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Abstract

Recent years have seen a fast development of electric vehicles (EVSs) in the
market, which can be attributed to the economic, environmental, and social
benefits that can be potentially contributed by EVs. Specifically, these benefits
include reduced national dependency on oils, reduced greenhouse gas emissions
and reduced air pollution. As the transportation section accounts for large
proportion in total energy consumption, the rapid shift to electrification of
transportation will considerably increase the electricity usage. Thus, the current
power infrastructure, especially the distribution network system, will suffer from
some critical issues caused by large-scale EV charging demand. These issues
include but are not limited to equipment overload, severe voltage fluctuation,
power system reliability and so on. The investment in new generation capacity and
upgrades of power infrastructures such as substation and transmission power line
capacity may be urgently needed. Nevertheless, EV charging demand can be
regarded as a flexible load and thus can be aggregated and managed so as to reduce
the negative impact as well as to benefit to the power system. Besides, aggregated
EVs also have the potential ability to provide ancillary service to power systems
via vehicle to grid implementation in the future. In this regards, this thesis
evaluates the challenges and opportunities introduced by large-scale EV charging
in power system and developing new method to utilize EV charging flexibility to

benefit power system economic and secure operation.

This thesis firstly focuses on power system distribution network operation
planning, to hedge against negative impacts caused by large-scale random EV
charging. The concept of an EV chargeable region is proposed to evaluate the
distribution network EV hosting capacity, i.e., how much EV charging demand
can be accommodated in a distribution network, within which the technical
constraints of distribution network (e.g., voltage deviation) are guaranteed and EV
owners’ charging requests are maximally ensured. To further accommodate
uncertain EV charging demand, a two-stage robust active distribution network
planning model is then proposed. The distributed generator investment, location,

and size are optimized in the first stage and the active distribution network

\%



operation feasibility in the worst-case scenario is checked in the second stage to
prevent any constraint violations. Finally, a modified column-and-constraint
generation algorithm is adopted to solve the distribution system operation and
planning problems. Simulations on modified IEEE 123-node distribution network

demonstrate the effectiveness of the proposed two models.

Then this thesis proposes models for aggregated EV to provide ancillary service
and bid in electricity market. To utilize the EV charging flexibility to benefit the
grid, this thesis evaluates the potential ability of EVs in providing operating
reserve, through optimizing day-ahead spinning reserve requirement with EV
participation. Based on the probabilistic criteria, the cost of expected energy
supplied by EV is formulated. The effects of EVs on system spinning reserve
requirement quantification and unit commitment are comprehensively analyzed.
At last, an information gap decision theory based EV scheduling method and
bidding strategies are proposed. It aims at managing the revenue risk caused by
the information gap between the forecasted and actual electricity prices. The
proposed decision-making framework is used to offer effective strategies to either
guarantee the predefined profit for risk-averse decision makers, or pursue the
windfall return for risk-seeking decision makers considering the risks introduced

by the electricity price uncertainty.
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1. Introduction

1.1 Backgrounds

The ratio of automobiles to people has been climbing around the world for the
past century. Taking USA for example, transportation uses nearly a third of the
energy consumed annually (27.5 quads in 2014), 92% of which is provided by
petroleum [1]. Oils can be easily transported and thus traded among countries as
bulk cargo. The fuel price has a considerable impact on personal consumption and
economy of the countries. Historically, economic downturns always coincided
with a decrease of gasoline supply and increase of international oil price [2]. Thus
having such an important sector of the economy so dependent on one type of fuel
is an economic risk and regarded as a threat to national security. Besides,
consumers appear to have little elasticity to gasoline prices, which further
aggravate the economic risk. Actually, the cost of crude oil has fluctuated
significantly, which has triggered several economic crisis in the last century. On
the other hand, burning petroleum in conventional vehicles significantly
contributes to total pollutant emissions [3]. Especially, vehicle usage usually
occurs in urban areas making the population close to where people live, localizing
the negative environmental effects in cities and residential areas. The
transportation also accounts for a significant proportion of CO2 emissions, taking
almost one third in USA as seen in Fig. 1.1. To control global warming caused by
greenhouse effect, countries have achieved some agreement to reduce CO2

emissions. The transportation sector should take responsibility in it.

Electric vehicles have the potential to mitigate these issues. The usage of EVs
can diversify the energy supply and reduce the importance of fuel in economies,
so that the economic entities can better accommodate the fluctuation of the

international oil price. Those fossil driven power generators are usually far from
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Figure 1.1 Total U.S. Greenhouse Gas Emissions by Economic Sector in 2014
[4]
where people live and thus bring less pollution to people. Besides, with fast
development of renewable energies, power generation becomes much more
environmentally friendly, which provides an opportunity to widely adopt EVs
from the point of environment protection. Electric vehicles are not a new idea.
Electric vehicles experienced golden ages during late 191" century and early 20%"
century [5]. Later, EVs lose its position in automobile market during the past
century due to technical and economic factors. Until late 20" century, things begin
to change. Especially the global economic recession in the late 2000s led to
increased calls for automakers to abandon fuel-inefficient vehicles, which were
seen as a symbol of the excess that caused the recession, in favor of small vehicles,
hybrid vehicles and electric vehicles. Then recent decades have witnessed a
globally increasing interest in EVs. The reappearance of EVs in the market seems
to be very substantively persistent, given the large numbers of companies
developing EVs and their ambitions reflected from the huge investment on EVs.
In the foreseeable future, EVs have large potential to dominate the automobile
market [6]. A range of potential EVs’ market penetration rates have been projected
for a number of regions and countries including North America, Australia, New
Zealand, Denmark, Belgium, Sweden, Ireland and Netherlands, with the

established EV development targets given in Table 1.1.



Table 1.1 Global EV Penetration Target

Country EV uptake target Country EV uptake target
North 52% by 2035;62% by 2050 )
) Australia 65% by 2050 [8]
America [7]

New Zealand 2040 60% market share [8] Denmark 200,000 by 2020

Belgium 30% by 2030 [9] Sweden 600,000 by 2020 [10]
40% market share by 2030
Ireland Netherlands 200,000 by 2040

[10]

With the widespread of EV adoption, power system utilities are facing lots of
challenges due to large-scale EV charging demand in the grid operation in terms
of power stability, power quality and top of that, power reliability. As EVs are
connected to the low voltage distribution system, quantifying the potential impact
of EV charging on electricity distribution network and developing new methods
for accommodating large EV popularity should be regarded as major challenges.
The distribution networks are usually radial, typically starting with the distribution
substation including substation transformers. The electricity transmits along
distribution lines to the sub-connection nodes. To avoid huge voltage drops caused
by large load demands, voltage regulators (usually the shunt capacitors, step
voltage transformers and the line drop compensators) are installed. The customers
are connected to these utility feeders with the sub-distribution system through
distribution transformers which transfer voltage down from distribution voltage to
lower voltage. In the absence of any coordinating strategy, uncontrolled charging
of EVs will result in some detrimental effects to distribution networks. A review
of [9, 11, 12] indicates that the large-scale random EV charging demand will
introduce significant impacts on the secure and economical operation of

distribution networks. These negative influences mainly include,

e Distribution network loss increase
e Distribution network lines and substations overload

e Voltage deviations



e Peak demand necessitating additional investment

The distribution network loss on electric power lines and substations depends
on both resistance/reactance values of distribution lines, and active/reactive power
of electricity demands. The resistance and reactance of distribution networks are
relatively large compared with that in transmission system and the EV charging
demand arising as additional load will lead to huge economic loss in distribution
system operation. It will either make some distribution network equipment
overload or necessitate additional investment. Voltage deviation is one of the
major issues caused by large-scale EV charging demand. Case study in [9]
demonstrates that the voltage of residential distribution grid will drop very likely

below 0.95 p.u. when the uncontrolled EV charging demand increase.

Coordinated and smart charging control of EVs is the widely-accepted method
to address these negative impacts. Charging behavior can be defined as a
combination of the characteristics including travel starting and end time, charging
duration, and charging decision [13]. The fact that an average vehicle is most of
the time parking and connected to the grid makes an electric vehicle flexible
regarding the charging time schedule, known as EV charging flexibility [14]. By
rescheduling the EV charging demand, some benefits to power distribution
networks can be achieved, which should include loss reduction, congestion
avoidance, voltage profile improvement. These EV charging behavior can be
defined as coordinated charging or smart charging [15-18]. Many researches in
open literatures demonstrate that significant voltage drop in DN can be prevented
via using optimal EV flexible charging strategy by properly rescheduling the EV
charging demand [14, 19-21]. With distributed generators increasingly installed in
distributed networks, coordination of EVs and DGs is receiving increased concerns
in recent years. The integration of DGs introduces new challenges for distribution
network operation and planning, largely because the design of distribution network
relying on the assumption that power flow is unidirectional. Historically, the
penetration of DGs was relatively small and therefore can be regarded as negative
loads in system operation and planning. But the situation is changing with the
increase of DG penetration. With more renewable energies penetrating into power

systems, they will inevitably bring many uncertainties to distribution network



operation and planning. As such, the potentials of EVs to provide alternatives for

accommodating more DGs and improving overall social warfare become attractive.

Although EV charging flexibility can be well utilized to serve the grid,
challenges to optimally dispatch these resources arise. EVs cannot be scheduled
directly by the power system operators as EVs spread over a geographic span and
EV drivers have their own travel patterns. In this regard, the concept of EV
aggregator has been proposed by many researches for the sake of management of
large number of EVs. It acts as an intermedia between EV owners and power
systems by representing EV owners to interact with power system operators to
participate in electricity market. Especially aggregated EVs can be used to provide
operating reserve for power system through quickly interrupting EV charging and
feeding energy back to the grid, known as V2G. However, the implementation of
charging interruption and V2G will considerably affect user experience and travel
behavior and lead to battery degradation, which prevent frequent action of such
functions. Thus, they are more likely used for providing contingency reserve with
less activations, i.e., to provide energy when high-capacity generation break down.
For the sake of cost saving, power system spinning reserve requirement,

traditionally provided by thermal generators, can be somewhat reduced.

1.2 Purpose of the Thesis

This thesis aims at analyzing the challenges and opportunities introduced by
large-scale EV charging in power system and developing new method to utilize
EV charging flexibility to benefit power system economic and secure operation.
Thus, the purpose of the thesis involves two aspects: to evaluate the negative
impact as well as the benefits to the grid and EV owners by introducing large scale
EV penetration. Specifically, this thesis innovatively proposes the concept of EV
chargeable region to evaluate distribution system electric vehicle hosting capacity
and proposes the framework for distributed generator investment to further
improve distribution network hosting capacity. Then this thesis analyzes the
potential ability of aggregated EV charging in providing ancillary service and

proposes risk based bidding strategy for EV aggregators in electricity market.

Firstly, this thesis evaluates distribution network EV hosting capacity. It aims
at addressing the negative impacts, such as voltage drop and equipment overload,
5



caused by large-scale EV charging demand, based on which the concept of EV
chargeable region is proposed to estimate how much EV charging demand can be
accommodated in a distribution network. The EV chargeable region dynamically
varies according to distribution system operation conditions, such as constantly
changing load and controllable resources. Generally, several goals should be
achieved to find an optimal EV chargeable region, which should include
maintaining distribution system security, satisfying EVs’ charging requirement,
simplifying information exchange between EV owners and distribution system and

managing EV charging uncertainties.

Secondly, this thesis proposes a novel distributed generator investment
framework considering EV and DG coordination. DG investment in distribution
system is another alternative to address the aforementioned negative impact
through locally supplying energy to owners. Especially the renewable distributed
generators can be well coordinated with EV charging demand by utilizing the
flexibility of EV charging demand, which can better reduce the total operation
costs. This thesis proposes a robust optimization based DG investment framework
to accommodate EV charging demand, which should hedge against various
uncertainties including EV penetration level, conventional load increase,
coordinated charging participation rate and daily output of renewable energies and
EV charging demand.

Thirdly, this thesis evaluates the potential ability of aggregated EV charging and
discharging to provide operating reserve for power systems. Especially EVs are
assumed to provide contingency reserve, i.e., to supply energy through charging
interruption and vehicle to grid service when generator outage induced energy
deficit happen. This thesis aims at executing comprehensive cost/benefit analysis
to compare the reserve provision cost of thermal generators and EVs. Similar to
expected energy not supplied, expected energy supplied by EV is formulated to
quantify EVs’ provision of operating reserve. This thesis also systematically
investigates the impacts of the EV penetration level and the compensation to EV

owners on spinning reserve provision.

Fourthly, this thesis proposes risk-based bidding strategies for EV aggregators

to participate in electricity market. In the context of electricity market and smart



grid, the uncertainty of electricity prices due to the high complexities involved in
market operation would significantly affect the profit and behavior of EV
aggregators. To address electricity market price uncertainties, the thesis proposes
an information gap decision theory based approach to optimize day-ahead
scheduling of EV aggregators and bidding decisions. It focuses on the gap between
predicted and actual variables. The IGDT-based risk management decision model
is formulated according to the decision makers’ attitudes towards risk. Risk-averse
decision makers tend to make robust decisions against high costs, while risk-taking

decision makers tend to seek more benefits when the cost is low.

1.3 Primary contributions

To achieve the objectives of the research, the scientific contributions achieved

in this thesis are summarized as follows:

1. The thesis models EV charging demand and the uncertainties using data
mining method. Previous works usually use Monte Carlo simulation method
to generate user travel behaviour data from either the travel statistical results
in travel survey reports or a self-defined distribution function of travel
parameters [13, 15-19]. In comparison, this thesis obtains EV charging
profile by directly sampling with the replication from raw vehicle travel data,

which can better resemble the reality.

2. The concept of “EV chargeable region” is innovatively proposed to evaluate
the largest amount of EV charging demand under a DN node that will not
lead to network constraint violations. The EV chargeable region
optimization problem is formulated as a two-stage model, where the EV
chargeable region and DN decision variables are optimized in the first stage
and the feasibility of the DN worst-case scenario is checked in the second
stage. This model not only guarantees the secure operation of DN, but also
maximizes the EV hosting capacity for DN. Compared with the previous EV
aggregator-oriented coordinated charging strategy method, the proposed

model is user-friendly and enforceable for practical application.

3. The framework of robust active distribution network planning against
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uncertain EV charging demand and distributed generators is proposed.
Security constraints of active distribution network, such as upper and lower
bound of voltage and branch capacity, are imposed to enforce the feasibility
of the planning strategy. A two-stage robust optimization formulation is
established, where the first stage problem optimizes the sizing and sitting of
distributed generation, and the second stage problem checks the feasibility
of planning strategy in the worst realization of uncertainties of both
uncertain EV charging demand and renewable distributed generators is

proposed.

EVs are innovatively considered in the determination of power system
spinning reserve requirement. The costs of reserves from thermal generators
and EVs as well as expected energy not supplied (EENS) are taken into
account together to determine optimal spinning reserve requirement. The
concept of expected energy supplied by EV (EESEV) is innovatively
proposed in the study to quantify the expected energy supplied by EVs. The
EVs’ capacity of interruptible charging demand and V2G service under both

smart charging and immediate charging strategy is formulated.

An information gap decision theory based day-ahead EV scheduling and
bidding framework is proposed to take into consideration the electricity
price. It enables EV aggregators to manage potential risks while pursuing
the desired profit. Through ensuring a predetermined level of total profit,
both robust and opportunistic scheduling strategies are made for negative
and positive decision makers respectively. Compared with other risk
management tool such as conditional value at risk, the proposed approach
can effectively enable decision makers to secure the desired profit

irrespective of the potential risks and reduces computation burdens.

1.4 Organization of the Thesis

The remainder of this thesis is organized as follows,

Chapter 2 proposes the concept of an EV chargeable region to evaluate the

distribution network EV hosting capacity, i.e., how much EV charging demand
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can be accommodated in a distribution network, within which the technical
constraints of distribution network (e.g., voltage deviation) are guaranteed and EV
owners’ charging requests are maximally ensured. The optimization of the EV
chargeable region is formulated as a two-stage robust optimization model with
adjustable uncertainty set. The EV chargeable region and distribution network
decision variables are optimized in the first stage and the feasibility in the real-
time worst-case scenario is checked in the second stage, considering the
uncertainty of EV charging demand and distribution network active and reactive
power. A modified column & constraint generation and outer approximation
method is adopted to address the proposed problem. Simulations on an IEEE 123-

node DN demonstrate the effectiveness of the proposed model.

Chapter 3 proposes a two-stage robust active distribution network planning
model capable of accommodating uncertain large-scale EV charging demand. The
distributed generator investment location and size are optimized in the first stage
and the active distribution network operation feasibility in the worst-case scenario
is checked in the second stage to avoid various constraint violations. The EV
charging demand uncertainty is modeled using a data mining method based on raw
data of vehicle travel behavior. Finally, a modified column-and-constraint
generation algorithm is adopted to solve the proposed problem. Simulations on
modified IEEE 123-node distribution network demonstrate the effectiveness of the

proposed model.

Chapter 4 proposes a novel model to optimize day-ahead spinning reserve
requirement considering EVs’ contribution in providing operating reserve. Based
on the probabilistic criteria, the cost of expected energy supplied by EV (EESEV)
is formulated. The capacities of EV interruptible charging demand and vehicle to
grid service are calculated respectively under the conditions of both immediate
charging and smart charging strategies. The effects of EVs on system spinning
reserve requirement quantification, unit commitment are comprehensively
analyzed using IEEE reliability test system (RTS-96). Numerical results
systematically demonstrate the effectiveness of EVs’ participation on the

reduction of operation costs and the improvement of power system reliability.



Chapter 5 proposes an information gap decision theory based approach to
manage the revenue risk of the EV aggregator caused by the information gap
between the forecasted and actual electricity prices. The proposed decision-
making framework is used to offer effective strategies to either guarantee the
predefined profit for risk-averse decision makers, or pursue the windfall return for
risk-seeking decision makers. Day-ahead charging and discharging scheduling
strategies of the EV aggregators are arranged using the proposed model
considering the risks introduced by the electricity price uncertainty. The results of
case studies validate the effectiveness of the proposed framework under various

price uncertainties.

Chapter 6 gives the conclusions and the discussion of the thesis.
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2. Distribution Network Electric Vehicle
Hosting Capacity Maximization: A Chargeable
Region Optimization Model

2.1 Introduction

Smart/coordinated charging strategy of EVs is the commonly accepted method
to improve voltage quality in distribution system [4-11]. Many researches in
literatures show that significant voltage drop in distribution network can be
avoided utilizing the flexibility of EV charging strategy by optimally rescheduling
the EV charging demand [4-6]. Lots of implementation algorithms and models of
smart/coordinated charging strategies are proposed to handle the voltage issues. [7]
proposes a market mechanism for aptimal allocation of available charging capacity
ensuring EV owners’ preferences on charging rates and distribution network
voltage security. [8] develops a market based multi-agent control mechanism using
remaining capacity of EV chargers for reactive voltage control, in which the
iterative exchange of messages is not considered. A real-time smart load
management strategy is developed in [9] for the coordination of EV charging based
on real-time such as every 5 min, minimization of total operation cost at the same
time complying with network operation requirement. A rolling multi-period
optimization based EV charging optimization method is developed in reference
[10], to avoid severe voltage deviations and equipment overload with the input
data updated at each time step. A local control method for EV smart charging
strategy in distribution network is developed. The advantage and disadvantage of

centralized and local EV charging strategy are compared and discussed.
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Moreover, considering the fact that the large number of EVs cannot be managed
directly by the power system, the EV aggregator is thus proposed to manage a large
number of EVs, which acts as an intermediary to communicate with power system
operators so that the distribution network operation security can be ensured [12-
14]. [13] presents hierarchical decomposition model to minimize the total cost of
dispatched generators and EV aggregators in the upper-level model and to present
specific charging strategies in the lower-level model. However, using these
methods, the basic assumption is that the EV aggregator obtains the privilege from
EV owners to determine the schedule of EVs as long as the customers’ travel
demand is satisfies. This implies that EV owners should report their required
energy and daily departure time to the EV aggregator, which will create
inconvenience for end users. Another problem is that demands for unexpected and
urgent usage of EVs may not be satisfied, because EV aggregator can not obtain
this information in advance by. Besides, it is uncertain whether complex
communication facilities will be generated among the distribution network

operators, EV aggregators, and EV owners in the distribution networks.

To address these problems, EVs are firstly assumed charged randomly
according to users’ requests. Then EV hosting capacity is maximized by finding
out the largest admissible charging demand at each distribution network node that
can be accommodated. Within the hosting capacity, the line capacity and DN
voltage will not vary beyond the requirement. Outside of the hosting capacity, the
EV charging demand may be postponed. The EV chargeable region problem is
formulated as a two-stage optimization model, in which the EV chargeable region
and distribution network decision variables are optimized in the first stage and the
feasibility of the distribution network worst-case scenario is checked in the second
stage. Using this model, not only the secure operation of distribution network is

guaranteed, but also the EV hosting capacity for distribution network is maximized.
The nomenclature of symbols used in this chapter are given as follows,

Indices and Sets

tT Index and set of time slots.
k/IK Index and set of the trips whose destination is home
N Set of EV charging demand in all scenarios
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y/’r

JIA;
c/C
r/R

a(j)
Yev/Pre(J)

Parameters
Pch

66

DTk

Ecs

Hch

Pots

PE?AV

PE\(,max

PDF PDF
Ky,(r,t /By,(r,t
DE DE

Ky,(r,I/ By,c’,t

Pi.¢/Cii
rij/Xij
Vo
Vst

Cr
Q™
LC;jj

&

At

CH,LB
Pet

Index and set of piecewise linearization approximation
method, in which r°F, P, %" represent set for PLA method of
EV delayed charging demand, quadratic term of active and
reactive power respectively

Index and set of distribution network nodes.
Index and set of EV charging equipment.

Index and set of reactive power support equipment, such as
shunt capacitors and automatic voltage regulators.

Set of child nodes of distribution network node j.

Set of EV charging equipment and reactive power support
facilities under distribution network node j.

EV charging rate.

EV arrival and departure time at k.

Travel distance during the day at k.

Per-mile energy consumption.

Efficiency of EV charging demand.

Aggregated charging demand at c,t in scenario s
Average aggregated EV charging demand at c,t.
Maximum EV charging demand at c,t.

Linearization approximation auxiliary coefficients for EV
charging demand PDF function

Linearization approximation auxiliary coefficients for delayed
EV charging demand

Active and reactive power load at j,t.

Resistance and reactance of DN line ij.

Voltage reference value.

Voltage at distribution network substation.

Step value of shunt capacitor r.

Automatic voltage regulator average output at r.t.
Distirbution network line capacity at ij.
Limitaiton of voltage fluctuation.

Electricity price at t.

Lower bound of EV charging demand at c,t.
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ACH /ACH
t c
pi iy
AAP /AAP
t c
Oy /0
ARP /ARP
t c
QAVR,LB /QA\/R,UB

Variables

ch
kit

DEc;
CCct

Pt

P

Xct
Pi/Qjt
P IQY
Vit

dvy

VP!
Vpj/Vajt
Q"
Pii/Qj:
pRU QU

Vis
SR

Uncertainty budget of EV charging demand at t and at c.
Lower and upper bound of active power at j,t.
Uncertainty budget of active power at t and at c.

Lower and upper bound of reactive power at j,t.
Uncertainty budget of reactive power at t and at c.

Lower and upper bound of automatic voltage regulator output
of r.

Per EV charging rate at k,t

Delayed EV charging demand at c,t.

Compensation cost for EV charging demand delay at c,t.
Average EV charging demand c,t.

EV chargeable bound at c,t.

Actual EV charging demand at c,t.

Active and reactive power flow at j,t.

Quadratic term of active and reactive power flow at j,t.
Voltage at j,t.

Integral variables for shunt capacitors at r,t.

Real-time EV charging demand at c,t.

Real-time active and reactive power at j,t.

AVR output at r,t.

Real-time worst-case active and reactive power flow at j,t.

Quadratic term of real-time worst-case active and reactive
power flow at j,t.

Worst-case real-time voltage at j,t.

Slack variables of real-time voltage deviation requirement and
distirbtion network line capacity limitation at j,t.

2.2 EV Charging Demand Uncertainty

2.2.1 EV Travel Behavior

It is commonly known that location-varying and time-varying EV charging

demand can

be modeled based on EV owners’ travel behavior. Monte Carlo

simulation method is mostly used to acquire EV owners’ travel behavior data on
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the basis of travel survey reports, where the the charging demand of each vehicle
and the parking duration can be estimated [22-24]. To model spatial-temporal
dynamics of EVSs’ charging demand, some other works use self-defined
hypothetical distribution functions to randomly generat daily trip chains [25-27].

In contrast, the uncertainty of charging behavior in the proposed
framework is modeled by sampling directly from the 2011 Raw Data of Travel
Behavior, which is released by the Atlanta Regional Commission. It can be
found in the ARC Metropolitan Travel Survey Archive[28]. This survey dataset
includes totally 119,480 trips, which is collected within 3 months. For each
trip, the information given by the data includes: arrival time, arrival location,
departure time, departure location, trip distance, transit access mode, and so
on. The large number of trips and the comprehensive record of each trip
provide valuable assistance to model the uncertainty of EV charging demand.
In this thesis, it is firstly assumed that EVs are charged once arriving home,
and the each EV charging demnad can be formulated as

DT, E.

h h ¢
P =P™if t>t" &t < P

FET &<t VkeK,VteT (2.1)

where x and K are the index and set of the trips whose destination is home. It will
trigger the charging reaction. P" denotes the fixed charging rate, randomly
selected from the predefined charging power dataset with corresponding
probability. DT represents the total travel distance in the day, Ecs represents the
per-mile energy consumption, #ch is the efficiency of EV charging, and t{" and
denote the EV arrival and departure time.

Sampling with the replication method is proposed to model the aggregated
charging demand under a distribution network node with N total EVs as well as
to randomly select Nx samples from the EV charging demand database K. By
summarizing them, one scenario of charging demand at each distribution network
node is obtained. By repeating this procedure, various scenarios can be found,
given as

PI*=> PRilceCteT,se$ (2.2)

c,t,s
keNg ¢
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P =—— > P{i%ceCteT (2.3)

1
N' cts !

] seNgy

where P¢is> represents the total charging demand under a distribution network node
c in scenario s and P& represens its average value, in which |{ denotes the
Cardinality of the set. When the sample size S becomes large enough, the
uncertainty of charging demand can be optimally modeled and the estimated

cumulative distribution function can be thus obtained from the statistical results.
2.2.2 Delayed EV Charging Demand

In this subsection, the relationship between the EV chargeable region and the
compensation cost of delayed charging energy is illustrated based on the statistical
results of EV charging demand uncertainties. As discussed before, when the
charging demand is larger than the chargeable region upper boundary, the

excessive portion of the energy should be delayed, as follows:

EV ,max

DE,, = j (Zo: —P2™ +DE,, )9(1, )0 7., VCeC,VteT (2.4)

Bound c,t
Pc,t - DEc =1

()2 K;Ef;(c’t +BMF Yy el'™ vceC,vteT (2.5)

y.et?

where (2.4) describes the relationship between electric vehicle chargeable bound
Pe™ and delayed charging energy DEc:. xc: represents the actual EV charging
demand, and g(xc.t) represents the probability distribution function of yc:. The PDF
function is found from formulation in (2.5) using the PLA, rather than the exact
distribution function, in which K'.; and B:%; are the auxiliary coefficients of
linearization approximation. The PDF is actually the linearly estimated gradient of
its CDF, obtained from the sampling results found in subsection IlA. It should be
noted that the delayed energy is influenced not only by the chargeable bound but
also by the charging demand increase due to the delayed energy of the last time
interval, as shown in (2.4). Then, the delayed EV charging energy is acquired as
the cumulative energy between the boundary and the maximum EV charging
demand P&™ . However, (2.4) and (2.5) are still difficult to solve due to the
nonlinearity and the integral term of yc+. To address this problem, the PLA method
is used to find out the approximate linear term of (2.4) and (2.5). Finally, the EV

charging demand can be given as:
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CC, =K (P -DE, )+BX, Vyel'™ vceC,vteT  (2.6)

7.ct y.ct?
PY =P +DE,,,-DE,,, VceC,VteT 2.7)
DE,, eR",CC,, eR",P" eR",P¥™ eR",VceC,VteT (2.8)

where (2.6) are the linearization approximate versions of constraint (2.4) and (2.5).
They are auxiliary constraints generated by the PLA, in which Kt, and B}, are the
linearization approximation constant coefficients. Besides, (2.7) describes the
actual charging demand considering the delayed charging energy, with the

boundaries of the variables stated in (2.8).
Some remarks on the EV chargeable region is given as follows:

1) An EV controller should be invested at the distribution network node to

interrupt the excessive charging demand outside of the chargeable region.

2) The EV charging delay priority can be dependent on the EV charging urgent
level, such as the remained EV charging demand. The EVs with larger SOC
of the battery is suggested to be interrupted with higher priority, so that the

urgent usage of EVs can be guaranteed to the maximum extend.

3) EV onwers can reschedule their charging profiles according to their
intentions. Electricity price based EV charging mode is considered and

discussed in the case study.

2.3 Mathematical Model

2.3.1 Distribution Network Operation Constraints

The complex distribution network power flow at each node j can be modeled
using DistFlow equations from [29]:

P:+Q% .
Pe= 20 Rt 2 =+ Py Vi€, VeT (2.9)
ies(]) ies(]) it
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2
= > Q+ D2 X v QU +0,,,Vjed,vteT (2.10)

ies(j) ies(j) it

2 2
P+ Qi
2

it

V2 =VZ42(1P, +%,Q,,) — (K2 +X7) Viel,ies(j),vteT (2.11)

where (2.9) describes the active power flow, (2.10) describes the reactive power
flow, and (2.11) describes the voltage transmit along the branch. To handle the
nonlinearity issues, the linear version of the DistFlow equations is presented and
justified from [29, 30] by Baran and Wu, which is later adopted by lots of
researchers [31-33]. The approximation method is proposed based on two
assumptions. First, the nonlinear terms denoting the loss is much smaller than the
branch power Pj, Q; and voltage terms V:, so that they can be neglected in the
calculation of power flow. Second, the approximation of (V; — Vo)? = 0 is adopted.
It is valid as long as the voltage deviation is always within the requirement and the
quadratic terms of voltage can be replaced.

Compared with the previous work involving a linear version of Distflow, the
piecewise linearized Distflow is presented in this thesis, which is achieved by
linearizing the quadratic terms of active power and reactive power so that the loss
terms can be maintained. The set of power flow, taking into consideration
linearization, EV charging demand, and reactive power facilities, can be

characterized by the following constraints:

Pe=2 Pt 2.1 Q LS yp+ Y PTLVjed vteT  (212)
ies(j) i€ (j) o ceWey ()
Ri +Qi +QY
Z Qlt+ Z X t qj,t
i£5()) =) 5
+ > (dECV, QYY) Vied, vteT (2.13)
reW¥ee (1)
P, +x0
V,-t=V-t+M—(r?+x RE+QF Viel Vies(j),vteT (2.14)
, 1, vV ij 2\/
0 0
V, =Vg,j=LvteT (2.15)

where constraints (2.12)—(2.14) are modified from constraints (2.9)—(2.11), where
P’ QY are used to estimate the quadratic terms of Pj: Q;j« and the EV charging

demand and the reactive power output of shunt capacitors and AVRs are taken into
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consideration in calculating the power flow. The disposition of the quadratic terms
of transmitting voltage is similar to that in the previous work, while the voltage in

theV;, =V, j=1VteT denominator of the voltage drop terms is replaced by its

reference value. It is acceptable as long as the loss term is much small. Anyway it
IS more accurate than neglecting the whole terms. The substation voltage is set as
Vs, defined by (2.15). The quadratic terms P3° Q" can be obtained using the PLA

method according to the following auxiliary constraints:

P-QU > KAP P + BAP

bt = Yt gt 7.0t

U RP RP
QYW > K" .Q, +B

= 7t

Vjeld,Vyel™ vteT (2.16)

Vjel Vyel™ vteT (2.17)

where K/%, Ki, and B}, B}, are the linearization approximation constant

coefficients. The operation limitation constraints are given as

P +QY <LC;

i ij?

Vjel,Vied(j),vteT (2.18)

1-¢<V, <l+eVjeld, VteT (2.19)

=
where (2.18) describes the distribution network branch active and reactive power
limitation and (2.19) describes the voltage fluctuation limitation.

2.3.2 EV Chargeable Region Optimization Model

This subsection presentes a two-stage EV chargeable region optimization
framework is. To maintain the distribution network voltage deviation within the
requirement and to minimize the distribution network line loss, the coordination
of shunt capacitors and automatic voltage regulators is commonly used. In practice,
shunt capacitors cannot react continually and immediately based on the rapid
fluctuation of demand and voltage in the distribution network, so that the automatic
voltage regulators can respond immediately to the real-time distribution network
status. Besides, the EV chargeable region is assumed to be optimized on a day-
ahead basis before the uncertainty is revealed. In this way, the real-time interaction
and complex communication between the EV owners and the EV aggregators are

avoided.

In this regard, a two-stage robust optimization framework is proposed to find

out the optimal EV chargeable region and distribution network decision variables,
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hedging against any possible realization of uncertainty. The distribution network
uncertainty contains EV charging demand and other active/reactive power loads.
Therein, shunt capacitors, the chargeable region, and expected DN operation
variables is regarded as the first-stage decision variables, served as “here-and-now,”
which cannot be modified after the uncertainty is revealed, while the automatic
voltage regulators and real-time power flow is regarded as the second-stage
decision variables, served as “wait-and-see,” which will respond according to the
uncertainties. It should be mentioned that both distributed generators and other
schedulable loads in distribution system can be modeled as second-stage “wait-
and-see” variables and thus infuence EV chargeable region. But they are not taken
into account, as this thesis focuses on the EV charging demand itself. Thus, the
average operation cost is factored into the first-stage decision-making and the
feasibility in the real-time worst-case scenario is checked during the second-stage

decision-making, with the following formulation:

miny (23 B e (2.20)
teT ijeL ceC
st (2.6)-(2.8),(2.12)—(2.15),(2.16)—(2.17),(2.18)~(2.19)
max min i +S%)= 2.21
My eQus (RE™) M, <Oy (d75) ;JZ;‘ (@21)

The objective function (2.20) aim at minimizing total distribution network
operation cost, where the first term denotes the total distribution network line loss
and the second term denotes the compensation cost given to the EV owners due to
the charging delay. Power flow constraints, active/reactive power quadratic term
linearization, and the operation limitation are given in (2.6)—(2.8) and (2.12)—
(2.17), respectively in subsection IIIA. The relationship among EV charging
demand delay, EV chargeable boundary, and the compensation cost is illustrated
in (2.18)—(2.19). Constraints (2.21) are used to check the feasibility of the real-
time worst-case scenario, given the EV chargeable region and the operation status
of shunt capacitors, where S}, and S;P represent the slack variables of voltage
deviation constraints and distribution network line capacity deviation constraints.
The distribution network operation is secure on the condition that all the slack
variables are zero in all the scenarios. The uncertainty set Qus(9 in constraint
(2.21) is defined as follows:
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QUS(l:)c‘,gtound):{ M;: M, =[VRY ij,thqj,t]ZVPCH <A VteT

ct ? c,t
ceC

VP <P¥™ veeC,VteT (2.22)
VRS > P veeC, VteT (2.23)
D VR <A VteT (2.24)
g

D VP <Al veeC (2.25)
o

Vp, 2 p;i jed, vteT (2.26)

Vp, < p;;, jed, vteT (2.27)
D> Vp,, 2AF vteT (2.28)
=

\ﬂZE;VpLt >AF, jeld (2.29)
Vg, >q;;,jed,vteT (2.30)
Vg, <q;y, jed, vteT (2.31)
YV = A VteT (2.32)
=

DV =AT jed (2.33)}

vieT
where the uncertainty set Qus(9 containes three kinds of variables, i.e., EV
charging demand, active power, and reactive power. As the EV charging demand
and the active power and reactive power at each distribution node can not be
precisely forecasted on a day-ahead basis, they are regarded as variables in the
second-stage optimization in order to find the real-time worst-case scenario.
Constraints (2.22)—(2.25) represent the uncertainty set of EV charging demand,
(2.26)—(2.29) represent the uncertainty set of active power and constraints, and
(2.30)—(2.33) represnet the uncertainty set of reactive power. In each set, the bound
of the variables and the uncertainty budget at each time interval or at each
distribution network node are defined respectively. It should be noticed that the

uncertainty set Qus(J is influenced by the first-stage variable EV chargeable
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bound. The worst-case feasibility set
Qws( ) of constraint (2.21) is listed as follows:

QWs(dsc) {M,:
[ J“Q PQUW QQUW VW QrAtVR’VPcCtH’ij,t’qut'SV S

Bt Jt? IR

uw uw
Q QQ

PJV\: - Z et Z ult—+vpj,t
ies(]) ied(j) o
+ > VR Vjel, vteT (2.34)
ceWey (1)
QUW QQUW
ZQlt+ZX It +qu,t
ies(]) ies(])) o
+ > AV QAR Vied, vteT (2.35)
reW¥ee (j)
VA =VY + Py +%Q0 (24 Py " +?i%u,w ,
= Vi V. BTV
Vjeld,Vied(]),vteT (2.36)
Vi =V, j=1VteT (2.37)
POM > KM P +BY Vjed, Vyel™ vteT (2.38)
QY =K¥ QN +B Vil vyel™ vteT (2.39)
PO QWY -8R <LC,, Vjed,Vied(j), vteT (2.40)
1-e<V1+8],Vjel vteT (2.41)
QAVR LB < QAVR < QrAVR,UB,Vr c R,Vt ET (242)

P_QU,W’QQUW gV SP’tQ eR",\Vjel,VteT

jit it , (2.43)}
where power flow in the real-time worst-case scenario is demonstrated by (2.34)—
(2.37). Different from the first-stage power flow in (2.12)—(2.15), EV charging
demand, active power, and reactive power become variables which are quantified
in uncertainty set (2.22)—(2.33) and the automatic voltage regulator is the real-time
controllable variables with the bound defined in(2.42). The first-stage variable ds
is fixed in the real-time worst-case feasibility check. Quadratic terms of active and

reactive power flow in the real-time worst-case scenario are linearized in (2.38)—
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(2.39). The constraints of voltage deviation requirement and distribution network
power flow capacity limitation in the worst-case scenario are relaxed with
variables S, and S{¢, as shown by (2.40)—(2.41). The boundaries of these variables
are quantified by (2.43). It should be mentioned that the feasible region given by
constraints (2.20)—(2.33) guarantees the secure and reliable distribution network

operation.

2.4 Solution Methodology

2.4.1 Compact Formulation and Duality

For simplicity, the compact formulation is written in this section as follows:

min a'x, +b'x, (2.44)
s.t. Ax, +Bx, +Cx, <c (2.45)
max min  d's)=0 (2.46)

2,2,€Q5 (X,) ¥:21.,25 560y (Xy)
Qs (x,)={2,,z,: Dz, +EX, <e,Fz, <f} (2.47)
Qs (x)={V,2,,2,,5:Gx;, +Hy +1z, +Jz, +Ks<g} (2.48)

By the characteristics, the first-stage variables consist of three groups; namely,

X, :[drs,tc] denotes the first-stage distribution network decision variable which
influences second-stage DN operation status, X, =[P5""'] denotes the one that

influences the uncertainty set, and X; =[P, ,Q;, Pﬁu ,thu V., DE,,CC,,, P
represents other first-stage variables. Based on whether or not they are influenced
by first-stage variables, the variables in the uncertainty set includes Z, =[\/F’ciH]

and z, =[Vp,,,Vq;,], in which the bound of z, is quantified by x,. The second-

stage slack variables are denoted as $=[S},,S ] and the second-stage operation

. . W W (VA U W W AVR
variables are given as Y =[P, Q" PS"", Q%" V1, Q1.

23



The optimization problem (2.44)—(2.48) is a two-stage optimization model, in
which the first-stage master problem is described as (2.44)—(2.45) and the second-

stage subproblem is given as follows:

max min  d's (2.49)

21,2,€Qu5 (X2) ¥,21,25,5€0s (Xq)
s.t. (2.47)-(2.48) (2.50)

Hence, (2.49)-(2.50) is formulated as a bi-level linear optimization program.
Due to the strong duality of the linear program, the inner optimization problem is
replaced by its dual problem so that (2.49) can be reformulated as a single-level

bilinear program, given as follows:

max y'(g-Gx,)+y' (-lz,-Jz,) (2.51)

21,25,
Q, ={w:H'yv<0,K'y<d,yeR'},z,,2,eQ(X,) (2.52)

where ¥ is the dual variable vector of the inner problem of (2.49)-(2.50). It should
be mentioned that the second term of (2.51) is the bilinear term, due to the fact aht

both ¥ and z1 z2 are variables.

The single-level bilinear program (2.51)-(2.52) can be solved by either the big-
M linearization method or the OA method [34]. Although the exact optimal value
can be found by the big-M method, the computational burden is largely dependent
on the number of bilinear terms. As the uncertainty set in the proposed
mathematical model is huge, the big-M method is low-efficient in computation, or
even intractable to address these cases. Hence, the OA method is adopted in this
thesis to cope with the bilinear problem.

2.4.2 Solution Algorithm

To handle the two-stage optimization problem with an adjustable uncertainty
set, a two-level algorithm is presented. The outer level uses the C&CG method [35]
to obtain x1, X2, x3 from the results of inner-level optimization, and the inner level

adopts the OA algorithm [34] to address the bilinear problem.
The outer-level C&CG algorithm is given as,

Step O: Initialization. Set outer-level iteration index k=1, lower bound
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LBy =—c0 , upper bound UB,; =+ . Then, find a feasible solution

*

(Zl,k—l’ ZZ,k—l’ X;,k—l) :

Step 1: Solve master problem defined as (12a)—(12b), taking into account the
following constraints, where wk is the newly created variable vector at each

iteration:
QCCG (Zl,m’ZZ,m’X2,m) :{ Wi X, X,

GX, +Hw,, +(1Z;,, / X, )X, +32,,, <g},Vm=1...k  (2.53)

Let (X, X, X;,) be the optimal solution. Set LBour = a'X;, +b'X;,

T * T *
UBour = a Xl,k—1+b X3p-

Step 2: Solve the subproblem (2.51)-(2.52). Let (Z,,Z,,) be the optimal

solution. Check outer-level convergence. If UBour — LBout <éccs, stop.

Otherwise, let k = k+1, go to step 1.

< Initialization >
v

Solve Master
Problem

—»{ Solve OA subproblem

|
[

|

[

[

| | Generate C&CG
: constraints
[

[

[

[

|

|

Solve OA master
problem

BOUT - LBOUT <

( End )

Figure 2.1 The framework of the EV chargeable region optimization algorithm.
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The inner-level OA is given as,

Step 0: Initialization. Fix the first-stage decision variables x; x; . Set the

inner-level iteration index j=1, lower bound LB, =—c , upper bound
UB,, =+o0. Find an initial ZI,J-,Z;J-.

Step 1: Solve the OA subproblem,

S(K:215025,) =Maxy'(g-Gx -2, -3z, ;) (254)
st yeQ, (2.55)
Let w" be the optimal solution. Set LBiv = S(X;,Z, .2, ).

Step 2: Linearize the bilinear term y'(-lz,-Jz,) at (ZI’J-,Z;J-,\V’;), as

follows:
Lj(zlaz2a\ll) = W*T('IZI } ‘]Z;)‘*'(\V - ‘V*)T(_IZT -Jz})

+y (-N(z,-2) - (2, -2})) (2.56)

Step 3: Solve the OA master problem. Solve the linearized version of the

second-stage problem, given as follows:

U(z,;2,5w3) = max w'(g-Gx,)+B (2.57)
s.t. B<L,(z,,z,,y),Vi=1..,j (2.58)
2,,2,€Q, (), weQ,, (2.59)

Let (211250 W0B;1) be the optimal solution. Set UBw =
U(Zl,j+l’22,j+1’\llj+1) :

Step 4: Check inner-level convergence. If UB —LB, <&, , give the

current solution. Otherwise, set j = j+1, go to Step 1.

It should be noticed that the C&CG constraints are additionally added at each

iteration, originally formulated as
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Gx, +Hw, +1z;  +Jz, <g,vm=1..k (2.60)

However, the first-stage variable x1 is not contained in the constraints (2.60) and
cannot be modified at each iteration. This is because xi, denoting the EV
chargeable bound, influences the bound of the uncertainty set rather than the worst-

case scenario decision variables, which is different from the typical robust
optimization. To address the problem, the auxiliary term X2/X;m is multiplied

with the third term, and finally reformulated as (2.53). The general framework of

the algorithm is illustrated as Fig. 2.1.

2.5 Case Study

In this section, the case studies are presented to demonstrate the proposed model
based on the modified IEEE 123 node DN in this section. All the algorithms are
implemented on MATLAB, taking Cplex as the MILP solver. The optimality gap
is set as 1073,
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Figure 2.2 Modified IEEE 123-node distribution network for DN operation.
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2.5.1 Test System and EV Charging Uncertainty

In the modified 123-node distribution network system, 12 distribution network
nodes are connected with EV charging facilities and 6 distribution network nodes
are connected with voltage regulator facilities, as shown in Fig. 2.2. The average
distribution network peak load without consideration of the EV charging demand
Is set as 2.84 MW/1.53 MVAR. The average distribution network load at each of
the 24 one-hour time intervals, compared with the peak load, is given as 0.64 0.645
0.635 0.64 0.705 0.81 0.86 0.83 0.85 0.87 0.905 0.83 0.81 0.85 0.89 0.96 1 0.99
0.94 0.91 0.87 0.8 0.72 0.66. The upper and lower boundaries of each distribution
network active and reactive power are set as 1.2 and 0.8 of the average value,
respectively. Without loss of generalities, the uncertainty budgets A" A4 A7 A7
are set as 1.05 of the average value. The voltage violation requirement is given as
[0.95 1.05]. The voltage at the substation node is given as 1.0125. The DN line
loss fee is given as 0.1$/kWh.

At each distribution network EV node, 50 EVs are assumed to arrive in one day.
The EV charging power rate is given as 4 kW, 6 kW and 8 kW with the probability
of 25%, 50% and 25%, respectively. The compensation cost of the EV charging
delay is set as 0.1$/(kWh*h). The EV penetration level is defined as the ratio of
total EV charging demand to distribution network demand during the day, with the
formulation

DI

teT ceC (261)

EVP =
22 Pt 2 R

teT jed teT ceC

To effectively explain the proposed model, three cases with different charging

modes and different EV penetration levels are proposed as follows:
Case 1: Immediate charge; EV penetration: 16.82%.
Case 2: Charging response to price; EV penetration:16.82%.

Case 3: Charging response to price; EV penetration: 20.18%.
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The sample size of nodal EV charging demand is set as 4000 to effectively
model the uncertainty of the total EV charging demand under each distribution
network node at each time interval. Then the estimated CDF of aggregated EV
charging demand is obtained accordingly. Fig. 2.3 depicts the CDFs at two typical
time intervals. Simulation results demonstrate that EV charging demand at t = 20
is larger than the one at t = 17. Then the PDF is estimated from the gradient of
CDF data, as depicted in Fig. 2.4. It should be noticed that the PDF and the CDF
are estimated with discrete data rather than the exact distribution function, such
that a piecewise linearized function can be used to model the EV charging demand

uncertainty.
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Figure 2.3. Estimated CDF of EV charging demand during two typical periods.
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Figure 2.4. Estimated PDF of EV charging demand during two typical periods.
2.5.2 Optimal EV Chargeable Region

This subsection shows the results of case 1. Two typical charging bounds are
depicted with the various uncertainty intervals of EV charging demand in Fig. 2.5.
The EV chargeable region is defined as the area that is lower than the chargeable
bound. It can be observed that the EV charging demand can be completely met
during most times of the day, when both the distribution network load and the EV
demand are low. However, EV charging may be delayed in the period from hours
16 to 22, when the distribution network voltage at some nodes will drop down out
of the requirement if the EV charging demand is larger than the chargeable bound.
By comparing the difference value between the chargeable bounds of node 6 and
node 114, it can be found that the location of EV charging demand in the
distribution network area has a considerable impact on hosting capapcity of EVs.
Generally, more serious issues of voltage drop happen near the end of the

distribution network, where the EV chargeable region is influenced and narrowed.

It is well noticed that EV owners will respond to electricity price by
rescheduling their charging profile. To demonstrate the effectiveness of the EV
chargeable region in this demand response scenario, two assumptions are firstly
presented: 1) half of the EV owners respond to the electricity price and make their
EVs charge at the lowest electricity price; 2) the electricity price has a positive
correlation with total distribution network demand. In this regard, EV charging
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demand is modeled by sampling from the travel dataset with half of the charging

demand shifting to the distribution network demand valley period.
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Figure 2.5. Optimal EV chargeable region in case 1.
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Figure 2.6. Optimal EV chargeable region in case 2.

Fig. 2.6 depicts the EV charging demand uncertainty and the EV chargeable

region of case 2 at two typical time intervals. The simulation results show that
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more EV charging demand can be accommodated by the EV chargeable region
compared with case 1 in Fig. 2.5. It is known that the demand response of EV
charging demand helps to shift part of the distribution network load to the valley
period, which will contribute to maintain the voltage profile in peak period.
Nevertheless, Fig. 2.6 demonstrates that the network constraint deviation
requirement can not necessarily be met, as EV charging demand is still random
and uncontrolled. Especially if the EV penetration level in DN is increased, the
distribution network will become more heavily loaded and the EV chargeable
region will take on a more significant role in maintaining the voltage profile of the
DN. To illustrate this point, Table 2.1 gives the simulation results for the three
cases. The concept of EV chargeability in the distribution network is proposed to
evaluate the general level of the EV chargeable region in different distribution

network nodes, with its definition listed as,

CB= rrlitn(Pc‘if’“”d 1By (2.62)

By comparing the results of cases 2 and 3, it can be found that EV owners’
response to electricity price can not prevent the distribution network violation,
especially when the EV charging demand is large. The proposed EV chargeable
region method becomes more advantageous with the increase of EV penetration

level in the distribution network.

Table 2.1 Simulation Results of EV chargeable region optimization model

Case Total cost ($) EV compensation cost ($) Chargeability
1 515.51 30.28 0.884
2 448.35 0.573 0.982
3 492.60 4.568 0.707

2.5.3 Optimization Procedure and Computation Efficiency

In this subsection, the optimization procedure and computational burden are
discussed to verify the proposed solution method. The simulation results at each
iteration of case 1 are listed in Table 2.2, in which the final solution is shown with

fold type. It is found that the objective value of subproblem is considerably
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reduced in each iteration and the algorithm terminates in the third iteration when
the objective value of subproblem meets the convergence criterion. The
computation efficiency is given in Table 2.3. It can be found that the subproblem
contributes more to the total computation time. It is that it takes several iterations

to achieve the convergence of OA method for the bilinear subproblem.

Table 2.2 Simulation Results of EV chargeable region optimization model at

Each Iteration of Case 1

_ Total Loss cost compensation  Obijective of
Iteration
cost ($) ©) cost (%) SP ($)
1 458.93 458.93 0 3.81*10°
2 513.31 482.57 30.74 5.99*10°
3 515.51 485.23 30.28 0.556
Table 2.3 Computation Efficiency of Case 1
Total (s) MP (s) SP (s) Iteration

141 40 101 3

2.5.4 Sensitivity Analysis

In this subsection, sensitivity analysis of piecewise linearization approximation
method is carried out to check the accuracy of the linearization approximation. The
results under different segment numbers of piecewise linearized delayed EV
charging demand are given in Table 2.4, where the simulation results of case 1 are
shown with fold type. It can be concluded that the EV compensation cost and EV
chargeability are affected by the number of segment of PLA model. It can be also
noticed that the difference values between simulation results of k=13 and k=10 are
small and the difference values among results of k=10, k=7 and k=4 are relatively
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larger, which shows that the parameters in the PLA method is proper for this case.
Similarly, the simulation results under different segment numbers of piecewise
linearized Distflow are given in Table 2.5. It can be concluded that the difference
values among different costs is smaller when the number of segment n increases.

Hence, the PLA accuracy in modelling Distflow is within the acceptable range.

Table 2.4 Simulation Results under Different Segment Number of Piecewise
Linearized Delayed EV Charging Demand

Total cost ~L0SS cost compensation

n" K Chargeability
(%) %) cost ($)
13 515.88 486.48 29.40 0.8841
10 10 515.51 485.23 30.28 0.8848
7 526.71 487.14 39.57 0.8863
4 533.98 487.85 46.13 0.8894

*n denotes segment number of the piecewise linearized delayed EV charging demand.

* Kk denotes segment number of the piecewise linearized Distflow

Table 2.5 Simulation Results under Different Segment Number of Piecewise

Linearized Distflow

Total cost 0SS cost compensation

k n Chargeability
%) %) cost (%)
16 495.31 467.54 21.77 0.8848
13 503.68 474.99 28.69 0.8848
10 10 51551 485.23 30.28 0.8848
7 552.58 519.65 32.93 0.8848
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* -- denotes infeasibility of optimization model.
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Figure 2.7. Impact of EV penetration level on EV chargeability and
compensation cost.

In order to address the uncertainty of the EV population in the distribution
network, a sensitivity analysis of the EV penetration level with EV immediate
charging mode is carried out. Fig. 2.7 shows the impact of EV penetration level on
the EV compensation cost and the chargeability. The simulation results show that
with increased EV penetration level, the EV chargeability has a slow decrease at
first and then a rapid decline when more EVs interact with the distribution network.
This is because larger EV charging demand may lead to distribution network line
overload. Under such conditions, EV charging demand delay is the only solution
to avoid distribution network congestion. distribution network line capacity
expansion planning will be suggested if the chargeability is too small to be

accepted by EV owners.
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2.6 Conclusions

This chapter innovatively presentes the concept of “EV chargeable region” to
evaluate the maximum amount of distribution network EV hosting capacity for
each node. The uncertainty of EV charging demand is modeled by sampling from
raw vehicle travel data. The EV chargeable region optimization problem is
formulated as a two-stage optimization model, in which the EV chargeable region
and distribution network decision variables are optimized in the first stage and the
feasibility of the distribution network worst-case scenario is checked in the second
stage. Mathematically, the framework is formulated as a two-stage robust
optimization problem with an adjustable uncertainty set. A modified C&CG/OA
method is used to solve the two-level problem. Case studies demonstrate the
effectiveness of the proposed model in both immediate charging mode and

charging demand response mode, considering different EV penetration levels.

Using the proposed model, not only operating constraint deviation of
distribution network is prevented, but also EV owners’ charging requests,
including immediate charging and price-response charging, are guaranteed to the
largest extent. EV owners’ daily report of charging demand to the EV aggregator
may be waived, as the EV charging profile can be well rescheduled directly by the
EV owners themselves. The urgent usage of EVs can be maximally met. Besides,
communication of the proposed framework is simple and the only communication
is to pass message of EV chargeable region from distribution network operator to
each controller at distribution network node, which is unidirectional and occurs
once a day. Overall, the proposed framework shows a high potential for practical

applications.
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3. Robust Distributed Generator Planning
Accommodating Electric Vehicle Charging

Demand

3.1. Introduction

Basically, distributed generator (DG) can be categorized into dispatchable
distributed generator (DDG), e.g., gas turbines, micro-turbines, and non-
dispatchable distributed generator (NDG), e.g., wind and photovoltaic generations.
The investment issue of DDG and NDG have been well discussed in [36-38] and
[39-41], respectively. Compared with DDGs, NDGs are more cost-effective and
environment-friendly, which seem to be a more prior choice for active distribution
network. However, NDGs will introduce additional operation uncertainties to
active distribution network as their generation capability highly depend on weather
conditions. For a active distribution network with large number of EV users, the
flexibility of EV charging demand can be utilized to coordinate with NDGs and
offset their uncertainty. Some pioneer works have been done on coordinated
dispatch and operation of EVs and NDGs [27, 42, 43]. To the best of the authors’
knowledge, the coordinated planning of NDGs and EVs, especially in active
distribution network level, has not been systematically explored. Although the DG
investment problem in active distribution network has been well studied in the
literature [44, 45], high-level penetration of EVs would pose new challenges to
this topic, such as new types of uncertainties. Different from uncertainties of
NDGs, the uncertainties of EV mainly include the following three aspects: 1) EV
penetration level, which is almost intractable due to the factors such as battery
technology; 2) EV charging demand, which varies from day to day and is
influenced by the EV owners’ travel behaviors; 3) Involvement of EV owners,

which equals how many EV owners would like to reschedule their charging
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demand according to electricity price, known as price-responsive charging mode.

To hedge against the aforementioned uncertainties, various methodologies have
been developed and applied to power system planning problems, where stochastic
optimization and robust optimization are among the most efficient mathematical
tools. Stochastic optimization models have been applied to power system planning
problems for decades, such as power system expansion planning [46] and wind
power allocation planning [47]. The distributions of uncertainties, which serve as
the key input of stochastic optimization models, may not be able to be accurately
depicted in the time scale of planning. Robust optimization method, however, is
almost distribution-free and has received much attention especially in planning
problems, whose recent applications can be found in transmission network
expansion [48], optimal storage [49] and DG placement in Microgrid [50].

The framework of robust active distribution network planning against uncertain
EV charging demand and NDGs is proposed in this chapter. Security constraints
of active distribution network, such as upper and lower bound of voltage and
branch capacity, are imposed to enforce the feasibility of the planning strategy. A
two-stage robust optimization formulation is established, where the first stage
problem optimizes the sizing and sitting of DGs, including DDGs and NDGs, and
the second stage problem checks the feasibility of planning strategy in the worst
realization of uncertainties. Particularly, the uncertainty realization of NDGs in the
second stage depends on the corresponding planning strategy of NDGs, rendering
a decision-dependent  optimization formulation.  Column-and-constraint
generation (C&CG) methodology and big-M method are modified accordingly to
solve proposed problem.

The nomenclature of symbols used in this chapter are given as follows,

Indices and Sets

T Index/set of time slots.
1A Index/set of distribution network nodes.
k/K Index and set of the trips whose destination is home, which will

trigger the EV charging action.
viV Index/set of EV charging stations.
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w/W Index/set of wind power generators.

c/C Index/set of photovoltaic generators.
0/G Index/set of dispatchable distributed generators.
r’R Index/set of reactive power support facilities, i.e., shunt

capacitors and automatic voltage regulators.

Nyt Set of EV charging demand in all sampled scenario in EV
charging station v at t.

o(j) Set of child nodes of distribution network node j.

S Index of feasibility checking scenarios

Parameters
" t®  EV arrival time and departure time.
D« Total EV travel distance during the day.

EVMO Ratio of hourly maximum output of PV generator to the
investment capacity. &' [0 1]

R /RS Lower/upper bound of EV charging demand at v.t.

AT Lower/upper bound of the location-aggregated EV charging
JASHe demand at time t.

A1 Lower/upper bound of time-aggregated EV charging demand at
ASHT EV charging station v.

¢ Ic’l Installation cost of wind power generator, PV generator and

DD

Cq dispatchable generator.

BYP/BPV - Capital recovery factors of wind power generator, PV generator
/pPP and dispatchable generator.

o"P/6PVI Minimum investment capacity of wind power generator, PV
oPP generator and dispatchable generator.

&*/&Y  Average output of wind power generator, and PV generator. &
/& e[01]

¢ Yearly interest rate.



n"“P/ nPV/ Lifetime of wind power generator, PV generator and
nPP/ dispatchable generator.

Y Electricity price.
PP Generation cost of dispatchable generators.
@P Number of days in a year.

rii/Xij Resistance/reactance of distribution network branch ij.
Py Current Distribution network load at j,t.

Vo Voltage reference value.

UYP/UPY/Maximum investment number of wind power generator, PV
ybP generator and dispatchable generator.

Ve Voltage at distribution network substation.

LCij Capacity of distribution network branch ij.

Variables

XEV EV penetration rate during the planning horizon.

XLP Conventional load increase rate during the planning horizon.
XPs The rate of EV charging respond to electricity price.

u. /u;’/  Binary variable, with 1 to install wind power generator, PV

DD

Uy generator, dispatchable generator.

Iw"/15']  Integer variable for installation capacity of wind power
5" generator, PV generator, dispatchable generator.

Pw: / PL /[P Output of wind power generator, PV generator and

DD

o dispatchable generator.

Pj/Qjt  Active/reactive power flow at j,t.

P3"/Q%  Quadratic term of active/reactive power flow at j,t.
Pi’/Q;’  Active/reactive power load at j,t.

Vit Voltage at j,t.

Q¢ Output of static voltage compensator at r.t.
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Py EV charging demand at c,t.

S 2 1S):”®  Slack variables for lower/upper bound of real-time worst-case
voltage violation requirement at j,t.

Sic Slack variables for line capacity of real-time worst-case power
flow at j,t.

3.2. Uncertainties in Planning Problem

3.2.1 Planning Uncertainty

The uncertainties in this paper can be divided into two levels, namely the upper-
level planning uncertainty and the lower-level operation uncertainty. The upper-
level planning uncertainty is defined as the one caused by demand variation during
the whole planning horizon, such as EV penetration level, distribution network
load increase and EV owners’ price-responsive behavior, while the lower-level
operation uncertainty is defined as the one caused by daily operation, such as the
daily operation uncertainty of EV charging demand and the NDG output. The
upper-level planning uncertainty is unpredictable and non-repetitive, especially
considering the EVs are emerging participant in distribution network. It also
remains uncertain how many EVs would respond to electricity price to determine
their charging decisions. In this paper, we assume the planning uncertainties can
be quantified with the upper and lower bounds according to practical experience,

given as follows,
XEV c [XEV ’ XEV] ’ XLD c [XLD ’ XLD] ’ XDS c [XDS ’ XDS] (31)

where XEY, XtP| XCC represent EV penetration level, distribution network load
increase rate and EV owns’ price responsive rate, respectively. The overline and

underline are used to represent the lower bound and upper bound respectively.

For the lower-level operation uncertainty, lots of previous works use uncertainty
budget constraints to model the uncertainty of renewable energy outputs for the
input of robust optimization model. In this method, the worst-case scenario is
usually obtained when the NDGs output keeps switching from the upper bound,

lower bound or expected values in a day. However, it would be not suitable for
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planning problems. As seen from the historical data, it is quite frequent that NDGs
output at maximum or minimum output during the whole day. As the power system
reliability is the major concern for a planning problem, the worst-case scenario is
better to be selected as the maximum or minimum output, which is considerably

depends on the investment capacities,

PV\\;\’ItP e[0’5WPIVV\>IP] PPV e[O’gtPV,CAdPVICPV] (32)

1o ct

where the lower bounds of the NDGs are set as zero and the upper bounds are set
as the installation capacity. &' denotes the ratio of hourly maximum output of

PV generations with respect to its investment capacity.

Sampling from dataset
L 2
Determine individual EV charging demand

YE— AT eV —
vaved |
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k=k+1

| Statistical analysis of EV charging demand |

End

Figure 3.1 Flowchart for modeling EV charging demand

3.2.2 Modelling individual EV charging demand

As EVs are emerging products, the future EV quantity increase and EV owners’
charging behavior remain considerably uncertain. Modelling the uncertainty of EV
charging demand is quite different from the NDGs. This paper adopts data mining
method to find out user travel behavior and then obtain the statistical information
of EV charging demand, which can be further used to formulate polyhedral
uncertainty set for robust optimization. Note that this kind of distribution-free

uncertainty modelling method is suitable for the non-predictive EV charging
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demand and the data mining method improves the accuracy in modelling
uncertainty. The EV charging demand uncertainty is processed with the following
three steps: 1) modelling EV owners’ travel behavior; 2) modelling individual EV
charging behavior; 3) statistical analysis of EV charging demand.

1) Modelling individual EV charging demand. In this mode, EVs are assumed
to be plugged into grid and charged as soon as the last trip in a day ends and to be
plugged out when the batteries are full. The charging duration is dependent on the
accumulated mileage in a day. The charging load for each EV can be formulated
as
DT Ees

RSy =PMif t>t" &t< -
77Ch Pl)

+ET &<t VkeK,VteT (3.3)
where x and K are the index and set of the trips whose destination is home, which
will trigger the charging action. P;" denotes the fixed charging rate, which can be
randomly selected from the predefined charging power dataset with corresponding
probability, and v is the index of variously rated charging power. DT is the total
travel distance during the day, Ecs is the per-mile energy consumption, #cn is the
charging efficiency, and t" and t* are the EV arrival and departure time.

2) Price-responsive charging mode. In this mode, EV owners are assumed to
respond to electricity price by rearranging their charging profiles. To obtain proper
EV charging profile, two assumptions are proposed: 1) EV owners respond to the
electricity price by charging their EVs at the lowest electricity price and the
batteries are fully charged before next trip begins; 2) the electricity price has a
negative correlation with total active distribution network demand. In this regard,
EV charging demand is reformulated by shifting the EV charging demand to the
active distribution network demand valley period. The individual EV charging

demand should be optimized as follows,

minf .= > AP VkeK (3.4)
teltd" 11
4, =aP" +b (3.5)
. w_ DES
Subjectto > P& >—— VikeK (3.6)

te[t 140 ] ch' o
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0<P% <P" VkeK\VteT (3.7)

where the objective function (3.4) is to minimize total charging cost for each EV,
At denotes electricity price at t and is assumed to have an inverse linear correlation
with total active distribution network load. In (3.6), the EV charging demand,
which is the total energy consumption during the day, should be guaranteed before

departure. (3.7) describes the charging rate limitation.
3.2.3 Statistical Analysis of EV Charging Demand

The survey dataset [51] contains 119,480 trips in total, collected within 3
months. For each trip, the information provided by the data includes: departure
time, departure location, arrival time, arrival location, trip distance, transit access
mode, etc. The large number of trips and the detailed record of each trip provide
valuable assistance in modeling the uncertainty of EV charging demand. The
flowchart for modelling EV charging demand profile is given in Fig. 3.1. By
randomly sampling from travel database, a bunch of parameters [t",t%? D] can be
obtained. Then the EV charging profile can be acquired either by immediate
charging strategy or price-responsive charging strategy, with the ratio related to
XPS, Then the charging demand of all EVs under an active distribution network
node is summarized and regarded as one scenario. By repeating this procedure,
various scenarios can be obtained, given as

pCH _ PG+ > PR, WeV,VteT,Vlel (3.8)

vt
IC PC
KeNy weNy,

CH

where P, denotes the aggregated charging demand under an active distribution
network node v in scenario | at time t, summarized by all the EV charging demand
in different charging strategies. N)j and N represent the set of EV immediate
charging demand and price-responsive charging demand respectively. When the
sample size L is large enough, the uncertainty of charging demand can be properly
described. The average value of EV charging demand can be obtained by

1

Nv,t

P = PH wweV,vteT (3.9)

AN
leN,
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where |f>VCtH denotes the average value in the scenarios and |{ denotes the

cardinality of the set. The corresponding confidence level can also be obtained,

Py =inf{y,, |Prob(Py <7,.) 2 a}, VteT, WeV (3.10)

P =sup{y,, |Prob(RS} 27,,) = a}, VteT, WeV (3.11)

ASC =inf{y, |Prob> R <y)=a} VteT (3.12)
ey

A =sup{y, | Prob(Q>_PSl =) 2o}, VteT (3.13)

ey

AT =inf{y, | Prob(Q Pl <) =a}, WveV (3.14)
=

AT =sup{y, |Prob(Q Pl = 7) 2 a}, VeV (3.15)

teT

where B and B denote the lower and upper bound of EV charging demand

under active distribution network node v at time t, A" and A" denote the
lower and upper bound of the location-aggregated EV charging demand at time t
with confidence interval a. AS""and A" denote lower and upper bound of the
time-aggregated EV charging demand under active distribution network node v

with confidence interval o. All these parameters are obtained as inputs of
uncertainty set in the proposed planning model.

3.3. Mathematical Formulation

3.3.1 Deterministic Model

In this section, a deterministic active distribution network planning (Det-P)
model with EV charging demand integration is developed. Generally, the
framework is to obtain the optimal NDG and DDG sitting and sizing by
minimizing the summation of investment cost and operation cost assuming the
prospective EV charging demand and the output of NDG are assigned with their
expected value. The Det-P model is given as,

min f = f™ + f°° (3.16)
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(3.21)
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(3.25)
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S <u™ > <u™, Y ug® <uP (3.28)

weW ceC geG
V, =V®, j=1vteT (3.29)
Q<@ <QX°,vreR, vteT (3.30)

P +Q¥ <LC;

it = ij?

Vjield,Vied(j),vteT (3.31)
1-e<V, <l+e,Vjed,VteT (3.32)

where, the objective function (3.16) is to minimize the overall annual costs
including investment and operation. The annual investment cost fNV in (3.17)
consists of the installation cost of wind power generators, PV generators and DGs.
The capital recovery factors p"F/57V/5PP, defined in (3.19), are used for conversion
from total investment cost to annual cost, where (" denotes yearly interest rate and
n"P/ nPY/ nPP are lifetime of each DG. The annual active distribution network
operation cost saving O is given in (3.18), where the first term denotes the cost
of active distribution network operation loss, the second and third terms denote the
cost saving by wind power and PV generator investment, and the forth term
denotes operation revenue/cost due to DG investment. Constraints (3.20)—(3.22)
describe the active power flow, reactive power flow and voltage along the branch,
considering the integration of the DG output and EV charging demand. The
piecewise linearized Distflow model is proposed by linearizing the quadratic terms
of active power and reactive power based on the DistFlow equations in [29, 30].
The axillary constraints (3.23)—(3.24) are used to estimate the quadratic terms of
active and reactive power P’ Q3”, with piecewise linearization approximation
(PLA) method, where K%, K*7, and B’?, B:, are the constant coefficients. In (3.25)
—(3.26), the output of distributed wind power generator and PV generator are
described by its average statistical value. In (3.27), the output of DDG is limited
by its investment capacity. The total installation number of DGs is limited by(3.28).
The voltage of the substation is given in (3.29). The upper and lower limitation of
static voltage compensator is given in (3.30). The active distribution network
branch capacity limitation is described by (3.31). The nodal voltage constraint is
given by (3.32).

47



3.3.2 Robust Optimization Based Feasibility Checking Constraints

The proposed Det-P model determines an optimal planning solution from
economic aspect, where the reliability of the distribution network operation is not
considered. The basic idea of adding the feasibility checking constraints into the
Det-P model is to make sure the distribution network always remains secure and
reliable operation in any conditions of revealed uncertainties. The mathematical
method of robust optimization is adopted aiming at defining and finding out a
worst-case scenario, which is a set of parameters such that the distribution network
operation security for any other scenarios can be guaranteed. Hence, the robust
distribution network planning model becomes two-stage, where the first stage
problem minimizes the total cost given the expected output of the uncertainties as
defined in (3.16)-(3.32), and the second stage problem checks the feasibility of the

first stage decision variables, discussed in details in this subsection.

To guarantee the distribution network security and reliability, mathematically
the distribution network constraint should not be violated. In this regard, we use
non-negative slack variables to relax the constraints, with the robust optimization

based feasibility checking model formulated as,

max min > > (Y +5/\*+5:7)=0 (3.33)

M, eQus My eQus {7 i
where S;i® and S;;® denote the slack variables of voltage drop and voltage rise

constraints and S;; denotes the slack variables of distribution network line capacity

limitation.

The uncertainty set Qus is to quantify the uncertainties of four kinds of variables,
i.e., EV charging demand, conventional load and wind power generator and PV
generator. The uncertainty set Qus and the variables describing the uncertainty M,

are defined as,

QUS :{ M| . MI :[PCH P_LD PWP va]

vit TRt w1 et
X®RY <P <X®PR{",weV,vteT (3.34)
XA <Y P < XFAC vteT (3.35)
veV
XA <Y P <XFAMT wveV (3.36)

teT
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Py =X""PP Vjed,vteT (3.37)

(3.1)-(3.2) (3.38)

where constraints (3.34)—(3.38) describe the uncertainty budget of EV charging
demand. Constraints (3.35) and (3.36) are uncertainty budget quantifying node and
time-aggregated EV charging demand uncertainty. Constraint (3.37) describes the
variation of conventional load. Constraints (3.38) represents the upper-level
planning uncertainty and the boundary of NDG.

The set Qws defines the distribution network power flow in worst-case scenario.
The formulation of the worst-case distribution network power flow is similar to
the deterministic power flow in the first-stage optimization. The major difference
is from twofold. Firstly, the uncertainties in the second stage, i.e., the EV charging
demand, the distribution network load, the output of wind generator and PV
generator, become variables quantified by the uncertainty setQus, while they are
parameters describing the expected values in the first stage. Secondly, the
constraints of voltage lower bound, voltage upper bound and line capacity are
relaxed with slack variables. Hence, the worst-case power flow set Qws and the

second-stage variables M, are given as,

QN ={M|1M||: [ " Jt,PJQtU,QJQtU,VJt,QrS\t/C,SV ,LB SVUB SLC]
Y +QW
P»’t — Z + Z r,J |t 2 it +PLD Z R/C(H
ies(]) i€ (j) o veey (i)
- > B"- > P¥- > PPVjelvteT (3.39)
we'Py (1) ce¥py (1) geWyr ()

Y Y kO g, S QAR vjed, vieT

ies(]) ies(]) o re¥ee (1)
(3.40)
V, =V, + (J+0X'Qt) Vjed Vies(j)vteT (3.41)
V, =V, j=1vteT (3.41)
P¥ >KMN P +BY  Vjel, Vyel™ vteT (3.42)
th _KRPtQJt—FBRJt,VjGJ,V]/EFRP,V'[ET (3.43)
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QM <Q7° <Q™,vreR,vteT (3.44)

rt

Pj?tu, ?’tUeRﬂVjeJ,VteT (3.45)
V, +S8]F21-¢Vjel,vteT (3.37)
V., -8 <l+eVjeld

S SlteVjeld,VteT (3.46)

P +Q -8 <LC;

= ]’

Vjeld,Vied()),VteT (3.47)
SV1% cR",SVM® cR",SIC €R",Vj e J,VteT (3.48)

where constraints (3.39)—(3.41) describe the worst-case power flow, constraint
(3.42) limits the substation voltage, constraints (3.43)—(3.44) (3.46) describe
linearization of quadratic terms of active and reactive power in the worst-case
scenario and constraint (3.45) describes the limitation of static voltage
compensator output. The voltage upper and lower boundary limitations are given
in (3.47) and (3.48). The line capacity limitation is given in (3.49). The slack
variables are non-negative, described in (3.50).

It should be noted that the upper bound and lower bound of M, are variables
representing the upper-level planning uncertainty, which will make the problem
intractable. Considering the fact that the distribution network constraints of voltage
and line capacity will either reach the upper bound or the lower bound in worst-
case scenario, the robust optimization based feasibility checking model can be
decomposed into the following categories. With each power flow, the input of EV

penetration level and conventional load are given as,
X =X" X=X, if s=1 (3.49)
X® =X" X*° =X, if s=2 (3.50)

where the index s is used for counting the feasibility checking constraints. In other
word, the feasibility checking constraints are written twice and (3.51) and (3.52)
are interpreted as the input of the uncertainty set Qus for each feasibility checking
constraint. The worst-case scenario s=1 describes power redundant case when the
lower bound of distribution network load and the upper bound of NDG output are

selected. In this condition, the power generated in distribution network is larger
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than the demand. The worst-case scenario s=2 describes power insufficient case
when the upper bound of distribution network load and the lower bound of NDG
are selected. In this regard, the power generated in the distribution network is
smaller than the demand. Thus, the voltage tends to reach its lower bound and the
power flow tends to reach the line capacity. It should be also noted that some

parameters in uncertainty set is a function of X°S, given as follows,

(RS P A AT AT AT = g(X™) (3.51)

3.4. Solution Method

3.4.1 Compact Formulation

For simplicity, the compact formulation of model RP-1 is written as follows,
rrxuyn a'x+b'y (3.52)
s.t. Ax+By =c,Cx+Dy <d (3.53)
X| (mvgxggizr;lszs) =0,Vs
xe|SLEX+FY +GV +H'Z' =9,VS | 3 54y(3 55)(3.56)(3.57)

I°y® <h,Vs

Vv <i®,z2° eR", Vs

where x represents integer vector of DG investment capacity, y represents

continuous vector of active distribution network operation variables in base case,
s is the index of feasibility check, y® represents continuous vector of active
distribution network operation status in worst-case scenario s, z° represents the
slack variables of active distribution network operation constraints, v* represents
binary vector to indicate whether the upper or the lower bound of uncertainty is
selected. The variables XEV, X2 in the uncertainty set can be assigned with their
either lower or upper bound manually in different scenario s so that the value of i°

can be determined.

The compact formulation (3.52)—(3.57) is formulated as a two-stage problem

and thus can be rewritten separately as,

Main problem (MP): (3.52)—(3.53)
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Subproblem (SP):

max minf'z* (3.58)
v oyz*
s.t. (3.55)~(3.57) (3.59)

Then the methodology for the main problem and the subproblem can be

developed accordingly.

< Initialization >

\ 4
Solve Master E
Problem
SP s is feasible?
No
Yes
Generate C&CG
s=s+1 Solve Subproblem constraints
A A

Yes

All SPs are feasible?

Yes

( End )

Figure 3.2. The framework of the active distribution network investment

algorithm.

3.4.2 Solution Methodology for Subproblem.

Mathematically the SP problem is a bi-level mixed integer linear program
(MILP) and can be solved by many methods such as the duality theory. In this
study, the inner-level problem is replaced by its dual and the SP is formulated as a
single-level bilinear program, which can be solved by either outer approximation
method [34] or big-M method [35]. As OA may fail to find the global optimal
solution, big-M method is adopted to solve subproblem. The compact formulation

of the dual problem of subproblem is given as follows,
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maxO® = (c—Ex—-G*.*Vv*) y* —h"A° (3.60)

vyt

st. —-FTy*+1°"A° =0" (3.61)

HTy® <f' (3.62)
IOV <i (3.63)
A eR? (3.64)

where y°" and A" are the dual vectors of (3.63) and (3.64) respectively and *.*’

in (3.60) is a Hadamard product. Then to linearize the bilinear term in the objective
function, auxiliary variables and constraints are introduced to convert the problem

into a MILP problem, as follows,

maxO°® = (c—Ex)" y* —h"A* —e"w’ (3.65)
Vi
s.t. =M Vv <w’ <M, v (3.66)

Gy —(1-V* )My, W' <G Ty’ +(1-V )My, (3.67)

Big —
(3.61)—(3.64) (3.68)
where Maig is the positive parameter that is sufficient large compared to the bilinear

term. Thus the problem is formulated as a MILP, which can be solved by

commercial solvers such as Cplex and Gurobi.
3.4.3 Solution Methodology for Main Problem

Note that both the master problem, described with (12a)-(12b), and the
subproblem, described with (3.65)—(3.68), are formulated as MILPs. Then the
C&CG algorithm is adopted to solve the RP-I problem and named as Al, with

details given as follows,

Al: C&CG Algorithm

Step 1: Setk =1.
Step 2: Solve (12a)-(12b) with axillary constraints as follows,

Ex+F°y, +G°V, =g, I°’y* <h, Vs (3.69)
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Step 3: If |O%-0]<e”! for all the scenario s, terminate. Otherwise, solve (15a)-

(15d) for scenario s. Otherwise, obtain the optimal solution ¥, ,, create axillary

variable vector y, , and add the following constraints,
Ex+F°y, +G°V; =g, I°’y° <h, Vs (3.70)

Update k= k+1 and go to step 2.

In Al, €A represents the convergence gap and ¥; is the parameter representing

the identified uncertainty in worst-case scenario. In the C&CG algorithm, a
number of additional constraints (3.70) are directly added into MP. Fig. 3.2
illustrates the worst-case feasibility checking algorithm for the proposed model. If
the SP in any scenario s is not feasible, the corresponding C&CG constraints will
be generated and added to the main problem. The algorithm stops only when all

the SPs in worst-case scenario are feasible.

3.5. Case Study

In this section, case studies are conducted to illustrate the proposed model using
the modified IEEE 123-node distribution network. All the algorithms are
implemented on MATLAB programmed with the toolbox YALMIP [52]. Cplex is
used as the MILP solver, with the optimality gap set as 1073,

Table 3.1. Parameter Settings

Parameter Value Parameter Value
€ 0.05 i 0.07$/MWh
VS8 1.0 PP 0.15%/MWh
UWpP/ UPVy UPP 6/3/1 o 0.9
WP /sPV /PP 0.1/0.05/0.1MWh X® X 1.0/1.5
Nch 0.9 X /X® 1.0/1.2
P 6 kKW X% /X 0.1/0.9
@ 50$/MWh Maig 1000
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3.5.1 Test System

In the modified 123-node active distribution network system, 6 nodes are
connected with EV charging facilities and 6 nodes are equipped with static voltage
compensators, as shown in Fig. 3.1. 50 EVs are assumed to arrive in a day at each
active distribution network node with EV charging facility. The average active
distribution network peak load without consideration of the EV charging demand
Is set as 2.84 MW/1.53 MVAR and the 24 one-hour load value at each of the 24
one-hour time intervals, compared with the peak load, is given as 0.64 0.645 0.635
0.64 0.705 0.81 0.86 0.83 0.85 0.87 0.905 0.83 0.81 0.85 0.89 0.96 1 0.99 0.94
0.91 0.87 0.8 0.72 0.66. The DG investment costs are referred to [36] and other

important parameters are given in Table 3.1.
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Figure 3.3. Modified IEEE 123-node distribution network for DN planning.

3.5.2 Planning Schemes

The proposed robust optimization based distribution network planning model
determines the optimal sizing and siting of all kinds of DGs, hedging against any

output uncertainties of EV charging demand and NDGs, with its final planning
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scheme given in Table 3.2. It can be observed that the total investment capacity
of NDGs is larger than DDGs, which is mainly due to the general economic
advantages of nearly zero operation costs. The wind power generator investment
is preferably selected compared with the PV generators, as the wind power
generators can provide energies during the whole day. It can also be found that the
NDGs are located separately in the distribution network so that the energy can be
locally supplied. In this way, the energy loss of distribution network is maximumly
reduced and the voltage deviation can be reduced to the largest extent.

The voltage profiles at node 75 in both power redundant worst-case scenario
and power insufficient worst-case scenario are given in Fig. 3.3 and Fig. 3.4
respectively. The power redundant scenario occurs when the NDG output is high
and total distribution network load is low. In this condition, the distribution
network voltage shows a significant rise from below 1.0 p.u. to above 1.0 p.u. The
NDG investment capacity is well optimized to make sure the voltage deviation is
within its upper boundary. The DDG is not committed on in this scenario. The
power insufficient scenario occurs when the NDG output is low and total
distribution network load is high. In this condition, the distribution network
voltage tends to drop below 0.95 p.u., leading to the urgent demand of DDG
investment. Fig. 3.5 shows that the DDG output help to maintain the voltage at
0.95 p.u. Hence, it can be concluded that the investment capacity of NDGs is
limited by the upper boundary of voltage and the investment capacity of DDGs is

determined by the level of voltage drop in power insufficient worst-case scenario.

Table 3.2 Planning Scheme of RP-I1 Model

Location Type  Size(MVA) Location Type Size(MVA)
19 WP 0.7 51 PV 0.35

42 WP 1.1 93 PV 0.15

53 WP 1.9 114 DDG 05

68 WP 1.5 Total WP 5.8

87 WP 0.4 Total PV 0.5

110 WP 0.2 Total DDG 0.5
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Figure 3.4. Voltage profile at node. 75 in power redundant worst-case scenario
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Figure 3.5. Voltage profile at node 75 in power insufficient worst-case scenario
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3.5.3 Impact of NDG curtailment

The aforementioned model guarantees the distribution network operation
security given any NDG output within its installed capacity. However, it is
possible to curtail the excessive NDG output when the constraints violation
happens, which may be practically implemented by command-driven electronic
devices for NDG. To enable curtailment, [53] proposes the concept of admissible
boundary of the wind power generators and PV generators, where the operation
security is guaranteed as long as the NDG output is within the admissible boundary
and the power out of boundary is curtailed. Hence the curtailment allowed
distribution network planning model can be formulated by adding the following

objective function and constraints into the original model, simplified as RP-II,
RP-I1:

min f = "™V 4+ o 4 £ (3.73)

fCT(IVV\YP, ICPV) QZZ(5WPIVV\\,IP_ VY$)+ZZ(§[PV,CA5PVICPV _R(S:/) (374)

teT wewW teT ceT
subject to
0<Ry; <8I, vweW,vteT (3.75)
0<RY <&VAS™IY veeC,vteT (3.76)

(3.17)-(3.53)

where Ry; and R}} denote the axillary variables, denoting admissible boundary of
the wind power and PV generators and @ denotes the curtailment cost. Notice that
PV

the upper bound of NDG output should be replaced by Ry; and Rt , while the upper

bounds of R,; and R;; are limited by the investment capacity.

Fig. 3.6 compares the planning scheme of the NDG curtailment allowed model
and the one without curtailment. It can be observed that the total investment
capacities of wind power generators and PV generators increase while the capacity
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of DDG remain the same when curtailment can be carried out. Consequently, the
total revenue shows a slight increase, which is largely due to the profit brought by
the wind power plant investment. The DG locations are not given due to space
limitation, which are generally similar to the non-curtailment model. It is because
the topology of the distribution network remains unchanged. For practical
implementation, the curtailment cost 8 can be regarded as a weighting factor and

adjusted according to planners’ preference.
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Figure 3.6. Planning schemes of NDG curtailment allowed model.
3.5.4 Impact of Carbon Emission Cost

To hedge against greenhouse effect, carbon emission is usually posed an
additional cost, known as carbon emission cost. Especially in a planning problem
for power system, the carbon emission cost should be considered in calculating the
distribution operation cost. Hence, the following terms should be added to the
original objective.

fE =0y A P +DPY) (3.77)

teT weW ceC

where f°E denotes yearly cost saving due to exempting carbon emission
punishment and A°F denotes the per MW carbon emission cost, set as 10% of the

electricity price.
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The impact of carbon emission cost on the DG investment schemes is compared
in Fig. 3.7. It can be observed that the planning schemes in RP-1 model remain the
unchanged when the carbon emission cost is considered. It is because the
renewable DG investment capacity is limited by the distribution system security,
i.e., the voltage rise constraint, rather than the economic return of investment.
When it comes to the RP-11 model, the investment of renewable DGs is more
preferable if carbon emission cost is considered, as seen from the slight increase
of wind power generator and PV generator investment in Fig. 3.7. In this case,
even though more renewable DG investment will cause energy waste, it helps to
reduce the traditional energy consumption and thus exempt more costs due to
carbon emission punishment. Besides, the DDG investment capacity is to improve
distribution system reliability and thus not affected by the carbon emission cost.

8 T T T T T

»

EZZ RP-1 without CE cost
I RP-1 with CE cost

RN RP-11 without CE cost
I RP-I1 with CE cost i

SN
T

DG investment capacity [MW]
N

0.50.50.50.5 |

o

WP PV DDG

Figure 3.7. Planning schemes considering carbon emission cost
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Figure 3.8. Impact of EV penetration level on DG investment
3.5.5 Impact of EV penetration level on DG investment

The impact of EV penetration level on the DG planning scheme is evaluated in
this subsection. The EV penetration level is defined as the ratio of total EV
charging demand to total distribution network demand during the day, given as,

PP

Pler = 5o S LR (3.78)
jit vt

teT jed teT veV

where PTev denotes the EV penetration level. The total investment capacities of
DGs of RP-1 model are depicted in Fig. 3.8. It can be found that the DDG
installation capacity has a constant increase with the increase of EV penetration
level and the installation of wind power generators and PV generators demonstrate
a slight increase. As the proposed model tried to find a planning scheme that is
robust for any possible uncertainties, the worst-case operation scenario is always
found that the large-scale EVs happen to be charged when the NDGs output at the
lower bound. Thus, NDGs cannot contribute as much as DDGs to providing energy
and guarantee secure distribution network operation against uncertain output of
NDGs and large-scale EV charging demand, which illustrates the fact that the
installed DDG capacity is more sensitive to the EV penetration level.
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3.6. Conclusions

This paper proposes a robust distribution network planning framework
accommodating the uncertainty of renewables and large-scale EVs. Advanced
modelling of EV charging demand is proposed using polyhedral uncertainty set
and data mining method is adopted to obtain the statistical parameter for the output
of uncertainty set. Case studies demonstrate the effectiveness of the proposed
model and verify the proposed algorithm by determining the optimal DG sizing
and siting with both models. Results demonstrate that the NDG investment
capacity is limited by the distribution system voltage rise constraint violations.
When the NDG curtailment is allowed, the investment capacity can be further
increased, especially when the carbon emission tax is considered. The DDG
investment demonstrates a considerable growth when the EV penetration level

becomes even higher in distribution system.
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4. Power System Spinning Reserve
Requirement Optimization considering Electric

Vehicles’ participation

4.1. Introduction

Spinning reserve in power systems is known as the reserve capacity that is
spinning, synchronized and ready to dynamically balance system load [54]. In
order to withstand sudden outages of some generators and unforeseen fluctuations
of the power system demnad and renewable energies [55, 56], the daily operation
cost increases as additional generators are committed on and other cheaper
generators operate smaller than the optimal output to provide the spinning reserve.
Considering the widely application, EVs’ potential ability of interrupting charging
demand and providing V2G service when the power system contingency happen
will benefit the secure and economic operation of power systems. However, the
effluences of EVs on the quantification of spinning reserve requirement is still to
be further discussed.

To quantify the spinning reserve requirement, both deterministic and
probabilistic criteria are developed to keep the power system operating within a
given risk level. The reserve set by deterministic criteria is dependent on the
capacity of the largest online generator or the certain proportion of the daily peak
load, which is quite easy to implement [57]. However, lots of system uncertainties
and the stochastic nature of the component failures are not taken into account using
the deterministic criteria. To overcome this problem, the probabilistic criteria have
drawn lots of attentions due to its advantages on demonstrating the uncertainties
of the availability of generators, the outages of transmission networks, generator
response rate, and so on [58]. The loss of load probability, the expected energy not
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supplied and the unit commitment risk are commonly presented as probabilistic
criteria to estimate the power system SRR [54]. A market clearing process with
bounded loss of load probability and EENS is proposed as additional linearized
constraints of unit commitment formulation [59]. Market clearing models are
presented in [60] to optimize the spinning reserve via adding the cost of energy
deficit calculated by the value of lost load and EENS into the typical unit
commitment problem. However, these spinning reserve optimization methods are
based on the adjustification of unit commitment formulation, which needs
complicated iterative processes and approximate calculation of the risk levels
related to the reserve provision. To address this issue, a cost and benefit analysis
model is proposed to optimize the SRR in an auxiliary optimization method before
solving the unit commitment problem [61]. The advantage of this model is not only
on the computation efficiency improvement by avoiding suboptimal solutions but

also on the excellent compatibility with existing unit commitment problems.

In modern power systems, the influences of various factors are considered in the
quantification of the SRR. The uncertainty of high penetration of wind power [62]
poses a great challenge to the optimization of the spinning reserve [63, 64]. Besides,
other emerging impact factors such as carbon capture plants [65], customers’
choice on the reliability [66] and bidding uncertainties in the electricity market [67]
are taken into consideration in optimizing the spinning reserve. To keep the power
system adequacy, some other factors are considered to partly replace the spinning
reserve including rapid start units, interruptible loads, voltage and frequency
reductions, assistance from interconnected system, and so on [68]. These
additional factors and spinning reserve act as operating reserve. In practice, hydro
generation is regarded the most common fast start-up unit to provide operation
reserve [69]. An energy based technique to assess spinning reserve requirements
considering the aid of interconnected systems is proposed in [70]. The influences
of interruptible load and demand response on spinning reserve quantification are

analyzed in [71].

Considering the unique advantages of flexible charging load and V2G service,
EVs can be an effective alternative resource to supply operating reserve in the

power system under optimal compensation mechanism. With the large number of
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application of EVs in the foreseeable future, the ability of EVs in providing
ancillary service are attracting large attentions [72-76]. Among these studies, the
optimal EV scheduling schemes or the optimal bidding strategies involved in
energy and reserve market are acquired through maximizing the profit of EV
aggregators. Especially, power system reserve provided by V2G service can help
to mitigate the influences of wind power production uncertainty and facilitate the
integration of wind power [77, 78]. EVs can also provide supplemental primary
reserve and frequency regulations via V2G technology to enhance power system
stability [79, 80].

A cost-efficiency based optimization model of day-ahead spinning reserve
requirement optimization considering the integration of EVs is proposed. In the
study, EVs participate in contingency reserve optimization and provide energy
support through charging interruption and VV2G service when energy deficit occurs
because of generator outage. Similar to EENS, expected energy supplied by EV is
formulated to quantify EVs’ ability in providing operating reserve. Comprehensive
cost/benefit analysis is carried out to compare the reserve provision cost of thermal
generators and that from EVs. It explicitly verifies the merits of EVS’ reserve
provision such as the reduction of operation cost and the improvement of system
reliability. The impacts of the EV penetration level and the compensation to EV
owners on SRR allocation are systematically evaluated based on sensitivity
analysis to provide useful information to future implementation and effectively

bring the concept of V2G into practice.

The nomenclature of Symbols used in this chapter is given as follows,

Sets

G Set of generators.

T Set of hourly time intervals.

T4 Set of intra-hour time intervals.

\Y Set of electric vehicles.

Ve Set of electric vehicle clusters.
Parameters

Cai Battery investment cost of V2G service.
Ccomp Compensation cost paid to EV owners.
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Cost to interrupte EV charging demand.
Cost to provide EV V2G service.

EV compensation rate.

Depth of discharge.

Daily energy consumption of EV v.

Lower and upper boundaries of SRR in grid search-based SRR
optimization methodology.

Battery cycle life at a depth of discharge.

Number of EVs.

Number of EVs in cluster c.

Outage replacement rate of unit i at time z.

Average power system demand.

Total EV charging demand at time t.

Power system demand without EV charging demand at time t.
Maximum charging power of each EV.

Maximum V2G discharging limitation of each EV.
Lower and upper limitation of power output of unit i.
Penetration level of EVs in power system.
Short-term up-regulation reserve rate of unit i.
Hourly ramp-up and ramp-down ability of unit i.
EVs’ battery capacity.

Lower and upper limitations of equivalent state of charge of EV
cluster c.

Expected state of charge when EV cluster ¢ plugs out.
Arrival and departure time of EV v.
Binary parameter with 1 indicating EV connected to the grid.

Binary parameters with 1 indicating the state before, during and
after contingency

Binary parameter with 1 denoting EV reacting to contingency
Value of lost load.

Generator cost function coefficients.

Period of each time interval, At =1 hour; Az =10 minutes.
EV charging efficiency.

Expected failure rate of unit i.

Uncertainty parameter of EV behaviors.

Time interval of post-contingency EV reaction.

Time interval of power system contingency.

Proportion of power system demand which is required to



provide, known as load following reserve

Variables

EENS: Expected energy not supplied.

EESEV" Expected energy supplied by EVs’ charging interruption.

EESEV,*® Expected energy supplied by EVs’ V2G service.

ESjt,ESjkt Energy shift due to random event of single unit j outage and
double units j and k outage.

E Total EV charging energy between the time EV responds to
contingency and the time system recovers.

EXP Maximum supplementary recharging energy between the
recovery of power system and the departure of EVs.

Ere" Total energy remained in the EV battery when EVs provide V2G
service.

Eveom Energy of V2G limitation during contingency period.

Pit Power output of unit i at time t.

P The power capacity of interruptible EV charging.

py? The power capacity of EV V2G service.

PE® Total power capacity of operating reserve that EVs can provide.

P, Charging power of EV v at time t, 7.

P Total power system demand considering EVs charging demand.

Paver Average power system demand.

peete Equivalent charging power of EV cluster ¢ at time #,z.

Prjt«Prikt, Probability of the random event of single unit j outage and
double units j and k outage.
Spinning reserve requirement at time t.

req

I

it Spinning reserve provided by unit i at time t.
Sy Equivalent state of charge of EV cluster c at time t.
us, On and off status of unit i at time t.

4.2. Mathematical Model

4.2.1 Formulation of Spinning Reserve Requirement

As the model developed in [61], the SRR of each optimization period can be
obtained using an auxiliary optimization method before conducting the unit
commitment problem. Hourly SRR is separately determined for each time interval

based on cost/benefit analysis. The inter-temporal constraints are not considered
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in the optimization model [61, 63, 65]. After the hourly SRR is obtained, it is
regarded as inputs of typical reserve-constrained unit commitment model. The
major advantage of the model mainly is the cost and benefit analysis of reserve
provision. It is beneficial and practical to evaluate the effects of EVs on spinning
reserve requirement from the economic-efficiency aspect. Considering EVs, the
SRR model is given not only to balance the cost of operating generation and the

cost of EENS, but also to consider the cost of the energy supplied by EVs.

The SRR model with the consideration of EVs can be formulated as,

qun fSRR (r[req) = fOPER (rtreq) + fEENS (rtreq) + fEESEV (rtreQ) (41)

where,
foper (K°9) = min > aP? U (4.2)
" R ieG
feens (1) =VOLL x EENS, 4.3)
feeeer (") =C, . EESEV,™ +C, .. EESEV,"*® (4.4)
subject to:
> R —(R°+R™)=0,vteT (4.5)
ieG
=Y, <0,vteT (4.6)
ieG
., =min{u’ (P™ —P,),u;R"} vteT,VieG (4.7)
P.zu P. ,VteT,VieG (4.8)
P +r, <USPT™ VvteT,VieG (4.9)
-u5 ,RD, <P, -P,, <u’,RU, vteT, VieG (4.10)

The objective function (4.1) is to minimize the overall hourly cost with respect
to the SRR r*, which consists of the cost of operating generation f oper(ri™), the
cost of the expected energy not supplied f eens(ri") as well as the cost of the

expected energy supplied by EV feesev(r:™). The generation operation cost defined
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in (4.2) is the operation cost of generators to meet the demand and provide the
amount of SRR r{ . The cost of EENS defined in (4.3) is the expected
compensation paid to the EV users due to the load shedding. The cost of EESEV
represented in (4.4) consists of the cost of the EV charging demand interruption
and the cost of implementing V2G. The interruption and V2G service cost is
decomposed of compensation to EV owners for delayed charging and the battery
degradation, where the details will be discussed in the next section. The constraint
of power system balance at each period is given as (4.5). The limitations of the
spinning reserve provided by generators are defined by (4.6) and (4.7). The
limitations of power generation are given as (4.8) and (4.9), and the ramp-up and

ramp-down limitation rates of each unit is given as (4.10).
4.2.2 Formulation of EENS and EESEV

EENS can be determined according to the installed capacity of generating units,
the probability of forced outage of each generator, the amount of spinning reserve
that each generator can provide and the load level [54]. It is determined by
summing all the energy curtailment related to the probability of each contingency.
When the EVs participate in the operating reserve, EENS, as well as EESEV
should be formulated with the reduction of the shedding load due to the
contribution of EVs. The formulation of EENS and EESEV is complex as EVs
need some time to take actions. The power not supplied in contingency period is
depicted in Fig. 4.1, where EENS and EESEV are presented by the areas in
different colors. EV reaction time 71 is defined as the time delay for EV aggregator
to act. To fulfill the post-contingency dispatch of EVs, the aggregator should firstly
obtain EV reserve dispatching commands from power system operator; at the same
time obtain the information of each EV, such as state of charge and departure time;
finally make decision on whether EV’s interruption and V2G energy should be
conducted based on each EV’s urgency priority. Power system contingency time
72 1s defined as the time period before the contingency reserve is restored by the
offline generators. The values of 71 and 7. are set based on the requirement of
interruptible import and contingency reserve restoration, given in Reliability
Standards for the Bulk Electric Systems of North America [81]. Then EENS; can
be divided into EENS, and EENS,', where EENS,' is the expected energy not
supplied during 7z and EENS,” represents the expected energy not supplied
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between 71 and 72. Only EENS;" is reduced because of the existence of the expected

Int

energy supplied by the interrupted energy of EV EESEV," and the expected energy
supplied by V2G energy EESEV,*.

Not-supplied power

|
|
|
|
|
|
EENS/ : EENS/
|
|
|
|
|
|

. T
Time 2

Figure 4.1. Area for evaluating EENS, EESEV;" and EESEV/*

To determine EENS and EESEV, the probability of capacity outage is firstly

analyzed. The failed probability of a generator can be estimated as [54],
ORR , =1-e* = A7,VieG,r=1,7, (4.11)

where ORR;; is given as the outage replacement rate and demonstrates the
probability that the generator i fails and has not yet replaced during time interval
7. Then the time-dependent probability of the random outage event can be
determined by (4.12) and (4.13),

Pr,.,=ujORR; [] @-uSORR),VjeG,VteT,r=1,7, (4.12)
icGi#]j

Pr.

jk.t,z

=u7ORR; USORR, . [] (1-ujORR)),
k

icG %],
r=1,7,,V],kKeG,VteT (4.13)

where Pr; . represents the probability of the random event of single unit j outage,
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and Prj.. represents the random event of units j and k outage. It should b noticed
that the outage events of more than two generators are not taken in account in the

study. The energy shift with these contingency scenarios is given as,

ES; =Py — (" —1;, ~0R"), VjeG,teT (4.14)
ESj =P+ R, —(r™ - M =Tt ~wP),VjeG,teT (4.15)

where wP; represents the proportion of demand which are required to provide,

known as load-following reserves [82].

To simplify the expression of EENS and EESEV, a piecewise function g(x) is

introduced and given as below:

(x) = X, if x>0 (4.16)
900 = 0, if x<0 '

EENS with the consideration of EVs can be formulated as,
EENS, = EENS, + EENS/" (4.17)

where

EENS, :ZPrj’tyrlg(ESj’t)rl+Z Z Pr, .. 9(ES; ). VteT  (4.18)

jeG jeG keG, j<k

EENS! = Z Pr,.. 9(ES;, - P )z,

jeG

+z Z Prjk,t,fzg(ESjk’t_|:)tEVR)z_2

jeG keG, j<k

_Z Prj,t,rlg(ESj,t - PtEVR )

jeG

> 2 Pri 9(ES; R )z, vteT (4.19)

jeG keG, j<k

where the EENS; , defined in (4.18), can be determined by summarizing the
expected energy deficit due to the single generator outage and two generator
outage within EV reaction time 71 respectively. Considering the fact that EENS is
a polynomial function of time 7, EENS,' cannot be obtained directly. To acquire
EENS,' , the first and second terms of (4.19) represent EENS within system

contingency time 72, and the third and fourth terms of (4.19) represent EENS within
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time 71, both according to the assumption that EVs take action immediately after
contingency. The capacity of the EVs’ provision of operating reserve P{® is
calculated by the sum of the EVs’ interruptible charging demand P{" and V2G

capacity P;*°, given as,
REVR _ Rlnt + RVZG,t cT (4.20)

The formulations of the three parameters Pf", P{* and P;*® are introduced in
the next section. Similar to the formulation of EENS,' , EESEV," and EESEV,*®
can be defined as,

EESEV,"™ = z Pr,, . g[min(ES,;,, P,

jeG

+Z Z Prjk,t,,zg[min(Esjk’“Rmt)]fz

jeG keG, j<k

->"Pr,,, g[min(ES, , R™)Ir,

jeG

—Z Z Prjk,t,rlg[min(ESjk,t’Ptlm)]T]_’VtET (4.21)

jeG keG, j<k

EESEV,"”® = > Pr;, . g[min(ES;, —R"™,R"**)L,

jeG

+Z Z Prjk,t,rzg[min(ESjk,t - Ptlnt’ PtVZG )]Tz

jeG keG, j<k

_Z F)rj’t’,lg(min(ESj’t _ ptlnt’ PtVZG)]Tl

jeG

_Z Z Prjk,t,rlg[min(ESjk,t - Ptlm1 RVZG)]Tl’ VteT (4.22)

jeG keG, j<k

where EESEV," and EESEV,” are derived from the supplied energy during the
system contingency time z> which neglects EVs’ reaction time, as the first and
second terms in (4.21) and (4.22), subtracts the excessive amount of supplied
energy during EV reaction time 7, as the third and fourth terms in (4.21) and (4.22).
As the cost of interrupting the EV charging demand is much smaller than the cost
of V2G service provision, the charging interruption will be preferentially carried
out in practice. From practical point of view, the possible scenarios can be given

as below:
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1) If the spinning reserve exceeds the capacity loss of system contingency, no

energy deficit occurs and no EVs take action;

2) If the energy deficit is smaller than the EV interruptible capacity P;", only part
of charging energy is interrupted;
3) If the energy deficit exceeds the interruptible capacity P;" and smaller than the

EV capacity P;™, all the EV charging energy is interrupted and part of V2G
service is conducted,

4) If the energy deficit exceeds the EV capacity P;'", all the EV charging capacity
and all the V2G capacity are scheduled to support power system. Only in this
case, energy not supplied occurs.

+

g fw('iﬂ]nﬁ) e = = e — o — - — s — - .
ERA =) I .
3 Tl [
I fs:aa('ﬁ.:z) | ' .

C k I3 | N,

I < > N, -1

< ™~ N P .

& : = : o
Lb 'tj,?;l rtJeq rﬂa Ub

Spinning reserve requirement

Figure 4.2. lllustration of the iterated grid search algorithm

4.2.3 Optimization Methodology

The proposed SRR optimization model is non-convex but unimodal and the
system cost does not change continuously when an additional generator is turned
on. The iterated grid search algorithm with three-grid points is used here to solve
the problem [83], with the details given as Algorithm 1. In the algorithm, the
interval [Lb Ub] is the first set that is large enough containing the optimal value of
SRR in the first initialization step; then three points of SRR are obtained equably
among the given interval in Step 5. According to the searched SRR, generation
cost is firstly optimized in Step 6; then EENS and EESEV are obtained in Step 7;

the total system cost is determined by summarizing all the costs at last in Step 8.
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Comparing the results, a narrower interval [Lb Ub] is reset, as shown from Steps
10-16. This process is also visually explained in Fig. 4.2, where |1 is determined

req

as new optimization interval if fsrr(rin-,) is the smallest, 1> is determined as new
optimization interval if fsrr (Iim-2) is the smallest, and I3 is determined as new
optimization interval if fsrr (Iin-s) iS the smallest. The optimal SRR is finally
determined until Lb is close enough to Ub and used as inputs of reserve-

constrained unit commitment.

Algorithm 1 Grid search-based spinning reserve optimization methodology

1. Initialization: Set t=1, k=1. Set lk=[Lb UDb] large enough to contain the
optimal value of SRR

2:fort=1to 24 do
3: while Ub-Lb>¢
4: form=1to3do

5: Let rin=Lb+m/4*(Ub-Lb)
6: Optimize forer(rin ), as shown in (4.2), with constraints (4.5)-( 4.10)
to obtain u; Pitand rit
7 Calculate EENS;, EESEV," and EESEV,” with (4.11)-( 4.22)
8: Calculate f gens(rim) and feesev(rin ) using (4.3)-( 4.4) and then calculate f
srr(rem) using (4.1)
9:  end for

10:  If fsrr(rim=1)< fsrr (Iin=z) & fsrr (Fim=1)< fsrr (Iin=s) Then
11: Let [Lb Ub]=[Lb fsrr (rir-))]
12:  Else if fsrr (Nim-2)< fsrr (Mim-1) & fsrr (Mim-2)< fsrr (Mim=s) Then
13: Let [Lb Ub]=[ fsrr (M=) fsrr (Mimes)]
14:  Else if fsrr (in=s)< fsrr (Min=1) & fsrr (Min=s)< fsrr (rin=2) Then
15: Let [Lb Ub]=[ fsrr (rim=2) Ub]
16: Endif
17: End while
18: Set ri*=1/2*(Ub-Lb)
19: End for
20: Reserve-constrained unit commitment

74



4.3. Operating Reserve Provided by EVs

In this subsection, the operating reserve that is provided by EVs is
mathematically modeled. EV travel behavior is firstly modeled. Then two different
charging scheduling schemes are executed based on two typical charging strategies,
namely immediate charging and smart charging strategy. The capacities of EV
interruptible charging demand and VV2G service are determined respectively. The
costs to provide these two services consisting of the compensation to EV owners
and battery degradation are formulated at last. It should be noticed that modeling
the capacity and cost of EVs’ service aims at estimating day-ahead EVs’ capacity
to provide operating reserve, so that the day-ahead SRR can be determined
accordingly. The actual post-contingency schedule of EVs is dependent on the
real-time EV status determined by the EV aggregator, which is out of the scope of
this thesis.

Obtain Set Sv=[ t*"t*E™™ Jusing Monte
Part 1| carlo simulation with (4.23)-(4.25)

Find [t t&PES™ ] in Sv that

27 < 18P < P v=v+1l
+ A

arrtarr

| Exchange values of t;"ty

oordinated chargimng
Part 11 strategy
Yes
Optimize charging Obtain charging
scheduling with (4.27)-(4.34) scheduling with (4.26)

Caculate PEV interruptible charging demand capacity and V2G
capacity using (4.35)-(4.43) and C, and Cy,c Using (4.44)-(4.45)

Figure 4.3. Flowchart of modeling operating reserve provided by EVs
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4.3.1 EV Travel Behavior

The EV travel data is derived from the national household travel behavior
survey, released by the U.S. Department of Transportation Federal Highway
Administration [84]. A statistical probability method is carried out to analyze the
results of travel behaviors [22]. Segmented normal distribution functions are used
to match the time that the EV first plugs out of the grid and the time that EV last
plugs into the grid. The probability density functions fs(t) and fe(t) are respectively
given in (4.23) with s = 8.92 and os = 3.24, (39) with g = 17.47 and ce = 3.41.

1 t—pu)?
o expl- {220, tepo 12
f(t)= : ° (4.23)
) 1 (t—24—1)?
Toro exp[— = ], telu +12,24]
1 t+24— 1)
——epl- 25, telo.-12)
LO=70" Ly (424)
— exp[— 2029 ], telu —-12,24]

The daily travel mileage is modeled based on a logarithmic normal distribution

function as below with um = 2.98 and om =1.14

exp[— (Inxz_—fl’")z] (4.25)
o-m

1
fo(X)=———
n() 270, %

The Monte Carlo simulation method is adopted to capture the travel behaviors
of the vehicles according to the aforementioned probability density functions fs(t),
fe(t) and fm(t). The energy consumption before the vehicles are plugged into the
grid is estimated according to the travel mileage and per mile energy consumption.
The Monte carlo simulation is modified to ensure that the arriving time t{" is

smaller than the departure time t;*, as shown in Part | in Fig. 4.3.

Different EV charging strategies have different influences on the ability of EVs
to provide the operating reserve at each time interval. Both typical immediate

charging and smart charging strategies are taken into account in the study.
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1) Immediate Charging: In this mode, EVs are assumed to be charged once they
are plugged into the grid when the last trips end in a day. The charging duration
depends on the travel mileage in the day. Based on the assumption that EVs can
respond to the contingency in several minutes, the intra-hour index z is used to
formulate a more accurate model and set the interval as 10 minutes in the study.

The EV charging load can be given as,

Coms

P e if Ufy, =landt+7 <= —77 v +t2
h' ch,
PT = oo weV,vteT,VreT,
s Coms
0, ifug, =00rt+r>—— 4+t
nch ch,max

(4.26)

Vv

where U5}, denotes the state if the EV is connected to the grid; Pcn,max denotes the
maximum charging power; E-°™ represents the daily energy consumption. After

EV arrives, it is charged at the maximum rate Pch max until the energy is full.

2) Smart Charging: In the smart charging mode, the travel information of each
EV, such as the travel time and the daily travel energy consumption, is collected:;
then the time and the amount of EVs’ charging demand are orderly obtained by
the system operators or the EV aggregators to benefit the operation of power
systems. Here, a smart charging demand optimization model is proposed to
optimize the EVs’ charging demand at each period via minimizing the daily system
load fluctuation. Considering the large quantity of EVs, a clustering method is used
in this model to improve the computation efficiency. The EVs with similar pattern
of travel time and the daily travel mileage can be classified into the same group,
so that is can be scheduled as a whole. EV smart charging strategy has been
attracting lots of attentions in smart grid. To conduct smart charging strategy,
many studies choose the objective of charging cost minimization in electricity
market [74] or generation cost minimization[78]. The objective is set as demand
smoothing [27], which can be given as,

mm%=2mm—%ﬁz (4.27)

teT

where

77



1
Ptotal — PD + Pch,clus 428
=R 000 2 2 P (4.28)

1
Poor == D R™ 4.29
aver 24 z t ( )

teT

subject to:

ch,clus

P A
Sclus _ S;ltus + Z M, Y EVC Ve [tarr tdep] (430)

c,t+l n c '
7€, ¢~ EV,max

Sutsrmin < SO < S e, VC EV,, VL [t 1] (4.31)

clus,mi ct — c 'cC

Ry (4.32)

c 1P

0 < pehelus < ln P \vde ch,VZ' ETA,Vt 1= [ta” t dep (433)

ctr 6 ¢’ ch,max? c 'cC

Pch,clus — 0, Ve EVC,‘v’z' eTA,Vt & [ta” tdep] (4.34)

ct,r c ''C

The objective defined in (4.27) is devoted to smoothing the daily system demand.
The mathematical definitions of P and Pmean are given as (4.28) and (4.29)
respectively. The equality constraint of EV charging energy of each cluster is
shown as (4.30). The upper and lower limits of equivalent battery capacity of EV
clusters are defined by (4.31). The basic travel demand requirement should be
satisfied as the inequality (4.32). The constraints of charging power limitation and

non-schedulable state are listed as (4.33) and (4.34), respectively.
4.3.2 Capacity Estimation

Once the EV charging demand at each period is obtained using either immediate
charging strategy or smart charging strategy, the time-varying capacity of
interruptible charging demand and VV2G service can be determined based on the
specific values of the EVs’ parameters, which include the charging demand, the

arriving and departing time, energy remained in the EV battery, and so on [85].

The capacity of interruptible charging demand depends not only on the charging
demand itself, but also on whether the interrupted load can be recharged before
EV’s departure. In other words, the charging energy during system contingency

can be interrupted only if there is still enough time to recharge this amount of
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energy between the recovery of system contingency and EV’s departure, which

can be represented as,

> min(Ey, EpyP
nt veV !
=& ; ,Vt eT (4.35)
£1000) > (ufy, —Uger)A

teT reTy

where

Eqe =D (Uus), —ufy*™PY Ar,wveV,vt'eT  (4.36)

tt,z ttr vtz
teT 7T,

Ee® =D > Ui (U P — P )AT, VW EV, VE eT  (4.37)
teT 7ot

where E; is the amount of total charging energy between the time when EVs
respond to contingency and the time when system recovers, E} represents the
maximum amount of supplementary recharging energy between the time when
power system recovers from contingency and the time when EV departs, the time
index ¢’ is to show the time when the contingency occurs. The power system
contingency is assumed to happen only at the beginning of each hour for simplicity.

Cll CIII EV,del

The definitions of the binary parameters u;, ., u; .us,. and u;, = are defined as,

0 =1ul" =ousM =0, if t'<t+r
us, =0,uf =1ug =0, if t'<t+7<t'+r, (4.38)
ut,, =0usy, =0,ul =1, if t'+7, <t+r
ue ™ =1, if t'<t+r<t'+g
EV el (4.39)
U oo =0, if t+r<t'ort'+r, <t+7
EV arr de
U, =1 if t+ze[t?, ;"]
y Carr Zep (440)
uc, =0, if t+ze[t ]

CII Cll

where u’, ., us; . and u, are the binary parameters with 1 denoting before, during

EV,del

and after contingency, respectively, u;;;° is the binary parameter with 1 denoting
that the EVs are reacting to contingency, uZ. is the binary parameter with 1
indicating that EV is connected to the grid. The number 1000 is used to make the

transition from kW to MW.

The formulation of the V2G capacity is same as (4.35). However, the
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discharging limitation and the energy remained in the battery of EVs when V2G
occurs should be considered in the formulation of the V2G capacity as well,

represented as,

me(ERem EVZG Jim ESup

t o vt AR
2G veV 1
= Vt eT 4.41
10003 3 (W, ~uoa e
teT zeTy
where
E\?telm — SEv,max _ EComs
+ (U, USRS AT, YV eV, V' eT (4.42)

teT 7eTy,

E\YtZ'G’"m ZZUV” ush _— EVdEI)PVZGmaxAT wweV,vt'eT (4.43)

t't,z llz’
teT 7€T,

where E" defined in (4.41) represents the total energy remained in the battery in
EVs before carrying out V2G service, derived by summing the energy remained
in the battery and the charged energy when EVs are connected to the grid before
EVs respond to the contingency to provide V2G service, EV:*" defined in (4.42)
denotes the V2G energy limitation due to the limit of EVs’ V2G recharging power

during EVs’ reaction period.
4.3.3 Cost of EVs’ Service

The EV owners should be compensated for the delay of charging which is
caused by both the interruption and V2G. Also, discharging a battery to provide
the V2G service will accelerate its degradation. Then the costs of interrupted
charging demand Cinrand V2G service Cvzc can be respectively denoted as,

Cp=C (4.44)

Int Comp

1000C,,

+ [ AN
Comp
LC SEV,max d DoD

Cy =C (4.45)
where Ccomp IS the per MWh cost of compensation paid to EV owners, and the
second term of (4.44) is the per MWh investment cost of the battery degradation
[27, 86], Cgiis battery investment cost of VV2G service, Lc is the battery cycle life
at a given depth of discharge; Sevmax is the battery capacity; dpop is the depth of
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discharge used in obtaining Lc. Thus, LcSev,maxdpop denotes the overall energy that

a battery can provide throughout its lifetime.

4.4. Case Study

The IEEE reliability test system (RTS -96) [87] is utilized to demonstrate the
basic characteristics of the proposed EV-integrated SRR model. The test system
consists of 26 units and the hydro generating units are not taken into consideration
in any of the case studies. The unit cost data is obtained from [88]. The load of the
system varies from 59% to 100% of 2700 MW peak load, without consideration
of the EV charging demand. Other parameter settings are given in Table 4.1. The
values of the parameters 71 and 7, are set based on the interruptible import
requirement and contingency reserve restoration requirement in Reliability
Standards for the Bulk Electric Systems of North America [81]. The details of the

battery degradation cost can be referred to [27].

Table 4.1. Parameter Settings

Parameter Value Parameter Value
71 1/6 h \Y 10000
2 1h VOLL 7500 $/MWh
Lb 300 MW Ccomp 125 $/MWh
Ub 500 MW Cai/ Sev,max 100 $/kWh
Pch,max 4.5 kW dpop 0.8
Pv2G,max 9 kW Lc 1000
w 1% £ 1MW

For the future practical application, two kinds of uncertainties should be taken
into consideration: whether V2G service and smart charging strategy can be
fulfilled. Thus six scenarios are tested in the study, as shown in Table 4.2. Total
power system demand remains the same among Scenarios 1, 3 and 5 where
Scenario 5 acts as benchmark for the other two scenarios. Similarly, the total

demands of Scenarios 2, 4 and 6 are the same, and Scenario 6 is utilized as the
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benchmark.

Table 4.2. Scenarios of Case Study

Scenario 1 2 3 4 5 6
V2G Not Not Not Not
) Enabled  Enabled
service enabled  enabled enabled enabled
Charging Not Not
) ) Enabled Enabled Enabled Enabled
interruption enabled enabled

Charging Immediate Smart Immediate Smart Immediate Smart

strategy ~ charging charging charging charging charging charging

4.4.1 Interruptible and V2G Capacity

The interruptible and V2G capacity with both immediate and smart charging
strategies available for contingency can be demonstrated in Fig. 4.4. Generally, the
V2G capacity is much larger than the interruption capacity as most of the EVs
connected on the grid have the ability to feed energy back to power system, while
only small proportion of EVs which are in charging conditions has the ability to
interrupt charging energy. The V2G capacity demonstrates great difference during
the day and night as much more vehicles park at night. The interruption capacity
varies a lot with different charging strategies. The energy charging is scheduled
mostly at night under the smart charging strategy, and scheduled separately during

the day under the immediate charging strategy.

82



120 T T T T
I V2G capacity with dumb charging
[ \We capacity with coordinated charging
100k [l interuptible capacity with dumb charging |
Il interuptible capacity with coordinated charging
= 801 B
3
2
2
G 60 i
Q
@
3]
g
o
F 40 =
20r B
0
0 5 10 15 20 25

Time [h]

Figure 4.4. Interruptible and V2G capacities with immediate and smart charging

strategies.

4.4.2 Economic Efficiency Analysis
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cost and EESEV cost when t= 4h

83



Power system operation cost [$]

5450

5.4
5.35

©— Total cost with scenario 1

—H&— Total cost with scenario 2
—<— Total cost with scenario 3
—#— Total cost with scenario 4
Generation cost with scenario 1 and 3

5.3F 5 Generation cost with scenario 2 and 4
5.5 ©— EENS cost with scenario 1
506852 B EENS cost with scenario 2
— ’ & EENS cost with scenario 3
2 515 4— EENS cost with scenario 4
% A —HB— EESEV cost with scenario 1 2 3 and 4
1 <
S g 4 -
B—pg 6
85 S—p
= S &
B—p &
= = = & o N = & =i = Q 2 A . y 5
0—= i 2 & £ £
250 300 35 400 450 500 550 600

Spinning reserve [MW]

Figure 4.6. Optimization of SRR with regard to the total cost, generation cost, EENS
cost and EESEV cost when t=18h

In order to demonstrate how the SRR is obtained with the proposed model,
various hourly costs, i.e., total system cost, generation cost, EENS cost and
EESEV cost with different SRRs are depicted in Figs. 4.5 and 4.6. Only two typical
time intervals t = 4 h and t = 18 h are selected respectively indicating the lowest
and highest the system demand during the whole day. The optimal SRR is acquired
by reaching the minimization of the total cost, as shown in Figs. 4.5 and 4.6. The
SRR is optimized through tradeoff among costs of generations, EENS and EESEV.
It can be found that larger SRR results in larger generation costs and smaller SRR
leads to larger EENS costs. It is proved that the function of total cost is unimodal
and the grid search-based SRR optimization methodology can be valid to resolve
the proposed cost-oriented optimization model. Generally, the system with larger
demand would have larger SRR and larger system cost, through comparing the
results depicted in Figs. 4.6 and Fig. 4.5. It can be also found that the SRR is
considerably cut down when V2G service is enabled, and the SRR is smaller in the
night and larger during the day under smart charging strategy comparing with

immediate charging strategy.
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Table 4.3. Various Daily Costs of Different Scenarios

. otal cost eneration cost cost cost
Scenario 1Ot Generati EENS EESEV
($) ($) (%) (%)
1 8.2027>10° 7.9674>10° 2.2501><10*  1.0300%10°
2 8.198810° 7.9651>10° 2.2303x10*  1.0594x10°
3 8.508810° 8.2818>10° 2.2665>10" 32.4850
4 8.5041x10° 8.2774x10° 2.2643x10* 28.4796
5 8.540810° 8.3051>10° 2.3571>10* 0
6 8.5071>10° 8.2786x10° 2.2851x10* 0

Daily system operation costs can be obtained once the reserve-constrained unit
commitment is determined. Various costs of the studied six scenarios are listed in
Table 4.3. Comparing Scenarios 1 and 2 with Scenarios 5 and 6 respectively, the
large reduction of the total costs solidly indicate the economic effectiveness of
EVs’ aid in system operating reserve allocation. Particularly, the generation costs
are considerably reduced from 8.3051x<10° $ to 7.9674x10° $ under immediate
charging strategy and from 8.2786>10° $ to 7.9651<10°$ under the smart charging
strategy due to EVs’ contribution, and EENS costs also slightly decrease from
2.3571x<10* $ to 2.2501x<10* $ in the immediate charging strategy and from
2.2851x10* $ to 2.2303x10* $ in the smart charging strategy. On the other hand,
the additional compensation costs and the battery costs that system operator should
pay for EENS are relatively small, with 1.0300x<10° $ and 1.0594x10° $ in the
immediate and smart charging strategies respectively. It is because the frequency
of activating EVs to provide energy is quite low. Thus EVs are very economically
suitable to partly replace generators to provide contingency reserve. As the
interruptible capacity is relatively smaller than the V2G capacity, the EVs’ system-
supporting effectiveness without V2G is considerably reduced by comparing
various costs of Scenarios 3 and 4 with Scenarios 5 and 6 respectively. The results
also demonstrate larger benefit brought by the utilization of smart charging
strategy. However, the difference value between total costs of Scenarios 1 and 2 is
diminished compared with that between Scenarios 5 and 6. It demonstrates that the
economic advantage of smart charging strategy is weakened if EVs are required to
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diate charging strategy can

In imme

provide operating reserve. It is due to that EVs

provide more operating reserves separately during most of the time intervals, as

shown in Fig. 4.4 and thus helps to reduce the operating costs. Thus the necessity

to shift the charging demand as smart charging is largely weakened.
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4.4.3 Scheduled Spinning Reserve, Unit Commitment and Reliability

Unit commitment under various scenarios is demonstrated in Fig. 4.7, with “x”
denoting committed-on unit, “o” denoting turned-off unit opposite the benchmark
and “A”denoting turned-on unit opposite the benchmark. With regard to different
charging strategies, Scenario 5 acts as the benchmark of Scenarios 1 and 3, while
Scenario 6 acts as the benchmark of Scenarios 2 and 4. The index per unit
represents the generation capacity, for instance, U400 demonstrates the unit with
installed capacity of 400 MW. Once the unit commitment is determined, the
scheduled hourly spinning reserve under various scenarios can be also obtained,

as shown in Fig. 4.8.

When EVs are supposed to provide operating reserve, especially V2G service is
enabled in Scenarios 1 and 2, some units with relatively small capacity are turned
off compared to the corresponding benchmarks. For example, U76 is turned off in
the night and U12 is turned off during the day. Nevertheless, several units, e.g.,
U12 at t=16 h, 21 h and 22 h, are turned on to partly compensate the vacancy left
by the turned-off units with larger capacity, e.g., U197. The amount of scheduled
spinning reserve is thus considerably reduced, shown as Scenarios 1 and 2 in Fig.
4.8. When system contingency happens, EVs can interrupt the charging demand
and feed energy back to support the power system. Thus system operators do not
need to schedule as much spinning reserve as before and some units can be turned
off.

When only EV interruption is enabled, the support of EVs to power system is
relatively small. In this condition, the unit commitment results are almost the same
with benchmark and the amount of scheduled spinning reserve is just slightly
smaller than the benchmark as shown in Scenarios 3 and 4 in Figs. 4.7 and 8,
respectively. Under the immediate charging strategy in Scenario 3, the unit
commitment is exactly the same with benchmark. However, the scheduled
spinning reserve is smaller than the benchmark especially during the day. In this
case, units with larger capacity, which are supposed to provide spinning reserve,
are allowed to increase the outputs as the requirement of spinning reserve is

reduced. Under the smart charging strategy, the interruptible EV capacity is very
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large as most of EVs are charged together at night. Thus some units, e.g., U78 at t
=3h,4 h,5hand 6 h, are turned off and the scheduled spinning reserve at night
is reduced, shown as Scenario 4 in Figs. 4.7 and 4.8 respectively.

The effects of EVs on the power system reliability by interrupting charging
demand and feeding energy back to power system when contingency happens are
discussed here. Expected energy not supplied is regarded as one of the most
important reliability assessment indices. The daily EENS values with different
reactions of EVs and different charging strategies are listed in Table 4.4. It is
demonstrated that the daily EENS is reduced in Scenarios 1-4 comparing with the
benchmarks Scenarios 5 and 6, which proves that the reliability of power system
Is improved due to the assistance from EVs’ post-contingency support. Comparing
with the obtained results of other scenarios, Scenarios 1 and 2 have smaller EENS,
indicating that V2G service can help to improve system reliability even more. It
can be also seen that the smart charging strategy has advantages on enhancing the
reliability by comparing Scenarios 1, 3 and 5 with Scenarios 2, 4, and 6
respectively.

Table 4.4. EENS in Different Scenarios

Scenario 1 2 3 4 5 6

EENS(MWh/day) 15001 1.4869 15110 15095 15714 1.5234

4.4.4 Discussions of Future Implementations

In the previous sections, the effects of EVs on the spinning reserve allocation in
various scenarios are analyzed, given the specific rewards to the EV users and the
specific EV penetration level. However, for the practical implementation in the
future, these two factors will greatly affect the performance and efficiency of EVS’
participation in operating reserve allocation. Sensitivity analysis of EV penetration

level and compensation cost is conducted in this section.

In order to address the uncertainty of EV population in the future, various case
studies considering different EV penetration levels are fulfilled. The penetration
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level of EV charging load can be defined as,

Neg, P
PL,g, = — %1 % 100% (4.46)

aver

The daily average scheduled spinning reserve is defined as the average value of
hourly spinning reserve in one day, to efficiently assess the degree of daily
spinning reserve. The average scheduled spinning reserve in different EV
penetration levels is depicted in Fig. 4.9. To make the figure clearer, Scenarios 5
and 6 are not drawn here as the average scheduled spinning reserves in these
scenarios are not affected by EV penetration level, with 464MW and 465MW
respectively. The average scheduled spinning reserve decreases with the increase
of EV penetration level, according to the numerical results of Scenarios 1-4 from
Fig. 4.9. The V2G service highlights this characteristic, as shown in Scenarios 1
and 2. Although the low penetration level demonstrates that EV charging energy
is only a small proportion of the total load of the power system, it has considerable
effects on power system spinning reserve allocation. It is because the EV
interruptible and V2G capacity cannot be neglected compared with potential

energy loss due to generation outage.
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Figure 4.9. Effects of EV penetration level on scheduled spinning reserve

The design of the compensation to the EV owners would affect the motivation
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of providing operating reserve in the future. The sensitivity analysis of
compensation cost is to find out the potential ability and monetary space for system
operators to reward the EV owners for their contributions. The index of
compensation rate is defined as the ratio of the compensation cost to the scheduled

generation marginal cost, given as,

C om
CRegy = ﬁxm% , (4.47)

g teT aI:)i,t

where unit i is the marginal generator.

Here the scheduled generation marginal cost is used to estimate the electricity
price. The index of compensation cost is to roughly measure the degree of
compensation from the view of users. The system total costs under various
compensation rates with Scenario 1-4 are demonstrated in Fig. 4.10. The total costs
of Scenarios 5 and 6, fixed as 8.5408>10° $ and 8.5071x10°$, are not affected by
the compensation rate, which are not depicted in Fig. 4.10. The total cost generally
increases with the compensation cost in the studies. However, the increasing speed
is reduced with the increase of compensation rate especially for Scenarios 1 and 2.
When the compensation rate reaches 350, the system total costs of Scenarios 1 and
3 get close to the cost of Scenario 5, 8.5408><105 $, and the costs of Scenarios 2
and 4 are close to the cost of Scenario 6, 8.5071x<105 $. At these points, the
compensation to EV owners gets close to the value of VOLL, and EV can no longer
contribute to reduce the SRR and total operation cost. It can be demonstrated from
the figure that the compensation rate is very high, as EV owners will be rewarded
with tens or hundreds of times of the normal electricity price. It can be concluded
that the system operators have the ability to pay EV owners a large amount of
rewards to motivate them to let their vehicles support the power system. Exact
determination of the rewards will depend on further investigation in user
willingness by e.g. questionnaire survey. The potential ability of power system
operators to compensate EV owners considerably enhances the possibility to

implement the proposed model in the future.
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Figure 4.10. Effects of compensation rate on total cost

4.5. Conclusions

This chapter proposes a novel cost-efficiency based SRR optimization model
considering EVs’ assistance in providing operating reserve. EESEV is
innovatively proposed to quantify the expected energy supplied by EVs, with EV
raction time taken into consideration. The optimal SRR is quantified based on the
minimization of the total costs of generation operation, EENS and EESEV.
Different charging strategies are considered in the determination of EV charging
demand as well as EV interruptible and V2G capacities for reserve allocation
purpose. Numerical case studies demonstrate the reduction of scheduled spinning
reserve and the generation operation cost due to the support of EVs. Unit
commitment is rescheduled and some generators could be turned off as EVs partly
replace spinning reserve. The reliability of power system is also improved with
EVs’ participation. The economic effectiveness of the proposed model will be
significantly improved if V2G can be widely realized in the future. Furthermore,
systematical sensitivity analysis implies that the amount of power system spinning
reserve has a close relationship with EV penetration level and there exists abundant

space to improve the compensation rate to motivate EV owners to provide power
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system operating reserve. In general, the proposed model can have significant

potential benefits for future practical applications.
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5. Risk-Based Day-Ahead Scheduling of
Electric Vehicle Aggregator Using Information

Gap Decision Theory

5.1. Introduction

In recent years, the penetration of electric vehicles (EVS) in electrical power
systems has experienced a dramatic growth accompanying the development of
battery technology and smart grids. As an environmentally friendly technology,
the wide utilization of EVs would be helpful to reduce air pollutions and
greenhouse gas emissions. In addition, the growing concern of energy security is
also an important driving factor for the popularity of EVs. However a large number
of EVs will produce considerable impacts on the secure and economic operation
of existing power systems [89, 90]. With a large-scale application of EVs in the
foreseeable future, smart charging of EVs becomes an emerging research focus.
Various methodologies have been proposed to coordinate the charging and
discharging scheduling strategies of EVs [91, 92].

It has been proven that the participation of EV aggregators in the electricity
market has significant advantages in executing smart charging in comparison with
individual EVs [93]. In practice, aggregators play a critical role as an intermediary
between EV owners and distribution system operators [94], and represent clients
to participate in the electricity market. The bidding and scheduling strategies of
EV aggregators need to be investigated considering various uncertainties in the
electricity market [95-98]. A stochastic optimization approach is employed to
formulate the scheduling strategy of EV aggregators in both day-ahead and
regulation markets [99]. It is illustrated that the deviations between day-ahead
cleared bids and actual real-time energy purchases influence the profit and the
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bidding strategy of the aggregator. A bi-level optimization model is proposed in
[100] to consider both the aggregator’s minimum cost and the market clearing
process, which assumes that EV aggregators have potential influences on the
electricity market price. Stochastic portfolio management of the EV aggregator is
fulfilled to take into account the uncertainty of real-time prices, while involving

overall scalability, driving needs and grid constraints as well [101].

Due to various sources of uncertainties in modern power systems, developing
appropriate decision models to mitigate the high energy trading risks would be
beneficial to different participants in the electricity market [102]. Risk
management methods have been widely used as an important tool for the decision
makers in electricity markets, such as conventional generators [103], wind-hydro
generation companies (GENCOs) [104], large consumers [105], etc. Similarly, an
EV aggregator’s exposure to the bidding and scheduling risk should be taken into
consideration. Risk management based on a risk-aware scheduling approach is
introduced into day-ahead scheduling and distributed real-time dispatch of EV
charging [106], which could dramatically reduce the charging cost. Conditional
value at risk (CVaR), a commonly used risk measurement method, has been
incorporated into the formulation of an EV aggregator aiming to deal with the
profit volatility of aggregators. It is applied for the management of risk in
coordinating vehicle-to-grid (V2G) with energy trading for load-serving entities
(LSEs) [107]. The profit of an LSE is maximized while its financial risk is
maintained within an acceptable level using CVaR as a risk control measure. In
[108], a CVaR based approach is proposed to optimize the EV aggregator’s profit
in day-ahead and balancing markets with the consideration of risk aversion.
Optimal EV charging schedules can be obtained according to different risk-averse

attitudes.

An information gap decision theory (IGDT) based approach is proposed to
optimize day-ahead scheduling of EV aggregators considering electricity price
uncertainty. Theoretically, IGDT is a quantitative risk management and decision
making model to take into account severe uncertainties involved in the decision
making process [109]. It focuses on the gap between predicted and actual

variables. The IGDT-based risk management decision model is formulated
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according to the decision makers’ attitudes towards risk. Risk-averse decision
makers tend to make robust decisions against high costs, while risk-taking decision
makers tend to seek more benefits when the cost is low. IGDT has been introduced
in various decision activities in power systems, including bidding strategies of
GENCOs [110] and demand response retailers [111], restoration decision making
for distribution network [112] and multi-year transmission expansion planning
[113], and so on.

The application of IGDT is to control financial risk for decision makers, which
is similar to other risk management models, such as CVaR [107, 108]. However,
the ways to deal with risk by CVaR and IGDT are quite different from each other.
For CVaR-based approaches, risk is measured as an extra cost and added to the
objective function. Therefore, the weights of the sampled scenarios in stochastic
optimization increase with the corresponding severity. The computation burden
will exponentially increase when the number of scenarios increases. In contrast, in
terms of IGDT-based approaches, risk is controlled by guaranteeing the profit or
the cost as the predefined objective set by decision makers, then the maximum
confidence interval is approximated. In other words, the IGDT approach can
effectively enable decision makers to secure the desired profit irrespective of the
potential risks. Notably, the 1IGDT-based formulation has no assumption on
probability density distributions for the uncertain variables, therefore requiring

relatively lower computation efforts.

In the study, the initial scheduling of EV aggregators without risk measurement
is modeled by a two-step formulation. In the first step, the information of
individual driving pattern data is collected and aggregated to simplify the
optimization model. In the second step, the profit of EV aggregators in the
electricity market is maximized, satisfying the demand of each individual EV. The
electricity price in the electricity market will be considerably fluctuating with high
uncertainty [114], which is indeed challenging to electricity market participants to
arrange proper bidding and scheduling strategies. To take such uncertainty into
consideration, an IGBT based day-ahead scheduling framework for EV
aggregators to manage potential risks due to electricity price uncertainty while
pursuing the desired profit is proposed. Through ensuring a predetermined level of

total profit, both robust and opportunistic scheduling strategies can be made for
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negative and positive decision makers respectively. Case studies are conducted

based on realistic market data. The risk management of the proposed model for the

EV aggregator is comprehensively analyzed and discussed according to numerical

study results. The performances of robust and opportunistic day-ahead scheduling

strategies of the EV aggregator are compared with another scheduling strategy that

does not consider the risks of electricity price, demonstrating the effectiveness and

advantage of IGDT-based risk management. Furthermore, the after-the-fact

analysis is conducted to verify the proposed model.

The nomenclature of Symbols used in this chapter is given as follows
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Set of time intervals with index t.
Set of categories of electric vehicles with index m.
Set of EV of category m with index v.

arr

Set of EV of category m arriving at time t with index v;;.
dep

Set of EV of category m departing at time t with index vy .

Uncertainty sets of electricity price in the information gap decision
theory.

Maximum magnitude of SOC for batteries of EV category m.
Maximum charging/discharging power of EV category m.
Maximum energy of EV aggregator at time t.

Maximum charging/discharging power of EV aggregator at time
t.

Battery consumption due to daily travel for EVs belonging to v .
Binary variables indicating the grid connection status of EV v at
time t, 1 standing for on the grid, 0 off the grid.

Energy increase due to EVs arriving at time t.

Energy drop due to EVs departing at time t.

Price of energy contracted with EV owners.

EV battery degradation cost.

Battery investment cost of V2G service.

Average EV battery capacity.

EV battery cycle life.

Depth of discharge

Predictive electricity price at time t, and the corresponding vector.



7ICH, TIDCH Charging/discharging efficiency.

C Covariance matrix of the price vectory.

a IGDT uncertainty index.

fr Critical profit target for robustness function.

fo Windfall profit target for opportunity function.

Ecom Energy consumption per mile.

Variables

Et, Energy content of EV aggregator at time t.

Pchit, Charging power of EV aggregator at time t

Pocht, Discharging power of EV aggregator at time t

Pevi, Trading power of EV aggregator at time t.

y Electricity market price vector.

Functions

a(Z, fr) Information gap decision theory robustness function.

B (Z, fo) Information gap decision theory opportunity function.

F(2) Profit function of EV aggregator considering no risk

fs(t) Probability density function of the time when EVs first plug off
the grid

fe(t) Probability density function of the time when EVs last plug into
the grid.

fm(t) Probability density function of daily travel mileage of EVs.

5.2. Deterministic EV Bidding Model

5.2.1 Day-Ahead Bidding in Electricity Market

An EV aggregator acts as a load-serving entity and manages a number of EVs
at the local level. The aggregator represents EV owners to participate in the
electricity market to purchase and/or sell energy, based on the statistical
characteristics of EVs [96]. The framework of an EV aggregator participating in
the electricity market is explicitly shown in Fig. 5.1, where charging and
discharging schedules of individual EVs are coordinated in order to benefit both

EV owners and power grids.

In the study, a two-stage processing mechanism is adopted to keep the balance
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between the supply and the demand of energy in the electricity market, as
Australian Electricity market (AEM) [81]. The pre-dispatch schedule for each
trading interval is determined day-ahead by the 1SO. The local marginal price for
each trading interval, however, is determined in the on-line dispatch process. The
EV aggregator is supposed to arrange its energy schedule in the day-ahead pre-
dispatch process while the uncertainty of the electricity market price, which is
cleared in the on-line dispatch process, should be also taken into consideration.
The aggregator decides on the day-ahead scheduling at each time interval in the
following day according to the battery capacity and charging/discharging ability
of EVs connected to the grids as well as the electricity price. The electricity price
is assumed to be not affected by the EV aggregator because its demand is relatively
small compared to the other market participants. The EV aggregator aims to
maximize its profit while satisfying the requirements from EV owners. This
process can be formulated as a three-step approach in [115]. In the first step,
statistical data of individual EVs are collected and aggregated. Then optimal
charging and discharging strategies using these aggregated data are scheduled to
achieve maximum profit in the second step and the actual dispatch plan is adjusted
in the real-time market at last. The emphasis is given to the scheduling strategies
for the day-ahead pre-dispatch process, while the real-time dispatch is not taken

into consideration.

“Electri C|ty\
Market

—

Aggregator\\

("~ Other
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(°]
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N

Figure 5.1. The framework of EV aggregator participating in electricity market
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5.2.2 Aggregation of Individual Driving Pattern Data

First, the specific information of individual EVs is collected by the aggregators.
Then EV aggregators assemble these individual energy demands for the sake of

overall management, formulated as follows,

M Vn
EM =2 252U, W (5.1)
m=1 v=1
PCT—Ia): ZZ pch m-v,t vv (52)
m=1 v=1
PDngﬁt ZZ pdch m™v,t Vv (53)
m=1 v=1
M_ Vit
Eare =2, 2, (877 =Sl ) v (5.4)
m=1 v =1
Ve
Eupe =) 2SI W (55)
m=: 1vdeP—1

where E™ denotes the dynamic status of the maximum energy content of the EV
aggregator which is also the sum of the maximum magnitude of SOC of individual
EV batteries connected to the power system S, Pif} and Pyg), denote the
maximum charging and discharging ability of EV aggregators respectively, which

depends on the sum of maximum charging power pg, and discharging power

max

Peenm OF €ach EV on the grid. Ear represents the increase in energy content due

to vehicles arriving at time t. The energy of each electric vehicle plugged into the
power grid is the remaining value after the energy consumption in the day, shown
in (5.4). Egept denotes the energy drop due to vehicle departures. The energy is

assumed to be full when the vehicle leaves.
5.2.3 Optimization of EV Aggregators
The computation burden can be very heavy if each individual EV is dispatched

directly by the system operators. Therefore an aggregated model is developed in
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the study to condense individual driving pattern data into a simplified model, in
analogy to a virtual battery with the total capacity, charging and discharging ability
changing over time. In practice, the EV aggregator makes a long-term contract
with EV owners. The price is fixed as a certain value, rather than catering for the
fluctuation of daily electricity price. At the same time, the EV aggregator is granted
the privilege to represent the EV owners to bid in the electricity market and thus
schedule the EV charging and discharging. For V2G service, the aggregator should
compensate the EV owners due to the battery degradation. The total profit of EV

aggregators is formulated as follows,
.
max F(Z) = Z (Acon PEV,t ~ PEV,t — Aep PDCH,t) (5.6)
t=1

S.t.

E =E.+Eu— Edep,t + Nen Perie — Pochiy IMoen Yt (5.7)

E,=E, (5.8)

Py =P —Pocu, Wt (5.9)
0<E <E™ Wt (5.10)
0<P,, <P vt (5.11)
0< Py, <P Wit (5.12)

where the decision variable set Z is defined by
Z =[E Py Pey Poc] (5.13)

The objective function defined in (5.6) consists of three components in total.
The first one is the revenue of energy contracted with EV owners. The second part
represents the scheduling cost/revenue in the electricity market. The third
component denotes the cost returned to the EV owners for the compensation of the
battery degradation due to V2G discharge. The battery degradation cost can be
calculated according to [116-118]:

~1000C,,

= (5.14)
LC EBd DoD

Aep
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where Cg| denotes the battery investment cost; Lc is the battery cycle life at a
certain depth of discharge (DoD); Eg is the average battery capacity; dpep is the
DoD used in determining Lc. Thus, LcEsdbop represents the overall energy
throughput that a battery can provide during its lifetime and the number 1000 is
used to make the transition from kWh to MWh.

In the constraints, the energy content E: depends on the charging power Pcht
and the discharging power Ppch,t as well as the energy of arriving EVSs Eart and
the energy of departing EVs Egep, shown in (5.7). Upper and lower limits of energy
content Et, charging power Pcnt and discharging power Ppch,t are represented in
(5.10)-(5.12) respectively.

5.3. IGDT Based Operation Strategy of EV Aggregator

Electricity prices in the electricity market exhibit significant fluctuations due to
various reasons. For instance, stochastic and intermittent renewable energy would
introduce serious uncertainties [119], [120] and influence the electricity price to
some extent [121]. The model described in Section Il neglects the risks introduced
by the electricity price uncertainty. The proposed model based on IGDT can
effectively take risks and uncertainties into consideration. The robustness function
and opportunity function, is proposed in this section for either risk-averse or risk-
seeking decision makers.

5.3.1 Uncertainty Model

Various models, including Energy-bound models, Minkowski-norm models and
Fourier-bound models, are proposed to model the prior information about the
uncertainty input in [109]. The ellipsoid-bound IGDT model is adopted, due to its
emphasis on the variability and the relationship among different dynamic uncertain
parameters compared with the other models [111, 112]. To implement the
ellipsoid-bound IGDT model for EV aggregators, the nominal electricity prices
and their correlations are forecasted and considered as model inputs. The
uncertainty set /" consists of uncertain prices in the electricity market, and is
mathematically formulated as,

e 7)={r:(r-7)'C(y-7)<a’} a20 (5.15)
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where 7 is the vector of nominal price time-series and C denotes covariance
matrix between each parameter in the vector. I'(«,7) can be defined as a quadratic

function. It specifies a range of uncertain prices, whose deviations beyond the

nominal price 7 can be quantified by the uncertainty index a. The larger the value

of a, the greater range of deviation is. The family of the sets can be interpreted as

an information gap model of uncertainty [109].
5.3.2 Optimization Framework

Due to uncertainties of electricity price, EV aggregators could adopt either risk-
averse or risk-seeking strategies in scheduling their daily operation plan. The
information gap decision theory can effectively account for these two attitudes,
where different risk attitudes can be reasonably quantified by setting different
profit targets. Risk-averse decision makers tend to set lower profit target that they
can accept, while risk-seeking decision makers tend to set higher profit target that
they want to pursue. Such decision processing can be represented by two functions:
the robustness function denoting the immunity to fall, and the opportunity function
denoting the desire to windfall profit. Both functions optimize the uncertainty

index as below,

a(Z,f)=max{a: min F(Z,y)>f} (5.16)
Zy rel(a.7)
B, fo)=minfa: max F(Z,7)> .} (5.17)

The robustness function a @(Z, ;) defined in (5.16) is the greatest level of
uncertainty corresponding to the guaranteed profit larger than the critical profit
objective fr. The optimal scheduling strategy is derived via maximizing the
immunity against failure while satisfying the critical survival-level performance.
The robustness function value & (Z, fr) can be comprehended as allowable
deviations beyond the nominal value. This is consistent with pessimistic decision
makers. The opportunity function 7 (Z, fo) defined in (5.17) denotes the least level
of uncertainty which should be acceptable to achieve the windfall profit objective
as large as fo. The optimal scheduling strategy is calculated by minimizing the
immunity against windfall return while achieving relatively high rewards. The

opportunity function acts as the decision tool for optimistic decision makers, who
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concern more about the maximum return when the price is desirable. In any case,

the windfall reward f, is usually much greater than the critical reward f;.
5.3.3 Robustness Function

The robustness function is formulated as a bilevel optimization problem
maximizing the uncertainty level in the upper level and minimizing the profit of

an EV aggregator in the lower level, shown as follows,

rrz1ax a (5.18)
s.t.
ygr&w(Lnﬂ F(Z,y)> 1, (5.19)
(r=7) C'(y-7)<e’ (5.20)
a>0 (5.21)
(5.7) - (5.12) (5.22)

The robustness function is difficult to handle using traditional optimization
approach. Lagrangian relaxation is used herein to simplify the lower level
optimization. The minimum profit of an EV aggregator can be obtained and

rewritten as,

min F(Z,y)=AconPey _7T Fev — s Pocn (5.23)

reU(a.y)

s.t. (7=7)' C'(y-7)<a’ (5.24)

Since the optimization is convex, Lagrange relaxation is adopted to simplify the

problem, expressed as
V[u,;/{(ACON Ry -7 Pev — a0 Pocn) +,U(052 —-(y-7) C(y-7)}=0 (5.25)
where g is the Lagrangian multiplier. The results can be obtained,

P aC'P.,
V(P) CPy

Substituting (5.26) into (5.23), the following function can be derived,

(5.26)
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min F(Z,7)=AconPev =7 Poy — Ao DCH—a‘\A(PEv) Chy (5.27)

yeU(a.y)

Considering the uncertainty index o is positive, the negative sign is selected for

the minimum of F(Z, y). The minimum profit should be at least equal to f;, given

as,

fr :ACON PEv - 7T PEv - Z’BD PDCH - a\l (PEV )T CPEV (5-28)

Thus the robustness function in terms of the objective f; can be rewritten as

&(Z, 1.) = max a( f.) = max (AconPev = 7" Pev = AspPocn) = (5.29)
Z i J(PEV) CPRy

Thus the IGDT method is simplified to optimize the objective function defined
in (5.29) with the constraints defined in (5.7) - (5.12) being satisfied as well.

5.3.4 Opportunity Function

Similar to the robustness function, the opportunity function is also formulated
as a bilevel optimization problem minimizing the uncertainty level in the upper

level and maximizing the profit of an EV aggregator in the lower level, shown as

follows,
mlyn a (5.30)

s.t.
rlr}?x F(Zy)>f, (5.31)
(r=-7)Cly-y)<a’ (5.32)
a>0 (5.33)
(7)-(12) (5.34)

Lagrange relaxation method is used again to solve the nested optimization
problem, similarly to the way of handling the robustness function. The maximum

profit can be formulated as,

max F(Z,7)=AconPev 7/ tv — Aep DCH—a\l(PEv)TCPEv (5.35)

reU(a.7)
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Considering the uncertainty index a is positive, the positive sign is selected for

the maximum of F(Z, ). The maximum profit should be at least equal to fo, given

as,

f, =AeonFev — 7T Pev — AeoFoch + | (P )T CR, (5.36)

It is expected to reach the windfall profit fo. Let the maximum profit be equal to

fo, the opportunity function can be formulated as,

— — T f—
B, f )=mine(f,)=min fo — (AoonPev 7/T Pev — Ao Poci) (5.37)
Z : V(R) CRy,

The constraints defined in (5.7) - (5.12) need to be satisfied as well.

5.4. Case Study and Discussions

5.4.1 Case Description

The proposed IGDT-based model for day-ahead scheduling of an EV aggregator
is validated using practical market data. As EVs are usually parked at night in
practice, the scheduling period is set as 12:00 AM to 12:00 AM of the following
day and the dispatch interval is defined as one hour [122]. In our case study, the
electricity price is forecasted using the method developed in [114]. The charging
and discharging efficiency is specified as 0.90 and 0.91 respectively.

A comprehensive survey on EVs and battery technology is represented in [123],
where six categories of vehicles, including goods-carrying vehicle (N1), large
goods-carrying vehicle (N2), plug-in EV (PEV), extended-range EV (EREV),
quadricycle-four wheels (L7e) and passenger vehicle (M1) and their technical
parameters are summarized as in Table I. The proportion of each vehicle type, the

maximum magnitude of SOC for batteries S/ , the maximum magnitude of
charging power pg , discharging power pgy',, and the energy consumption per

mile Ecpm Of each category of EVs are also listed in Table I. It is assumed in our
case study that 100 000 EVs are managed by an aggregator in total. The EV travel
data needed in this case study is based on the national household travel behavior

survey, conducted by the U.S. Department of Transportation Federal Highway
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Administration [84]. For detailed EV charging demand modelling, please refer to

the EV travel behavior in section 4.3.1.

Table 5.1. Parameters of Electric Vehicles

Parameters N1 N2 PEV EREV L7e M1
Proportion 0.05 0.05 0.1 0.1 0.2 0.5
S (kWh) 23 85 8.2 17 8.7 29
Perm (KW) 3 10 3 3 3 3
Phe s (KW) 15 5 1.5 15 1.5 15
(KWE\?T(mm) 0.1854 0.5867 0.1562 0.2530 0.1122 0.1608

5.4.2 EV Scheduling Results

In the case studies, the proposed IGDT-based robustness index, i.e., the value
of the robustness function defined by (16), and the opportunity index, i.e., the value
of opportunity function defined by (17), are calculated based on real data. The
profit target defined by the EV aggregator can be regarded as a critical input to
measure both negative and positive attitudes towards risk or uncertainty.
Therefore, different profit targets are given to explicitly analyze the effects of the
risk attitude towards the EV charging/discharging schedule. The corresponding

numerical results are displayed in Fig. 5.2.

It can be seen from Fig. 5.2 that the robustness index increases from 0 to 2.128
when the profit target f; decreases from $5842.7 to $1500. This is understandable
as a lower profit target represents a preference towards risk, and thus permitting a
higher uncertainty level. On the contrast, the opportunity index varies from 0 to
1.658 when the windfall high reward is targeted from $5842.7 to $10500. A higher
profit target represents a more risk-seeking attitude towards the risk, and needs a
higher profitable price uncertainty level. It can be observed from Fig. 5.2 that if
the robust profit target and the opportunity profit target are specified as $5842.7,
both the robustness index and opportunity index are zero, as shown at point O Such
a profit target is the same as the numerical solution to the neutral risk formulation
according to (6)-(12).
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Figure 5.5. Electric vehicle charging and discharging power rate by opportunistic

scheduling strategy

For a certain robust profit target, given as f, = $3900, the robust price curve is
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obtained for such a risk-averse attitude according to (26), and explicitly shown in
Fig. 5.3. If the after-the-fact price falls below the robustness price curve, the final
profit would not be less than $3900. Similarly, in terms of an opportunistic profit
target, given as $8100, the opportunity price curve for such a risk-seeking attitude
is achieved and depicted in Fig. 5.3. When the after-the-fact price is below the
opportunity price curve shown in Fig. 5.3, the final profit has a chance to achieve
$8100 or more.

In the study, various risk-based day-ahead scheduling strategies of an EV
aggregator are carried out under different predefined profit targets. A robust
scheduling strategy of charging and discharging power with a profit target f, =
$2700 is depicted in Fig. 5.4 while an opportunistic scheduling strategy with a
profit target fo = $9900 is shown in Fig. 5.5. To benchmark the robust and
opportunity strategies, the scheduling with no risk consideration is derived and
also displayed in Figs. 5.4 and 5.5. As shown in Fig. 5.4, no discharge is arranged
during the day for the robust scheduling. It indicates that the extreme risk-averse
decision makers choose to abandon the benefit attained by discharging power due
to its revenue fluctuation affected by price uncertainty. This is consistent with the
behavior of the conservative users. On the other hand, for those who have positive
attitudes towards risk, discharging power is dispatched more and contributes
relatively more to the aggregator’s revenue, as depicted in Fig. 5.5. Such a
scheduling method has a chance to acquire high return when the electricity price
is beneficial to the aggregator, which is consistent with opportunistic decision
makers. By setting allowable deviations beyond the nominal value of the daily
revenue, the pessimistic decision makers tend to adopt the conservative strategies
to maximize their profits while guaranteeing the survival-level performance. In the
contract, the optimistic decision makers choose the opportunity functions as

radical strategies by using relatively large predefined windfall reward.

In order to compare the different robust and opportunistic scheduling strategies,
the information gap between the estimated and actual prices is assumed to be zero.
The expected profits are given in Fig. 5.6. It can be easily found that the maximum
expected profit can be obtained using a neutral risk strategy. The expected profits
decrease with the degree of the robustness or opportunity. The difference between

the expected value of the selected profit target and the maximum profit considering
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no risk can be interpreted as robustness cost or opportunity cost. Theoretically, this

is an unavoidable trade-off between the scheduling risk and expected profit.
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Figure 5.6. Expected profit with no information gap between the estimated and

actual prices against different profit targets.
5.4.3 Sensitivity Analysis

To further verify the proposed model, an after-the-fact analysis is conducted
herein to evaluate different scheduling methods. Five typical price scenarios are

generated to investigate the performance of the proposed model.

Scenarios 1 and 2 are produced according to (26) with a robustness index of
1.5343 and 0.9678 respectively. The price series in Scenario 3 is regarded as the
nominal one. Scenarios 4 and 5 are generated with an opportunity index of 0.6662
and 1.4698. Three scheduling strategies are systematically compared and the
corresponding profits are shown in Table 1. When the electricity price falls in the
robust region as in Scenarios 1 and 2, the profit for the robust scheduling is the
largest while the profit for opportunistic scheduling is the smallest. When the
forecast price is perfectly realized, neutral risk scheduling performs the best. When
the price falls in the opportunity region, such as Scenarios 4 and 5, EV aggregator

would benefit more from the opportunistic scheduling than the other two

110



scheduling schemes. It is worth mentioning that the predefined critical target for
robust scheduling is set as $2700, which is equal to the result in price Scenario 1.
It is demonstrated that the predetermined target is guaranteed with the
corresponding scheduling strategy under this price scenario. The predetermined
desirable target for opportunity is $9900, equal to the result in Scenario 5. It
indicates that the predefined target is achieved under the corresponding price

scenario.

Table 5.2 Profit Obtained by Different Immunity Functions Under Different

Price Scenarios

Price Profit for robust Profit for neutral risk Profit for

scenario scheduling (%) scheduling ($) opportunistic
scheduling ($)

1 2700 2085 1224

2 3623 3254 2736

3 5419 5843 5498

4 6670 7323 7416

5 8267 9457 9900

5.5. Conclusions

This chapter develops an information gap decision theory based scheduling
methodology for EV aggregators to consider different risk attitudes towards the
uncertainty of electricity market prices. The proposed IGDT-based model provides
an effective way for EV aggregators to pursue a predefined profit target through
effective risk management. The robustness and opportunity functions are proposed
in this model to assist EV aggregators to effectively align the desirability of
different attitudes towards risk with their immunity to electricity price uncertainty.
Based on the two functions, a variety of robust and opportunistic scheduling
strategies can be derived to either guarantee a critical reward under unfavorable
price scenarios or to capture a windfall profit under desirable price scenarios. The
trade-off between the expected profit and potential risk is demonstrated under
different scenarios of electricity price fluctuations through case studies. It is
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convincing that the framework provides a new decision-support tool for EV
aggregators of different preferences to uncertainties to manage their financial risk.
Since the model does not require a probability distribution of electricity price
uncertainty, the proposed model have an advantage to reduce the computation
burden compared with traditional scenario based approaches, indicating a high

potential for future practical applications.
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6. Conclusions and Discussions

6.1. Conclusions

This thesis focuses on evaluating the challenges and opportunities introduced
by large-scale EV charging in power system and developing new method to utilize
EV charging flexibility to benefit power system economic and secure operation.
All the optimization models are proposed to achieve two goals: to hedge against
negative impact as well as to benefit the grid and EV owners. Specifically, this
thesis evaluates distribution system electric vehicle hosting capacity, proposes
framework for distributed generator investment for EV accommodation, analyzes
the potential ability of aggregated EV charging in providing ancillary service and
proposes bidding strategy for EV aggregators to participate in electricity market.

The concept of “EV chargeable region” is innovatively proposed to evaluate the
maximum DN EV hosting capacity for each node. The EV chargeable region
optimization problem is formulated as a two-stage model, where the chargeable
region and DN decision variables are optimized in the first stage and the feasibility
of the DN worst-case scenario is checked in the second stage. Mathematically, the
proposed framework is formulated as a two-stage robust optimization problem
with an adjustable uncertainty set. With the aid of this model, not only operating
constraint violation of DN is prevented, but also EV owners’ charging requests,
I.e., immediate charging or price-response charging, are guaranteed to the largest
extent. EV owners’ daily report of charging demand to the EV aggregator may be
waived, as the EV charging profile can be well managed directly by the EV owners
themselves. Thus, urgent usage of EVs can be maximally guaranteed. Besides, the
communication mechanism of the proposed framework is simple and only needed
to convey the information of EV chargeable region from the distribution network

operator to EV charging controllers at distribution network nodes. Obviously, the
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communication is unidirectional and operates once a day. Overall, the proposed
framework demonstrates a high potential for practical applications. To
accommodate more EV charging demand in distribution networks and to obtain
financial revenue, a robust active distribution network planning framework
considering the integration of renewables and large-scale EVs is further proposed.
Two decision-dependent robust planning strategies are proposed based on
advanced modelling of EV charging demand. The optimal DG sizing and sitting
are determined that is robust against any realization of uncertainty of EV charging
and distributed generation output as well as the uncertainty of EV owners’

willingness in participation in charging coordination.

To evaluate EVs’ potential ability in providing ancillary service for power
system, a novel cost-efficiency based SRR optimization model is proposed. The
concept of EESEV is innovatively proposed to quantify the expected energy
supplied by EVs, with EV reaction time taken into consideration. The optimal SRR
is quantified based on the minimization of the total costs of generation operation,
EENS and EESEV. Numerical case studies demonstrate the reduction of scheduled
spinning reserve and the generation operation cost due to the support of EVs. The
reliability of power system is also improved with EVs’ participation. The
economic effectiveness of the proposed model will be significantly improved if
V2G can be widely realized in the future. Furthermore, systematical sensitivity
analysis implies that the amount of power system spinning reserve has a close
relationship with EV penetration level and there exists abundant space to improve
the compensation rate to motivate EV owners to provide power system operating
reserve. To obtain better welfare for EV owners, an information gap decision
theory based scheduling methodology is developed to consider different risk
attitudes towards the uncertainty of electricity market prices. The proposed IGDT-
based model provides an effective way for EV aggregators to pursue a predefined
profit target through effective risk management. The robustness and opportunity
functions are proposed in this model to assist EV aggregators to effectively align
the desirability of different attitudes towards risk with their immunity to electricity
price uncertainty. Based on the two functions, a variety of robust and opportunistic
scheduling strategies can be derived to either guarantee a critical reward under

unfavorable price scenarios or to capture a windfall profit under desirable price
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scenarios. The trade-off between the expected profit and potential risk is
demonstrated under different scenarios of electricity price fluctuations through
case studies. It is convincing that the framework provides a new decision-support
tool for EV aggregators of different preferences to uncertainties to manage their
financial risk. Since the model does not require a probability distribution of
electricity price uncertainty, the proposed model have an advantage to reduce the
computation burden compared with traditional scenario based approaches,
indicating a high potential for future practical applications.

6.2. Discussions

Traditionally, it is the responsibility of power system to serve energy for its
customers, with power quality and reliability guaranteed anytime. With the
development of smart grid, demand side tends to contribute to power balance by
adjusting its actual demand, known as demand response. Flexible electric vehicle
charging demand, regarded as a specific type of demand response, is modeled and
discussed in this thesis. Due to the lack of real data, some assumptions are made
in the modelling of EV charging demand. As the EVs are emerging participant in
electricity market, it remains uncertain how many EVs are willing to respond to
electricity price, compromise their driving duties and even agree to feed energy
back to the grid. In other words, it is not clear how much compensation the EV
owners will accept to provide ancillary service and how much compensation the
power system operators are willing to pay to lower the power supply costs.
Although the sensitivity analysis is conducted with various scenarios in the thesis,
the assumptions can be obviated once actual data is available. Another difficulty
to implement the proposed models is the methodology to aggregate the
geographically separate EV charging demand. Although EV aggregator is assumed
to manage these load in the thesis, obstacles still exist to put the algorithm to
practice. From the view of the authors, it is relatively easy to implement EV
coordination in a distribution network and the similar EV charging management
method has been put into practice in fact, while practical value of the aggregated
EVs’ participation in electricity market and ancillary service still demand further

investigation. Nevertheless, the potential possibility should be never neglected due
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to its huge economic benefits. Besides, with more and more other demand response
programs emerging, it should take into account the interaction between EVs and
other demand response resources, especially the interaction with different relevant
uncertain elements. Methodologies such as game theory are suggested to be

introduced to estimate these influences.

The optimization methodologies used in this thesis, e.g., robust optimization,
have their inherent defect. Robust optimization addresses input uncertainty based
on the assumption that uncertain parameters belong to a convex bounded
uncertainty set and maximizing the minimum value of the objective over the
uncertainty set, at the same time ensuring the feasibility for the constraints in the
worst-case scenario. Specifically, the uncertainty set consists in confidence
intervals and a budget-of-uncertainty constraint. Hence, the uncertain parameters
are selected to construct the worst-case scenario, and thus is deemed too
conservative for practical implementation. In this thesis, we allow the decision-
maker to control the degree of conservatism of the solution through proposing
different cases to determine various optimization solutions from different attitudes
of decision makers towards the robustness. For practical implementation, how to
manage and control the robustness should be seriously estimated. Besides, the
algorithms are generally two-stage and make every decision before the realization
of the uncertainties. However, there are many optimization problems where only
a subset of the decisions should be made before the realization of the uncertainty,
but the remaining decisions can be made later after observing the realized
uncertainties. Multi-period optimization models are supposed to find out a series
of decisions at different points in time occurs. Thus, multi-period robust
optimization is suggested to better handle uncertainty problem and control the

robustness.
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