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Abstract
The emerging need of building an efficient Electric Vehicle (EV) charging

infrastructure requires the investigation of all aspects of Vehicle-Grid Integration (VGI).
This dissertation studies the optimal EV charging control and energy management of VGI
system to address the economic benefits of EV charging customers and operation stability
of distribution power grids. First of all, a centralized EV charging control method is
developed under the transactive energy environment to minimize the EV charging cost
and avoid the distribution power grid overloading. The quadratic programming is used to
obtain optimized charging control actions. Case studies with hundreds of EVs are
conducted and analyzed. Secondly, to explore a more effective and securer VGI system,
an advanced distributed algorithm is developed for solving the large-scale EV charging
scheduling problem, including the perspectives at an individual EV level, the distribution
node level, and the distribution network level. A clearing electricity price is attained by a
negotiation method among the distribution system operator and the EV aggregators
(EVAs). This mechanism provides incentive for EV charging customers to improve
network operation performance. Thus, EVAs and EVs can make their charging
scheduling autonomously with the clearing price signals. Thirdly, to realistically estimate
the charging power demand of extreme fast charging (XFC) stations, a Monte Carlo

(MC) simulation tool is developed based on the EV arrival time and state of charge (SOC)

distributions obtained from vehicle travel survey dataset. To reduce the investment and
operation costs of XFC stations and avoid overloading the grid due to XFC events, an

optimal configuration method is presented for the multiple XFC stations in a distribution

XV



network to determine the optimal energy capacity of energy storage system (ESS), ESS
rated power, and the size of photovoltaic (PV) panels, which are integrated with XFC
stations. The MC simulation tool is valuable since little XFC charging dataset is available
at the current stage and the optimal configuration method can reduce the investment and
operation costs of XFC stations while meeting the charging demand and the operational
constraints of the distribution network, XFC, ESS, and PV panels. Finally, a cloud-based
simulation and testing platform for the development and Hardware-in-the-Loop (HIL)
testing of VGI technologies is presented. This test platform considers the impact of EV
charging on the grid, optimal EV charging control at scale, and communication
interoperability. The modular open systems design approach of the platform allows the
integration of EV charging control algorithms and hardware charging systems for

performance evaluation and interoperability testing.

XVi



1 Introduction

1.1 Background

1.1.1 Motivation
The growing adoption rate of electric vehicles greatly reduces the greenhouse gas

emissions and fuel consumption in the transportation sector. Most national governments
and automakers are phasing out gasoline vehicle sales by 2040, or by no later than 2035
in a leading market. At the 2021 United Nations Climate Change Conference, over 30
national governments, including Austria, Canada, Demark, Finland, Ireland, Netherlands,
United Kingdom and so on, have agreed to shift entirely to “all new sales of zero-
emission cars and vans globally by 2040 [1]. As shown in Figure 1.1, the global EV
sales have increased from several thousand in 2010 to over 3 million in 2020. The
world’s EV stock have surpassed 10 million in 2020 [2]. With government incentives and
technology advancements continuous, automakers estimate that annual EV sales will be
reach to 22 million by 2025 and about 100 million EVs will be on the road worldwide by
2035 [2]. Thus, transportation electrification is the main research area for the past and

future decades.

==, Rest of world
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Figure 1.1. Global EV Sales, 2010-2020 [2].
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Meanwhile, the high penetrations of EVs will lead to over millions of batteries
will be charged by electric power system. The impact of EVs integration to the grid is the
key challenge that needs to be resolved. Massive integration of EVs into the distribution
network will cause negative impacts, including power system components overloading,
power loss increasing, voltage and frequency unbalancing, and causing instability in the
power system [3-7]. In [3], a worst case scenarios of EV penetration in Toronto was
studied. Results showed that 35 EVs charge together during the peak load will cause
transformer overloading. In [4], it showed that power system needs to generate and
transmit additional load demand for EVs. The extra loads can cause components
overloading and transformer aging. In [5], it indicated that large-scale EV charging can
cause a voltage drop and deviation. In [6], the authors observed that 60% penetration of
EVs caused 40% higher power loss at the off-peak hours. Furthermore, a large amount of
EV charging power in short duration will cause instability in the power system. The

power system will take longer time to return to the steady state [7].

Therefore, to connect EVs to current power grids and ensure the distribution
power system stability, efficient EV charging control and energy management strategies
need to be explored to reduce or eliminate the negative impacts for the distribution grid.
By using scheduled charging, better EV energy management can be achieved to provide
grid services, such as load balancing, voltage and frequency regulation, and power
quality improvement. Moreover, EVs can operate as energy storage to reduce the power
fluctuations from renewable energy resources, such as PV panels. Smart EV charging and
energy management can provide economic benefits for both distribution grid and EV

customers as well as reduce emissions.



1.1.2 Types of EV Chargers
The charging levels are classified in terms of the power level the chargers can

provide. In the United States, SAE J1772 and CHAdeMO are two currently competing
standards. J1772 is the main standard for Level 1 and Level 2 charging and CHAdeMO
only used for DC Fast Charging (DCFC) [8]. Recently, XFC has been introduced to
compete with the short refueling period of internal combustion vehicles [9]. The
comparison of charging levels, time, and location is summarized in Table 1.1 [8, 9]. AC
Level 2 is widely adopted for current electric vehicle supply equipment (EVSE) at work
and home places due to its relative low installation and operation cost. XFC will be the
future trend because the short charging time, which is close to pumping gas for the
traditional internal combustion engine vehicles. Thus, AC Level 2 and XFC are studied in

this dissertation.

Table 1.1. Comparison of Charging Levels, Time, and Location

Type O.f Power Levels Charging Time (for 200 Where to Charge
Charging Miles)
e 110/120V AC
electric circuit | e  Up to 36 hours
AC Level 1 e 12t016 A . 0.|(O)82 miles/minute Athome or workplace
e 14tol19kW
e 208/240V AC
AC Level 2 electric circuit | e Upto 7 hours At hpme, wquplace;, or
e 15t080A e 0.42 miles/minute public charging stations
e 3.11t019.2kW
e There-phase
440/480 V AC
gf?alr:gaiitg glc:r?\lj:etrted to e Upto 1 hour_ Publi(_: or commercial
(DCFC) DC to EV e 2.92 miles/minute charging stations
e Upto500A
e 50to 350 kW
Extreme Fast | ® 200V DC . . _
Charging electric circuit | o 7.5 mlqutes _ Publlt_: or commerual
(XFC) e 350 kW or e 23.3 miles/minute charging stations
more




1.1.3 Concept of Transactive Energy

With load growth through electrification of transportation and an increasing use
of renewable energy resources, existing power distribution networks is moving toward an
intelligent and smart power grid. Besides the features of traditional power systems, such
as reliability, flexibility, efficiency, sustainability, etc., transactive energy (TE) concept
offers a new economic process to improve the grid operation efficiency through market-
based transactive exchange [10]. The concept was first introduced by U.S. Department of
Energy’s Gridwise Architecture Council and defined as: “a system of economic and
control mechanisms that allows the dynamic balance of supply and demand across the
entire electrical infrastructure using value as a key operational parameter” [10]. To
develop a VGI system which will maximize the economic benefits of both system

operators and end-user EV customers, TE concept is explored in this dissertation.

1.2 Literature Review

1.2.1 EV Smart Charging Control and Energy Management
In the aspect of power distribution network, EV charging control can be classified

as uncoordinated and coordinated EV charging. For the uncoordinated charging, EV
owners request the power system to charge vehicle batteries immediately until the
vehicles are disconnected or fully charged. Local distribution circuit components will be
stressful due to large EV charging load. Uncoordinated EV charging potentially causes
series problems to the power grid system. To mitigate the negative impacts, coordinated
or smart EV charging can be used allowing the distribution network and EV customers to
schedule charging time to achieve economic benefits and technical advantages [11]. The
optimization is implemented for coordinated or smart EV charging and energy

4



management to reduce overloading, eliminate voltage and frequency violation, avoid
massive power losses, and decrease operation cost. In the smart EV charging, an EV
aggregator (EVA) is commonly applied to manage amount of EVs in a specific area.
EVA operates as an agent to ensure charging requirements of EV customers as well as
support the technical operation of entire power distribution network. The control and
optimization methods for coordinated or smart EV charging and energy management in
this dissertation can be categorized as two strategies: the centralized charging control and

distributed charging control.

In the centralized EV charging control, a center controller is responsible for
managing the EV charging demand as well as the distribution grid operation
improvement. The architecture of centralized EV charging control is shown in Figure 1.2.
EVAs acquire the charging demands from the EVs and process and forward the
information to the center controller. Then, the center controller will provide a global
solution considering all EVs’ charging requirements and grid conditions. A linear
optimization method is introduce in [12] to manage large-scale EV charging and
discharging. The issues of distribution network overload, voltage violation, and
transformer aging can be fixed. In [13], a heuristic genetic algorithm of online centralized
charging is proposed to limit transformer loading and bus voltage profiles. In [14], the
optimal power flow (OPF) technique is performed to manage EV charging process.
Results indicate that the proposed algorithm can avoid overloading, shift most charging
to valley hours, and reduce power loss and generation costs. In [15], a centralized model
predictive control method is developed to suppress the system frequency fluctuation.

Although the centralized control can reach a global optimal solution of EV charging and
5



grid operation, it has the limitation to apply to large-scale EV charging because it
requires huge computing power and communications bandwidth with the increased

number of EVs.

Center Controller

Figure 1.2. Centralized Control Architecture.

The distributed EV charging control is not dependent on a central controller. As
shown in Figure 1.3, local controllers operate at EVA level can make control decisions
based on the negation with other agents. EVA can independently improve charging
benefit for its aggerated EVs as well as considers the grid control signals. Therefore, the
communication load is much lower than the centralized control. In [16], a distributed
game approach is introduced for EV charging management. Individual EVAs respond
pricing signals to minimize its aggregated EVs’ charging cost as well as consider
distribution network constraints. In [17], a distributed control algorithm based on the
alternating direction method of multipliers (ADMM) is proposed to recover voltage in a
VGl distribution grid. The integration of distributed optimal power flow and EV charging
is presented in [18]. The power loss is reduced significantly. The distributed EV charging

methods with consensus algorithm are developed in [19, 20]. With limited
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communication, smart EV charging can reduce charging power loss and provide grid
frequency regulation. A real-time agent-based control system to manage the EV battery
charging is presented in [21]. It operates like a distributed coordination process and is
capable of preventing the transformer congestion. Although distributed control cannot
guarantee to reach the exact global optimal solution for the overall system as centralized
control, comparison in [14, 22-27] verified that the EV charging load can satisfy the grid

requirements by practicing electricity price mechanism and EV user responsible behavior.
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Figure 1.3. Distributed Control Architecture.

1.2.2 Fast Charging with Renewable Energy Sources
Since XFC has the potential to provide a short charging duration as the refueling

process of traditional vehicles, the charging process is not necessary being controlled and
shifted to off-peak periods. Instead, XFC stations are always equipped with renewable
energy resources, such as photovoltaic (PV) and energy storage systems (ESS), to reduce
the significant impacts on the distribution grid. The configurations of XFC stations are

shown in Figure 1.4 [28]. For the AC-connected system, control strategy is complex, but
7



the protection is straightforward. Differently, the DC-connected system requires complex
protection but simple control strategy [28-31]. The optimal sizing of PV and ESS and the
energy management of ESS lead the effectiveness of the integration of XFC stations and
power distribution networks.
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Figure 1.4. Configurations for XFC Stations. (a) AC-connected System. (b) DC-
connected System [28].

A real implementation of single EV fast charging station coupled with ESS is
described in [32]. Results show the good performance of peak load shaving and nearly
zero-impact on the distribution grid. A hybrid DC charge stations supplied by PV is
introduced in [33]. In [34], a fast charging station is composed of a PV and a ESS with a
decentralized control. The charging station is able to work as a stand-alone system and
provide grid support. In [35], a decentralized voltage drop control of fast DC microgrid is
proposed to maintain bus voltage, dispatch load power, and maintain SOC balancing of
EV and ESS. In [36], a dynamic charging strategy of ESS is developed for fast charging

stations to minimize peak demand on the grid side. Various optimization models for



sizing PV and ESS of fast charging stations have been proposed in [37-40]. All methods

address the economic benefits of single or multiple fast charging stations.

From recent research, few work studied the operation and energy management of
XFCs in the distribution networks. The operation of XFCs in a distribution network for

large-scale EV charging need to be investigated.

1.2.3 TE Design for VGI System

For modern VGI system, TE concept enables EV customers actively participate in
and contribute to the enhancement of the distribution system reliability, security, and
efficiency. There are several publications related to EV auction mechanism instead of
traditional demand response. In [41-45], optimal bidding approaches are proposed to
support the EVA participating in the electricity market. In [46], an iterative auction
design is introduced for EV charging station scheduling. In [47], each EV is designed to
submit a multidimensional bid to support grid energy allocation. In [48], the auction
mechanism is used for EV charging management to reduce PV curtailment in distribution
networks. The bidding strategies for fast charging stations with battery ESS is introduced
in [49]. Several studies focus on the local markets design for energy trading of renewable
energy resources containing EVs. In [50-53], virtual markets are developed in microgrid
level to integrate buildings and distrusted energy resources including EVs. In [54], a
transactive market model is designed in distribution system operator(DSO)to manage the
distribution network operation and participate in wholesale market. A case study of TE
trading in distribution network is introduced in [55]. In [56], an optimal scheduling and

trading framework is proposed for multi-microgrids integrated with an urban



transportation networks. The EV charging prices is analyzed with the traffic flow. In [57],
a Stackelberg game for energy trading with dynamic pricing is proposed for EVs in the
smart city. In [58], an optimal energy management algorithm based on the mixed-integer-
linear programming method for EVs is designed with online energy trading. In [59], a TE
trading framework is proposed to balancing the economic efficiency and distribution
system operation. Therefore, implementing TE concept in modern VGI system is proper

to be investigated in this dissertation.

1.3 Research Objectives and Contributions
The research objectives of this dissertation are to provide solutions for effectively

integrating large-scale EV charging with power distribution networks, as well as improve the
cost-effectiveness, reliability, and grid security. The smart EV charging control and energy
management in the distribution networks are explored to mitigate the negative impacts of EV

charging and provide grid services.

The main contributions of this dissertation are:

e A centralized EV charging control algorithm is developed to coordinate large-
scale EV charging with TE concept. An EV bidding strategy is designed to
minimize charging cost as well as consider charging requirements. With the day-
ahead electricity price, all controllable EVs setup their bids for the remaining
charging period optimally. A competitive market clears the price and the available
energy to aggregators based on the bids, grid constraints, and the day-ahead
electricity price. When congestion happens, economic energy dispatch is
performed to minimize the grid power loss and the difference of bidding cost and
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actual cost. This control design reduces heavy communication and computational
load for the VGI central controller.

A distributed EV charging scheduling with transactive energy management is
developed. Besides the improved bidding strategies, EVAs and DSO operate as
multi-agent and negotiate with each other to clear the electricity price based on
ADMM. DSO ensures the system operation with OPF technique and EVA
minimize its charging cost. Particularly, an EV charging price clearing
mechanism is developed for the negotiation process. EVA and DSO can make
their own decisions. This mechanism provides economic benefits of EV charging
and ensures the stability of the distribution network. This work addresses a
realistic EV charging scheduling problem for modern VGI systems. The research
on applying TE to distribution network operation and large-scale EV charging
energy management is still at early stage.

A Monte Carlo (MC) simulation tool is developed based on the EV arrival time
and SOC distributions obtained from vehicle travel survey dataset to realistically
estimate the charging power demand of XFC stations. The MC simulation
algorithm considers various impact factors, such as EV scale, EV model type, the
percentage of each type in the total simulated EVs, EV charging curves for
different EV model types, XFC station port availability, and maximum waiting
time. An optimal configuration method is also developed for the multiple XFC
stations in a distribution network to determine the optimal energy capacity of ESS,
ESS rated power, and the size of PV panels, which are integrated with XFC

stations. Unlike most existing literature on the sizing of a single XFC station at
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the microgrid level, this method studies the optimal configuration of multiple
XFC stations at the distribution network level. It can reduce both investment and
operation costs while meeting the charging demand and the operational
constraints of the distribution network, XFC, ESS, and PV panels.

A cloud-based simulation and testing platform is presented for the development
and Hard-ware-in-the-Loop (HIL) testing of VGI technologies. To fill the gap
between spatially distributed EV charging stations and communication
interoperability, the platform is developed to consists of multiple subsystems:
real-time power system simulators, such as OPAL-RT and RTDS, Smart EV
Charge Scheduler (EVCS) System, and a real Smart Energy Plaza (SEP) with
various types of charging stations, solar panels, and energy storage systems. The
subsystems can communicate with each other via message queuing telemetry
transport communication (MQTT) protocol. The platform also considered
standardized communication protocols: Open Charge Point Protocol (OCPP) 2.0
for charging station networks and 1SO 15118 between EVs and charging stations.
The modular open systems design approach of the platform allows the integration
of EV charging control algorithms and hardware charging systems for

performance evaluation and interoperability testing.

1.4 Outline of the Dissertation

The content of this dissertation is organized as below:

Chapter 2 presents a TE-based centralized control algorithm for large-scale EV

charging coordination. The bidding strategy is designed to consider charging

12



requirement and minimize the charging cost. A case study shows that the EV
charging cost and the overloading of the distribution network can be reduced
significantly.

Chapter 3 presents an ADMM-based distributed EV charging scheduling strategy
with transactive energy management. The negotiation process among DSO and
EVAs is designed to clear the charging electricity price with OPF technique. The
simulation results show that the presented algorithm can balance distribution
network operation stability and EV charging cost efficiency.

Chapter 4 introduces the optimal configuration of XFC stations integrated with
ESS and PV panels in distribution networks. A MC simulation tool has been
developed to estimate the charging demand of XFC stations with the
consideration of various aspects, including EV scale, types of EV models, the
percentage of different EV models in the total simulated EVs, EV charging curves
for different EV models, XFC station port availability, and the maximum waiting
time.

Chapter 5 demonstrates a cloud-based simulation and testing platform for large-
scale EV charging management and EV charging control. A real-world
implementation shows that the communication links of the platform work
properly, and the EV charging control algorithms can respond to transmission
level grid service request with minimal impact on local operations.

Chapter 6 provides the conclusion of the dissertation and discusses the possible

future work on EV charging and energy management on VGI systems.
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2 Centralized EV Charging Control based on
Transactive Energy Concept ! [60]

This chapter presents a TE-based control approach for planning the charging
activities of EVs. In the presented framework, individual EV owners propose charging
bids to minimize the charging cost. The proposed bids depend on the charging urgency
and the day-ahead electricity price forecast. Considering the scalability of the system,
aggregators at the node-level are designed to collect the bids for a group of EVs within a
node and submit a combined bid for the node to the market in a distribution network. The
market clears the electricity price based on the bids, grid constraints, and the day-ahead
electricity price. When the received power from the market is less than that of the total
EV power demand, power dispatch is required to effectively allocate the available power

to individual distribution nodes and EVs.

2.1 General Framework

The system in consideration is shown in Figure 2.1, which consists of a
competitive market at distribution network level, aggregators at node-level, and a large
number of EVs. The competitive market negotiates electricity price and energy amount
with controllable EVs through aggregators. Each node-level aggregator serves as an
interface between the market and a group of EVs. The dynamic balance of supply and EV

charging demand is achieved by following five steps.

1 ©[2019] IEEE. Reprinted, with permission, from [Zhouguan Wu, Chong Cao, Bo Chen, Transactive
Energy Based Approach for Large-Scale Plug-in Electric Vehicle Charging Control, 2019 IEEE PES Asia-
Pacific Power and Energy Engineering Conference (APPEEC), 12/2019] See Appendix 0 for
documentation of permission to reuse this material
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1) Each controllable EV proposes a charging scheduling for the remaining
parking time based on day-ahead electricity price and its charging requirement,
including charging time, current SOC, and target SOC.

2) A node aggregator gathers EV demand bids for a node. The aggregator forms
an overall bidding strategy for the node based on EV bids and feeder limits,
and then, submits the node bidding strategy to the market.

3) The market clears the electricity price at which the objectives can be achieved.
The clearing price and the amount of energy are sent to aggregators.

4) Base on the market clearing and bidding information, an optimal power
allocation for each node is performed if the bidding demands cannot be met.

5) Similarly, each aggregator dispatches electric power to individual EVs.
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Figure 2.1. System Diagram of TE-Based EV Charging Control in a Distribution
Network.
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2.2 Mathematical Modeling

2.2.1 EV Bidding Price Function
The bidding price for each controllable EV is defined as a function of bidding

power demand, charging urgency, and day-ahead price. Considering the it® EV under

node k, the charging urgency u;, . at time ¢ is defined in (2.1),

avg

it -
L P < p
;uikyt — Plkmax it I (2.1)
1 else
where P,"Y is the required average charging power and PJ;'¢* is the rated charging power.

The required average charging power is calculated by (2.2),

g _ (SOC" —SOC, )Gy, (2.2)
! (I-ik _tc)nik
where SOCitk“r and T;, are the target SOC and the departure time of EV iy; the SOC;,

and t. are current SOC and time; and the parameters n;, and Cj;, represent the charging
efficiency and battery capacity. When y;, ;. equals to one, the maximum charging power

is needed for the remaining charging period.

The bidding price Aﬁi‘} is defined as below:

) Cap _ DA .
O Y @3)

where 2?4 is the day-ahead electricity price at time t; and A°” is the highest bidding
price. The bidding price depends on the bidding power and charging urgency two factors.
As shown in Figure 2.2, EV with higher charging urgency and power demand will offer

higher bidding price to compete with others.
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Figure 2.2. Bidding Price Curve of EVs.

2.2.2 EV Bidding Strategy
Controllable EVs receive the day-ahead electricity price forecast and perform the

optimal bidding planning with its charging requirement. The optimal bidding planning
minimizes the bidding cost subject to the charging energy requirements. The planning
only covers the time duration from the current time ¢, to the departure time T;, . The
charging cost prior to the current time is not considered. Therefore, the bidding planning

of an EV based on day-ahead price is formulated as below.

H Bid pBid
W, R 2.4)
st. SOC, ; =SOC (2.5)
Z PiBitd’]i
SOC, . =S0C, , + ) (2.6)
T it

b.i,

@2.7)

_ 0,P™] ifa , =1
PB'de{( e, Vi e {1}

! 0 ifa =0
Constraint (2.5) considers the target SOC requirement. The target SOC is calculated by

equation (2.6). Constraint (2.7) limits the EV bidding demand under the maximum

charging power. The symbol, I,, represents a vector of controllable EVs at node k. The
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parameter a;, . indicates the charging status: charging or idle. The minimal charging
power is assumed to be zero and the maximum value of charging power, P*** depends

on the type of EV charger. The individual EV bidding strategies are generated by solving

above optimization problem with quadratic programming.

2.2.3 Node Aggregator

A node-level aggregator bridges the communication between EVs and the market
in TE-based EV charging control systems. The aggregator serves two purposes in this
chapter: prepares a bidding strategy for a node and dispatches power to individual EVs.
There are two categories of loads in a node: fixed loads, such as building loads and

uncontrolled EV charging loads, and flexible EV charging loads.

The node-level bidding strategy is defined in (2.8) and (2.9), where P,gid is the

node k bidding power and 25'¢ is the bidding price. Pkclfp is the node k power limit and
P{%* denotes the fixed power demand of the node k. When PZi4 is larger than the power

capability of the feeder, the bidding power is limited to protect overloading.

R min[[z S —P::n] @8)
i el
. ) PBid
i 3G ) 29)

el

The energy management algorithm of the aggregator is introduced in the

Economic Power Dispatch section.

18



2.2.4 Market Clearing
The market unit plays an important role in a transactive energy system. Several

computing methods for the market have been discussed in the literatures [61-63]. This
chapter employs a non-iteration-based clearing mechanism. This method sorts all bids by
price in descending order. Given the substation capacity and the day-ahead electricity
price at current time step, the market clears the price in following ways. If the total power
demand is less than the substation available capacity, which means that no congestion
happens, the clearing price is set as the day-ahead electricity price. Otherwise, as Figure
2.3 shown, the clear price will be increased to cap the demand under the substation

capacity. This method was validated in AEP gridSMART demonstration project [63].
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Figure 2.3. Graphical Illustration of Market Clearing — Congested Case [63].

2.2.5 Economic Power Dispatch

When the received power from the market, P£'€4" s less than that of the total EV

power demand, power dispatch is required to effectively allocate the available power to
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individual distribution nodes and EVs. At the node-level, the objective is to minimize the

grid power loss.

The line current I, is updated in each time step by equation (2.10). The notation
k; indicates the line before node k and k;,, represents the line after node k. Iy, .
represents the line current of a branch at node k. The variables Iy ;, Vi, Py, and Qg ¢

are the current, voltage, real power, and reactive power of node k, respectively. The line

current can be update from any end nodes of branches.

Ik,,t = Ik‘t + Ikm,t + Ikb,t

_[ Bt 19 *+I +1
- Y/ kit kot (2 1 0)

k.t

I
I, =0, ifk is a node without branch

kot =0 if k is an end node

The optimization problem can be formulated as:

min > Ry [ (2.11)

Mk eKy
st. Z Pk,t _ Rclear (2 12)
R. €[0,P3"], Vk e{K]} (2.13)

Ry, and I, . are the resistance and the current of line k;. K, is the vector of lines in a
distribution network under consideration. The line current I, . is updated in each time
step by equation (2.10). The notation k; indicates the line before node k and k;,,
represents the line after node k. I, . represents the line current of a branch at node k. The
variables I ¢, Vi, ¢, Py, and Qg . are the current, voltage, real power, and reactive power

of node k, respectively. The line current can be update from any end nodes of branches.
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The total node power equals to the available power P4 as defined in (2.12). K is the
vector of nodes. The constraint (2.13) limits node powers under the individual node

bidding power P,Eid. With the quadratic objective function (2.11), this optimization can

be solved by the sequential method in a centralized manner. Based on the P,f, % Joad of
each node, a flat voltage profile is computed based on backward-forward sweep methods,
and then, the optimal power allocation profile is determined through the quadratic
optimization. After that, the node voltages are updated. The process continues until the

differences of node voltages are smaller than a predefined tolerance value.

At the EV-level within a node, the objective is to minimize the difference of the
total charging cost of the node with the bidding cost. The optimization problem is

formulated as:

H Clear Bid pBid 2
min Z (A™R, A= 27T AL) (2.14)
st 2 R=Ry 2.15)
i el
R €[0,P%'], Vi, e{l, } (2.16)

where P;, . denotes the allocated power for it" EV at node k, and A$'9" indicates the
market clearing price. Constraint (2.15) caps the total charging power of controllable EVs
to the available power P . at the node. Constraint (2.16) specifies the charging power of

controllable EVs varying from zero to the bidding power. The actual charging power for
each controllable EV in the node is allocated by solving this optimization problem with

quadratic programming.
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2.3 Case Study

2.3.1 System Setup
The presented TE-based control approach is tested on a 33-bus distribution test

feeder [64] with commercial area and residential area. Table 2.1 lists the load distribution
of the grid. The commercial area consists of 22 nodes, which contains offices, restaurants,
malls, supermarkets, retails, school, warehouses, parking lots and hotels. For the
residential area, houses and apartments are located at 10 nodes. All the building loads are
obtained from [65] for the area of Chicago O'Hare International Airport in Illinois, USA.
It is assumed that there are total of 381 EVs in the distribution network, including
Chevrolet Volt 2019 and Nissan Leaf 2019. The average charging efficiency of all EVs is
assumed to be 80%. The EV arrival/departure time and initial/target SOC are randomly
generated based on[12, 66]. The EV charging under residential nodes are during the
evening or night and must be complete by 7:00 a.m. on the second day. The commercial
EV charging customers prefer to stay 2 to 6 hours during daytime. The day-ahead

electricity price shown in Figure 2.4 is based on the average day-ahead price forecast in
August 2016 obtained from [67]. The price cap Af“” is 2d/kWh higher than the day-ahead

electricity price.
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Figure 2.4. Day-ahead Electricity Price.
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Table 2.1. List of Loads in the Distribution Network

Residential Commercial

10 Nodes 183 EVs 22 Nodes 198 EVs

Categories | Node E\O/SOf lljorg?t Categories Node E\O/;)f Ei?giet

20 Houses | 11 20 75 Warehouse 1,28 10,0, 100,100

19 Houses | 12 19 75 Strip Mall 2 0 100

Apartment | 13 24 100 Retail 3 0 100

23Houses |14 |23 [100 |ra-senice 18,9 g g 56 ;g ~
Quick

l6Houwses |15 |16 |75 | Service 22125 4,0,0,0 28 o

19 Houses | 16 19 75 Hotel 6 10 150

22 Houses | 17 22 100 Office (M) 7,29 35,0 250,250

Apartment | 18 20 100 | Office (S) 20, 32 10,0 100,50

Apartment | 19 0 100 School 21 0 50

27 Houses | 27 20 75 Supermarket | 23, 24 20, 20 400,400
Parking Lot | 30, 31 30, 40 100,200

2.3.2 Simulation Results
With 5-minute step time, this use case simulates a 24-hour period for the system

under three scenarios, including the uncontrolled charging, 50% and 100% of

participation rates. For uncontrolled EVs, the charge starts at the arrival time with
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maximum charge power. When the SOC reaches to the target, the charging will be

stopped. Any uncontrolled EV is considered as fixed load.

The impact of the load profile with different EV participation rates is shown in
Figure 2.5. During the period of 17:00 to 21:00, the total load for uncontrolled charging
scenario exceeds the 2400 kW substation capacity. With the increase of EV participation
rate, the charging power shifts to late night gradually and the power profile is no longer
to reach substation capacity. Particularly, for 100% participation scenario, the peak load
is close to base load but has the highest load value during late night when the day-ahead
electricity price is lower. From the simulation results, uncontrolled charging is more
likely to cause overloading during peak load time, but the TE-based method can reduce

distribution network congestion and shift the charging load to the off-peak period.

25



2500 RS ]

2000

Load [kW]

1000

Base Load
----- Uncontrolled
500 [ 50% Participation ]
——=100% Participation
= = =Substation Capacity

0 | | | | 1 | |
7:00 10:00 13:00 16:00 19:00 22:00 1:00 4:00 7:00

Time [hour]

Figure 2.5. Load Profile of the Distribution Network

The presented method can also well manage the node-level congestion. Figure 2.6
shows the aggregated load of the commercial node 7. All the EVs choose maximum
charging power as soon as they arrive. However, once the aggregated load reaches the

feeder limit after 9:00am, the aggregator will cut the total feeder charging power.
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Figure 2.6. Load Profile of the Commercial Node 7
Figure 2.7 shows the aggregated load of residential node 15. Either uncontrolled
scenario or 50% participation scenario will cause the feeder congestion. In the 100%

participation scenario, all the EV customers are able to select low price time period to

charge their vehicles.
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Figure 2.7. Load Profile of the Residential Node 15

Table 2.2 compares the charging cost in different scenarios. It is observed that
100% participation scenario has the lowest charging cost. The charging cost increases
when the participation rate decreases. Considering the commercial node 7, the cost is
only reduced a little bit. That is because EVs under these nodes have less opportunity to
avoid peak price. However, EV customers under the residential nodes 15 can reduce the

charging cost significantly due to lower price and loads during nighttime.
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Table 2.2. Comparison of Charging Cost (price does not consider various service fees)

Scenario Uncontrolled | 50% Participation | 100% Participation
Overall 20724 18373 15427

Charging

Cost [d] Node 7 1222 1219 1214
Node 15 | 1056 874 658

Figure 2.8 shows the individual charging cost of all EVs. The actual charging cost
is perfectly tracking with the bidding cost. Meanwhile, the actual charging costs of
individual EVs are reduced effectively. It must be noticed that uncontrolled charging
scenario applies the day-ahead electricity price as the actual charging price and does not
consider the grid congestion. This will cause a few EVs have higher actual charging cost

during peak price duration.
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Figure 2.8. Individual EV Charging Cost

2.4 Chapter Conclusion
This chapter presents a TE-based control strategy to optimize the EV charging.

With the day-ahead electricity price forecast, all controllable EVs setup their bids for the
remaining charging period optimally. Moreover, given the bids, grid constraints, and the
day-ahead electricity price, a competitive market clears the price and the available energy
to aggregators. When congestion happens, economic energy dispatch is performed to
minimize the grid power loss and the difference of bidding cost and actual cost. The

simulation results show that the charging cost of controllable EVs can be reduced
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especially at night. The charging load is also shifted to off-peak period to avoid

distribution network congestion.

However, the optimization problems are solved in a centralized manner. The
proposed strategy is only suitable to control EV charging rate for current timestep instead
of schedule the whole EV charging process. The distribute EV charging scheduling need

to be explored to apply to modern power system.

31



3 Distributed EV Charging Scheduling with Transactive
Energy Management 2 [68]

A distributed EV charging scheduling strategy with transactive energy
management (TEM) is presented in this chapter to deal with technical issues in
distribution network operation and discuss the economic benefits of EV charging. At an
individual EV level, EV owners propose bids to actively participate in the distribution
system operation. At the node level, an electric vehicle aggregator optimally allocates the
available charging power to meet EV charging requirements and cost benefits. At the
distribution network level, a distribution system operator integrates an electricity price
market clearing mechanism with the optimal power flow technique to ensure the
reliability of the distribution network. Moreover, a distributed algorithm is discussed for
solving the EV charging problem with transactive energy management. The clearing
electricity price is achieved through a negotiation process be-tween the DSO and EVAS

using the alternating direction method of multipliers.

3.1 Overview of EV Charging Scheduling Management

Consider a radial distribution network with J buses, a DSO is designed at the
slack bus to ensure grid stability and address the economic benefits. In addition, several
EVAs are located at each node except the slack bus. Each EVA responds to a group of
EVs based on their physical locations. As shown in Figure 3.1, the system includes multi-

criterion optimizations among the DSO, EVAs, and individual EVs.

2 © 2022 by the Zhougquan Wu, Bo Chen; licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0/).
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Figure 3.1. The System diagram of TE-based EV Charging

To coordinate the operation of the integrated EVs, EVAs, and DSO, a TE-based
EV charging mechanism is designed to achieve a reliable and cost-efficient electricity
system. In contrast to the traditional demand response control, EV customers can choose
to buy and prioritize the charging cost. As shown in Figure 3.2, EV charging scheduling
management comprises three stages. In Stage 1, an optimal EV bidding strategy of
individual EV and node-level aggregation is designed. Individual EV owners will
propose their optimal bidding strategy based on day-ahead electricity price forecasts and
charging requirements. Then, a node-level EVA will collect all bidding information
within the node and form a bidding price for the node. With this strategy, EVs can
directly participate in the distribution-level market clearing mechanism in Stage 2. In
Stage 2, the DSO will clear the electricity bidding and find the clearing electricity price,
and EVA will adjust its feasible power demand. Meanwhile, the OPF technique will be

addressed in this stage to ensure the smooth operation of the grid. In Stage 3, the node-
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level EVA will optimally determine the charging rate for individual EVs within the node

by considering EV owners’ bidding demands in Stage 1, the clearing electricity prices,

and the available power in the node.

Aggregation

Stage 1: Individual EV Bidding Strategy and Node-Level

Input
EV Info *J‘ﬁ __________________ :
_ H EV bidding '
Day-ahead EVn; | information |
price bommmmmmmm e

EVA j
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Stage 2: ADMM-based DSO-EVA Coordination
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Stage 3: TE-based EV Charging within a Node
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Figure 3.2. Three-stage EV Charging Scheduling Management.
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3.2 EV Charging and Distribution Network Model

3.2.1 EV Charing Model
An individual EV seeks to optimize its charging power scheduling for a time

period of T as defined by a vector of P, = [Pnj(l), ...,Pnj(t),Pnj(t + 1), ...,Pnj(T)],
where n; € {1;, ..., N;} represents the location of nt" EV supplied by EVA j. The EV

charging process is modeled as a discrete-time linear system as:

77"'1 Pnjc(t)At (3 1)

where Pn,-(t) is the charging power at time step t, E,Ej indicates the battery capacity, Mn;

SoCnJ t+1 = SoCnj t)+

is the charging efficiency, and At represents the time step duration. The energy
requirement, maximal and minimal charger power rating of individual EVs are defined as
a series of constraints. It is assumed that the charging duration and energy requirement
are known as soon as EVs connect to the charging stations. The constraints of individual

EV charging schedules are:

Pnrjnin < Pnj (t) < PnTaX if active (32)
P, {®)=0 if inactive
SoC, (t+d, ) =SoC} (3.3)

Vehicle-to-grid power flow is not considered in this paper. Therefore, the values P,
and P,{;.”'” indicate the maximal and minimal EV charging rate for the time horizon. The
parameter dnj denotes the number of time steps remaining until departure and SoC,{j is

the target SoC by the next departure.
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3.2.2 Distribution Network Model
Given a radial distribution network represented by graph ¢ = (J,E),J = {0, ...,J}

represents the set of feeder nodes and E denotes the set of lines between the buses in the
network, e.g., (i,j) € E indicates the line that from bus i to bus j. Let bus O represent the
substation bus that connects to the utility as an external power source. The branch flow

model in a radial distribution network is shown in Figure 3.3.

BusO Busi Busj

Po1, Q01 | Pijy Qij 1ij +ixy
_®7:‘> > A\
Substation

—lPO: do —lpi! qi

Figure 3.3. The Branch Flow Model in A Radial Distribution Network.

For each node j € /, let p; and q; be the active and reactive injection power, and
V; denote the complex voltage on this bus. For each link (i,j) € E, r;; and x;; are the
resistance and reactance of this line; I;; represents the complex current; P;; and Q;;

denote the sending-end complex power from bus i to j. Except for the substation bus

(indexed as 0), each node j has a unique parent node i and a set of child nodes C;. Let

li; = |I;;|” denote the squared line current magnitude of the line (i, ) and v; = |V;| be
the squared voltage magnitude of node j. The power balance and flow equations of the

distribution network can be formulated as [69]:
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p,t)=P,M)-rl,®)- D P ), Viel

keC;

q; (1) =Q; ) —x;l; - D Qu (1), Vied (3.4)

keC;
v, (0) = v, (€)= 20 By (1) +,Q; () + (i + )1 (1) V(i j) € E
B t)?+ Q; (t)?
G
However, the quadratic equalities in (3.5) will cause non-convex optimization,

(= V(i) <E 3.3)
which is difficult to solve and does not guarantee convergence. Thus, a second-order
cone relaxation [70] is applied as the inequality constraints:

P (t)? +Q; (t)?

vi ()
The OPF problem will be transformed to a convex one for radial networks.

I, (t) = v(i, j)cE (3.6)

Meanwhile, to satisfy this relaxation, the voltage of buses should be very close to the
nominal value and the power input to the bus should be under a certain limit. The

additional constraints to ensure the prescribed region are:

Vit <v () <V, Vjed (3.7)

o<l ®=I™, VG j)<E (3.8)

(3.7) prevents voltage violation, and (3.8) limits the current of each line ij respectively.
The values v}"in and v/"** are the minimum and maximum of voltage magnitude, and

L;7** is considered as the maximum of the current magnitude.
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3.3 Problem Formulation of Distributed EV Charging
Scheduling with Transactive Energy Management

3.3.1 Individual EV Bidding Strategy and Node-Level
Aggregation

The framework for individual EV bidding strategy and node-level aggregation is
shown in Figure 3.4. Firstly, according to the charging request, demand, and duration,
individual EVs will find the optimal bidding strategy and forward it to the EVA. Then, to

coordinate with others, the EVA needs to form the final bidding price and netload

demand.
EV 1; LV n;
li EV information l: EV information 1
L e - b=
EV bidding optimization (3.11) EV bidding optimization (3.11)
according to electricity price forecast according to electricity price forecast
| Charging | i Bidding ! | Charging 1 | Bidding !
i_ic_h_e_d_ul_iTg“(I_’_lj_)_d: ' price (Alj) ! E scheduling (Pnj.) ! i_ price (Anj) i

Figure 3.4. EV Bidding and Nnode-level Aggregation.

Individual EV owners need to propose a bidding price to compete with others. To
be fair, a blind auction mechanism is considered in the bidding process. The bidding price
is defined by a vector ln,- = [Anj(l), ...,Anj(t),/lnj(t + 1), ...,Anj (T)]. At each time step,
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the bidding price reflects both the current charging power demand and the remaining
charging flexibility. For example, an EV owner whose vehicle has a longer charging
duration and a lower energy requirement is not inclined to offer a high price to obtain

more charging power. Thus, the preferred charging electricity price Anj(t) is formulated

as:

Cap
Ay =220+ 5O, (O, O-R") (3.9)
SoCT (t)-SoC, (t)|ES
4, (t)m|n|:( "j ) ) ! ,1 (310)
i m, PnrjnaxdnJ At

At time step t, the day-ahead electricity price 1?4 and the feasible increase range of the
preferred charging electricity price 2@ are assumed to be forecasted by the utility. The

charging urgency Hn; is defined in (3.10) to reflect the flexibility of the remaining

charging duration dnj X At.

Once the pricing principle was defined, individual EV owners will propose their
bidding schedule without negotiation with others. Each EV customer pursues a target

charging cost. The optimization formulation is given below:

min %, -P,"-At

st (31)-(33) G.11)
F’nj ,an IS Nj
C,=x -P'T.At (3.12)

where Cr; indicates the target optimal cost during the bidding process, while P;j and )::l].

are the optimal power demand and bidding price solved by problem (3.11). These only
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depend on the day-ahead electricity price forecast and individual EV charging
requirements. The results can be solved with quadratic programming and selected as the

target of initial charging cost in stage 3.

The EVA serves as the bridge between individual EVs and the DSO. In stage 1,
the EVA aggregates power demand and finds bidding prices for all the EVs in the node.
The aggregated bidding price will inform the DSO for market clearing via the
communication shown in Figure 1. For individual EVA j € {1, ...,J}, where N denotes
the number of EVAs in the distribution network, the aggregated power demand can be

formulated by:

p; =P+ > P, (3.13)

neNj

Letp; = [pj(l), ...,pj(T)] be the aggregated active power demand by EVA for bus j,
and Pf is the vector of aggregated uncontrollable load demand. The aggregated bidding

price for EVA j at time step t is:

R, ®)
A=Y /lnj(t)Z’P O (3.14)

neN;

where the bidding price is denoted by A;. It is designed as the expected value of

individual EV owners’ bidding prices in proportion to the amount of power demand.

3.3.2 ADMM-based DSO-EVA Coordination
Figure 3.5 shows the negotiation process between the DSO and EVAs to

determine the optimal clearing prices A for the distribution network and optimal feasible

netload p; for each EVA.
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Figure 3.5. The Framework of ADMM-based DSO-EVA Coordination.

The EVA adjusts its power demand according to the clearing price and re-
negotiates with the DSO. EVAs aim to reduce the charging cost in terms of group EVs,

so the objective function can be formatted as:

fj(pj)zxdear'pjT At (.15)

where A¢!¢e indicates the vector of clearing electricity price proposed by the DSO during

the negotiation.

The DSO is located at the substation bus 0 as shown in Figure 3.1. It purchases
electricity from the utility and ensures the reliability of the distribution network using
OPF techniques. The objective function of DSO is designed to reduce the cost due to

energy loss as shown below.

g(p;) =23 (1 ry)-At (3.16)

where [;; = {lij(l), L (O, 1+ 1), ., ll-j(T)} indicates a vector of the square of line
current magnitude for a time period of T x At. The DSO also provides the functions of a

competitive market for this distribution network. It collects bidding price information
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from EVAs and clears a unique electricity price to coordinate the power schedules for

EVAs. During negotiation, the clearing electricity price at time step t is given by:

2 (40p0) (3.17)
lclear (t) _ 1#0jeN ; (t)

where po and qq represent the vector of active and reactive power purchase from the

utility.

In this radial distribution system with a DSO and multi-EVAs, the goal of the
DSO is to minimize energy loss, while EVAs prefer to reduce the actual charging cost.

The optimal DSO-EVA coordination problem can be formulated as:

min g(p,-)*’ijlfj(pi)

over p; Vjel (3.18)
st (3.4),(3.6),(3.7),(3.8)
pjmin < pj < pJmaLx

where p}-"i" and pj"** represent the minimum and maximum load for each EVA.

Although the optimization problems (3.18) can be solved by a centralized method,
it is not computationally efficient and will cause privacy issues since all the information
needs to be transmitted and processed by the DSO. The decision variables for the DSO
are strongly coupled with each EVA’s decision variable. By introducing an auxiliary

variable z;, the ADMM method [71] can be used to solve the problem in a distributed

manner. The problem (3.18) can be re-defined as:
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min 9(21)'*2;:1 fi(py)
st p;=z; Vjel (3.19)
(3.4),(3.6),(3.7),(3.8) for DSO
pi" <p; <p™ for EVA
where the auxiliary variable z; = p; proposed by the DSO is to link the injection power

p; of each node. The augmented Lagrange function is defined as:

] ) p 2 2
Lp(pj,zj,y)_ijlfj(pj)+g(zj)+zj_0(yf(pj—zj)+5||pj—zj||2j (3.20)
where y; is a vector of Lagrange multiplier and p > 0 denotes the penalty parameter.

Therefore, the optimization problem (3.19) can be solved concurrently by each EVA and

DSO. At iteration k, each EVA solves the problem:

- argmm[fj (0,)+vp, + 2], _z§||§j (321)

s.t. p" <p,; <p]
The DSO solves the problem (3.22) to address the OPF. Meanwhile, it is also responsible

for updating the auxiliary vector z; through the problem (3.23) to coordinate with EVAs.

2= argmin(g (zj )+Z;l(—yszj +§|

st (3.4),(36),(3.7),(38)

Py -z, ||§D (3.22)

yI}+1 =y|j +p(pl;+l_zlj+1) (323)

The ADMM iteration satisfies the residual, objective, and dual variable
convergence. Given by the residuals of primal feasibility » and dual feasibility s, the
stopping criteria is defined as:

2_ J 2 ri 324
)= 22,0 -2l < (329
K2~ Ik okl o dual 3.25
[s1; = Al -2, <= 329

where Pt and £944! gre feasibility tolerances for the primal and dual residuals.
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3.4 TE-based EV Charging within a Node
After the DSO-EVA negotiation process, each EVA will receive the optimal

feasible power p; and clearing prices 4" from stage 2. Figure 3.6 shows the process of

optimal EV charging management within a node.

P —— e ——————— T

i Uncontrolled ! : Chargingrate | :“(_:};a_r:gi_n_g_r;ge_ _:
! . 1 ! . 1 ! . |
! load profile ' scheduling | ' scheduling |
@D Py L Py
e e e 2 S, .
v v v
i sm ... R
Fix Load EV 1; EV ny

Figure 3.6. EV Charging Optimization within A Node

Individual EVs want to track the target charging cost C,,, in stage 1 because it is
the optimal solution without considering any distribution network congestion. Therefore,
the EVA needs to generate a sequence of actual EV charging rates for each EV under the
node to meet this objective. In this paper, the objective function of EV charging for a

group of EVs under the EVA j is defined as:
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min Z:‘z‘l()f -P,"T-At-C, )2
over PHJ,an eN,

st (3.1)-(3.3)
The optimal solutions of individual EV charging rate schedule P, Can be solved by the

3.1)

quadratic programming method and the EVA will send this information to all EV

charging stations in the region.

3.5 Use Case Study

To validate the presented TE-based EV charging scheduling management
algorithm, a modified 33-bus system [64] is selected to simulate a medium-voltage
distribution network. The distribution nodes are classified into residential nodes and
commercial nodes based on their load patterns. Different building load profiles are
obtained from [65] and modeled into each node. The nominal voltage of the 33-bus
distribution system is 12.88 kV and the topology is shown in Figure 3.7. In addition to
building loads, a total of 230 EV charging loads are modeled in 14 nodes. The battery

capacity Eﬁj is 40 kWh, the minimal charge rate Pn’;”'" is 1.44 kW, and the maximum
charge rate P,{;_“"x is 6.6 KW. The EV arrival/departure time and initial/target SOC are

generated based on [72]. Most EVs charging at commercial areas will continue for two to
four hours during the daytime. EVs charging at residential areas will start in the evening
or at late night and will end by 6:30 a.m. Without considering the service fee, the day-
ahead electricity prices are obtained from [67] as shown in Figure 3.8 and the feasible
increasing range A¢9? is set as 42/kWh. The length of the entire horizon is 24 h (7:00 a.m.

— 7:00 a.m.) and the duration of each time step is 15 min.
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Figure 3.7. 33-bus Distribution System with EV Charging Loads.
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From the perspective of the distribution network, Figure 3.9 shows the load
profiles of the 33-bus system with and without TEM. Without TEM, the overall load will
exceed the substation capacity in the morning and evening when a large number of EVs
are connected. However, the charging loads are shifted smoothly when TEM is
introduced so that the load profile is always under the substation capacity. From Figure
3.9, it is obvious that residential EV charging loads in the peak period (17:00-20:00) are
moved to the off-peak period (24:00-6:00). Figure 3.10 shows the voltage profile of the
33-bus system with TEM. No voltage violation is observed because the coordination of
the DSO and EVAs ensures the stability of the distribution network. These results show
that TE-based EV charging management can avoid load congestion and improve grid

performance.
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Figure 3.9. Load Profiles of 33-bus System with and without TEM.
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Figure 3.10. Voltage Magnitudes of 33-bus System with TEM.

From the perspective of nodes with EV charging loads, two representative nodes
are selected to demonstrate the results. In particular, Node 4 is a commercial node with
10 EV charging loads, and Node 17 represents a residential node with 10 EV charging
loads. Figure 3.11 and Figure 3.12 show the load profile and EV charging results of
commercial Node 4. With TEM, part of the EV charging load is shifted to avoid
exceeding the upper power bound of the node. At the same time, all EV charging
requirements are met within their charging durations. Figure 3.13 and Figure 3.14 show
the load profile and EV charging results of residential Node 17. After applying TEM,
almost all EV charging loads are shifted from the peak period to an off-peak period.

Residential EV charging has more flexibility to address its charging schedule as well as

49



provide grid service. Meanwhile, all EVs’ charging requirements are satisfied. Therefore,

TE-based EV charging management is feasible for individual nodes and EVs.
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Figure 3.11. Load Profile of Node 4
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Figure 3.12. EV Charging Results of Node 4
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Figure 3.13. Load Profile of Node 17
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Figure 3.14. EV Charging Results of Node 17

Besides ensuring grid stability, TEM also considers customers’ charging costs.
Figure 3.15 shows the final EV charging price of EV charging with and without TEM.
With TEM, to encourage EV owners to shift their charging demand to support grid
operation, such as via voltage regulation and congestion management, the DSO will
reduce the EV charging-electricity price in the market clearing mechanism. This
incentive mechanism offers better economic benefits for any EVs participating in the
TEM program. Table 3.1 lists the groups of EV charging costs with and without TEM.
The results show that TEM can reduce about 39.55% cost for 230 EVs through a clearing
price. Typically, at residential nodes, EVs can save more than 50% of their charging cost

because of overnight charging periods. The charging of residential EVs presents more
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flexibility to be scheduled according to clearing prices and grid peak/off-peak periods. At
commercial nodes, although EVs have less flexibility to respond to clearing prices, TEM
can still result in about 10-20% cost saving for connected EVs. As a result, TE-based EV
charging management can also offer economic benefits for distribution networks, nodes,

and individual EVs.
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Figure 3.15. EV Charging Price with and without TEM.
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Table 3.1. EV Charging cost of the 33-bus system with and without TEM.

Node Node |Number|Cost with TEM |Cost without TEM|Cost Reduction
Type Numberof EV  [9 [9 [90]
4 10 685.54 778.54 11.95
8 20 1732.07 1566.27 0.57
Commercial [22 10 445.9 568.7 21.59
25 40 1990 2320.68 14.25
31 30 2200.31 2432.68 9.55
7 20 1404.41 3049.55 53.95
14 20 2846.94 1366.07 52.02
15 10 1551.46 7045.9 54.59
16 10 629.12 1405.74 55.25
Residential (17 10 736.43 1589.63 53.67
20 20 1518.65 2959.82 48.69
28 10 647.3 1361.66 52.46
29 10 695.28 1425.7 51.23
33 10 721.79 1583.88 54.43
Overall 230 17805.2 29454.82 39.55

The presented method is simulated using MATLAB on a laptop with an Intel

Core i7 of 2.8 GHz. The optimization problems are formulated using YALMIP [73] with

CPLEX as the solver. Figure 3.16 shows the convergence process for solving the

ADMM-based DSO-EVA coordination problem with the parameter values of p = 1 and

gPTt = g@ual = 0,01. The norms of primal residual and dual residual converge to 0.01

within 244 iterations. The optimization problem has a large number of variables and

constraints due to large-scale EVs and EVAs. Additional methods, such as the dynamic

step size modification method introduced in [74], will be explored in the future to

improve computational efficiency.
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Figure 3.16. Iteration Process of ADMM-based DSO-EVA Coordination.

3.6 Chapter Conclusion
In this chapter, a distributed EV charging schedule with transactive energy

management is presented. In the first stage, EVs will propose individual bidding
strategies to reflect their charging requirements and cost benefits while the EVAs will
generate node-level bidding strategies based on the individual EV bidding information in
the node. At the second stage, DSO and EVAs will negotiate to find a balance between
the distribution system operation stability and EV charging economic benefits. The DSO
ensures network operation with the OPF technique and the EVAs minimize charging
costs. In particular, an EV charging price clearing mechanism is developed, which is used
in the coordination process. This mechanism provides the incentive for EV charging
customers to improve network operation performance. Thus, EVAs and EVs can make

their charging scheduling autonomously with clearing price signals.
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However, the use case presented in this chapter only considers level-2 AC EV
charging. DC fast charging and extreme fast charging with battery energy storage
systems are not considered. These chargers will cause additional complexity in the

distribution grid and will be a focus of the next chapter.
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4 Optimal Configuration of Extreme Fast Charging
Stations Integrated with Energy Storage System and
Photovoltaic Panels in Distribution Networks

In this chapter, the analysis of XFC behaviors and the design of XFC stations with
renewable energy resources for distribution networks is addressed. To realistically
estimate the charging power demand of XFC stations, a Monte Carlo (MC) simulation
tool is developed based on the EV arrival time and SOC distributions obtained from
vehicle travel survey dataset. The MC simulation algorithm considers various impact
factors, such as EV scale, EV model type, the percentage of each type in the total
simulated EVs, EV charging curves for different EV model types, XFC station port
availability, and maximum waiting time. To reduce the investment and operation costs of
XFC stations and avoid overloading the grid due to XFC events, an optimal configuration
method is presented for the multiple XFC stations in a distribution network to determine
the optimal energy capacity of energy storage system (ESS), ESS rated power, and the
size of photovoltaic (PV) panels, which are integrated with XFC stations. The optimal
power flow technique is applied to this optimization so that the optimal solutions meet
not only the charging demand but also the operational constraints of the distribution

network, XFC, ESS, and PV panels.

4.1 EV Charging Demand Estimation

The EV charging demand at XFC stations is the key impact factor to determine
the optimal ESS energy capacity, ESS rated power, and the PV size integrated with XFC
stations. Due to the lack of real-world XFC station charging demand data, Monte Carlo

simulation is employed to estimate the XFC station charging load. Figure 4.1 shows the
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inputs, outputs, and estimation logic of the Monte Carlo simulation. The MC simulation
parameters and the descriptions of these parameters are summarized in Table 4.1. The
simulation inputs include EV scale, the number of station ports, battery characteristics,
maximum waiting time, and EV arrival time and SOC distributions. The probability
distributions of EV arrival time and SOC are obtained from a travel survey database. The
outputs of the MC simulation are the load profiles and daily usage of each XFC station. A
first come, first serve queuing method is adopted in the load estimation logic. When an
EV arrives at a XFC station, the driver will wait in the queue if there is no charging port
available. When a port becomes available, the first vehicle in the queue will start to be
charged. A vehicle will leave without charging if the waiting time reaches the maximum

waiting time.

EV scale

Number of station port

Battery characteristic

=7
]

Maximum waiting time

b

Inputs

XFC Station Daily Load

Station Daily utilization

Outputs

No

:
| Initial EVs’ arrival time and SOC |<7
Arrival time and
SOC distributions
Charging port available?
No Yes

Start charging

‘ Update charging
on battery craracteristic

Update waiting times

Longer than the
maximum
waiting time?

Update SOC based on Equation
(4.2)

Yes 50C > 90% No

MC simulation of daily XFC behavior

(1-min resolution)

Figure 4.1. Charging Demand Estimation using Monte Carlo Simulation
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Table 4.1. Parameters of EV Charging Demand Estimation

Input Parameters

EV scale

Define the number of EVs visiting the
XFC station daily.

Number of station ports

Define the number of charging ports of the
XFC station

EV battery characteristics

Define the battery size, percentage in the
total simulated EVs (Table 4.2), and
charging curves (Figure 4.4) of different
EV models.

Maximum waiting time

Define the maximum allowable waiting
time of each EV at the XFC station. EVs
will leave if the waiting time reaches the
maximum waiting time.

Probability Distributions

Arrival SOC at XFC station

The probability distribution of SOC when
EVs need to be charged.

Arrival time at XFC station

The probability distribution of time when
EVs visit the XFC station.

4.1.1 Probability Distribution of EV Arrival Time at XFC Stations
The probability distribution of EV arrival time at XFC stations is obtained based

on the probability distributions of home departure time, the daily mileage, and the hourly
probability of daily trips. To obtain a realistic probability distribution of EV arrival time,
the probability distributions of home departure time, the daily mileage, and the hourly
probability of daily trips [75] derived from an open database National Household Travel
Survey (NHTS) [76] are used. The survey data provide information on driving patterns
for 309,164 vehicles. The first peak of departure time from home to work is around 7:00
— 9:00 am, and most EVs travel within the range of 5 to 40 miles daily. Paper [75]

analyzed the travel survey data thoroughly and presented the probability distributions of
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home departure time and the daily mileage. It also provides the hourly probability
distribution of daily trips for a weekday and a weekend. These probability distributions
were used in this study, to generate the probability distribution of EV arrival time at XFC

stations.

A total of 100,000 EVs are simulated to generate the probability distribution of
EV arrival time at XFC stations. It is assumed that half of these vehicles leave home with
90% SOC, and the rest are 40% SOC. It is also assumed that the arrival SOC at XFC
stations follows a normal distribution. Figure 4.2 shows an example of arrival SOC
distribution with 25% mean and 3.4% standard deviation. In the simulation, the random
values of home departure time, the daily mileage, and the threshold of SOC to charge the
vehicle are generated for each EV from the probability distributions of home departure
time, the daily mileage, and arrival SOC. The battery SOC of EVs at each time step (one

hour) is updated by:

SOC,, (t+1) = SOC,, (t) - ”(;(t)d x100 4.1)

max

where m(t) is the hourly probability of daily trip at time t, d denotes the daily mileage,
and d,,,q, 1s the maximum mileage range of EV battery. When an EV’s SOC becomes
below its threshold SOC, the vehicle needs to be charged and the current time is recorded.
The collection of this time for all 100,000 EVs forms the probability distribution of EV
arrival time at XFC stations as shown in Figure 4.3. Two peaks, which are the morning
peak from 7:00 am to 9:00 am and the evening peak from 5:00 pm to 8:00 pm, are

observed during the commuter periods.
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Figure 4.2. The Probability Distribution of Arrival SOC at XFC Stations
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Figure 4.3. The Probability Distribution of Arrival Time at XFC Stations

4.1.2 EV Charging Load Estimation with the Consideration of
Charging Curves for Different EV Models

As mentioned previously, the EV charging curves depend on both the charging
port power rate and the EV’s battery characteristics. For example, an EV with a
maximum charge rate of 50 kW can be connected to a 300-kW charger, but it will be
charged at 50 kW. Therefore, the battery charging acceptance curve is necessary to be
considered while estimating the charging load at XFC stations. The 300-kW charger
operated by Fastned is adopted in this paper. The charging curves of various types of EVs

are shown in Figure 4.4 [77].
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Figure 4.4. EV Charging Curves at 300 kW Chargers [77]

The charging process of nt* EV is modeled as a discrete-time linear system as:

SOC., , (t+At) = SOC (t)+w (4.2)

n,ev n,ev
n,ev

where 7, o, is the charging efficiency, P, ., is the instant charging power, and E,, ., is the

battery capacity.

The number of charging ports is also considered as an impact factor of charging
load estimation at XFC stations. Based on the data from the Alternative Fuels Data
Center [78], many EV charging stations have 2 to 4 ports. Common gas stations in the

suburbs have 6 to 12 pumps. Therefore, in this paper, the number of charging ports is
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chosen within the range of 2 to 12. Each port has the ability to deliver power up to 300
kW, which can add 200 miles of range within 15 minutes. The maximum waiting time is
15 minutes. Based on the first come, first serve queuing method, the MC simulation can
be performed with 1-min resolution over every 24-hour period and generate approximate
real-world load profiles and port usage of XFC. The charging load at every simulation
time step is calculated based on the number of EVs being charged and the charging

curves of these EVs.

4.2 Optimal Configuration of XFC Stations integrated
with ESS and PV Panels in Distribution Networks

A schematic illustration of an XFC station with ESS and PV panels in a medium
voltage distribution network is shown in Figure 4.5. The XFC station is connected as a
distribution node and it receives power through the distribution feeder and transformer.
The reverse power flow feeding back to the distribution network is not allowed. Hence,
ESS is responsible for storing energy from the PV panels and the distribution network
and releasing power to XFC charging loads to meet charging requirements. The operation
limitations of the grid also need to be considered while drawing power from the

distribution network.
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Figure 4.5. Schematic Illustration of an XFC Station with ESS and PV Connected to a
Distribution Network

4.2.1 Distribution Network Power Flow
Considering the branch flow model as shown in Figure 4.5, the optimal power

flow technique is common to ensure the operation of the distribution network. For each
node k € K, letj be its parent node and m € M, be its child nodes. The power flow

equation can be formulated as:

Py () =15 O — Z P () = B (1) 4.3)
0 () = Ty X — Y Q) =Qy (1) 4.4
Uk(t)_Uj(t)_(rjzk +Xj2k)|jk 4.5)

+2(py Oy +d; (1)x;) =0
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Py (1) +0, (1)? (4.6)
U;(®

where pj, and q;; indicate the active and reactive power that are sent from node j to

Ijk =

node k; 7j, and x;, denote the resistance and reactance between two nodes; Uy, and I
present the square magnitude of voltage and current; P, and Q, are the active and
reactive power of node k that draws from the distribution network. To avoid the non-
convex optimization, the quadratic equalities in (4.6) are relaxed to a second-order cone

expression as below [70]:

2p; (1)
29, (t) <1 @) +U, (1) 4.7)

L ®-U, 0],
The constraints of the power flow optimization are listed below:

0< 1, (H)=<1m™ (4.8)

U™ <U, (t) U™ 4.9)

where 1™ js the maximum of the current magnitude, U™™ and U™%* are the minimum

and maximum of the voltage magnitude.

4.2.2 PV Model

PV panels are considered as non-dispatchable emission free power generator that
depends on the conditions of solar irradiance and ambient temperature. For XFC stations,
integrated with PV panels is one of the best choices to improve the quality of charging
service and reduce the cost of electricity bills. The instant solar power P,, is modeled as a

discrete-time linear system [79].

va (t) = G(t) Apv va,rated 77pv |:17 ﬂr (TC (t) 7TC,STC ):| (4, 10)
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where G (t) is the solar radiance; A,, is the area of PV cell; P,,,q¢eq IS the nominal
power of PV cell, n,,,, is the power efficiency; Sr is the PV temperature coefficient; T, (t)

is the PV cell temperature; T, sr¢ is the cell temperature under standard test conditions.

The area of PV panels is determined by the number of PV cells n,,,, and the area
of a single PV cell 4, to be installed. Reference to the roof area of gas stations in the

suburbs, the maximum areas of PV panels, A7, are assumed to be 80m? for 4-port

XFC stations and 160m? for 8-port XFC stations. The constraint of PV panel area can be

formulated as:

N A, <A™ (4.11)
4.2.3 ESS Model

Stational ESS works as an energy buffer to store energy from the grid or PV
ahead and release energy when EV charging demand is high. With the optimal charging
and discharging control of ESS, the non-dispatchable PV power can be fully utilized, the
power demand from the grid can be reduced to further improve the distribution network
operation, and the XFC electricity price can be reduced based on the time-variant

electricity price.

The charging/discharging process of battery ESS can be formulated as:

SOC, . (t+At) = SOC, ... (t)

k,ess

R (DAt
+¢:ess (t) 77ess éess( )
k ,ess
Pki,ess (t)At

77 ess Ek ,ess

(4.12)

+ P (1)
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¢:€55 (t)+¢l:ess (t) = 1 (4' 13)

where SOCy .ss IS the battery state of charge at distribution node k ; n.s is the
charging/discharging efficiency of battery ESS; Ej.ss is the battery capacity at
distribution node k; Py ,s is the battery charging power and Py is the battery
discharging power. @* and @~ are binary variables to indicate the charging or

discharging mode of ESS. (4.13) ensures that the battery cannot be charged or discharged

at the same time.

The charging and discharging rate are limited by the rated charging/discharging

power P,{?ets"'sd. These can be expressed as (4.14) and (4.15). Meanwhile, the SOC is

limited to avoid overcharging and deep discharging as shown in (4.16).

0<R. () <R (4.14)
R <R, () <0 (4.15)
10% < SOC, .. (t) <90% (4.16)

While operating the battery ESS, it must be fully charged at the beginning of each
day to prepare for the daily high XFC charge demand. Let t, donates the beginning time
slot of a day and t, + 7 denotes the end time slot. The constraints of daily ESS operation

can be further improved with:

SOC, ... (t,)=SOC, .. (t,+7)=90% (4.17)

Finally, the configuration of ESS within XFC stations is aimed to find the size of
battery ESS, including the rated power and energy capacity. The constraints can be
formulated as:
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Pmin < Prated < Pmax (4.18)

ess — "k,ess — 'ess

Emin <E < Emax (4.19)

ess  — k,ess — —ess

where P2 and PI22% are minimal and maximal power to determine the range of rated

power of battery ESS, and ERIM and EX2% are minimal and maximal energy capacity can

be invested.

4.2.4 XFC Station Power Flow

As shown in Figure 4.5, the XFC station is connected to the distribution network
node k as a microgrid. The XFC station will absorb power from the distribution network
to charge either battery ESS or EVs. The feeding power from the XFC station node to the
distribution network is not considered. The power flow of the XFC station can be

formulated as:

Pk (t) = ¢:ess (t) Pkfess (t) + ¢l:ess (t) PkTESS (t) ( 4.20)
+ Z:‘:/:l Pn,ev (t) - r]pv va (t)
P, (t) < R™ (4.21)

(4.21) indicates that the injected power to the node k is limited to the feeder capacity

max
pmax,

4.2.5 Optimization Formulation

With a given number of charger ports in an XFC station and the locations of XFC
stations in the distribution network, the goal of the optimal configuration is to quantify
the power and energy capacity of ESS and the number of PV cells that need to be
configured within XFC stations. The optimization objective is to minimize the investment

cost of ESS and PV, the electricity purchase cost of XFC stations, and the cost of power
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losses in the distribution network. Based on the aforementioned constraints, the

optimization problem of XFC stations in the distribution networks is formulated as:

min z::lgess ( Cess,E Ek.ess + Cess.P R(iztsesd )
+z::15pvcpvnk,pv
+3 0 3 AR (DAL
+ ijlz(j,k)q’l(t) rik I jk (t)At (422)
s.t.:
Distribution network (4.3)-(4.5), (4.7)-(4.9)
PV (4.10),(4.11)
ESS (4.12)-(4.19)
XFC station (4.20),(4.21)
where css p and c.q p are the costs of energy and power capacity of ESS; c,,, is the cost
of a single PV cell; n,, is the number of PV cells at distribution network node k; A(t)
presents the time-variant electricity price; &,5; and 6,,, are the annual discount rate of

ESS and PV investment costs. The annual discount rate § is shown in (4.23) [80, 81].

PRI (4.23)
Co(A+i)y -1
where i is the discount rate of the investment cost and y is the lifespan of the ESS or PV
panels. The lifespan of ESS has assumed 20 years and the lifespan of PV is 30 years. The
first term of the objective function is the equivalent annual investment cost of ESS, the
second term shows the equivalent annual investment cost of PV, the third term is the

electricity cost of XFC stations, and the fourth term indicates the electricity cost of power

losses in the distribution network.

The optimal configuration of ESS and PV within XFC stations in the distribution

network is formulated as a mixed integer programming with quadratic terms. The

variables {n,,, Praed, Ey osss Pitess: Piesss Pio Qi Djir Qs Uk Ix, } can be solved by
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Gurobi or Cplex solver efficiently. The size of PV and ESS, the charging/discharging
operation of ESS, and the optimal power flow of the distribution network can be

generated simultaneously.

4.3 Case Study

A modified 33-bus system is applied to simulate the presented optimal
configuration of XFC stations in the distribution networks. As shown in Figure 4.6, the
distribution nodes are classified into residential nodes, commercial nodes, and XFC
station nodes with 12.88 kV nominal voltage. The voltage range is plus or minus 5% of
the nominal voltage. XFC4 station is located at node 30 which has 4 charging ports and
XFC8 station is located at node 8 with 8 charging ports. The feeder capacity of node 8 is
chosen as 600 kW and the feeder capacity of node 30 is 300 kW. A total of 220 EVs are

used in the MC simulation to estimate the charging load in these two XFC stations.

Number of station port 4
19 20 2 22 Daily arrival EV scale 100

Maximum waitingtime 15 min |

8 29 30 s

33

® Residential Node Number of station port

® Commercial Node Daily arrival EV scale 120

@ )FC Station Maximum waitingtime 15 min

Figure 4.6. 33-bus Distribution System with XFC Stations
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4.3.1 Basic Parameters
The battery size of different EV models in the simulation and the corresponding

percentages of these models in the total simulated EVs are listed in Table 4.2. It is
assumed that 100 EVs are expected to be charged daily at XFC4 and 120 EVs are
expected to be charged daily at XFC8. The probability distribution of arrival SOC, arrival
time, and charging characteristics are discussed in Section 4.1. The MC simulation is

performed with a 1-min resolution over every 24-hour period.

Table 4.2. Battery Size and Percentage of EV Models

EV Model giaztéery Percentage
Porsche Taycan 79.3kWh | 5%

Tesla Model 3LR 82 kWh 30%

Audi e-tron 95 kWh 25%

VW ID.4 82 kWh 20%
Hyundai Kona 64 kWh 20%

Assume that the SunPower SPR-E20-327 [82] solar panels are used in the XFC
stations. The detailed parameters of this solar panel are listed in Table 4.3. The historical
data of ambient temperature and solar irradiance at Aurora, Illinois in 2018 are retrieved

from Solcast [83].
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Table 4.3. Parameters of Solar Panels

Parameter Symbol | Value

Area Ay, | 1.559 x 1.064m?
Nominal power Pyyratea | 32TW

Power efficiency Npv 20.7%
Temperature Br —0.35% /°C
coefficient

Cell temperature Teste | 25°C

under standard

operation condition

Initial cost Cpv $600

The parameters of ESS are listed in Table 4.4. The cost of power capacity is
converted from the cost of energy capacity by multiplying by the hour duration [84]. For
example, a 589 $/kWh, 2-hour battery energy storage system would have a power

capacity cost of 1178 $/kW.

Table 4.4. Parameters of ESS

Parameter Symbol Value

Cost of energy capacity Cess,E 589 $/kWh

Cost of power capacity Cess,p 589 X hour $/kW
Maximum energy capacity ERnax 2 MWh

Minimum energy capacity ERin 0

Maximum PR 1 MW
charging/discharging rate

Minimum pmin 0
charging/discharging rate
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The variety of building loads, such as supermarkets, offices, restaurants, houses,
and apartments, are selected accordingly to simulate the commercial or residential nodes.
The whole year hourly load profiles of buildings in Aurora, lllinois are retrieved from the
U.S. Department of Energy’s Open Energy Data Initiative database [65]. The electricity
prices are hourly real-time prices for the distribution network. The dataset is retrieved
from the PJM dataset of the North Illinois hub [85]. It represents the full year of real-time
electricity prices in 2018. The price curves of a typical winter day and a typical summer

day are shown in Figure 4.7.
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Figure 4.7. Electricity Price Curve on (a) a Winter Day (b) a Summer Day

Different from the MC simulation of EV charging loads with 1-minute resolution,
the historical data of solar irradiance, ambient temperature, building loads, and electricity
price are hourly based intervals for a whole year. The estimated EV charging load needs
to be approximated in 1-hour resolution for analyzing the optimal configuration problem.
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Therefore, the average charging power of each hour from the MC simulation is
approximated for the optimization. The optimal configuration problem formulated in

Section 4.2 is performed with a 1-hour resolution for 365 days.

4.3.2 XFC EV Charging Load Estimation

Figure 4.8 shows a sample of daylong time series of charging load for XFC4. As
mentioned previously, XFC4 has 4 charging ports, and each port is a 300-kW charger.
The maximum waiting time is 15 minutes. The top plot shows the aggregated charging
load of this XFC station. The peak loads occur from 8:00 to 1:00 pm and from 4:00 pm to
8:00 pm. The average charging event duration is around 15 minutes and the peak of daily
power demand is about 750 kW. During the charging events, the power demand is always
above the feeder capacity that is selected as 300 kW for node 30. If the current feeder is
not upgraded or configured with renewable energy resources, XFC events will cause
huge damage to the distribution network. The bottom plot shows the station port
utilization of XFC4. These XFC station ports are in high utilization with a 100 EVs daily

arrival scale.
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Figure 4.8. EV Charging Load and Port Utilization of XFC4

Figure 4.9 shows a sample of daylong time series of EV charging load for XFCS8.
As mentioned previously, XFC8 has 8 charging ports, and each port is a 300-kW charger.
The maximum waiting time is also 15 minutes. The average charging event duration is
around 15 minutes, and the peak of daily power demand is about 1200 kW. It is
dangerous if the feeder capacity is 600 kW. The bottom plot in Figure 4.9 shows the
station port utilization of XFC8. Slightly different from XFC4, 8 ports are in medium

utilization if 120 EVs are expected to be charged daily.
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Figure 4.9. EV Charging Load and Port Utilization of XFC8
In summary, the presented MC simulation can generate approximate real-world
XFC EV charging load profiles with proper assumptions. Changing input values, the
corresponding charging loads and the station port utilization can be obtained. These
simulation tools are valuable for understanding the possible effects of XFC on the power

grid since little real-world XFC charging data is available now.

4.3.3 The Benefits of Optimal Configuration of XFC Stations
Integrated with ESS and PV Panels

The benefits of optimal configuration can be summarized in three aspects: the

total annual cost of XFC stations, including the ESS and PV investment cost and the cost
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to purchase electricity from the utility, is significantly reduced; the power demand of
XFC stations will not exceed the node feeder capacity; and the undervoltage violation
will be avoid to address the optimal power flow of the distribution network. Since the
optimization is performed with a 1-hour resolution for 365 days, the average charging

power of each hour from the MC simulation is approximated.

The optimal configuration results of ESS energy capacity, ESS rated power, and
the number of PV cells, and the cost of two XFC stations are summarized in Table 4.5. If
the XFC station is not installed with ESS and PV panels, the total annual cost is the
electricity purchase cost from the utility. Otherwise, the total annual cost is the sum of the
annual investment cost of ESS and PV panels, and the electricity purchase cost from the
utility. The results demonstrate that the integration of stational ESS and PV can
significantly reduce the total annual cost for both XFC stations. Although the investment
cost of ESS and PV is expensive, the PV panels can generate clean energy and the ESS
can work as an energy buffer to store electrical energy from the grid during low price
periods and output electrical energy to XFC stations during high price periods. As shown
in Figure 4.11and Figure 4.13, ESS prefer to recharge themselves at midnight because of
the lower electricity price, and then, output the stored energy to support EV charging
during the peak electricity price period at daytime. Compare with the XFC stations
without ESS and PVs, the electricity purchase cost is reduced significantly. Considering
both the investment cost of ESS and PV and the electricity purchase cost, the overall
annual cost for XFC4 is reduced by 26.55% and the total annual cost for XFC8 is

decreased by 27.01%.
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Table 4.5. Benefit of Two XFC Stations

Parameter XFC4 XFC8
ESS

Energy Capacity 711.6kWh 1209.3kWh
Power Capacity 257.3kW 469.5kwW
Annual Investment Cost | $108,562 $184,487
PV

Number of PV Cells 70 110
Nominal Power 22.89kW 35.97kW
Annual Investment Cost | $2,732 $4,293
Electricity Purchase Cost

without ESS and PV $454,810 $701,227
with ESS and PV $225,476 $327,317
Cost Saving 50.4% 53.3%
Total Annual Cost

Cost without ESS and PV | $454,810 $701,227
Cost with ESS and PV $334,037 $375,553
Cost saving 26.55% 27.01%
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Figure 4.10 shows the charging/discharging power and the battery ESS SOC at
XFC4 on a winter day. Since XFC4 is in high usage, the ESS outputs power to support
XFC events and reaches 10% SOC at 2:00 pm. Then, a short charging period of ESS
occurs in the afternoon to prepare for another peak XFC demand. Once the EV charging

requirements are satisfied and the electricity price is dropped, the ESS is recharged again.




The SOC is recovered to 90% at the end of the day. The imported power of XFC4 with
and without ESS and PVs on a winter day is shown in Figure 4.11. The EV charging
demand at XFC4 will exceed the node feeder capacity during the peak period. After
integrating with ESS and PV, the maximum power demand of this XFC station is limited
below the pre-defined feeder capacity. The optimal configuration can shave the peak load

of EV charging. It will reduce the stress on the local transformer and feeder.
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Figure 4.10. ESS Operation at XFC4 on a Winter Day
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Figure 4.11. Imported Power of XFC4 on a Winter Day

Figure 4.12 shows the charging/discharging power and the battery ESS SOC at

XFC8 on a summer day. Since XFC8 is in medium utilization, a short charging period

happens at around 11:00 am when the electricity price and EV charging demand are

relatively low. Although the EV charging demand at the evening peak is relatively lower

than the peaks during the day, the ESS continuously outputs power to supply EV

charging because of the higher electricity price. Figure 4.13 shows the imported power of

this XFC station integrated with and with ESS and PVs on a summer day. The total

power demand is also limited under the pre-defined feeder capacity. Additionally, with an
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optimal configuration, ESS can import power from the grid during the low electricity

price periods and output power to EV chargers during the high price periods.
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Figure 4.12. ESS Operation at XFC8 on a Summer Day
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Figure 4.13. Imported Power of XFC8 on a Summer Day

To demonstrate the optimal power flow of the distribution network, Figure 4.14
shows the voltage profiles on a typical winter day and a typical summer day. The voltage
distortions are less than 5%. No large voltage distortions are observed because of the
coordination of the ESS and PV within the XFC stations. Figure 4.15 shows the voltage
profile of node 18 with and without ESS and PV on a summer day. Node 18 is the
terminal node of the longest branch, so the voltage violations are more likely to happen.
Since the overall peak loads are much higher than the ones in winter, the undervoltage
violations are observed at 1:00 pm and evening from 5:00 pm to 8:00 pm if XFC stations

are not integrated with ESS and PV panels. However, once the coordination of the ESS
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and PV panels within the XFC stations are introduced, the configurations of ESS and PV
panels will take the constraints of the optimal power flow into account. The overall
voltage distortions are less than 5%. The optimal configuration ensures the stability of the
distribution network. These results show that the optimal configuration of XFC stations
with ESS and PV in the distribution network can not only reduce the cost but also

improve grid performance.
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Figure 4.14. Voltage Profiles of the Distribution Network on (a) a Winter Day (b) a
Summer Day
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4.4 Chapter Conclusion
In this chapter, a novel Monte Carlo simulation tool has been developed to

estimate the EV charging demand at XFC stations based on the distributions obtained
from the vehicle travel survey dataset. The estimation algorithm considers various
aspects, including EV scale, EV model and the percentage in the total simulated EVs, EV
charging curves for different EV models, XFC station port availability, and waiting time.
This estimation tool is valuable since little XFC charging dataset is available at the
current stage. The paper also presents an optimal configuration method for multiple XFC

stations at the distribution network level to determine the optimal ESS energy capacity,
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ESS rated power, and the PV size integrated with XFC stations. The objectives of the
optimal configuration are to reduce the investment and operation costs of XFC stations
while meeting the charging demand and the operational constraints of the distribution

network, XFC, ESS, and PV panels.

A case study is performed using public datasets including the daily driving
patterns of vehicles from NHTS, the hourly load profiles of buildings from the U.S.
Department of Energy’s Open Energy Data Initiative database, the hourly real-time
electricity prices from PJM, and the hourly ambient temperature and solar irradiance
from Solcast. The numerical results indicate that the presented MC simulation can
generate approximate real-world XFC charging demand and the optimal configuration
can determine the size of ESS and PV for multiple XFC stations in the distribution
network. The simulation results show the following benefits of integrating ESS and PV
panels with XFC stations. Firstly, the total annual cost savings of 26.55% at XFC4 and
27.01% at XFC8 are observed due to the reduction of electricity purchase from the grid.
Secondly, the ESS and PV shave peak load below the capacity of the transformer and the
feeder for XFC stations. Thirdly, the ESS and PV avoid voltage violations to improve the

performance of the distribution network.
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5 A Cloud-Based Simulation and Testing Platform for
Large-Scale EV Charging Energy Management and
Charging Control 2 [86]

In this chapter, a cloud-based simulation and testing platform is presented. The
platform is designed for the development and Hardware-in-the-Loop (HIL) testing of
VGI technologies. This Internet of Things platform is developed with the MQTT
communication protocol to link multiple subsystems, which include real-time power
system simulators (OPAL-RT or RTDS), EV Charge Scheduler (EVCS) applications, and
real-word EV charging stations, solar panels, and energy storage systems. The real-time
grid simulation and optimal EV charging energy management at the distribution grid
level is performed in the OPAL-RT. The OPAL-RT communicates with the node-level
EVCS and the real-word EV charging stations to collect real-time charging data and send
charging power limit commands. The OPAL-RT can also communicate with
transmission-level controllers to provide grid services, such as frequency regulation. The
EVCS is developed based on standard communication protocols: OCPP 2.0 for charging
station networks and ISO 15118 for the communication between EVs and charging
stations. The EVCS manages regional EV charging to limit the effects of clustered EV
charging on the distribution grid. The modular open systems design approach of the
platform allows the integration of newly developed energy management strategies, EV
charging control algorithms, and hardware charging systems for performance evaluation

and interoperability testing.

3 ©[2022] SAE. Reprinted, with permission, from [Zhouguan Wu, Bo Chen, A Cloud-Based Simulation
and Testing Framework for Large-Scale EV Charging Energy Management and Charging Control, 2022
SAE Technical Paper, 01/2022] See Appendix A for documentation of permission to reuse this material
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5.1 An Overview of the Cloud-Based HIL Simulation
and Testing Platform

Figure 5.1 gives an overview of the presented cloud-based HIL simulation and

testing platform. The platform is designed with following major considerations.

e The platform can incorporate various types of EV charging stations (AC, DC, and
XFC) in real-world applications or at the development stage. These hardware
charging stations can be spatially distributed. Any charging facilities can be easily
connected to the HIL testing platform via a developed communication interface.

e In addition to real-world charging stations, the platform can perform simulate the
EV charging process to enable the testing of large-scale EV charging energy
management and charging control. The EV charging simulation uses EV models,
arrival and departure time, battery state of charge (SOC), charging characteristics,
and their geographic locations where the EVs are connected to the grid.

e The platform is able to investigate the impact of EV charging on a distribution
grid. A power simulator is designed to perform real-time grid simulation based on
real-world/simulated EV charging load and other distribution grid loads.

e The platform can test the performance of distribution level energy management
systems and node-level EV charging control systems.

e The platform utilizes standard communication protocols related to EV charging,
such as OCPP 2.0 for charging station networks and ISO 15118 for the
communication between EVs and charging stations.

e The platform is able to communicate with transmission level control systems,

which allows the platform to provide grid services on the transmission level.
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e The platform can also study the feasibility and benefit of integrating renewable

energy sources such as solar panels and energy storage systems with EV charging

stations.

e To facilitate the communication of these spatially distributed subsystems, a cloud-

based communication is designed. The MQTT communication protocol is used

for the communication between subsystems at different physical locations.

Smart Energy Plaza

L2 AC Chargers and
Solar Panels

XFC and Battery Energy
Storage

DCFC and Building 300

i Securely Monitor and Control Transmission Controller Utility

or Simulation

1SO 15118 EV
Charge
Schedulers

-

Global Broker

o

Local MQTT Broker

x

LX)

o g
5 b
s

Distribution |55 15118y Energy EV Charging Other EV
Network Charge Management Simulation Charging
Simulation Scheduler System Facilities

Figure 5.1. System Architecture of the Platform

A local MQTT broker is implemented to bridge the communication among

simulators, controllers, and physical facilities in a local region. The physical facilities can

include various types of EV charging stations (AC, DC, and XFC), solar panels, and

energy storage systems. The controllers consist of distribution level energy management

system EMS and EVCS. The simulators are used for distribution network simulation and

large-scale EV charging simulation. Meanwhile, several user interfaces are designed to

facilitate the monitoring and control of the whole system. Any additional information
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besides the local region will be published to a global MQTT broker first, and then,
subscribed by the local broker. The information may include the EV charging facilities at
different physical locations, charging rates that are controlled by other regional EVCS,
and utility signals from a transmission controller or utilities. This system architecture
enables the ability to change the configuration of the system easily by adding or replacing

system components.

5.2 Implementation of Platform Subsystems

5.2.1 MQTT Communication
All messages within the platform are transported via MQTT communication.

MQTT is a lightweight Machine-to-Machine (M2M) communication typically used in
constrained networks[87]. MQTT utilizes a pub/sub methodology in which each
subsystem of the platform’s MQTT client has the ability to publish or subscribe to topics
on the MQTT broker. Deployment of the MQTT broker in the cloud provides an efficient
message bus on the wide area network that enables communication between the
subsystems of the platform. The subsystems of the platform are not necessarily physically
connected and can be spatially located at different places. For example, the distribution
network simulator can subscribe to the load consumption from both real EV charging
stations and virtual EV charging simulation topics. The distribution networks simulator
will include these EV loads in the simulation and publish the grid performance data to the
MQTT broker. Other subsystems within the platform can subscribe to the simulation
performance data topic(s) and act upon that data. Figure 5.2 shows a publish/subscribe
structure of the local MQTT network. Each subsystem will publish its topics with related

messages to the local broker. Any subsystem can subscribe to the topics of multiple
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subsystems for further operation. Within MQTT, all simulation or hardware components
can self-define for scenarios. It serves the engineer with automatic, remote execution of

various simulation and testing scenarios.
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Figure 5.2. Local MQTT Publish/Subscribe Structure

5.2.2 Distribution Network Simulation
For simulation of a distribution network, the OPAL-RT real-time simulator is

used to simulate a distribution grid and test the grid influences of a large-scale EV
charging process. As shown in Figure 5.3, the distribution network model is developed
from a modified IEEE 37 node test feeder [88], which contains commercial and
residential areas. Each area has both controllable and uncontrollable loads. The variety of
building loads, such as office, restaurant, and house, are modeled as uncontrollable loads.
The load profiles of buildings for the DuPage County, Illinois are retrieved from the U.S.

Department of Energy’s Open Energy Data Initiative database [65]. The controllable
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loads are EV charging loads. They are generated by either EV charging simulation or real
charging stations and controlled by EVCS via MQTT. The Smart Energy Plaza at
Argonne National Laboratory is modeled under one node (775). The ANL Smart Energy
Plaza consists of 2 DC fast-charging stations, 2 extreme fast-charging stations, 12 AC
level 2 charging stations, solar panels, energy storage systems, and building loads as
shown in Figure 5.1. These facilities are equipped with smart meters to obtain energy
generation and consumption values. The meter readings are sent to the distribution

network simulator via MQTT in real-time.
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Figure 5.3. Topology of Distribution Network Simulation
The grid model is configured using grid conditions on a timescale of
microseconds to provide realistic simulated inputs to either the distribution level EMS or
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EVCS. The output signals from the distribution level EMS, EVCS, and the metering
readings of real-world facilities are feedback to the power distribution network

simulation in real-time.

5.2.3 AC EV Charging Modeling

For AC charging stations, the EV charging process is simulated with a constant-

power-constant-voltage charging process.

As shown in Figure 5.4, the EVSE acquires AC power P,c g, from a grid. The
on-board charger converts the AC power to DC with a conversion efficiency of
ef (Pycgv), Which is a function of AC charging power P, gy. The on-board charger

efficiencies of different EV models are studied in [89].

~ Ipatt ﬁiﬂ-ll
Ay N
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*O ...... O T
Grid/EVSE On board charger Vehicle battery

Figure 5.4. EVSE-EV Charging Model

The DC charging power Py gy can be updated using equation (5.1)

PDC,EV = PAC,EV -ef (PAC,EV) = ot “Ven (5'1)

where I,,;:: IS the battery current and V., is the onboard charger output voltage. The
output voltage as a function of SOC can be represented as polynomial equation (5.2)

found in [90].
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V,, =a,S0C" +8,50C"* +...+a,S0C +a,,, (5:2)

Where a, to a,, are the coefficients. When V,,, is smaller than the maximum battery

voltage Vyqer max, EV is charged at a constant power rate.

The battery current can be updated by solving equation (5.3). The EV will be
charged at a constant voltage once the charge voltage reaches the maximum battery

voltage. The battery current will be updated with equation (5.4).

I:)DC,EV = Ibatt2 : Rbatt + Ibatt 'Vbatt' if Vch <Vb (53)

att, max

V, -V,
| — batt, max batt ' If Vch =Vb (54)

batt att, max
att

In this constant-power-constant-voltage charging process, the constant power
mode is the major charging period of the entire charging process. In constant power mode,
the AC charging power can be controlled by the duty cycle of the control pilot PWM
signals. On the contrary, the constant voltage mode only lasts for a brief period and the
charging current is uncontrollable in this simulation. The battery SOC can be updated
with equation (5.5), where C,,;; is the EV battery total capacity in ampere-hour unit and
At is the simulation time interval.

soc, =soc, + mA 109 (5-3)

batt

5.2.4 DC EV Charging Modeling
For DC fast charging stations, the EV charging process is simulated with a

constant-current-constant-voltage charging process.
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In the constant-current mode, the station first informs the EV of its available line
current, Incrc gysg- Then the EV battery management system compares the line current
with its own battery current request, Ipcrc gy- The battery model shown in Figure 5.4 is
also applied in the DC fast charging modeling. The target charging current is identified in

(5.6).

locre = min(IDCFC,EVSE' IDCFC,EV) (56)
The charger will adjust its charging voltage Vpcrc oy to target the charging current
to Ipcrc. When the charger voltage reaches the maximum battery open circuit voltage, the

DC fast charging enters the constant-voltage mode. The charging current can be resolved

as (5.4). Then, the DC charging power can be calculated as:

I DCFC 'VDCFC,CH (5 .7)

ef DCFC

PDCFC

where efpcrc 1S the charging efficiency of DC fast charging stations.

5.2.5 EV Charging Control
The EV simulation has the function to manage and control the charging rate of

EVs within the local node. The controller gathers information from all appliances and
provide energy usage guidance for the controllable EV charging stations in real-time. The
objective of the control is to distribute the limited power resources to meet all local EVs
charging requirement as much as possible. The controller treats each connected EV
evenly and minimizes risk of incomplete charging. Different with EVCS, the charging
control in EV simulation will be enabled periodically and only control the charging rates

for present time based on transient information.
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5.2.6 Distribution Level Energy Management System
The distribution level EMS manages EV charging loads within the distribution

network to meet charging requirements and get the best grid performance. It is designed
to communicate with upper-level transmission controllers and multiple node level EVCS
to manage a large-scale EV charging process. With this design, the EMS can provide
various grid services with various optimization or control methods. For example, after
integrating with a transmission level controller, the EMS can manage the EV charging
power of each subarea to provide frequency regulation. As another example, the EMS has
the potential to minimize the operating cost if the system is integrated with electric power

markets.

5.2.7 EV Charge Scheduler System
The EVCS manages regional EV charging at the grid node level to optimize EV

charge scheduling and limit the effects of clustered EV charging on the distribution grid.
As shown in Figure 5.5, it uses standardized communication protocols: OCPP 2.0 for
charging station networks and 1SO 15118 for the communication between EVs and
charging stations. EVCS should provide a maximum load profile for the grid node,
typically 8 hours with 15-minute intervals. This maximum load profile for instance could
be the created to combat historical power peaks at the node. As EVs connect to individual
EVSE, a charge schedule is negotiated between the EV and the EVCS via ISO 15118 and
OCPP 2.0 through the EVSE. The goal of charge scheduling is to not exceed the
constraints of the grid while meeting the EVs energy requirements by their departure time.

The EV or EVCS should be able to trigger a charge schedule renegotiation.
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Figure 5.5. Standardized Communication Protocols in EV Charge Scheduler System

A web dashboard of EVCS as shown in Figure 5.6. The dashboard allows the
operator to see the available power over a given interval and each EVs negotiated charge
schedule. If the total EV charging power for a given interval exceeds the node’s available
power, the charge scheduler will initiate a renegotiation with the most flexible EVs to
achieve its objective function. Furthermore, the system is capable to integrate with
multiple functions, such as EV charging reservation and EV charging load forecasting.
With EV load forecasting and various control algorithms, the EVCS can schedule and
control regional EV charging process precisely and intelligently ensuring that the EV
driver’s energy requirements are met by their departure time and distribution grid’s

constraints are not exceeded.
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Figure 5.6. An Example of EVCS Dashboard

5.3 Use Case of HIL Platform

5.3.1 HIL Simulation Setup
This section presents a use case of the presented cloud-based HIL simulation and

testing platform for frequency regulation. More than 90 buildings, including different
types of commercial and residential building loads, are modeled at 15 nodes in the
modified IEEE 37 nodes test feeder model. A total of 460 EVs are distributed in the grid.
These EVs include 2012 Nissan Leaf, 2015 Nissan Leaf, 2014 BMW i3, and 2012
Chevrolet Volt models. The detailed building loads and EV distribution are listed in

Table 5.1.
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Table 5.1. List of Building Units and Charging Facilities

Number of EV
Node Number Building Type Charging Stations
AC DC
Commercial Area
705 Offices 17 1
713 Super Market 34
714 Strip Mall & Retail Store 35 1
718 Restaurants & Retail Store & Strip Mall 31 1
724 Warehouses 30
725 Restaurants & Retail Stores 30
733 Hotels 35
735 Restaurants 18 2
736 Offices 30
775 SEP 12 2
Residential Area
712 Apartments & Houses 32
732 Apartments 36
738 House 29 1
740 Apartments & Houses 18
741 Apartments 35
742 Hotel & Apartments 30
Total 460
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Figure 5.7 shows the HIL configuration of the frequency regulation use case.
OPAL-RT performs real-time distribution network simulation, EV charging simulation,
and distribution level energy management in real-time. The real-world SEP facilities are
connected to node 775 as a microgrid of this distribution network. The rest of the EV
charging process are generated by EV charging simulation. An EVCS is used to schedule
and control the EV charging power for node 705. Other EVs are scheduled and controlled
with the same method in OPAL-RT directly. The OPAL-RT receives the real-time SEP
smart meter data, frequency, and EV charging load through the MQTT broker.
Meanwhile, it performs all simulations and publishes EV charging requirements, grid

conditions, and node consumption for the control of EVCS.
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Figure 5.7. Configuration of the Frequency Regulation Use Case

5.3.2 Distribution Level EMS Algorithm
The distribution level EMS plays a role as an upper-level controller to manage EV

charge loads with the consideration of grid constraints. In this use case, it manages the

energy consumption of each grid node to optimize the distribution grid performance
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under the substation limitation. Meanwhile, it will provide load-based frequency

regulation to respond to the requests from a transmission level controller.

To respond to the transmission level controller, the distribution level EMS will
publish the node consumption and subscribe frequency signal via MQTT. While the
frequency deviation is detected, the EMS will shape the load profile of the controllable
loads to provide frequency regulation. As shown in Figure 5.8, the load-based frequency
controller sets the power modulation AP once a deviation of frequency is detected. AP
follows the droop characteristic. a is the assumed dead-band to avoid the small frequency
variations caused by temporary load unbalances. As discussed in [91], this dead-band
may vary from 0.02% to 0.09% of the nominal frequency. In this system, the « is
selected as 0.05 Hz for a 60 Hz system. In order to reduce frequency deviation, the
controller will set a new power limit P* for the distribution network as the sum of current

load power P plus power modulation AP.
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Figure 5.8. Load-based Frequency Control Scheme

The distribution level EMS also manages the power consumption of each node to
govern the grid performance. It provides power capacity to each node or EVCS
periodically based on the aggregated power demand from each node and power limitation
set by either substation or load-based frequency controller. In this use case, the EMS
dispatches power to individual nodes and aims to minimize the cost function defined in

(5.8), where B, is the amount of power allocated for node n; P, ,, is the node n power

demand; pr, is the average charging priority of node n.

- 2
min Z::l prn(Pn _Pd,n) (58)
over P,VneN
st. YV p=p (5.9)
IDn 2 IDfix,n’ P* < Pcap (510)
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Constraint (5.9) indicates that the total power consumption should follow the
network power capacity defined by the frequency regulation service. In constraint (5.10),
Prixn are the uncontrollable loads at node n and F,4,, denotes the substation power limit.
Only the controllable loads will be curtailed, and the total amount of power must not
exceed substation power limit. The charging priority of each EV is calculated by (5.11).

The value of pr, is the average of charging priorities for all the EVs in the node n.

5.3.3 Control Algorithm of EV Charge Scheduler System

In this use case, the EVCS was applied to control the EV charging processes at
node 705. The control algorithm of EVCS limits the EV charging capacity to satisfy a
power limit. It can also prioritize each EV’s charge rate to optimize its charge schedule to

meet the energy requirement by the end of its charging duration as much as possible.

The control algorithm is based on the concept of a charging priority of each

charging EV. The charging priority of each charging EV is defined below,

1
(SOCTar,i _SOCt,i)'Cbatt 1 (511)
(TDep,i _t) I:)max,i
where SOCr,; is the target SOC of the ith EV. Tp.p,; — t is the remaining time before

pr =

min

departure. SOC,; represents the current SOC. Py, ; is the maximum power draw of the
ith EV. The EV which has the highest over allocation of energy and the longest departure
time would have the highest priority to be rescheduled. Equation (5.11) also ensures that
the EV which needs to charge at maximum charging rate will have the least priority to be

rescheduled. The priority of each EV is normalized utilizing equations (5.12).
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pr;
prnorm,i =T (5.12)
PO

At every control period, the control algorithm determines if the EV load could be

decreased to satisfy the node power limit as shown in (5.13).

AP=P, —P, - P (5.13)

fix,n izt ACEV,i

This algorithm checks if the total available power is not enough for all the EVs to
meet their needs and proportionally reduces decreases the needs of all the EVs. The

change in EV load AP, is spread across the charging EVs utilizing equation (5.14).

P =Prai — PFoorm,i * APn (5 14)

ACEV,i — maxi

The priority-based charging control scheme is shown in Figure 5.9. The optimal
charge schedule is the solution of a version of the bin-packing problem in which there are
timeslots as containers with their size being the total available energy during that period.
At each control interval, the controller will subscribe the charging requirements of
connected EVs and the amount of power for them. Then, it will consider the priority and
create individual power plans for each EV based on their energy consumption during

each timeslot.
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Figure 5.9. Priority-based EV Charging Control Scheme

5.3.4 Simulation and Testing Results
24 hours simulation is performed through multiple subsystems with various

timesteps. The distribution network simulation is run in 200 us to achieve real-time grid
analysis; the EV charging characteristic is updated every 5 seconds; the EMS and EVCS
are trigged every 1 minute. Figure 5.10 shows the overall load profile of the distribution
network. The substation capacity of the distribution network is set to 3 MW. If the EMS
and EVCS are disabled, all EVs will be charged with maximum power rate once they are
connected. The charging durations are relatively short, but these will cause overloading
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during peak time and may cause damages. Once the EMS and EVCS are enabled, the

overall load is shifted smoothly and limited under the distribution network capacity.
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Figure 5.10. Load Profile of the Distribution Network
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Figure 5.11 shows the frequency response from a transmission simulation for a

certain period. The transmission model is developed from a modified IEEE 39 bus system

with 6 generators. The simulation is performed by Idaho National Laboratory and co-

simulated through the cloud-based platform. The distribution network simulation by

Argonne National Laboratory is connected as one bus on the high voltage transmission

line. The results in the uncontrolled scenario show a frequency violation occurs when the

distribution network has a heavy EV charging load. The frequency drops below 59.95 Hz

as defined in the dead-band due to the heavy EV charging load. In the controlled scenario,
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the distribution network capacity is defined at the substation limitation which is 3 MW

initially. The EV charging loads are shifted smoothly and the frequency is saturated

above the dead-band. At around 19:10, the frequency drops below the defined dead-band

in EMS because of the increasing load in the transmission system. Therefore, the load-

based frequency control is enabled to further curtail the network capacity from 3 MW to

around 2.8 MW. The frequency is covered back the pre-defined dead-band.
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Figure 5.11. Frequency Response from Transmission Simulation

Figure 5.12 shows the EV charging load at Node 705. The charging process of 17

EVs are generated by the EV charging simulation and are controlled by an EVCS. The

EVCS adapts to the charging capacity and is enabled at around 11:30. It efficiently
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control and re-schedule the charging rates under the charging capacity. Figure 5.13 shows
the final SOCs and EV charging SOC requirements. With the proposed control method in

EVCS, the final SOC of 17 EVs are close to the target SOC. It can reduce and reschedule

the charging rates with minimal impact on EV charging requirements.
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Figure 5.12. EV Charging Load at Node 705
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Figure 5.13. Charging Results at Node 705

5.4 Chapter Conclusion

In this chapter, a cloud-based HIL simulation and testing framework is introduced
for the development and testing of large-scale EV charging management. MQTT
communication provides a cloud-based platform to integrate multi-systems, which
include a real-time power system simulator, EVCS, real-world EV charging facilities, and
a transmission-level controller. To save the cost for testing EV charging at scale, EV
charging is also simulated based on the charging characteristics of real-world charging
stations, which can significantly increase the number of charging EVs in a distribution
network for the analysis and control of large-scale EV charging. A distribution-level
EMS works as a center governor to ensure grid performance and respond to transmission-
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level controllers. EVCS is designed for regional EV charging control. It uses OCPP 2.0
and ISO 15118 standard communication protocols. The modular open systems design
approach of the platform allows the integration of EV charging control algorithms and
hardware charging systems for performance evaluation and interoperability testing. The
experimental test results show that the communication links of the platform work
properly, the EMS can respond to transmission level grid service requests with minimal
impact on local operations. The EVCS can optimize the charging rates for all connected

EVs without violating their departure times and energy requirements.

For future work, the testing of XFC stations with stational battery energy storage
systems will be explored with this platform. The large-scale EV charging energy
management and charging control will be applied with different algorithms to address

various benefits for the distribution grid in a more precise and intelligent manner.
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6 Conclusion and Future Work
6.1 Conclusions

This dissertation presents a series research of electric vehicle smart charging and
energy management for VGI system. A centralized TE-based EV charging control has
been developed for VGI system. Optimal charging decisions considering the bidding
preferences, charging cost minimization and power limitation are obtained with quadratic

programming optimization methods across multiple stages.

To further investigate the modern VGI problem with transactive energy control,
the distributed EV charging scheduling has been studied for large-scale EV charging and
energy management at various levels, including individual EVs, distribution nodes, and
distribution networks. An innovated clearing price mechanism is developed by a
negotiation method among the distribution system operator and the EV aggregators.
EVAs and EVs can make their charging scheduling autonomously with the clearing price

signals. The system reliability, effectiveness, and security were improved significantly.

Then, a novel MC simulation tool has been developed to estimate the EV
charging demand at XFC stations based on the distributions obtained from the vehicle
travel survey dataset. The estimation algorithm considers various aspects, including EV
scale, EV model and the percentage in the total simulated EVs, EV charging curves for
different EV models, XFC station port availability, and waiting time. An optimal
configuration method for multiple XFC stations at the distribution network level is
presented to determine the optimal ESS energy capacity, ESS rated power, and the PV

size integrated with XFC stations. The investment and operation costs of XFC stations
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are reduced while meeting the charging demand and the operational constraints of the

distribution network, XFC, ESS, and PV panels.

Afterwards, a cloud-based simulation and testing platform for the development
and Hardware-in-the-Loop (HIL) testing of VGI technologies is presented. The HIL
system consists of multiple subsystems: a real-time power system simulator (OPAL-RT),
ISO 15118 EV Charge Scheduler System (EVCSS), and a Smart Energy Plaza (SEP)
with various types of charging stations, solar panels, and energy storage systems. The
modular open systems design approach of the platform allows the integration of EV
charging control algorithms and hardware charging systems for performance evaluation
and interoperability testing, including the impact of EV charging on the grid, optimal EV

charging control at scale, and communication interoperability.

6.2 Future work

This dissertation has explored multiple control methods to effectively integrate
the large-scale EVs in the distribution power systems with or without considering the
transactive energy control. However, there are still a few details need to be explored in

the future. The recommended future work is summarized as below:

e Different types of EV charging characteristics should be explored in charging
system’s stability analysis. The EV charging curves are highly dependent on
the size, lifetime, and electrochemical properties of different types of
batteries.

e The combination of different charging levels with transactive energy should

be designed for effective smart EV charging control and energy management.
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This dissertation only considers fixed building loads. The market-based co-
scheduling of HVAC system and large-scale EV charging control can be
further explored for a diversified VGI system.

More vehicle-to-grid service should be studied, such as voltage regulation and
frequency support. The EVs selling the electricity to the distribution power
grid with discharging process should be further explored.

EV charging navigation should be considered in modern VGI systems. This
dissertation focuses on energy management when EVs are plugged-in for
charging. Proper scheduling EV charging ahead not only reduces grid impact,
but also provides opportunities to use EVs for grid services.

Artificial intelligence can also be applied for VGI control. Once more and
more EV charging data are available in the future, artificial intelligence has
the advantage of estimating EV charging behavior because fewer initial
assumptions are needed.

The cyber security should be considered in VGI communication systems.
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