatch of each DG for given demand and wind power forecast
profiles are shown in Fig. 2.5 under different target PSS values. Take Fig. 2.5(b) as an
example. Observe the forecast wind power decreases from 1:00 am to 5:00 am in the early
morning. In order to fulfill the demand, the DGs are dispatched economically according to
the optimal UC solution. The dispatched power from the DGs continues to be in a higher
level until 13:00 pm, when the forecast wind power comes into play again. At midnight,
power demand reaches a minimum and the microgrid is entirely powered by the wind power.
During the whole process, the DGs serve as backup sources that complement the renewable
source in meeting electricity demand.

Table 2.2 further depicts the UC status of the DGs for the case of PSS = 70% over
a period of 24 hours. Cross-referencing Fig. 2.5(b), we can observe that the FC is the
most preferred power source among the DGs and contributes significantly during the entire
scheduling period. In contrast, MT2 contributes the least and is always the last one to
be turned on. The reason is as follows. Recall from Eqn. (2.18) in Section 2.3.2 that
the commitment status of the DG is solely determined by the sign of the UC indication
function ¢;,(.) at the optimal dispatched point pi; An interesting phenomenon observed
from numerical results is that o3(p3,) < @1:(p];) < w2.(p3,) for all t = 1,...,T. In other

words, there exists a hidden priority listing order that arranges the DGs based on lowest
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Figure 2.3: Performance comparison of different optimization algorithms for optimal dispatch
of DGs under PSS = 90%.
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Figure 2.4: Elapsed CPU time of the subgradient-based algorithm under different stopping
criterions.

Table 2.2: UNIT COMMITMENT OF THE DISTRIBUTED GENERATORS WITH TARGET PSS = 70%

Unit Hours (1-24)

MT11111111111111100011111000
MT2|1111111111110000111110060
FC |1111111111111110111111060

operational cost characteristics as well as emissions.



160 [IFC 160 [IFC
140f{C_IMT1 140 C_IMT1
ERMT2 EEMT2

120} —&—Forecasted demand
- < -Forecasted wind power

T

il

W)

Power (k!

Bt

il

10 1
Time (h)

20 25

(a) Target PSS = 90%

160

120} —8~Forecasted demand

- < -Forecasted wind power|

&

ﬁmﬂ ﬂ

10 15
Time (h)

(b) Target PSS = 70%

[CIFC

140 [ IMTH

VT2

120} —&—Forecasted demand

-« -Forecasted wind power|

i e

IS
S
[ oHlp

(c) Target PSS

=50%

25

Figure 2.5: Forecasted demand and wind power, as well as optimal dispatch of the DGs

under different PSS targets.

4
12x10

—-©-Target PSS=90%
——Target PSS=70%
111l & Target PSS=50%

10F

Total operating cost per day ($)
o

8 L
g

Er £ £ £ £ 1]
q 0 2‘0 3‘0 4‘0 5‘0 60

Forecast time horizon (min)

Figure 2.6: Total operating cost per day under different time horizons.

2.4.2 Operating Cost versus Different Forecasting Time Horizons

Clearly, the shorter the forecasting interval is, the more accurate the forecast data and the

smaller the variance of the forecast error. According to [27], the typical standard deviation
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Figure 2.7: Achieved PSS versus the capacity of the ESS based on wind power statistics
collected in one month.

of the wind power forecast error for a specific wind farm can be expressed as a function of
the forecast horizon, which can be approximated accurately by a linear function when the
forecast horizon is less than 6 hours. Fig. 2.6 examines the impact of varied forecasting time
horizons on the total operating cost, based on the afore-mentioned linear model. Observe
that for the case of PSS = 90%, the operating cost grows almost linearly as the forecasting
interval increases from 10 minutes to 1 hour. The same trend is observed for the case of
PSS = 70%. Interestingly, the cost holds constant for the case of PSS = 50%, due to
the fact that the microgrid is indifferent to either being connected to, or autonomous of the

macrogrid.

2.4.3 The Impact of ESS on Microgrid’s Autonomy

In the last numerical example, we incorporate the ESS into the microgrid setting and study
the impact of the ESS on the achieved level of autonomy of the microgrid. To verify the
effectiveness of the ESS on the achieved PSS, data samples collected by the Wind Test Center
[31] in one month are employed to calculate the achieved PSS of the microgrid in practice.
We observe from Fig. 2.7 that for all the PSS targets, 1) the proposed approach successfully

meets the design targets in the absence of the ESS. For example, the microgrid achieves a



27

60 o1 % 11
80
£50 , £
@ 40 %60
i1} w
£ < 50
5 30 o
o 40
S S
220 © 30
) )
& 1op = &
10
0 L 0 H
0 10 15 20 25 0 5 10 15 20 25
Time (h) Time (h)
(a) Target PSS = 90% (b) Target PSS = 70%

120 u
100
801

601

40t

Energy stored in ESS (kWh)

20r

0 5 10 15 20 25
Time (h)

(c) Target PSS = 50%

Figure 2.8: Variations in the amount of energy stored in ESS in one day under different PSS
targets.

practical PSS of 52%, 78%, and 92% when the PSS targets are set as 50%, 70%, and 90%,
respectively; 2) the microgrid is more capable of functioning self-sufficiently as the capacity
of the ESS increases; 3) the achieved PSS hits an upper limit when the capacity of the ESS
is larger than a threshold. From our simulations, this ESS threshold grows from 40 kWh, to
90 kWh, and to 120kWh as the PSS targets decreases from 90% to 70%, and to 50%. This
provides a guideline on determining the ESS size to achieve a desired PSS level.

To further analyze the variations of the energy stored in the ESS in one day, we plot in
Fig. 2.8 the evolution of the energy stored in ESS under different target PSSs. The capacity
of ESS is set as 60kWh, 90kWh, and 120kWh as in Fig. 2.8(a), Fig. 2.8(b), Fig. 2.8(c)

when the PSS targets equal 90%, 70%, and 50%, respectively. Due to practical concerns, the
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starting (f = 0) and ending limits (t = 24) of the ESS in this work are set as around 10%
of the capacity of the ESS, which are 10 kWh for all the cases. We then observe that the
events of charging and discharging occur frequently during the time period between 0:00 am
to 10:00 am, when the forecasted wind power falls short of the forecasted demand. Note also
that the stored energy in the ESS varies less remarkably as the microgrid tends to operate

more independently.

2.5 Conclusion

The unique characteristics of renewable-powered microgrids have brought new challenges to
the classic UC optimization task of unit commitment. We have shown that the traditional
problem formulation can be modified to incorporate the intermittency of the RESs, emission
limits on the carbon footprint, as well as forecast errors that exist in demand and renewable
power forecasts. Using a duality-based approach, it has been demonstrated that an analyt-
ical characterization of the optimal commitment and dispatch solutions for the distributed
generators is available, which can be computed very efficiently using a subgradient-based
algorithm. The approach can be easily modified to incorporate other types of distributed
generators or RESs. Our work in this chapter shows that the features of DGs can have a
great impact on the operation of UC strategy in microgrids, which will be investigated in

our future work.
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Chapter 3

Short-Term Operation Scheduling in

Renewable-Powered Microgrids

(Connected Mode)

In Chapter 2, we successfully find a method to determine the least-cost UC and the associated
dispatch in a microgrid in the islanded mode. In this chapter, we further study the UC
problem when the microgrid has the interaction with the main grid, a typical connected
mode. The role of the macrogrid is also changed to both producer and consumer in this new
grid framework, which is an extended situation built upon the second market policy. The
problem formulation is revised and the solving procedure is also modified to incorporate the

interconnection with the main grid.

3.1 Introduction and Motivation

The microgrid as a novel concept has been proposed, discussed and practiced in the power
system academia for over 10 years, and the Smart Grid paradigm has attracted an unprece-

dented level of industrial and political support globally, which grants microgrid a promising



30

chance of imminent commercialization. From the perspective of microgrid, one of the most
salient benefits is that it possesses the ability of switching to the islanded mode either if
the main grid (i.e., macrogrid) faults or the real time price of energy from the macrogrid
is much higher compared to the local generation. On the other hand, the encouragement
of utilizing more renewable energy sources might produce surplus energy in the microgrid
which can be sold to the macrogrid for more profit. The realization of this ideal interaction
between microgrid and macrogrid is based upon the real time two-way communication and
the advanced controlling schemes in the system. The role of the macrogrid is also changed
from only a producer to both producer and consumer in the future grid framework. This
adaptation would help to relieve the pressure of power demand in the peak load time, re-
duce the energy waste, and at the same time, cut down the operation cost of a microgrid
effectively.

In the previous chapter, we only focused on the UC and dispatching problem when a
microgrid is in the “island mode”. Whereas in this chapter, the interaction with the main
grid will be in consideration for a complete study. As an extension of the UC scheduling
problem in “island mode”, a typical “connected mode” with the proposed hierarchical control

architecture is shown in Fig. 3.1, with the following control levels: [6, 32, 33]:
e distribution management system (DMS);
e microgrid system central controller (MGCC);
e local microsource controllers (MC) and load controllers (LC).

The MC utilizes the power electronic interface of the DG, tracks the local information
(i.e., environment and capacity) and controls the voltage and the frequency of the microgrid
following the demands from the central controller. The LC is installed at the controllable
load and reports the demand requests following the orders from the MGCC for load manage-

ment. The MGCC is responsible for the optimal operation considering the market prices of
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Figure 3.1: Microgrid Structure

electricity from the distribution system as well as local production capabilities. The issues of
islanded or interconnected operation of the microgrids and the related exchange of informa-
tion with the MGCC are taken care of by the DMS. The UC and dispatching problems of the
microgrid in both operational modes are processed in the MGCC given the price of trading
information, local capacity and demand requests from the DMS, MC, and LC, respectively.
The optimization procedure depends on the market policy adopted in the operation. In this

work, the following two classical operation policies are described:

1. The microgrid is separated from the upstream distribution grid and aims at minimizing
the operational cost while satisfying the total demand or the critical demand that
relate to essential processes that must always be powered to guarantee reliability to

some extent.

2. The microgrid participates in the open market, purchasing/selling power from/to the
macrogrid to reduce the operational cost and at the same time, fulfills the total de-

mands in the local size.

In the first policy, the MGCC aims to fulfill a fixed reliability of the microgrid, using its
local generation without absorbing power from the upstream grid. Mathematically, the

MGCC minimizes the operational cost, taking into account the constraints of environmental



32

requirements and probability of self-sufficiency. This is the main problem we dealt with in
Chapter 2, upon which the new extended situation is built upon with the second market
policy.

The remainder of this chapter is organized as follows. Section 3.2 discusses the basic
system models with the interactions with the main grid. Next, in Section 3.3, the optimal
service restoration problem is formulated and finally solved with some technical adjustments.
Section 3.4 conducts numerical simulations that verify the feasibility of the proposed scheme.

Finally, concluding remarks are drawn in Section 3.5.
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Table 3.1: Nomenclature of Chapter 3

Symbol Description
a, B Load priority constants
by, bs Purchasing and selling price from and to the main grid
t Time instance
Upt, Ust Status indicator of purchasing, selling energy with the main grid
Cy(E}y) Cost of selling energy to the main grid, (< 0) meaning the profit
Cy(1y) Cost of purchasing energy from the main grid
Cons Constant value in the Lagrangian function
Diop Critical demands at ¢
Emaer - [mar Purchasing and selling bounds with main grid in one time instance
E; I The amount of electricity in the trading at one time instance ¢
K The number of DGs

3.2 System Models

We also consider a microgrid that consists of a set of N DG units, MTs, FCs, and WTs,
however, in this chapter, the main grid is another power source as well as a consumer.
As a result, the system models are different from the previous models in Chapter 2. The
electrical loads in the microgrid are prioritized into two tiers too, critical loads and non-
critical loads, and in our work the former one should be fulfilled by the local generations
with some probability. We assume the microgrid schedules its units to meet the local loads
in the highest priority, satisfy the non-critical loads using best efforts, and at the same time
purchase power from the main grid in case of supply shortage. If the power generated from
the local sources is larger than the local demands, the selling transaction with the main
grid is considered. Besides, the microgrid updates the UC strategy every one hour, during
which load, generation, and the price of power purchasing/selling from/to the main grid are
considered constant. Except for the models mentioned below, others can refer to Chapter 2.

Parameters are listed in the Nomenclature in Table 3.1.
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3.2.1 Cost Models for Transactions with Main Grid

Compared to the quadratic operating cost of an MT/FC, the cost of merchandise with the
main grid is assumed linear in our work.
Purchasing Costs. The power cost purchased from the main grid can be considered as a

linear model, which can be expressed as,

Cu(L,) = by - I, (3.1)

0< 1, < Iow- (3.2)
Selling Costs. The power profit selling to the main grid is also a linear model,

Ct(Et) = bs - Ey, (3-3)

Ema:r: S Et S 0 (34)

3.2.2 Emission Models

Emission effects should be taken into account for environmental friendly power production.
Generally speaking, the amount of emissions produced depends on fuel used, pollution control
devices installed, and the amount of electricity generated. In this work, we assume that DGs
and the power purchased from the main grid produce emissions, and the RESs are emission-
free. Besides, the emissions of the power sold to the main grid are not considered in the

microgrid side. As in Chapter 2, a quadratic function is also considered as follows,

K
> (ip? + Bipi + i) + (@If + B + 7). (3.5)

i=1
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3.2.3 Probability of Self-sufficiency

Similar to the PSS in Chapter 2, both demands and renewable power forecast are prone to
errors, and once a microgrid cannot meet power demand solely based on local generating
units, it can switch to a connect mode and purchase energy from the main grid. However, we
assume in this work that the critical demands should be met by the microgrid energy supply

with some probability. As a result, the probability of self-sufficiency can be reformulated as

P (Efilpi,tui,t + Dwt + Dy > Dyps + Ad) > PSS. (3.6)

3.2.4 Power Balance

The power balance within the MG should be given careful attention, and satisfaction of all

local demands is critical for the system reliability.

K
Zpi,tui,t +Ppuws+ 1wy + By - ugy = Dy (3.7)

i=1

3.3 Problem Formulation and Solutions

Based upon the aforementioned cost models and system constraints, we formulate the UC
optimization problem which is to determine the loads and commitments of DGs and power
exchange with the main grid. Then a duality-based analysis is used to derive the closed-form

solutions.
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3.3.1 Problem Formulation

Similar to problem P1 in Chapter 2, we now formulate problem Pconnect including the

interaction with the main grid,

K
Pconnect p,r}l,lEI,lu Z(aipit + bipi,t + Ci,t)ui,t + bb : It . ub,t + bs : Et : Us,t
Vi=1,.,K =1
K
s.t. P (Z Pitlip + Duwt + Dy > Digps + Ad) > PSS (3.8)
i=1
K
Z(aipit + Bipie + vi)uiz + (alf + BI + y)upy < ¢ (3.9)
i=1
K
Z(p;mz — Pigie) > Ry (3.10)
i=1
K
Zpi,tui,t +Puws+ 1wy + By ugy = Dy (3.11)
i=1
e < B, <0 (3.12)
0< [, <1 (3.13)
P <y <P Vi=1, .., K (3.14)

b, and bs are the purchasing and selling prices with the macrogrid, respectively, and are
assumed to be provided by the open market with the condition b, > b,. Other parameters
are all in the Nomenclature of Table 2.1.

It can be figured out that Pconnect 1S also a mixed-integer UC problem with a nonlinear
solution space. The objective is to minimize the operation cost including the interaction
with the main grid, and at the same time fulfill the total demands in (3.11). Electrical loads
in the microgrid can be prioritized into tiers, and self-sufficiency is still a reliability index in
the connect mode. Therefore, the constraint (3.8) is kept in the new problem to reflect the
autonomy on critical loads in the microgrid. Besides, to limit the greenhouse gas emissions,

(3.9) is included in the constraints. We solve this mixed-integer programming problem with
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convex transformation, variables decomposition, and the Lagrangian relaxation similar to
P1 in Chapter 2. There are some adjustments in the solving procedures depending on the
new features.

After the convex transformation and variable decomposition, we have the Lagrangian

function written as,

LA, o, v, g Py, Iy, By) = Zfilui,t%,t(pi,t)—i‘ut,bSOI,t(IuMt)—i*ut,s%OE,t(Etagt)—f—OOnS, (3.15)

where @; +(pi+), w1+(It, i) and pg(Ey, g¢) are viewed as the indication functions

Qit(Piz) = (a; + o) p, + (b + e — M+ 12 — ge)pie + i + peVis (3.16)
eri(le i) = () IF + (bp + e — ge) It + p1eve, (3.17)
¢Ei(Et, gi) = (bs — gt) Bt (3.18)

Then the form of the solutions is based on the value of the Lagrangian multiplier p,:

It Kt 7£ 07

max

N . bi+ﬂtﬁi_)\t+yt_gt:|pi
pi,= argmin ¢ (pis) = [— (3.19)
ot p;ningpiytgp;naz 2(0@ + /./LtOél) pz‘run
) by + B — g e
IF = )= |27 3.20
;= argmin ¢y (1) [ 2 (a) ) ( )
E™® b — g, >0
E; = argmin g, (E) = (3.21)
0 bs — g < 0.

L wie(pis) <0 (or or(If) < 0,0r pp(Ef) <0),
u;iy(or uyy, or ug,) = (3.22)

0 Otherwise.
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If e =0, and |b, — g¢| < 0.05, the power to buy from the main grid should be adjusted as,

K

I} =D, — sztuzt +p)lo o (3.23)
=1

Uy, = 1. (3.24)

If e =0, and |bs — g¢| < 0.05, the power to sell to the main grid should be adjusted as,

K

Ef = [Di = (O pistiis + D) omas, (3.25)

i=1

ul, = 1. (3.26)

So far, we have found the analytical optimal solutions, which are functions of the Lagrangian
multipliers. By convexity, it suffices to obtain the optimal dual variables (A, u;, v}, g;) to

the dual problem with the key iteration steps:

K +
AT = A4 70 At—2u§,§”>p:,i")>]7 >
=1

K +
Y = | Z(%Pit + Bipig + Y uig + (@Lf + B+ 7)up, — C)] ;o (3.28)

K +
l/t(n+1) = Vt(n)+ T(n) Rt Z < ;nax _p:(tn)u*( )>>] ) (329)

+
9£n+1) = gin)‘f‘ e — Pt — (ZU*(n *(n + I - upy + Ey - Ust))] : (3.30)

3.4 Numerical Simulations and Discussion

In this section, a microgrid consists of one MT, one FC, one WT and exchanges energy with
the main grid if the generation is not sufficient or exceeds the local demands. The scheduling

time horizon is still 24 hours. The fuel cost coefficients, the emissions coefficients, and the
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Figure 3.2: Operation Cost in Connect Mode, PSS = 90%

Unit | a()(8/kW?) | b)(8/kW) | c()(8) | ay(kg/kW?) | B)(kg/kW) | vy(kg) | P}
MT 1 50 10 3.49 —5.554 4.091 | 400kW
FC 5 20 2 1.38 —3.551 5.326 | 400 kW
I X X X 4.25 —3.551 5.326 | 300 kW
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x105

15}

107

17)

o

O

power limits of DGs are listed in Table 3.2. The price of purchasing b, and selling b, are set

to be 2 and 1.8 dollars/kW, respectively, and the maximum amount of power that can be

sold to the main grid at ¢ is —100 kW. Other parameters are set the same as in Chapter 2.

The simulation shall illustrate the derived unit commitment solutions for the connect mode

without considering the functionality of the ESS. Fig. 3.2 illustrates the fast convergence

behavior of the proposed algorithm in optimizing the total operating cost with PSS = 90%.

The optimal amount of dispatch of each DG for given demand and wind power forecast

profiles are shown in Fig. 3.3. Fig. 3.3(a) provides us both the critical demands and whole

local demand, and the former one should be satisfied by the DGs under a probability of
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Figure 3.3: Optimal dispatch of the DGs as well as the power exchange with the main grid,
PSS =90%.

PSS = 90%. Observing the differences between the critical demands and the generations,
the insufficiency takes place at 19:00 pm to 20:00 pm, and the excesses at other times will be
provided to the non-critical demands. During the entire process in Fig. 3.3(b), the reliability
of the whole system is improved through the power exchange with the main grid. Especially
at 10:00 am and 16:00 pm, the excess energy generated from the MG can be sold to the main

grid at the price of b;.

3.5 Conclusion

In this Chapter, it is shown that the method proposed in Chapter 2 can be modified to
incorporate the interconnection with the main grid, considering the emission limits and
intermittency of RESs. Using the duality-based approach, it has been demonstrated that
the new problem is also convex and the analytical solutions of the optimal commitment and
dispatch for the distributed power sources are available, which also efficiently improves the

reliability of the MG system.
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Chapter 4

Service Restoration for a

Renewable-Powered Microgrid in

Unscheduled Island Mode

From the perspective of the microgrid, one of the most salient benefits is switching to the
islanded mode either if the real time price of energy from the macrogrid is much higher than
the local generation or the main grid faults. The former situation is considered in the previous
chapters, and in this chapter we will study the latter case. A microgrid should be connected
with the main grid most of the time. However, when a blackout of the main grid happens,
especially an unscheduled breakdown, the microgrid needs to be automatically sectionalized
and fulfill the local demands as fast as possible. We propose two scenario-splitting methods

to efficiently solve this service restoration problem with uncertainties.

4.1 Introduction and Motivation

In recent years, a number of technical, cost, and societal factors came together to drive

the microgrid (MG) as one of the biggest changes in the electric power infrastructure on the
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horizon. Moreover, the growing penetration of renewables and other generation technologies,
e.g., inverter-based small scale wind, solar photovoltaics (PV) and clean diesel, have propelled
the development of the MG [34]. The term microgrid, sometimes referred to as distributed
resources (DR) island systems, is used for some intentional islands [35]. An MG has the
ability to disconnect from and parallel with the main grid so as to operate in both the “island
mode” or “grid-connected”. The interconnection with the main grid is being addressed via
numerous pilot projects [36].

A transition to island mode can be triggered by a scheduled or unscheduled event [35],[37],
and the latter is the situation considered in our work, which is an inadvertent event initiated
by fault or loss of connection to the main grid. In practice, normal operations are often
disrupted by sudden breakdowns and their durations are not certain but stochastic. So
this situation is much more practical and challenging. In this case, the DR system needs
to be automatically sectionalized through control and protection procedures, and a load
management strategy is also needed in the MG blackstart operation. This can be seen
as a service restoration (SR) problem which is a traditionally critical topic in distribution
engineering [38]. The whole restoration is usually simpler for an island MG due to the
reduced number of controllable variables, i.e., loads and switches. On the other hand, if
there are multiple DR units in the system, the control operation should be scheduled and
coordinated to efficiently fulfill the needs of the local island, while guaranteeing the system
frequency and voltage requirements [39],[40] usually through DC/AC or AC/DC/AC power
electronic inverters of the DRs [41]. Besides, the whole operation requires communication
and interaction among DRs and the controlling center, and the updated information should
be monitored before disconnection, such as the demands, generation, and the status of
the current switches at the time of breakdown, probability of each breakdown scenario,
etc. Detailed MG controlling architectures and the assumed sequence of actions for MG

blackstarts can be referred to [41, 42, 43, 44].
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Considerable efforts have been placed on the analysis and methods to improve the SR
plans. To achieve the restorative tasks effectively, several knowledge-based approaches have
been suggested, including the expert systems [45] and artificial neural networks [46]. How-
ever, these methods only provide a reasonable numerical solution (suboptimal) and have
high computational complexity. Later some optimization methods are proposed, such as
branch and bound techniques combined with the interior points linear programming [47],
and dynamic programming with state reduction [48]. These techniques can lead to optimal
solutions but the procedure is not efficient unless large portions of the solution space can
be quickly discarded when there are not too many solutions having near optimal objective
values. Furthermore, most of these works consider only the deterministic SR problem, which
is much simpler and saves a lot of computation and complexity. The classic progressive
hedging method [49] is often used to deal with general stochastic problems but it may not
converge in the SR problem with uncertain breakdown time, which involves integer decision
variables.

This work deals with the SR multi-stage scheduling problem in an island MG system with
multiple DR units consisting of a radial configuration and provides two stochastic methods
to solve it. The contributions of the work are as follows: 1) in light of the requirements of
controlling procedures of an MG and to take into account two types of uncertainties, i.e.,
the duration of disconnection and the forecasted renewable power generations, a stochas-
tic integer problem formulation is proposed; 2) the optimization problem is solved in an
efficient two-step procedure with less computation and complexity, compared to the classic
progressive hedging (PH) algorithm, which is a scenario-based decomposition technique for
solving stochastic programs. The comparison demonstrates the advantages of our proposed
methods in terms of efficiency and accuracy; 3) the proposed methods provide guidelines to
MG design, i.e., configuration of the power network, the suitable capacity of each DR unit

including the energy storage systems (ESS), to increase the reliability of the local system.
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The remainder of this Chapter is organized as follows. Section 4.2 discusses the basic
system models including demands priority, general assumptions and constraints in the island
operation, as well as uncertainties in the system. Next, in Section 4.3, the integer optimal
service restoration problem is formulated and solved. Section 4.4 conducts numerical simu-
lations that verify the accuracy and feasibility of the proposed scheme. Finally, concluding

remarks are in Section 4.5. For the nomenclature in this chapter, please refer to Table 4.1.



Table 4.1: Nomenclature of Chapter 4

Symbol Description

agy, B Priority level of critical and non-critical loads

VAV Synchronized ramping rate of one DR unit

€ Convergence criterion parameter

A, Wind power forecast error

O 80 pg)) Lagrangian multiplier

oo Mean of wind power forecast error

o2 Variance of wind power forecast error

(") Beginning instant that scenario s does not share
a bundle with scenario s

L£O() Lagrangian function

70 Step size of each iteration

< Limitation of the operation times

() Operation cost of each switch
demand can be fulfilled partially

h (R) State index

i Load point index (subscript)

J Distributed generator index (subscript)

q Specific bus in which the first or the second priority can
be fulfilled partially

s The previous scenario of scenario s

s Scenario index for different disconnection durations

t Time index (half an hour)

to Initial time when the breakdown happens

Optimal critical loads status indicator
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X(h,.)
()
CostM

Critical loads status indicator where 1 means

satisfied and 0 means shed

Optimal Non-critical loads status indicator
Non-critical loads status indicator where 1 means
satisfied and 0 means shed

Wind power capacity

Switch status indicator of state h where 1 means closed
and 0 means open

State h consists of different status of K switches

Total cost of operation from one state to another
Transfer matrix of operation cost in different states
Dual function

Dynamic programming

Distributed resource

Critical loads in one load bus at one time instant

The actual critical loads in bus h at one time instant
Energy storage system

Fuel cell

Generation amounts of distributed resource in time instant ¢
including the target generation of wind turbines when j = w
Capacity of each distributed unit

Total number of possible states in the power network
Return function for state h of scenario s to proceed DP
Probability-based expected matrix to proceed DP
Total number of switches in the power network

Total weighted restored loads
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Mgt
MT
MG

NumM

TD
WPFR

Total number of distributed units

Remainder of the generation

Microturbine

Microgrid

Total number of load bus

Transfer matrix of operation times in different states
Progressive hedging algorithm

Probability of different cases of breakdown duration
Forecasted wind power in time instant ¢

Non-critical loads in one load bus at one time instant
The actual non-critical loads in bus i at one time instant
Total number of scenarios in disconnection durations
Service restoration

Total possible breakdown horizon

Time decoupled

Wind power forecasting reliability

Wind turbine

Restorative zone corresponding to the distributed unit

Restorative zone corresponding to the wind WT

A7
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4.2 System Model

We consider the service restoration problem in a microgrid that consists of a set of M DR
units, including microturbines (MTs), fuel cells (FCs), wind turbines (WTs), and N load
buses. If a general blackout occurs, local DR capabilities in an MG can be exploited to
feed local customers until the main grid is re-connected. Due to the operational constraints
of DRs, the local demands might not be satisfied fully but prioritized. We assume that
electrical demands in the microgrid are prioritized into two tiers, which consist of, e.g.,
critical demands related to essential processes that should be met first and lower-priority
non-critical demands that can be temporarily removed until adequate power is available
[50]. The DRs will cooperate with each other to meet as many demands as possible during
the blackout. Furthermore, switching operation schemes are needed to complete the power
network reconfiguration so as to improve the distribution among the loads [42]. In addition
to dealing with the uncertain wind generations, the scheduling scheme to be designed needs
to adapt to an unforeseen breakdown from the main grid. In this chapter, we use a scheduling
interval of half an hour in the whole service restoration procedure!, during which demands

and generations are considered constant.

4.2.1 Demands Priority

If there is insufficient generation in the MG to cover the full demands, a load-shedding
scheme needs to be developed [35]. In our work, we assume that each load bus will report
the needed amount of critical loads E;; and non-critical loads @);; during the breakdown

horizon?, with a; and (3; the priority levels of the ith load bus. The total weighted loads L

!Depending on different application requirements, smaller updating intervals can be selected [51]. In
practice, half an hour is meticulous for the wind power forecasting in most of the regions.

2We assume that the estimation of the demands on each load bus is reported accurately. And we could
add other priority levels to the demands priority model. Here we just take two priority levels as an example.
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can be written as

T N
L(u,v) = Z Z(%’Ei,tui,t + BiQi Vi) (4.1)

t=to i=1

Besides, power balance within the MG island should be given careful attention [35],[52], and
we divide the whole MG power network into different restorative zones Z; corresponding to

each DR. Then we have

Z(Ei,tui,t + Qivig) < Gy (4.2)

1€Z;
4.2.2 General Assumptions and Islanded Operation

Under the assumption that a central control system and communication infrastructures are
available for MG restoration, it is possible to produce an automatic controlling procedure
after the blackout, such as identification of one or multiple suitable and stable voltage ref-
erences in the MG system [41], grid synchronization [43, 44], etc. It is assumed that the
information about the status of the power network, including the switch states, local de-
mands and generations of DRs in the MG, are updated immediately after the disruption
[44]. And assume that the power supply for the communication system in the whole system
is unaffected by the unscheduled breakdown. According to [41],[43], all DR units and loads
should be disconnected from the main grid at the beginning of the blackout for the stability
of the system.

In order to avoid large frequency and voltage deviations, some electric utilities limit
the load pick-up to 5% of the synchronized generation [35],[46],[48]. While considering the

ramping rates of DRs, the constraint is expressed as

0 < Gjuv1 — Gip < Dy, (4.3)
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besides, each DR has the capacity
G <G (4.4)

Power network reconfiguration, which is the process of altering the topology structures by
changing the open/closed status xy; of the sectionalizing and tie switches® [53], is considered
as a feasible method of service restoration [46],[54]. However, the operational cost and
the number of switching operations in the reconfiguration should be limited to achieve the

restoration goal in an economical way. Then we have the total cost Cj, 5 from ¢ to ¢t +1
K
Chw = crlth, — iyl bW €1, .H (4.5)
k=1
and the operation time constraint

Z(Ik,t @ Tpi1) < T, (4.6)

K
k=1

where @ denotes addition modulo 2. Moreover, the switch operations in the whole process
should be guaranteed to restore the network into a radial structure [52],[55], which can be

expressed as

X, € radial structure. (4.7)

3There are two types of switches in distribution systems: normally closed switches which connect line
sections, and normally open switches on the tie-lines which connect two primary feeders or restorative zones.
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4.2.3 Restorative Operation Cost and States of Network Config-

uration

In order to solve this restorative problem efficiently, we introduce the definition of restorative
operation cost in our model, which is related to but different from [52],[55]. In our system

model:

e Restorative operation cost is assigned to the switches needed to change status from

open to closed and vice versa.

e The operation cost ¢, depends both on the distance between the load bus and the
power source in the restorative zone Z; and the switch type, i.e., sectionalizing or tie
switches. In practice, the operation cost of each switch decreases with the reduction of
the distance from the power source. It corresponds to choosing the closer de-energized
area first for the restoration, in which some critical facilities are usually located. The
larger cost is often assigned to the tie switches, which are of the lower operation priority
in the restorative procedure. The specific operation cost strategy can be formulated

by the power network designers depending on different situations.

e Even in a small MG island, there are many different switch strategies, i.e., the states of
network reconfiguration. However, only a small subset of them are qualified states not
only conforming to the cost requirements but also the limitation of the operation times.
In our work, we denote H possible configuration states as the restorative strategies
which meet the operation constraints, and then the operation cost as well as number of
switch status changes can be preprocessed by H x H transfer matrices Cost M (x4, X;41)

and NumM (x;,X441) from ¢ to ¢ + 1.
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4.2.4 Uncertainties in the System

Scenario Bundle Constraints. Scenario analysis, originally proposed by Rockafellar and
Wets [49], is a widely applicable method for introducing uncertainty into practical decision
problems [56]. Typically, in such problems some of the data is uncertain, and the performance
measure to be optimized is the expected value of some quantity. If it is possible to delay the
decision until after the uncertainty is resolved, then we are in the environment of the “wait-
and-see” problem and in this case, the optimization problem is deterministic. However, often
one has to make a decision without knowing in advance which scenario will occur. In such a
case, the optimization problem must consider all possible scenarios and choose values of the
decision variables to optimize the objective function.

We investigate the multi-stage service restoration problem in an MG with the scenario
analysis mentioned above. Although the duration of disconnecting from the main grid is
uncertain, one optimal decision strategy, which takes into account all the possible scenarios
incorporating future time stages, must be determined and executed for the current time
stage. This leads to the scenario bundle constraint. The scenarios spanning different time
stages can be expressed as a scenario tree structure [56, 57, 58] in Fig. 4.1.

Scenario Tree Notation: each leaf is connected to exactly one node at time ¢t € T, and
each of these nodes represents a unique realization up to time ¢. Two scenarios whose
leaves are both connected to the same node at time ¢ have the same realization up to time
t. Consequently, in order for a solution to be implementable it must be true that if two
scenarios are connected to the same node at ¢, the values of the optimal variables must be
the same under both scenarios for ¢ < ¢. We represent this property as a constraint by
partitioning all the scenarios at each time stage into different scenario bundles.

Our restoration scheduling procedure for each scenario s begins immediately after the
blackout ty, and ends at the scheduling horizon of T" = ¢y + s — 1. The longest possible

disconnection duration is assumed to be known, i.e., the total number of scenarios S is
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Figure 4.1: Scenario tree with 4 scenarios, P; = [0.2 0.3 0.4 0.1].

fixed. To better present the scenario bundle constraints, we define I'(s’) as the first period
in which the scenario s does not share a bundle with the scenario s’. Then the constraints

are expressed as [58],[59]

xz,t = mzl,tv (48)
uit = uf:ta (49)
v, =gy, t=toto+1,...,T(s) — 1. (4.10)

Reliability of Wind Power Forecasting. Another uncertainty comes from the na-
ture of the fluctuating wind production over big time scale. Wind power forecasts are prone
to errors, which lead to difficulties to make accurate multi-stage restoration schedules in mi-
crogrid. As in [60], we propose a similar probability based concept, wind power forecasting
reliability (WPFR), which indicates the target reliability that the wind generation forecast-
ing can be achieved in the W'T’s restorative zone Z,,. We also assume that wind power
forecast error A,, can be modeled as Gaussian distributed random variables [60, 27, 28], i.e.,
Ay ~ N(py,02). Then the probabilistic power balance constraint for the wind power can

be expressed as

P (Z (Eisttig + Qigvin) < Pyt + Aw> > WPFR, (4.11)

1€ 4w
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and is reformulated as

> (Bigtiig + Qiavia) < V20,0 x erf (1 —2WPFR) + Py + juy = Gy (4.12)

1€ 0w

4.3 Problem Formulation and Solutions

Based upon the aforementioned system models and operational requirements in an MG, and
considering the uncertainties of both wind power forecasting generation and the unforeseen
breakdown from the main grid, we formulate the optimization problem as problem SR?*.
The objective is to maximize the expected restored loads while minimizing the operational

cost for a horizon of multiple time instants over S possible scenarios.

S to+s—1 N

K
SR : max P Z (Z(O‘iEi,tuf,t + BiQisviy) — chlﬂii,t — T4l
k=1

u,v,x
s=1 t=to =1

st (4.2), (4.3), (4.4), (4.6), (4.7), (4.8), (4.9), (4.10) and (4.12).

By observing the SR problem, we can find that in the objective function, the term

SV (i B yuf +P:Qi 407 ;) does not contain time coupled variables, while S kTR =] |
does. Similar observations can be made on the constraints. Hence we can decompose the
problem into two steps. Step 1 optimizes (uy,v¢) to achieve the maximum restored weighted
loads by an efficient duality based subgradient method for a given network configuration,
i.e., a set of x¢, at a certain time stage. Step 2 calls dynamic programming to optimize the
power network configurations, i.e., switch schemes x¢, with the corresponding (ug,v¢) from
Step 1 to handle the time coupled problem. To deal with the scenario parameter s and

the scenario bundle constraints (4.8) — (4.10), we propose two methods. The first method

puts the probability P; into the return function of each state in every time stage of Step 2,

4Although the dimensions of L(u,v) and C(z) are different, the constant variables «, 3 and ¢ can be
designed to be the weight parameters depending on different applications.
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using an average return function over all relevant scenarios for each time stage. The second
method treats the SR problem in a sequential manner, without considering the probability of
different disconnection scenarios. Based on the optimized decision variables for the previous

time stage, the optimization is carried out for the current stage.

4.3.1 Method I: Expectation Solving Procedure

We first treat problem SR as S independent sub-problems without considering the scenario
bundle constraints. For each scenario s, the sub-problem is a linearly time-coupled integer
problem, and a two-step solving procedure is given as follows.

Step 1 : Based upon the explanation in Section 4.2.3, we have H possible fixed network
configuration states for the MG power system, and constraints (4.3), (4.4), (4.7) can be con-
sidered before the solving procedure. Step 1 treats the time-decoupled (TD) portion of the

original SR formulation that

N
TD : max Z(%Ei,tuf,t + BiQiv;,)

=1

st (4.2)(4.12).

To solve this problem analytically, we use the Lagrangian relaxation technique with
Lagrangian multiplier p;;
N

M
Li(pPw,v) = —(aBul, + BiQuvi,) + Y 5 (D (Eigug, + Qiwviy) — Gia). (4.13)

i=1 j=1 i€2Z;

We calculate the minimization of £; with the initial arbitrary non-negative Lagrangian

multiplier pj, according to the following procedure:
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The Lagrangian dual function is given by

Di(p54) = o0 | Ly (P340, V), (4.14)
0<v; <1
and the dual problem is
%?ta«z% Dy(p54)- (4.15)

The dual function (4.14) is solved by minimizing (4.13) over (ut,v¢). The minimum value is
attained by setting u;, = 1 when the coefficient in front of u;, is less than zero and uj, =0

otherwise. This also applies to v;,.

1 p;‘,t —ay; < 0,
(uf,)" = (4.16)

0 otherwise.

s \x 1 p:;,t - Bz < 07
(vi)" = (4.17)

0 otherwise.
\

Then the subgradient method is used for solving the Lagrangian dual problem (4.15)

+
n+1),s n),s n s S
pﬁf b = p;,t) + 7 Z(Ei,tui,t + Qi,tvi,t) —Gjy . (4.18)
1€Z;
The iterations between (4.16),(4.17) and (4.18) lead to the optimal values (uj,vy) except for
one element wu, or vy, When p;, < «a; or pj, > «a; of bus 4, u; will quickly converge to
{0,1}. This applies similarly to v;. However, because the generation may not be exactly
divided in whole to the loads on buses, there is one bus, calling it ¢ with priority levels o

and ,, whose load is only satisfied partially. It is observed from the iteration process that
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Figure 4.2: Dynamic Programming process with time stage 3, H = 4. The terminal state is
added with zero operation costs.

p;+ will approach and fluctuate in the vicinity of o, or §, of bus ¢ (¢ # i). Therefore, we
make the following adjustment:

when |, — a| <,

(us,)" =1, (4.19)
E;,t =Gj— Z (E”(uft)* + Qi,t(vit>*)a (4.20)
iEZj,iiq
or when [p3, — 4] <¢,
(vg)" =1, (4.21)
Qpe=Gio— > (Buaug) + Qua(v5,)"). (4.22)
Z'GZj,i#q

This means the demand on load bus ¢ is only satisfied partially at the level of E’;t or Qv;;t.
With this adjustment, all of the decision variables converge and it can be shown that problem
TD is a relaxed integer linear problem, which is convex, and the duality gap between the
primal problem and the dual problem is zero. A graphical convergence illustration can be
found in Section 4.4.1.

Step 2 : Given Dy(p;,) of every state h € 1,..., H at each time stage, we will solve the

time-coupled sub problem for scenario s with backward dynamic programming (DP) using
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the Bellman function [61] given by

Jg,to-i-s—l = Dh7t0+5*1(p‘?7t0+5—1) + 07 (423)

J;it: /glli{lH{Dh’t(pjvt) + Chp + Ji/7t+1}. (4.24)

h

With the initial value of J3 , . (X}, 44 1) calculated from (4.23), for one stage ¢, J; (7 ,),
i.e., the return function, is obtained by minimizing the summation of the operation cost from
t to t+1 recorded in the transfer matrix Cost M (x;, X7 ), Du+(p;,) from Step 1, and J;, 4,
as given by (4.24). This process continues for all the states over all time stages in scenario
s. Fig. 4.2 illustrates the process of DP with 3 stages and 4 states.

In Method I, step 1 and step 2 are utilized to obtain the H x 1 column vector J; with
t =to,...to + s — 1 at every stage t for each scenario s. To deal with the scenario bundle
constraints (4.8)-(4.10), one probability-based expected matrix J with dimension H x S is
created to indicate the average value of the return functions over all different scenarios. Each

column of J is formulated as
s
Ji=Y PuJ; t=tloto+1,.,to+S5—1 (4.25)
s=1

Then we find the solution h of the shortest path at the current time stage, satisfying
r{linH{jt + Ch» 1}, with h* the network configuration solution of the previous time stage.
€l,...,

Then the shortest path will be formed tracing forwardly from ¢q to to + S — 1. The solu-

tion provided by Method I is sub-optimal with a small margin from the optimal results.

However, the solving procedure is direct and efficient in practice.
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4.3.2 Method II: Sequentially Solving Procedure

To solve Problem SR separately in different scenarios while considering the scenario bundle
constraints (4.8)-(4.10), we treat the results of its previous scenario s, i.e., (¢’ = s—1) as the
reference solutions for all time stages from t, to tg+ s’ —1 and only need to solve the problem
for the current time stage t. As a result, the solving procedure is sequential and the scenario
bundle constraints are satisfied at the expense of some optimality. Similar to Method I, in
Step 1 the analytical optimal solutions for each configuration state h at each time stage t
is obtained through (4.14)-(4.22) based upon the pre-processed constraints (4.3), (4.4), (4.7).
As for the optimal configuration state for operation in the current time stage, we choose h’
as the solution, satisfying y QIHH{DM(/’?Q + Cp v} with the previous solution h fixed as
the reference. So far, we obtain the operation scheme sequentially, and note that for each
scenario, only one stage optimization is needed, which is much less complex especially when
the number of scenarios is large. Although the stochastic information P, has not played a

role in this method, and the operational solution is sub-optimal for the original Problem SR,

the solving procedure is efficient.

Remark 1 — It is noticed that both of the proposed methods are sub-optimal. The
reason for this is not the process of Step 1, which can provide us the optimal solution (u, v)
for each time stage. The reason is due to the scenario bundle constraints resulting from the
uncertainties of disconnection duration. The result of Method I is based on the expectation
of all the scenarios, and provides a better solution when long durations of disconnection
happen with higher probability. Oppositely, Method II outweighs Method I only if the

probabilities of the short disconnection scenarios are larger.
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Table 4.2: CONFIGURATIONS OF POWER NETWORK WITH H = 11 STATE NUMBERS (SNS), AND 13 LOAD
BUSES ARE DIVIDED INTO 3 RESTORATIVE ZONES (RZ).

RZ

. MT WT FC
1 1,2,3,4 5,6,7,8,9 10,11,12,13
2 12,34 | 56,789,11 10,12,13
3 1,2,3,4 5,6,7,8 9,10,11,12,13
4 12,3413 | 56,7,89 10,11,12
5 12,3 5,6,7,8,9 10,11,12,13
6 1,2,4 3,5,6,7,8,9 | 10,11,12,13
7 1,2,3,4,7 5,6,8,9 10,11,12,13
8 124 |356,789,11| 10,12,13
9 1,2 3,5,6,7,8,9 | 4,10,11,12,13
10 1,2,3,4,7 5,6,8 9,10,11,12,13
11 1,2,3,4,13 | 5,6,7,8,9,11 10,12

~
(40,25,408)

~/ - T -~
45,30,75,15, t /
: ’ @ @

(25,15,25,5) (35,20,25,5)

Figure 4.3: System network configuration of an island MG example with coefficients of
demands and priority levels (E;;, Qit, i, Bit)-

4.4 Simulation Results and Discussion

In this study, an island microgrid system consisting of one MT, one WT and one FC, is
considered for a stochastic scheduling time horizon depending on the duration of the discon-
nection from the main grid. Our restoration strategy for the MG is further explained via an
example system of Fig. 4.3, with the demands coefficients £; ;, ); + kW and the priority level

a;¢, Biy of each load bus. The similar power network configuration has also been used in
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[54],[62],[63]. Unless stated otherwise, we provide H = 11 candidate states for the power net-
work configurations, i.e., different switch strategies, in Table 4.2. The state shown in Fig. 4.3
is assumed to be state 1, the state immediately after the disconnection occurs. As long as
the candidate configuration states are set, both of the transfer matrices Cost My« g (¢, Tiy1)
and NumMpy (2, 2441) can be obtained. The longest possible breakdown duration is 2 h,
i.e., 4 time instants. We assume that any generations except wind power are all zero at the
moment when the disconnection occurs without loss of generality, and the assumed synchro-
nized generations from the MT and FC are (100, 150, 250,400) kW and (100, 150, 300, 300)
kW in 4 time instants, respectively. The wind speed data samples adopted in the work are
from the “Cairngorm Automatic Weather Station” in the Heriot-Watt University Physics
Department [64] with the parameters vy, = 3.5 m/s, v, = 14 m/s, v, = 25 m/s, w, = 400
kW in the wind power estimation model of [60]. v;,, Vout, v and w, are cut-in, cut-out, rated

wind speed, and wind power capacity for the wind power estimation, respectively.

4.4.1 Restoration Schemes and Solution Convergence

This subsection illustrates the derived service restoration solutions mainly from the analysis
of convergence and the duality gap. The probabilities of different cases P are set to be
[0.1,0.4,0.3,0.2]. Clearly, the longer the forecasting interval is, the less accurate the fore-
casted data and the bigger the variance of the forecasted error, o7, ,. According to [27],[60],
the typical standard deviation, o, of the wind power forecast error can be expressed as an
approximated linear function of the forecast horizon when the forecast horizon is less than
6 hours. Thus the parameters are set as o, = [1,2,3,4], p,, = 0, and WPFR= 90%. The
evolution of the subgradient-based algorithm in Method II is illustrated in Fig. 4.4. All of
the four stages approach convergence after about 25 iterations, which also corresponds to the
zero approaching duality gap witnessed in Fig. 4.4(b). This example verifies the proposed

algorithm and provides us the optimal solution effectively within each time stage. To give
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Figure 4.4: Evolutions of the optimal results.

more insight on the restoration scheduling scheme with priorities, we provide a stage-by-stage
restoration process in two tiers in Fig. 4.5 assuming that demands in £ and () are the same
in the four stages with light colors, and different shaded areas in Fig. 4.5(a)-4.5(d) illustrate
different restorative zones from the three generators. Take Fig. 4.5(a) as an example. We
know that in state 1, load buses 1,2, 3,4 are in the same restorative zone supported by the
generation MT. In the first stage, the MT can only provide 100 kW to the bus with the

highest priority «;. It can be seen that the restored loads are increasing as the time evolves,
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Figure 4.5: Restored loads (kW) scheduled on different load buses in four stages with shortest
path states 1,1, 3, 10.

Table 4.3: Comparison of three scheduling methods

Ps Results of Different Methods
Method I Method II PH (p = 100) PH (p = 15000) PH (variable p = ¢s/(®maz — Tmin + 1)[65]) Optimal Value
[0.1,0.4,0.3,0.2] 83272 83505 83304 83154 83154 83683
[0.7,0.1,0.1,0.1] 48681 48797 48684 48684 not converged 48878
[0.1,0.2,0.3,0.4] 98043 98016 97537 97537 97537 98325
[0.1,0.1,0.1,0.7] 113300 112800 111450 111880 111880 113300
[0.25,0.25,0.25, 0.25] 80302 80269 79986 79986 not converged 80472

due to the fact that the synchronized generations from the MT and FC are growing.

4.4.2 Comparison of Two Scheduling Methods on Different P

The comparison between Method I and Method II is provided in Table 4.3. The numbers
in the table are the results for the objective functions. The optimal solution is obtained by
the brute-force method, which is not efficient especially when the state and stage numbers
are large. It can be seen that both the proposed methods are sub-optimal. The reason
for this is not the process of Step 1, which can provide us the optimal solution (u,v)
for each time stage. The reason is due to the scenario bundle constraints resulting from

the uncertainties of disconnection duration. Method II outperforms Method I when the
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Figure 4.6: Adjustments on different forecasting horizons.
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Figure 4.7: Impact of ESS on the risk of unreliability of WT's, with wind power capacity=80
pu.

frontal cases have greater probability of occurrence, especially in the first two cases. Since
Method II is to solve the whole problem sequentially starting with scenario 1, and the
following cases would follow the optimal solutions in the previous scenarios, the result will
be better if the breakdown happens more frequently with shorter durations. In contrast,
Method I is an averaged result of each independent case. As for the PH method, a different
initial parameter p leads to different results and even when we use the “variable-specific p”
in [65], convergence is not guaranteed. The results of the proposed two methods are shown

to be closer to the optima, while PH yields inferior solutions. Besides, it takes around 4
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secs to do the simulation with PH while the proposed methods consume 1.5 and 1.6 secs,
respectively, with the same parameters. The computer used is a ThinkPad Laptop with a i7

M560 duo-core processor at 2.67 GHz.

4.4.3 Adjustment of the Restoration Plan and the Effects of the

ESS

The uncertainties of the wind power generation will pose negative impacts on the accuracy
of the restoration scheme. With the linear standard variation assumption in Section 4.4.1,
Fig. 4.6 examines the alternative restoration scheduling plans on different initial points. The
original scheduling plan is adjusted with the time evolution. As the initial point moves
forwardly, the estimated restored loads can be more accurate due to the fact that the un-
certainties of the wind power estimation is smaller. Fig.4.7 illustrates the impact of ESS
on dealing with the errors of wind power forecasting. We assume that a fixed amount of
energy is stored in the ESS immediately after the breakdown. The ESS will be functioning
in the discharging state when the real wind power of the instant is smaller than G,,, until
the stored energy is used up during the breakdown, and then be in the charging function the
other way round. The risk of wind power forecasting is the simulated probability when the
sum of the real wind power generation and the contribution of the ESS is less than the target
wind power generation, (G,,. It can be seen from Fig.4.7 that the risk caused by unreliable
wind power generation decreases with the growth of the ESS’s capacity, and here pu values
are provided for the capacity of ESS and the wind power capacity. Although the complete
characteristic of a per-unit (pu) system requires that all four base values be defined, e.g.,
voltage, current, power, impedance, we consider the power scheduling and distribution here.
The base power is set to be 1 pu=5 kW. A huge drop of risk takes place when the wind power
capacity (80 pu) is supported by a small capacity (1 pu) of the ESS. This feature provides

a guideline for determining the ESS size to deal with the inaccuracy of the forecasting.
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4.5 Conclusions

This chapter has presented two sub-optimal yet efficient solutions for service restoration in a
MG with unscheduled disconnection from the main grid, which can be computed by a two-
step procedure efficiently based upon the stochastic information. Our study illustrates that
both methods can obtain solutions very close to the optimal. From the simulation results,
it can be seen that the ESS plays a critical role in decreasing the negative impacts from

uncertainties of the forecasted renewable power generation.



67

Chapter 5

Pricing and Revenue Maximization

for Battery Charging Services in

PHEV Markets

In previous chapters, we have studied some scheduling optimization problems in the micro-
grid. In this chapter, we focus on the charging services with pricing strategy in the plug-in
hybrid electrical vehicle (PHEV) market from an economic perspective. The PHEV has
shown great promise in the evolution of green energy, and becomes a critical part in the con-
cept of the smart grid. We propose a piecewise linear quality of service model, and study the
existence, uniqueness of the subscriber equilibrium, and the convergence of the subscriber

dynamics.

5.1 Introduction and Motivation

Building a widespread infrastructure enabling battery charging at convenient locations such
as road sides and parking lots stands as a promising solution to enable broad adoption of

PHEVs [66, 67, 68]. The solution concept of charging stations offers a number of advantages
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over that of individual household charging. First, the power needed for charging a PHEV
is almost equal to the energy used in all appliances in a household, implying that large
penetrations of PHEVs can create a non-negligible share of electricity demand which will
drastically exacerbate the already high demand [69], [70]. Second, installing distributed
charging stations are both convenient and necessary solutions for long-distance travelers
who have no access to fixed charging facilities. Third, while charging in the dwelling unit
is an option for individual householders, it is infeasible for people living in apartments and
multi-family units, not to mention for some developing countries, where citizens even have
no conditions to charge at home [68]. Therefore, we believe charging stations is a promising
solution to promote the penetration of PHEVs in the near future.

We assume that charging service providers (CSPs) in the charging service market have
the similar role and effect as the electric utilities and petroleum companies in some countries,
more or less controlled by the government to be qualified to have the customer base, infras-
tructure, capital and ability to amortize the costs. There are two types of charging services
that are currently envisioned to be implemented by the CSPs [67],[71]. One is a battery
exchange service, denoted by S7, which swaps a vehicle’s depleted battery for a fully-charged
battery. This service class has zero battery charging wait time for customers and allows the
CSP to reap the benefits from lower-priced battery charging during valleys in the load pro-
file and generates revenue from swapping services during daily business hours [69]. Practical
examples include the Power Exchange Package system developed by Aurica Motors [67] .
And it is assumed that the cost for the storage of battery and disposal of dead batteries
from CSP will be covered by the government, not considered in this work. The other one is
a battery charging service, denoted by Ss, which requires the customers to park their cars
with close to depleted batteries at the charging station for a charging period. Depending
on the selected charging voltage and facility setup, the charging time could range from 15

minutes (level 3 fast charging) to several hours (level 1 slow charging) [66]. For example,
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in France, EDF and Toyota are currently installing level 2 charging stations for PHEVs on
roads, streets and parking lots [72].

In this work, we investigate the pricing strategies of maximizing revenue for CSPs in
PHEV charging service markets, possibly offering both battery swapping and charging ser-
vices (S and S3). Meanwhile, we do not eliminate the possibility that some consumers
would charge their PHEVs at dwelling units, which does not affect the results of this work.
Our work is also closely related to several economic studies in diverse fields, such as [73, 74]
focusing on the Paris Metro Pricing (PMP) and marginal user principle. Building upon the
basic characteristics of Lithium-ion batteries, we incorporate the average waiting time in the
system as the quality of service (QoS), and extend the commonly adopted linearly degrading

QoS model in [75] to a general piecewise form.

5.2 Problem Formulation

Consider an electricity market with one CSP that offers two types of PHEV charging services,
which differ in their prices and the corresponding QoS. A CSP serves each customer with a
QoS, which is related to the average-waiting-time (QoS o< 1/(average-waiting-time)) affected
by both the waiting time in the queue and charging time in the chargers. We assume that
the CSP is resource-constrained so that the corresponding QoS is generally a non-increasing
function in terms of the number of subscribers. Over a discretized set of time indices, the
customers in the market make decisions, by either opting out or opting for one of the services
provided by this CSP, taking into account both the charged prices and QoS of the service
classes. This dynamic process is commonly referred to as subscription dynamics.

We assume that the number of chargers in the station is n, which is chosen not to exceed
the power limit in the whole system. Denote \; as the fraction of customers that subscribes

to service S; for i = 1,2, and ¢;(\;) the corresponding QoS offered by the CSP. From the
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discussion above we know that the user subscription profile satisfies Ay + Ay < 1 with \; €
[0, 1]. For the battery exchange service, since battery swapping can be normally accomplished
in the order of several minutes [67], ¢; is modeled as a constant function independent of A;.
The QoS of the battery charging service ¢, is more complicated. When the number of the
customers (batteries to be charged) is less than the number of the available chargers, the QoS
can be modeled as a constant function that reflects the average charging time!. Otherwise,
when the system is overloaded, the charging process can be modeled as an M /M /n queue.
Strictly speaking, QoS is inversely proportional to and hence monotonically decreases with
the fractions of customers A. To obtain analytical insights and as in [73, 74, 75, 77], a
linearly decreasing QoS function with respect to A is adopted to model the service capacity
of the overloaded charging system. Other forms of decreasing QoS functions can be solved
in a similar manner to the linear case. Therefore, g3(\s) is a piecewise and continuously
semi-differentiable function? of the fraction of subscribers \y. An exemplary QoS function
for ¢ is depicted in Fig.5.1. The proof of the piecewise function of Qos model in Service 2
is as follow.

Proof: The QoS function defined in this chapter is inversely proportional to the average
waiting time of PHEV charging versus the number of customers using the service. The
average waiting time is composed of the average waiting time in a queue and the actual
average charging time of the battery. We now explain why a two segment piecewise linear QoS
function as shown in Fig. 5.1 can be used to model PHEV charging. In practice, the chargers
can be connected in different ways in the charging stations, and without loss of generality
we consider the common connection circuit, parallel charging style in this emerging charging
service market. Based upon the charging features of Lithium-ion batteries [78], the relation

between the QoS, (i.e., QoS o 1/(average-waiting-time)) and the fraction of customers A is

Tt can be easily shown for a parallel charging circuits, that the battery charging time is solely determined
by the charging voltage and is independent of the number of batteries currently charged in the system [76].

2 A continuously semi-differentiable function contains possibly a finite number of non-differentiable points
and is left as well as right differentiable at all the non-differentiable points.
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Figure 5.1: QoS function model for parallel battery charging service Sy (with [ being the
transition point indicating the number of chargers in the market, ¢ the parameter indicating
the QoS degrading speed, ¢ the maximum QoS value of Sy).
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modeled as in Fig. 5.2.

1) Constant QoS part in Fig.5.1. This case represents the number of customers (bat-
teries to be charged) is less than the number of available chargers, and there is no waiting
time in the queue. To prove this, we are going to show that in parallel charging circuit, the
average charging time for a specific user is constant and independent of the number of the
batteries paralleled in the system.

When a battery is charged in a charger, it can be treated as a capacitor [78], and the
charging procedure can be regarded as the step response of the circuit due to a sudden
application of a dc voltage (or current) source. Figure 5.2 represents a “Step Response
of a RC Circuit”, which is the circuit model of our case. V; is a constant, dc voltage
source. We first select the capacitor voltage as the circuit response to be determined, then
assume an initial voltage 1} on the capacitor. Since the voltage of a capacitor cannot change
instantaneously, we have v(07) = v(0") = Vi, where v(07) is the voltage across the capacitor

before switching and v(07) is its voltage immediately after switching. Applying Kirchhoff’s

K

L

\Y C1

First Law (KCL), we have

)

—

Rt | R2

Figure 5.2: RC circuit with voltage step input

dv v — Viu(t)
JR— + - 7
dt Ry
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or
L /
dt R0, R,Cy’

fort > 0, (5.2)
where v is the voltage across the capacitor. Then we have,

dv dt

=— ) 5.3
v — Vs RlCl ( )
Integrating both sides and introducing the initial conditions, there is
In(v — V) [10= — L (5.4)
s} 1V RICI 0
or
v—V, t
1 LA 5.5
-V RO (5:5)
Then we have,
v—V; Y
T = e 7 with 1, = RyCY. (5.6)
and
v(t) = Vo + (Vo — V)e /™, for t > 0. (5.7)
Correspondingly, the current response is given by
t
(V, Vi) exp(~—)
i(t) = L t>0. (5.8)

Ry

When another capacitor is paralleled to the charging circuits, the voltage on each branch

is the same, and then we have

1 [ 1 [
Vs =1i1(t)Ry + —/ i1(T)dT = is(t) Ry + — / io(T)drT. (5.9)
Ch 0 Cs 0
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Taking the derivative with respect to t, we obtain

diy (¢)
dt

iy (1) = CQdeiQ—(t) + iy (1), (5.10)

O - ClRl dt

with the initial current i, (0) = VS}}Y‘”, i2(0) = VS}_%—;/OQ, and Vo, Voo are initial voltages on the

different capacitors, respectively. The solutions to the differential equations (10) are given

by

ir(t) = (Vi = Vor) exp(——)/ Ry, (5.11)

t
1

is(t) = (Vi — Vo) exp(——)/Ro. (5.12)

t

T
Note that (5.11) is equal to (5.8). Based upon the characteristic of the Li-ion battery, the
charging time is only dependent on the charging current to a specific battery, indicating that
the average service time in this case is constant and irrelevant to the number of users. This
explains the constant part of QoS in Fig.5.1.
2) Linearly decreasing QoS part in Fig. 5.1. This case represents the number of cus-
tomers (batteries to be charged) is larger than the number of available chargers. To prove
this, we first embark on showing that the charging process in this case can be modeled
as a M/M/n queue, and then show why the QoS function is approximated by a linearly
decreasing function with respect to \.

(Classical queuing theory models the number of customers arriving at a queue by a Poisson
process with arrival rate 7. In our PHEV charging system, the customer arrival interval ¢
meets the properties of the exponential distribution, leading to a Poisson arrival process.
In practice, the batteries to be charged in the system have different battery properties such
as capacity, amount needed to be charged, maximum power, etc, so the service time 7 of
the PHEVs are independently and identically distributed (iid) as exponential distribution.

Furthermore, the charging system has a threshold number of PHEVs that can be charged
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simultaneously (the maximum number of chargers), denoted by n. Therefore, the charging
process in this case can be regarded as an M/M/n queue. In the mathematical theory of
queues, Little’s law states that the long-term average number of customers A in a stable
system is equal to the long-term average effective arrival rate v, multipled by the average
waiting time () a customer spends in the system, that is: A = (). Note that @ is the
average waiting time inversely proportional to the QoS in our work, and A can be seen as
the fractions of customers that subscribe to the charging service. Strictly speaking, QoS is
inversely proportional to and hence monotonically decreases with the fractions of customers
A. To obtain analytical insights, a linearly decreasing QoS function with respect to A is
adopted to model the service capacity of the overloaded charging system. Other forms of
decreasing QoS functions can be solved in a similar manner to the linear case.
|
The users can subscribe potentially to one of the services for battery charing. As in
73, 75], we assume the subscribers follow a continuum model® and are of diversity, meaning
that they can value the same level of QoS differently. Specifically, each user is characterized
by a QoS valuation parameter 6, which has positive and continuous probability density
function f(.) taking value in [0, 3] with 8 > 0. For instance, a uniformly distributed 6
means that the users are fully diversified in the sense that there exist users that are totally
indifferent to service QoS (6 — 07) and the ones that value the QoS considerably (6 — 7).
Moreover, the fractions of users in each category are identical on an average sense. Thus,

the utility achieved by user & subscribing to service S; can be expressed as

Uk,; = ein()\i> — Di, (5'13)

where 6, is the QoS valuation parameter of user k, and p; is the price charged by the CSP

3The continuum model has been widely used in the literature of economics to approximate large user
populations [74].
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for service S;. The utility function represents the preference of a user over some service,
which equals the difference between the service QoS (as weighted by a subjective valuation
parameter) and the charged price.

Given the superiority of Si, it is natural to assume that S; provides better QoS than
S, and charges a higher price. Mathematically, we have ¢ > g2()\2) for all Ay € [0,1]
and p; > pg. The customers are assumed to be rational in the sense that before they
make subscription decisions, they would compare and choose the service that delivers a
higher utility. Mathematically, user k prefers S; to S; only if ux; > ug,; and ux; > 0,
where 7,5 € {1,2} [74]. When the utilities of both services are negative, the customers will
subscribe to neither of the services and prefer charing at their own dwelling units. In this

work, we assume that users who subscribe to neither of the two services gain zero utility.

5.3 Subscription Dynamics and Revenue Maximization:
Single Service Case

Note that in the single service case, the service index (subscript ¢) is omitted for notation

simplicity.

5.3.1 Semi-Differentiable QoS Function: The General Case

Let us consider a monopoly charging service market with a CSP operating a single service S.
The QoS function of S, denoted by ¢(\), is considered to be a semi-differentiable function
and non-increasing in A\. The time is assumed to be discretized as ¢t = 0,1,2, ... and A the
fraction of subscribers to S with A(?) denoting the initial fraction. At each time instance
t, user k makes a subscription decision individually to maximize its utility in the current
time instant. In particular, by evaluating the utility function (5.13), user k will subscribe

to service S if and only if the utility ug) is non-negative. Due to causality, we assume that
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each user expects QoS in the current time instant ¢ ()\(t)) to be equal to that in the previous
instance, i.e., ¢ ()\(t)) =q ()\(tfl)). Thus, the fraction of subscribers to S at time instant ¢ is

given by

B (t) _ p _ p N -1
O =P o > 0] =P {ek > m} —1-F (m) 2R (AD) (514

where IP[-] is the probability operator, p the price of S, and Fy(.) is the cumulative distribution
function (CDF) of the QoS valuation parameter §. Then, A® evolves following a sequence
{/\(t)}zo in [0,1]. What we are interested in is whether the subscriber dynamic (5.14) is
a convergent process. To this end, we define the equilibrium point of the user subscription

dynamics.

Definition 1. A\* is an equilibrium point of the user subscription dynamics in the single

service market of a CSP if it satisfies the fixed-point equation h(A\*) = A\*.

Theorem 1. For any non-negative price p, there exists a unique equilibrium point A\*
to the subscriber dynamics (5.14) in a monopoly market with a single service S. The proof

is as follows.

Proof: Theorem 1 establishes the existence and uniqueness of the equilibrium point of
the fixed point equation given in Definition 1 and generalizes the result in [73] to the case
of semi-differentiable QoS functions.

Denote g(A\) = h(A) — A. To prove the uniqueness of the equilibrium point, equivalently,
we show that the equation g(\) = 0 has a unique feasible solution. Given that ¢(-) is non-
increasing, it is not difficult to verify that g(-) is strictly decreasing in [0, 1]. Next, we have
g(0) = h (ﬁ) > 0 and ¢g(1) = —F (ﬁ) < 0. Given that h(-) is continuous on [0, 1],
it follows that g(-) has a unique root on [0,1] by the intermediate value theorem, which

establishes the uniqueness of the equilibrium point. [ |

To establish the convergence property of the subscriber dynamics, we introduce Definition
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Definition 2. Denote dom f as the domain of the function f. A subderivative of the
function f : R — R at a point z € dom f is a real number ¢(z) such that f(z) — f(z) >

¢(2)(z — z). The set of subderivatives of f at the point z is called the subdifferential of f at

z, denoted by 0f(z).

Theorem 2. For any price p, the subscriber dynamics converge to the unique equi-

librium point from an arbitrary start point, if the following condition is satisfied

P p o(N)
e =/ (qw) ey (5:15)
d(N)€dq(N)

where ¢(\) is a subderivative of ¢(-) at A, dg(\) the subdifferential of ¢(-) at A\, which takes
value in the set [min(¢’ (A7), ¢'(A")), max(¢' (A7), ¢’ (A1))], where ¢'(A7) and ¢'(A\") are left
and right derivatives of ¢(.), respectively. The proof is as follows.

Proof: When the QoS function is continuously differentiable, one can resort to contraction
mapping theory and the mean value theorem to derive sufficient conditions that guarantee
convergence, as in [75]. Nevertheless, the techniques are not readily applicable when the QoS
function contains a finite number of non-differentiable points. We overcome this difficulty
by resorting to the concept of superdifferentiability.

Let A, and A, be two different real numbers arbitrarily chosen from the interval [0, 1] and
suppose without loss of generality that A\, > \,. We illustrate the important proving steps
by focusing on the case ﬁ < f and ﬁ < 8 with p > 0 (the other cases can be trivially
proved). We shall show that the function A(-) is a contraction mapping on [0, 1] with respect
to the absolute value norm if (5.15) in the main text is satisfied.

Given that A(-) is semi-differentiable on (A,, \y), by the mean value theorem, there exist
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Ae € (Mg, Ap) and a superderivative qz()\c) € 0q(A.) such that

h(Aa) — h(\)|
= ’h/<)‘c>||/\a - )\b‘ = ‘f (q p ) q(];\ ?(;c)

S /im|/\a—/\b|. (516)

Then, it is clear that if (5.15) is satisfied, i.e., K, < 1, the mapping h(-) is a contraction

mapping. The other cases can be proved similarly, which completes the proof. [ |

5.3.2 Piecewise Linear QoS Function: PHEV Charging Service

Case

Based on the general QoS function results above, we study in this subsection a piecewise lin-
ear QoS function, depicted in Fig. 5.1, which describes the QoS of a normal battery charging

service in PHEV markets.

Definition 3. The market is said to stabilize at an unsaturated state if the fraction of
subscribers is no more than the transition point (A <1). It is said to be at a saturated state
if the fraction of subscribers exceeds the transition point (A > [). The transition point [ is

the normalized number of chargers for S5 in the system.

Mathematically, the piecewise linear QoS function can be expressed as

q; A<l
q(A) = (5.17)

g+ c(l—XN), Otherwise

where 7 is the QoS of the unsaturated market, [ the transition point where the two sections
of the QoS function meet, and the parameter ¢ € (0, 00) indicates the QoS degrading speed.

The equilibrium points that correspond to both cases can be obtained by solving the fixed-
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point equation A* = h(A*), which yields

N
(1—%) , A* e 0,1],

N = +
G+ cl+c—+/(@+cl—c)?+4ep/B
5 , A e (1]

(5.18)

In what follows, we shall strengthen Theorem 2 by deriving a sufficient and necessary condi-
tion for the convergence of the user dynamics under the assumption that the QoS valuation

parameter 6 is uniformly distributed, i.e., f(6) = 1/3, where g > 0.

Theorem 3. Suppose that in a PHEV market, the initial fraction of subscribers A(?) €
[0,{] and the QoS valuation parameter ¢ is uniformly distributed. Then, for a given service
price p and QoS function given by (5.17), the subscriber dynamics converge to a unique

p

equilibrium point, if and only if either condition is satisfied [ > 1 — 77 Or 1— g <l<1l- ﬂ%'

The proof is as follow.

Proof: We introduce the following lemma, which is the basic condition of Theorem 3.

Lemma 1. 1) h(z) is non-increasing, 2) If A € [0,1] and A1) € (I,1), then \* €
(1,AM].

The non-increasing property of h(z) can be proved easily by exploring the monotonicity
properties of the QoS function ¢(.) and the CDF of the QoS valuation parameter 6, F(.).

Next, given A1) € (1, 1], let us first hypothetically assume that the equilibrium point A\* €
(0,1]. Then, based on (5.18), we have

AD—p (0O =12 - 5.19
Greldte—/(Gre—c?+4
e _dtdte wq;c O +depff _ (5.20)
C

It follows from (5.20) that { > 1 —p/(8q), which contradicts (5.19). Therefore, we know that
A* ¢ (0,1], i.e., A* > I. Next, given that A € [0,1], we have A\* = h(X*) < h (AQ) = A1),
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where the inequality follows from the non-increasing property of h(x). Thus, we have proved
that if A € [0,1] and AV € (1,1), then A* € (1, AV].

Given the initial subscriber fraction A, the proof is accomplished by considering three
cases of the relationship between the user fractions in the following two consecutive time
instances, i.e., \(!) and A®.

Case 1 (if AV € (0,1]): Given that A € [0,1], we have AV = A(AD) = \* € (0,1].

Case 2 (it AW, 2@ € (1,1]): Given that A € [0,/] and Lemma 1, we know A =
h(AM) < h(X*) = X*. Since A® € (I,1], we have A € (I, \*]. Next, we have

A =Rh(\) < h(A®) =A@ < (M) = \O), (5.21)
We then split the iteratively generated sequence {/\(t)} into two subsequences

Subsequence A : {A\®)|t € N} = {A@ 2@ AC) 1 and

Subsequence B : {A\V|t € N} = {AD A®) ACHD 1

Without loss of generality, we prove the global convergence of subsequence B by induction.

Given that A* < X&) < X suppose that for ¢ > 1, X&) < \XC*=D_ Then, we have
/\(2t+3) —h (h ()\(2t+1))) (%) h (h ()\(Qtfl))) — )\(2t+1)’ (522)

where (a) follows from the non-increasing property of h(-), as proved in Lemma 1. Thus,
we have shown that subsequence B is a monotonically decreasing sequence lower bounded
by A*, which implies subsequence B is a converging sequence. The convergence property of
subsequence A can be established similarly. To this end, A* € (I, A\(V)).

Case 3 (it AW € (1,1, ¥ € (0,]): Similar to Case 2, we know that A1) = A(AD).
Given that A € (0,1], we have \® = h(A?)) = h(g) = AV, Thus, in this case, the
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subscriber dynamics will oscillate between the unsaturated state and the saturated state, or
in other words, the market is unstable.

Therefore, the conditions under which Case 3 does not hold are the necessary and suf-
ficient condition that guarantees convergence, given by Theorem 3. The first part of the
condition can be easily derived based on A" < [ and the second part follows by solving
A > [ and A® > [. This completes the proof.

The above three cases portrait the complete picture of subscriber dynamics in all situa-
tions. Both Case 1 and Case 2 are convergent cases that differ in the number of iterations.
Intuitively, we observe from the conditions that to ensure the convergence of subscriber dy-
namics, the service price p should be set no less than a given threshold to prevent the market

from oscillating between the unsaturated state and the saturated state. [ |

5.3.3 Revenue Maximization

The next objective is to investigate the decision of an optimal service price, denoted by pT,
which maximizes the revenue of the CSP. Recall that the market can stabilize at two different
states as in (5.18), we shall study both cases one by one and obtain the optimal prices and the
corresponding maximum revenues, followed by the discussion of some interesting insights for
the CSP. The revenue of a CSP at price p can be expressed as in [75], with no consideration

of cost:

R(p) = pA*(p), (5.23)

max

where A\*(p) is the equilibrium point of the user subscription at price p. Besides, we use RY
and R} to denote the maximum revenue corresponding to an unsaturated market and a
saturated market, respectively. Without loss of generality, we set the distribution parameter

B =1 in the following analysis, which means Fy(#) = 6 for 6 € [0, 1].
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Unsaturated Market (\* € [0,1])

A constrained revenue maximization problem based on (5.23) becomes: maximize p(1—p/q),
)
subject to 1 — p/q < [. Accordingly, the maximum revenue in an unsaturated market, R}P**
can be expressed as
[(1-10g ifl <1/2,

mex _ (5.24)
q/4 Otherwise,

with p' = max(1—1,1/2)g. The corresponding curve is plotted in Fig. 5.3 (the dotted square

curve) as a function of the transition point .

— B -M.Rev (l.msaturated) lealx -RmaX=R|maX(unsaturated)
.- - M.Rev (saturated) erl”ax
= 0.25 overall M.Rev R™® A
q_) 1
o 1
. 1
= 0.2} :
() 1 1
-] 1 1
(]C) 1 1
> 0.15} : :
s : :
1
£ | :
g 0.1 : :
I
(% ! : '
1 1 ®
= 0.05f * L | 8
m/ V 1 ! O\
/ 1 C
m 1 1 1 1 1
0 0.2 0.4 0.6 0.8 1

Transition point |

Figure 5.3: The maximum revenue for the CSP in a single service market with ¢ = 2 and
qg=1
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Saturated Market (\* € ([, 1])

In a saturated market, the revenue optimization problem based on (5.23) and (5.18) directing
solving for p' is non-convex, and a closed-form solution is mathematically intractable. To
this end, we resort to the marginal user principle? introduced in [73, 74, 75]. Suppose that a
marginal user exists in this work, and assuming user j is the marginal user. Then, we have
u; = 0;q—p = 0, which means §; = p/q. Besides, we have \* = 1—Fy(p/q) = 1—6; and thus
max pA*(p) = max 0q(0)(1 — 0). The optimal solution for # can be obtained in closed form
by applying the Karush-Kuhn-Tucker (KKT) conditions, and therefore the optimal price is
given by pf = min(9~T (G+c(0t +1—-1)),(1— 1)q). Accordingly, the maximum revenue, R},

can be calculated as follows, and the corresponding curve has been plotted in Fig. 5.3.

Ot G+ (@ +1—1)(1—6h), ifl <1,
o= (5.25)
I(1-1)qg, Otherwise,

c+2§—\2/c2+4§2’ and 6 — 2c—(G+cl)+y/ (E;—CZ)Q—I—CQ—C(E#—CZ)'
(& C

where [ =

Remark 2 — Observe from Fig. 5.3 that the maximum revenue in an unsaturated mar-
ket increases quadratically as the transition point [ increases, which levels off at the value
of G/4 when the transition point grows larger than 1/2. This implies that there exists an
upper limit on the amount investment (i.e., [ = 1/2). In a saturated market, the trend
of the maximum revenue RY? should be noted from (5.25) that as long as the amount of
investment [ is larger than I, the revenue-maximizing fraction of subscribers A\ always equals
the transition point [, which grows linearly as [ increases. Hence, the maximum revenue,

R™ (the solid curve in Fig.5.3), is given by the point-wise maximum of R}"** and R},

4In the single service market of a CSP, marginal users are indifferent between participating and not
participating in the service given the price p and the current ¢. In our model, a marginal user receives zero
utility.
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which is summarized as

max L€ [0,1),
Rmax — R}nax — ?’II&X l c [Z, 1/2)7 (526)
R e 1/2,1].

We observe from Fig. 5.3 that the maximum revenue R™** can be divided into three parts:

1 €10,1],[1,1/2],[1/2,1]. The following conclusions can be drawn from the perspective of

revenue maximization:

e For a small value of I € [0,1), the CSP should lower the service price to attract more

subscribers.

e For an intermediate value of | € [[,1/2), the revenue-maximizing fraction of subscribers

A always equals the transition point [, which grows linearly as [ increases.

e To reach the maximum revenue G/4, it suffices for the CSP to 1) ensure that the
QoS function can accommodate half of the population without degrading the provided
service quality and 2) select an optimal price so that exactly half of the population opt

for the service.

5.4 Subscription Dynamics and Revenue Maximization:
Duo-Service Case

In this section, we extend the above analysis to a charging service market with two different
classes of services, referred to as a duo-service market that encompasses a battery swapping
service S7 and a battery charing service S5. As in the single-service market case, we also
assume that the users update their subscription decisions at discrete time indices t = 1,2, ...,

expecting the current QoS provided by the CSP is equal to the previous period. Moreover,
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the users are rational and will always subscribe to the service class that provides a higher
and positive utility value. Besides, other than the subscription fee (p; or ps) and as in [75],
we assume there is no cost for the decisions. In the presence of two different service classes,
the population can be divided into three groups. One is the subscribers who choose S in

time index ¢t if and only if

O — pr > x> (A7) = po and G — 1 >0, (5.27)

another is the subscribers who choose S; if and only if

0rq2 ()\ét_l)> — po > O0rq1 — p1 and Orqo <)\(t D) —po >0, (5.28)

The rest of the population choose neither of the services and may opt for, e.g., charging
at their own dwelling units. As in the single-service market, we study the existence and

uniqueness of the equilibrium point.
Theorem 4. For any non-negative price pair (pi, p2) and QoS pair (qi, ¢2(A2)) satisfying
p1 > pe and q1 > go(Ag) for all Ay € [0, 1], there exists an equilibrium point (A}, A3) of

subscriber dynamics in the duo-service market which is also unique and is given by

(1—F9(q)0) if o< 2
P1—p2 pi-p2 | _ P2 e 1L p2
(ql —q2(A3 ) (ql—q2(>\§)> Fy <Q2(A§)>> if o = B0a)

The proof is as follows.

(AL A3) =

Proof: To prove the existence and uniqueness of the equilibrium point in a duo-service
market, we shall first show that the equilibrium point can be derived as in (5.29), followed
by a proof on its existence and uniqueness. We start by rewriting the subscriber preference

(5.27) and (5.28). After some algebra, the condition that the subscriber opts for S; can be
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equivalently expressed as

P1— D2 P1
Op > max | —————, — 5.30
Fe ((h — q2(A2) Q1> (5:30)
and the condition for opting for S5
P2 P1— D2
<Op < —————. 5.31
32(A2) : @1 — q2(N2) ( )

Next, we derive the subscriber equilibrium in two different cases.

Case 1 (if b P2 >: Given that p; > ps > 0 and ¢; > g2(\2), it can be shown easily

g — gq2(X2)

A
_p1—p2 P1 P2
that q1—q2(A2) < a1 < q2(X2)

. Thus, based on (5.30) and (5.31), the fractions of subscriber to

both services can be calculated as, respectively,

AW =1-F (?) and \Y = 0. (5.32)
1

Case 2 <if % > qi’f\ﬂ): Similar to Case 1, the following inequality can be derived

p1—p> Py P2 : : :
prasnys Vs AR RSV E based on which, together with (5.30) and (5.31), the fractions

of subscriber to both services are, respectively,

A —1-F <—p1 — P ) and A = F (—pl P > —F (—p2 ) . (533
' 0 —¢(A5 ") : IR CIO ) (A3 ) (533

Therefore, the subscriber equilibrium is given by

(1_F<1ﬂ)70> ifﬂg p2 ,
(A1, A5) = n T et (5.34)

— _pi—p2 p1—p _ p. f P1 p.
<1 F (Q1—1q2()2\§)> 4 (q1—lq2(>2\§)> F <q2(§\§)>> if qi = q2(§\2)'

Next, to show that the above equilibrium point (5.34) is unique, we note that the equilibrium
point in Case I follows naturally as (1— F(p1/q1),0) is the unique solution. In terms of Case

2, the same line of proof in Theorem 1 can be used to show that the following equation has
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a unique root (A} is unique)

P1— D2 P2
N=F|——F+~|-F|—= |- 5.35
: <q1—q2<xs>) (qM)) )
Hence, A7 is also unique as

P1— P2
N=1-F (T2 ) 5.36
! (Ch —(]2()\3)) (5.36)

which completes the proof. [ |

5.4.1 Revenue Maximization

To simplify parameter representation and without loss of generality, we assume § = 1 and the
QoS of Sy is zero when it is fully subscribed (A = 1), which is equivalent to the parameter

setting ¢ = G/(1 — [). Then the revenue maximization problem can be expressed as

maximize R = p1A{(p1,p2) + p2A3(p1, p2) (5.37)

p1,p2

The optimal solution to problem (5.37) is summarized in the following theorem.

Theorem 5. In a duo-service monopoly market with two types of services S; and Ss,
the QoS pair is (1, ¢2(\2)), satisfying p; > pe and ¢; > g2(\2) for all Ay € [0,1]. Assume that
the QoS valuation parameter ¢ is uniformly distributed and the subscribers make rational
decision according to (5.29), then the maximum revenue is reached when p! = ¢,/2, p} >
T2, A =1/2, A} =0, and R = ¢, /4.

The proof is as follows.

Proof: Depending on the fraction of subscribers to Sy, the revenue of the CSP will have
different forms, which necessitates a complete discussion on all the possible combinations.
In what follows, we partition the domain of price selections into three disjoint cases, each of

which is solved individually. The result of Theorem 5 is proved by summarizing the results
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from all the three cases.

Case 1 (if Z—i < %’—;): In this case, no user would subscribe to service S since Sy provides
a superior service at a lower price. Thus, the revenue is solely contributed by Sy, which is
given by

R=p -\ =p <1—%>. (5.38)
1

Then, the revenue maximization problem can be written as

maxpimize R = —z—? +p (5.30)
1
subject to B < L2

q1 q2

with the optimal solution given by pJ{ =q1/2, pg > Gy/2, and Ryar = q1/4.
Case 2 <if % > g—z and Zi%g; — %’—j < l): In this case, Sy provides an affordable price and

some users would subscribe to Sy, which is stabilized at an unsaturated state. Based upon

(5.29), the revenue is obtained as

R=pi- N+ X

(5.40)
_ _ pP1—p2 pi—p2\ P2
—hn |:1 F<Q1—§2>i| L [F<Q1—§2) F<§2>:|’
which leads to a convex optimization problem
maximize 1-— pl_ﬁ”) + <p1_22 — @)
P1,p2 h ERE P2 o=e, 7 o (5.41)
subject to B > L2 PAZD2 P2 ]

The optimal solution is given by pJ{ =q1/2, pJ; =qy/2, and Ry0r = q1/4.
Case 8 (if Zi%gz — %’—; > l>: In this case, Sy offers a much more attractive price for a

unit level of QoS provided. Therefore, in the equilibrium point, service Ss is stabilized at a
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saturated state. The optimal fraction of subscribers is the solution to the following equation

P1 — P2 D2
Ng=F|—F"—|-F|———, 5.42
’ <q1 —q2<As>) (qM)) 042
the closed-form of which is mathematically difficult to solve. Utilizing the generalized

marginal user principle [73], which is given by

QT:F(LPQ)) and 9;:F( b2 ) (5.43)

q1 — Q2()\§ C]Q()\E)

an equivalent optimization problem in terms of the QoS valuation parameter 6 can be for-

mulated as
maximize (1 —607)pi(67,05) + (67 — 05)p3(67,03)
s (5.44)
subject to PLOLI-PEOT05)  p501.05) - g
q1—4z qs )
where

pi(07,05) = 0iqr — (07 — 03) - g2 (07 — 03),
p3(07,05) = 05 - q2(07 — 05).

(5.45)

The reformulated problem is still a non-convex problem. Nevertheless, three locally optimal
solutions can be obtained by investigating the KK'T conditions, where it can be shown that
(61,61) = (1/2,1/2) is the only feasible solution, indicating that it is also a globally optimal
solution, which completes the proof. [ |

Remark 3 — Theorem 5 basically states that the maximum revenue is solely contributed
by the superior service class of S;. In other words, the revenue-maximizing strategy for the
CSP is to select a proper combination of the services prices (pi, pg) such that no user would

subscribe to S5 and exactly half of the population opt for S;. Specifically, to prevent users
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from subscribing to Ss, the corresponding service price pg should be no less than half of the
highest QoS. Note that this somewhat surprising result is obtained when the QoS valuation
parameter 6 is uniformly distributed, and it would be interesting to study the impact of other
subscriber models, i.e., normal distribution. While the above results maximize the revenue of
the duo-class market, it only benefits half of the population, leaving the other half untended.
This may not be a preferable situation, especially when one wants to promote a particular
type of service or increase service penetrations. One such alternative is to maximize a

weighted combination of the revenues from both types of services, i.e.,

magi;rzlize wWip1 A1 (P1, P2) + wapa A5 (p1, 2), (5.46)
1,

where wy € [0,1] is the weight of S; and wy = 1 — w; the weight of Sy. By adjusting the
weight parameter ws, the CSP changes the priorities that are associated with both types of

services, achieving a desired tradeoff between revenue and service penetration.

We now provide the simulation results of this case by investigating the maximum revenue
R™* as a function of the transition point [ when the weight parameter ws increases in a duo-
service market. In Fig. 5.4, the following observations are available. First, R™* decreases
monotonically as ws increases from 0.5 to 0.9. Secondly, the maximum revenue curve is
non-increasing just as the one in the single service market. The investment is more effective
for larger value of ws, i.e., when more priority (large weight) is given to S;. Depending on
the position of A\j, the maximum revenue curve R™** is split into two sections by the turning
point. These observations can assist the CSP in achieving a desirable tradeoff between
monetization and customer acquisition. Finally, we plot in Fig. 5.5 the custom acquisition
rate as a function of the weight parameter of wy for the weighted optimization approach.
As more priority is given to Ss, the corresponding share of subscribers to S (i.e., )\D drops

monotonically. Nevertheless, we observe that by adjusting weights between the two services,
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the CSP achieves a higher overall custom acquisition rate (i.e., Al + A}) no smaller than 0.5.
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5.5 Conclusion

The optimal operating strategies in future PHEV charging service markets have been ad-
dressed in this chapter. By considering a single-service market with a piecewise QoS function,
existing works have been generalized to encompass the case of semi-differentiable QoS mod-
els. By resorting to the concept of subdifferential, we have addressed the important issues of
existence and uniqueness of the subscriber dynamics as well as its convergence. This part of
the result has been strengthened next by the exemplary study of a parallel battery charging
model in a PHEV charging service market. Next, the issue of revenue maximization in a
duo-service market is studied and the optimal pricing strategies that maximize the revenue
generated from both classes of services are derived. Finally, we have shown that the CSP
can achieve balanced revenue generation and service penetration can be achieved through a

weighted revenue maximization approach.
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Chapter 6

Conclusions and Further Research

Issues

6.1 Conclusions

In this dissertation, we have discussed various aspects of scheduling and pricing optimization
problems in the smart grid, such as the unit commitment, estimation of the renewable source
of wind power, resource allocation, service restoration problems in the microgrid and revenue-

maximizing pricing strategies in a PHEV charging service market.

e The study of operation scheduling in the microgrid develops a new method for an eco-
nomic and environmental driven UC problem in distributed resources island systems.
The convex transformation of the original problem is a key point for a closed form
solution. Simulation results have shown the accuracy and efficiency of the proposed
method. Besides, the proposed method provides guidelines in deciding the size of the

distributed resources, such as the ESS, to improve the self-sufficiency of the microgrid.

e The proposed method has been modified to incorporate the interconnection with the

main grid. The revised new problem is still convex and a closed form solution is
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also obtained. The realization of this interaction not only improves the stability of

microgrid, but also benefits the full use of energy for both microgrid and macrogrid.

e The service restoration problem with uncertainties from both wind power and the
duration of the breakdown in a microgrid has been investigated. The proposed two
methods provide sub-optimal yet efficient solutions to the original problem. Compared
to the classic progressive hedging method, the proposed methods save a lot of compu-
tation and complexity. The methods also provide guidelines to microgrid design, e.g.,

the capacity of the ESS and configuration strategies of the power network.

e The results in Chapter 5 indicate that, on one hand, although the service provider
provides two types of services, S; contributes more to the system revenue than S;. In
other words, S; will be a primary service if the service provider intends to maximize
revenue and achieve better control of the grid. On the other hand, although S, does
little help in maximizing system revenue, it plays an important role in the better use
of the special power line and increasing the social welfare. This is meaningful for the

CSP and could improve the spread of PHEVs.

6.2 Further Research Issues

There are many open issues for further research in the topics we discussed in the dissertation.

e The work of operation scheduling in a microgrid (islanded mode) can be extended in
several directions. First, in the UC problem we have not considered the theoretical
analysis of the ESS, but provided the simulation result showing that the ESS is nec-
essary for the integration of wind power generation to absorb the extra energy and
compensate for the expected energy that is not be served by the wind turbines. In the

future work, one more study should focus on the theoretical analysis for the ESS. Sec-
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ond, we could also extend the PSS idea other renewable resources, such as solar-power,

which is also envisioned as a critical DER in the grid.

For the work on a microgrid in connected mode, we have the following direction for
further research. Energy waste becomes a common problem for different nations, espe-
cially the electricity energy. If the interactions between the macrogrid and microgrid,
or among microgrids, are realized, our community would benefit from the full use of the
energy. The optimal price of purchasing and selling from and to the main grid should be
considered. If the price is too low, the microgrid would rather purchase all the energy
from the main grid than generate it itself, which leads to resource under-utilization in

the microgird, and vice versa.

For the service restoration problem in Chapter 4, there are some open issues left. In
the simulation part, pu values are used to reveal the relation between the capacity of
the ESS and wind power generation. However, it would be more meaningful to put
pu values in the entire system to reveal the relations among all distributed generators.
Second, the proposed method can be put into practice in a real power network; the
study on the power and energy flow would be instructive for the microgrid design and

service restoration operation.

While our analysis in Chapter 5 focuses only on revenue maximization for the CSP
and the provided social welfare, respectively, the future work could be in the tradeoff
between them. Moreover, as in a duopoly market, the competition among many CSPs
will be meaningful and interesting, and contributes more to the development of the

PHEV charging service market in the future.
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