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Abstract—Electric vehicles (EVs) have experienced a rapid
growth due to the economic and environmental benefits. How-
ever, the substantial charging load brings challenging issues to
the power grid. Modern technological advances and the huge
number of high-rise buildings have promoted the development
of distributed energy resources (DERs), such as building inte-
grated/mounted wind turbines. The issue to coordinate EV charg-
ing with locally generated wind power of buildings can potentially
reduce the impacts of EV charging demand on the power grid.
As a result, this paper investigates this important problem and
three contributions are made. First, the real-time scheduling of
EV charging is addressed in a centralized framework based on
the ideas of model predictive control (MPC), which incorporates
the volatile wind power supply of buildings and the random daily
driving cycles of EVs among different buildings. Second, an EV-
based decentralized charging algorithm (EBDC) is developed to
overcome the difficulties due to 1) the possible lack of global
information regarding the charging requirements of all EVs; 2)
the computational burden with the increasing number of EVs.
Third, we prove that the EBDC method can converge to the
optimal solution of the centralized problem over each planning
horizon. Moreover, the performance of the EBDC method is
assessed through numeric comparisons with an optimal and two
heuristic charging strategies (i.e., myopic, greedy). The results
demonstrate that the EBDC method can achieve a satisfactory
performance in improving scalability and the balance between
EV charging demand and wind power supply of buildings.

Note to Practitioners—This paper is motivated by the chal-
lenging problem due to the substantial charging load of EVs
on the power grid. Nowadays, modern technological advances
and the rapid increase of high-rise buildings have promoted the
development of building integrated/mounted wind turbines. As
the EVs are usually parked in buildings for a large proportion
of time every day, the issue to best utilize locally generated wind
power of buildings to suffice EV travelling requirements shows
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vital significance in reducing their dependence on the power grid.
However, there exist two main challenges including 1) the multiple
uncertainties regarding the uncertain wind power generation
and the random driving behaviors of EVs; 2) the scalability of
the solution method. To tackle the first challenge, the idea of
model predictive control (MPC) is introduced to make charging
decisions at each stage based on a short-term prediction of the on-
site wind power and the current collection of EVs parked there.
To consider the scalability and overcome the lack of global charg-
ing information of all EVs in practical deployment, an iterative
EV-based decentralized charging algorithm (EBDC) is derived,
in which each EV can dynamically update its own charging
decisions according to a dynamic charging ‘““price” announced by
the buildings. Alternatively, the buildings dynamically adjust the
charging “price” to motivate the EVs to get charged during the
time periods with sufficient wind power supply. Numeric results
demonstrate that the EBDC method is scalable and performs well
in improving the balance between EV charging demand and the
wind power supply of buildings.

Index Terms—Electric vehicles (EVs), building integrated/
mounted wind power, model predictive control (MPC), decen-
tralized charging algorithm

I. INTRODUCTION

VER the decades, electric vehicles (EVs) have experi-
O enced a rapid growth around the world due to technology
advances and the urgency for an environmental transportation
system. In 2016, the total number of EVs has exceeded one
million worldwide, while China accounts for over 30% [1].
The rapid adoption of EVs can potentially achieve environ-
mental advantages. However, the significant EV charging load
brings new challenging issues to the reliability of the power
grid, such as frequency deviation, voltage rise, higher peak
load, and grid congestion, etc. [2]-[4].

The exploitation of renewable energy, such as wind power,
to charge EVs has been recognized as one promising res-
olution. Nowadays, it gains extensive popularity to develop
distributed energy resources (DERs). In particular, technolog-
ical advances have accelerated the development of building
integrated/mounted wind turbines [5]. The challenges of de-
signing wind turbines for buildings to cater urban wind speed,
installation space, vibration and noise restrictions, have been
gradually removed [6]. In addition, the number of high-rise
buildings has increased rapidly over the years [7]. This reveals
great potential to fully explore wind energy of buildings due
to the abundant wind resource and less turbulence [8], [9].
Considering that EVs are usually parked in the parking lots
of buildings for more than 90% of the time every day [10],
the issue to coordinate EV charging with locally generated



wind power of buildings shows various benefits. On the
one hand, the variability of wind power can be regulated
by scheduling flexible EV charging. On the other hand, the
charging demand of EVs can be fully or at least partially
supplied by the local renewable generation to help reduce their
impacts on the power grid. As a result, this paper investigates
the important problem to coordinate EV charging with the
locally generated wind power of multiple buildings, which
incorporates the random driving requirements of EVs among
different buildings. However, there exists several difficulties.

First, there exist multiple uncertainties regarding the volatile

wind power supply of buildings and the random charging
demand of EVs. Second, the problem is a multistage time-
correlated decision problem. The daily driving cycle of a
vehicle usually consists of multiple consecutive parking or
driving events. On one hand, each individual EV must be
charged over a desired level during each parking duration to
fulfill its next trip. On the other hand, the charging decisions
of a vehicle during the current parking duration will affect its
charging decisions afterwards. Third, the complexity to find an
optimal charging strategy for the EVs usually increases rapidly
with the number of EVs involved.

Motivated by the challenges mentioned above, the main

contributions of this paper are outlined.

o The real-time coordination of EV charging with the
locally generated wind power of multiple buildings is
addressed in a centralized framework, which incorporates
the volatile wind power of buildings and the random
driving requirements of EVs among different types of
buildings. Considering the facts that 1) now various fore-
casting methods can attain a good short-term (minutes to
several hours) prediction of wind power output [11], [12];
2) the charging information (arrival time, departure time,
charging demand) of an EV for each parking duration
can be determined upon its arrival at the buildings, the
idea of model predictive control (MPC) is introduced to
tackle the uncertainties of the problem. The main idea
of MPC is to make decision at each stage by solving an
optimization problem over a predefined planning horizon
but only implement the decisions at the current stage.
This process is replicated until the optimization horizon
(e.g. one day) is reached [13].

o An iterative EV-based decentralized charging algorithm
(EBDC) is developed to improve scalability. In the decen-
tralized charging algorithm, each individual EV updates
its own charging decisions according to the dynamic
charging “price” announced by the buildings. Alterna-
tively, the charging “price” is dynamically adjusted by
the buildings to motivate the EVs to get charged during
the time periods with sufficient local wind power supply.

o We prove that the EBDC method can converge to an op-
timal solution of the centralized problem over each plan-
ning horizon. Besides, the EBDC method is compared
with an optimal and two heuristic charging strategies in
several case studies. We conclude that the EBDC method
can achieve a satisfactory performance in improving
scalability and the balance between EV charging demand
and the locally generated wind power of buildings.

The remainder of this paper is arranged as follows. In
Section II, the related works are discussed. In Section III, the
problem to coordinate EV charging with the locally generated
wind power of multiple buildings is formulated. In Section
VI, the EBDC method is developed. In Section V, numeric
comparisons are conducted to evaluate the EBDC method. In
Section VI, we briefly conclude this paper

1. RELATED WORKS

Considering the charging flexibility of EVs, many previous
researches have endeavored to schedule EV charging with
various attempts including charging cost reduction [14], load
flattening [15], frequency regulation [16], waiting time mini-
mization [17], etc. Besides, with the exploitation of distributed
renewable energy, the synergy of EV charging with renewable
generation begin to attract extensive attention, such as [18].

In terms of the charging control methods for EVs, they are
mainly classified as centralized or decentralized. In the central-
ized control methods, all EVs in the system are usually con-
trolled by a central system operator. For example, Guo et al.
[19] developed a two-stage framework for the economic oper-
ation of an EV parking deck with solar power to maximize its
revenue. This method shows good performance provided that
the day-ahead solar output and EV charging demand can be
accurately predicted. Besides, Markov decision process (MDP)
is acknowledged as another effective approach to tackle the
uncertainties associated with the EV charging problem [18],
[20]-[24]. This approach can take advantage of the Markov
property of the problem, however it is usually intractable due
to state and action space explosion. To improve scalability,
various electric vehicle aggregators (EVAs) [25]-[28] have
been introduced in previous studies. These aggregators are
agents responsible for coordinating the charging demand of
a number of vehicles involved. For instance, Mukherjee et al.
[27] explored the charging scheduling of multiple EVAs to
maximize their total profit while maximizing the total number
of vehicles charged. The introduction of EVAs can alleviate
the complexity due to the increasing number of EVs, however
the performance of the methods greatly depend on how the
vehicles are aggregated. Moreover, how to optimally allocate
the charging decisions of an EVA to the vehicles involved is
still an open question.

Decentralized control methods has been acknowledged as
another technique to improve the scalability of the solution
methods. In these methods, each individual EV usually deter-
mines its own charging profile based on local or global infor-
mation. However, most of the related works in the literature are
heuristic-based [29]. For example, Wu et al. [30] established
three heuristic dispatching approaches for EVs to improve
the match of energy consumption and wind power supply
over night. In these heuristic methods, each individual vehicle
determines its own charging decisions based on their own
charging information and the accumulated load information.
Game theory has been acknowledged as another decentralized
framework to describe the non-cooperative EV charging prob-
lem. However, it is usually difficult to find an equilibrium to
achieve the optimal performance [31], [32]. For example, Ma
et al. [32] studied the decentralized charging control of plug-
in electric vehicles in a game-theoretic framework with the



objective to achieve load “valley. Considering the difficulty to
find the equilibrium of the problem, a Nash equilibrium for
an infinite population of EVs is derived.

Most of the related works in the literature only consider
the charging scheduling of EVs during one parking event or
a short time period of the day (e.g. over night). However,
the daily driving cycle of an EV usually consists of multiple
consecutive parking and driving events among different loca-
tions. The spatial-temporal charging flexibility related to the
mobility of EVs [33], [34], has been scarcely addressed in the
literature, which is very important to improve the utilization of
distributed renewable energy to supply EV charging demand.
Therefore, this paper focuses on the coordination of EV
charging with the locally generated wind power of multiple
buildings, which incorporates multiple consecutive parking
and driving events of each individual EVs among different
types buildings (residential, office and commercial buildings).
Moreover, considering that centralized control methods usually
encounter various difficulties in practical deployment includ-
ing 1) the lack of global information regarding the charging
demand of all the EVs; 2) the computation difficulties with
the potentially increasing population of EVs; 3) the reluctancy
to abandon decision-making authority regarding the charging
process of their own EVs, this paper is aimed to develop an
EV-based decentralized charging algorithm for EVs, in which
each individual vehicle can determine their own charging
decisions based on a dynamically adjusted charging “price”.

I11. PROBLEM FORMULATION

In this part, the problem to coordinate EV charging with the
locally generated wind power of multiple buildings is formu-
lated with the objective to improve the balance between EV
charging demand and on-site wind power supply of buildings.

A. Notations

The total number of EVs in the microgrid.
The collection of the index for the EVs.

(t) The collection of EVs parked in building m at
time .

S

M The number of buildings in the microgrid.

Ty, Optimization horizon.

T Planning horizon.

to The beginning of each planning horizon.

Ay Decision interval.

Zn(t) The charging rate of EV n at time ¢.

T, The charging profile of EV n over a planning
horizon.

Un The energy consumption rate of EV n (kWh).

D, (t) The location of EV n at time ¢.

B, (t) The stored energy of EV n at time ¢.

B;® The battery capacity of EV n.

Prax The maximum charging rate for the EVs.

Wi (t) The real wind power of building m at time ¢.

Wou(t)  The predicted wind power of building m at time
t.

Wit The wind power capacity of building m.

The mobile state of EV n at time ¢. If ,,(¢) = 1,
EV n is mobile at time ¢, otherwise I, (t) = 0.

f:‘; The departure time of EV n for its jy parking
A event.

LWTZ"JP The trip time of EV n for its jy, trip event.

T (t) The charging “price” for EV n at time t.

T The charging “price” profile for EV n over a
planning horizon.

The total charging power of EVs in building m
at time ¢.

P(t)

B. System Description

A typical microgrid of buildings [35] is shown in Fig.1.
There exist multiple wind generators-equipped high-rise build-
ing and a large number of EVs. The buildings are classified
as residential, office and commercial buildings (e.g. shopping
malls or entertainment centers). The EVs are used to commute
between the buildings (e.g., drive to work) or parked in
the buildings during their idle time. For example, an office
worker may drive to work in the morning from a residential
building and park his or her EV in the parking lot of an office
building till after work. The daily driving cycles of EVs are
random, which usually consists of several consecutive driving
and parking events and totally depends on the owners’ travel
demand. The wind power generated at different buildings
are stochastic and weather-dependent. In the microgrid, the
locally generated wind power of each building can be used
to supply the charging demand of EVs parked there. When
it is not enough to satisfy the charging demand of EVs in
time, electricity from the power grid can supplement. The
problem is discussed with the objective to best utilize the
locally generated wind power of buildings to suffice the EVs’
travel requirements, thus reducing their dependence on the
power grid. To achieve this, the problem is how to schedule EV
charging to coordinate with the uncertain wind power supply
of buildings

In the system, there is a local coordinator corresponding to
each building. Besides, an envisioned smart charger, which is
capable of decision-making and communication, is assumed to
be attached to each vehicle when it arrives at a building. The
EV owners are required to report their charging demand (next
trip time) and parking duration to the buildings upon arrival.
Meanwhile, they can acquire the global information of the
environment (e.g. charging “price” ) through communication
with the local coordinators of the buildings.

To achieve the real-time coordination of EV charging de-
mand with local wind power supply of multiple buildings, this
paper introduces the idea of MPC concerning the facts that:
1) the wind power output of buildings can be predicted with
a high accuracy over a short-term period (minutes to several
hours); 2) the charging demand and remaining parking time of
an individual vehicle during a parking duration can be deter-
mined upon its arrival at a building. The problem is formulated
and solved in a discrete time framework corresponding to
A; = 30 minutes’ interval with one day equally divided into
Ty, = 48 time slots. The prediction error of the existing wind
power forecasting methods for Shrs (hours) could be less than
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15% [36], [37], therefore the planning horizon is selected as
T = 10 (Shrs).

C. System Model

In this part, the problem to schedule EV charging in a micro-
grid of M buildings is formulated. The charging processes of
N EVs indexed by N' = {1,2, ..., N} are optimized in a real-
time manner to best utilize the locally generated wind power
of the buildings to fulfill their travelling requirements. We
consider a variable charging rate 2, (t) € [0, Pnax] (n € N) for
the EVs. For notation, x,, = [z,,(¢)](t € [to,to + T']) denotes
the charging profile of EV n over each planning horizon 7.
Since the EVs may move among or be parked in buildings at
different time, we define the location of EV n at time ¢ as
D,(t) € {0,1,2,..., M} with the positive integers denoting
the buildings and D,,(t) = 0 indicating that EV n is mobile
at time .

The dynamics for stored energy of EV n is described as

Bn(t + 1):Bn(t)ern(t)At*UnAtIn(t)vVt = [t07t0+T]

To ensure the travelling requirements of the owners, the
accumulated stored energy of each individual EV should be
sufficient to suffice its next trip before its departure time, i.e.

min(to-i-T,tif?j)
Bu(to) + ) wal(t)As
t=to

+ max(t*? — (to + T),0) Puax Ay > vy - LMP

ng n,j

2)

Without confusion, we assume that the jy, trip event of each
vehicle is lagging behind its jg, parking event (as Fig. 2). The
second term of (2) represents the accumulated charging energy
of EV n over the planning horizon, and the third term denotes
the maximum possible charging energy of EV n during the

EVn
ty+T
aq=v, ‘L::p i i €=V, 'L,I,ilzp i
7
o 72 (777 e 72
0 | parkevent I | tripevent1l | park event 2 | tripevent2 | ¢
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Fig. 2. The charging and energy consumption process of EV n (the energy

consumption for the jth trip is computed as e; = vy, - LZL“‘;., j=1,2)

remain parking duration. The sum of the two parts should be
more than enough to support the EV’s next trip.

Meanwhile, the accumulated charging energy of EV n over
the planning horizon should’t exceed the battery capacity, i.e.

. dep
min(to+7,t,";)

Bu(to) + Y an(t)A; < BS®

t=to

3)

Intuitively, the charging rate of EV n should be constrained
by the maximum charging rate of the smart chargers, i.e.

0 S xn(t) SPmaMVt = [t07t0 + T] (4)

Besides, the charging decisions of EV n should be con-
strained by their arrival and departure time, i.e.,

2n(t) < Da(t), Vt = [to, to + T )

The constraint (5) implies that the EV can’t get charged
(x5, (t) = 0) when it is mobile (D, (t) = 0).

As aforementioned, when the local wind power of buildings
is not enough to supply the EV charging demand in time, the
procured electricity from the power grid should supplement,
which can be calculated as

Py (t) = max(Pm (t) = Win(t),0) (6)

where P (t) = 3, e, (1) Zn(t) is the total charging power
of the EVs in building m at time t.
Considering that there may exist load capacity for the
building microgrid, we have
Py (t) < PC, Vit € [to,to + T (7

where P¢ denotes the maximum amount of power that can

M pe provided to each of the buildings by the power grid.

It’s not difficult to note that (6) and (7) can be equivalently
described by

P (t) W, (t) + P, Yt € [to, to + T (8)

It is acknowledged that the forecasted output of wind power
generators can be determined by the forecasted wind speed
and turbine parameters. This paper adopts the existing model
of [20] to describe the forecasted wind power generation at
building m at time ¢, i.e.

7 Wczt)a B Urated < Um (t) S Ucutout
Wm(t) = WCZL(UQ[(&? )37 Veutin < Em(t) < Vrated )

0, Otherwise
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where U, (t) denotes the forecasted on-site wind speed. veygn,
Vcutout ANA Vraeq are the cut-in, cut-out and rated wind speed
for the turbines.

Due to the volatile nature of wind power, it can’t be
forecasted with 100% accuracy. To capture the uncertainties
of the prediction error, the real wind power output of build-
ing m at time ¢ can be assumed as a normal distribution
N (i (t), (o (t))?), with the forecasted wind power (i, (t))
as the expected value and a percentage ( prediction accuracy)
of p,(t) as the prediction error volatility (0., (t)) [38].

As aforementioned, the EV owners are required to report
their charging information to the buildings upon arrival. There-
fore, the charging information (arrival time, departure time,
parking duration, and minimum required charging energy) of
the arrived EVs before the beginning of the current planning
horizon can be determined. However, the future arrivals are
unknown to the buildings unless the random arrival of EVs
can be predicted. In this paper, we introduce a sliding window
mechanism to incorporate the dynamic arrival and departure of
EVs in the real-time scheduling. Specifically, at each stage, the
charging decisions of the current collection of parked vehicles
(having arrived before the beginning of the planning horizon)
are considered over the predefined planning horizon. As Fig. 3
shows, at time ¢, the current collection of vehicles parked in
building m is described by N, (to) £ {n € N'|D,,(to) = m}
(if n € Nu(to), we have &7, < t). Since in MPC
model, only the charging decisions at the current stage (o)
are implemented, the charging decisions of the arrival EVs
during the planning horizon [tg,to + 7] will be decided in
the following planning horizons. Hereafter, we consider the
current collection of parked EVs (N, (to),m = 1,2,..., M)
over each planning horizon.

The objective of this paper is to best utilize the local
wind power supply of the buildings to charge vehicles while
satisfying their travel requirements. To achieve this, we define
the objective function over each planning horizon as follows.

to+tT M
Tt =3 Yo IP)- T 0F+ 3 Y aGlto +1)
t=tom=1 m=1neN, (to)
(10)
where V¢ € [to,to + T, we define
Tri min( tt )
Vn, 'Lnr,]? (to) = 4= to Tn (1) Ay
Gn(t) = tdep .

",

as the charging incompleteness of EV n at time ¢. Therefore,
G, (to + T') denotes the charging incompleteness of EV n at
the end of the planning horizon [tg,to + T]. The first term
of (22) represents the accumulated unbalance between the
EV charging demand and the local wind power supply of
the buildings. And the second term is used to penalize the
unfulfillment of the EV charging demand during the current
planning horizon, with a denoting the constant penalty factor.
In this case, the EVs will be motivated to charged to the
desired levels ( satisfying their next trip ) as earlier as possible
so as to prepare for the new arrival vehicles in the future.

In conclusion, the real-time coordination of EV charging
with the local wind power of the buildings can be depicted as

; =12,...T
N J(to,w),to gy &y ey L L

Constraints: (1) — (5),n=1,2,...,N. (1D

(8),m=1,2,.., M.

where © = [x1, @2, ..., zx]7 denotes the collection of the
charging profiles of the EVs over the planning horizon.

We note that (11) is a quadratic optimization problem with
decoupled constraints (i.e., (1)-(5)) and coupled constraints
(i.e., (8)) in terms of the charging decisions for each individual
EV. Considering that 1) the computational burden of the
centralized optimization problem increases rapidly with the
number of EVs; 2) a centralized approach is not palatable
to EV owners, who are accustomed to possess decision-
making authority; and 3) It may be difficult to collect the
global information concerning the charging requirements of all
the EVs due to privacy, an EV-based decentralized charging
algorithm is necessary and important.

IV. EV-BASED DECENTRALIZED CHARGING ALGORITHM

To eliminate the coupled constraints in (11), we first define
the following lagrangian function, i.e.

to+T M -
(to,.’l) )‘ th +Z Z/\mt m PG Wm(t))
t=tom=1
12)
where A = [Ap, ] >0 (m = S Mt € [to,to + TY) are

lagrangian multipliers.
It’s easy to note that when the lagrangian multipliers are
given, the remaining question is how to solve the following
optimization problem, i.e.
min
x,,n=12,...,

Constraints: (1) — (5),n =1,2,..., N

Since there only exist decoupled constraints in (13), if the
local objective function for each EV can be derived, the prob-
lem can be decomposed. However, it is easy to note that the
global lagrangian objective function (12) is not decomposable
in terms of the EVs. To tackle this difficulty, the main idea of
the decentralized charging algorithm in this paper is to design
a proper local objective function for each individual EV based
on the global lagrangian objective function in (12).



In this part, we first derive a dynamic charging “price” for
each individual EV based on the global lagrangian objective
function (12), i.e.

M
Tn(t) = Z (Z(Pm(t) _sz(t)) +)‘m,t)5Dn(to):m —Tn

m=1

(14)

where 6.y € {0,1} is an indicator function, i.e., if EV n
is parked in building m at time to, we have dp, (1)=m = 1,
otherwise dp,, (1,)=m = 0. We define ~,, = a/(tffg- —(to+T)).
Note that the first term of (14) is closely relates to the
unbalance between the EV charging demand and the local
wind power supply of each building. This term is aimed to
instruct the vehicles to get charged during the periods with
sufficient local wind power supply. Meanwhile, the second
term -y, is related to the charging completeness of EVs, which
is aimed to encourage the vehicles to charge as most as
possible when there is abundant wind power supply over the
current planning horizon.

The charging “price” for EV n can be further derived
as follows. We assume the charging decisions for the EVs
over the current planning horizon as * = [x1, 2, ..., & N]T.
Further, we assume that the charging rate of EV n is in-
creased by Az, (t) at time ¢ (other components of x keep
unchanged). In this case, the charging decisions for the EVs
are shifted to @ = @ + Ax,(t). Here with a little abuse
of notation, we use & + Az, (t) to represent that the (n,t)
element of the matrix « is increased by Ax,(t). As a
result, the incremental objective value due to the deviation
of the charging decisions for EV n can be calculated as
L(to;x + Az (1), X) — L{to; . A) ~ Yoy (2(Pu(t) —
Wi (1) + Amt)0p, (t0)=m A2 (t) — YnAzy(t). Thus, the
charging “price” for EV n is derived as (14).

With the charging “price” defined, the total charging “cost”
of EV n over the planning horizon can be selected as its local
objective function, i.e.

to+T

Fo(to; ) = Z T ()25 (t)

t=to

15)

Therefore, the subproblem to determine the charging deci-
sions for EV n over the planning horizon can be described
as

min F,(to; xy,)
o (16)
Constraints: (1) — (5)

It is easy to note that the above subproblem for EV n will
degenerate into a linear programming problem if the charging
“price” for EV n (r, = [r,(t)], t € [to,to + T]) can be
determined. However, the charging “prices” for the EVs are
unknown before the problem (13) is totally resolved. Because
the charging “price” for each individual EV not only relates
to the charging decisions of the other EVs parked in the same
buildings but also depends on its own charging decisions over
the planning horizon. To tackle this difficulty, an iterative
decentralized charging algorithm is developed to deal with the
lagrangian problem (13).

In the iterative decentralized charging algorithm, the updates
for the charging “price” and the charging decisions for the

EVs are alternated. Specifically, with a given charging “price”,
each individual EV acts as an agent and updates their own
charging decisions over the planning horizon with the aim to
minimize its own charging “cost” defined in (15). Afterwards,
by collecting the updated charging decisions of the EVs and
the predicted wind power output at different buildings, the
local coordinator of each buildings will adjust the charging
“price” for the vehicles. The two steps mentioned above are
alternated until the optimal charging decisions for the EVs are
attained. The details of the EV-based decentralized charging
algorithm (EBDC) to deal with the lagrangian problem (13)
over each planning horizon [tg,to + 7] are described in
Algorithm 1.

Algorithm 1 EV-based decentralized Charging Algorithm
(EBDC)
1: Initialization: k < 0, ¥ =
m=1,2,... M), AP .
2: Iteration:
3: for n = N, (tg),m =1,2,..., M do
Update the charging decisions of EV n, i.e.

0,7 = 0 (n € Nyu(to),

ol —
to+T
argmin {rij(t)xn(t)wn,t(xﬁ(t) - xn(t))2} (17)
" t=to
s.t. (1) = (5)
5: end for

6: for n = N, (tg),m =1,2,..., M do
Update the charging “price” (Vt € [tg, to+T)) for EV
n, 1.e.

PN () =Y akt@)
n€Np, (to)
M
()=

m=1

(PR (O =W (6))+X0,.) D, (50)=m —Vn

8: end for
9: if the stopping criterion of (18) is not reached then k <
k+ 1, go to Step 2.

Algorithm 2 Dual Ascent Algorithm
1: Imitialization: p < 0, AP = 0.
2: Iteration:
3: Algorithm 1
4 ¥ = xF (vn € N), PP*(t) = ZneN7”(tO)x£’*(t)
(m=1,2,..., M,Vt € [to,to + T))
5: Update the lagrangian multipliers

At = X0 8P (PR (8) = PE =W (1)),
m=1,2,....,M,Vt € [to,to +T]

6: if the stopping criterion of (19) is not reached then k <
p+ 1, go to Step 2.

In Algorithm 1, the vectors x,, = [z, ()] and 7, = [r,(t)]
denote the charging decisions and charging “price” for EV n



over the planning horizon. The superscript k represents the
number of iterations. The second term of (17) associated with
the parameter (3, ; is a penalty term. This term is added to
avoid the oscillation of the iterative decentralized charging
algorithm. Specifically, this can be achieved by slowing down
the changes of the charging decisions for the vehicles up-
dated at the current iteration (i.e., azf{“) from the previous
iteration (:cf;). Besides, in mathematics, the penalty terms are
closely related to the convergence of the iterative decentralized
charging algorithm. In Appendix A, we prove that the EBDC
method can converge to an optimal solution of problem (13)
during each planning horizon provided that the penalty factors
Bt = W if Dy, (to) = m. We note that the subproblem
(17) is a quadratic programming (QP) problem, which can be
easily solved by some existing toolboxes.

To obtain charging decisions for the EVs with a satisfac-
tory performance within an acceptable computing time, the
stopping criterion in Algorithm 1 is necessary. In Appendix
A, we find that the global lagrangian objective function (12)
will be non-increasing with the number of iteration over
each planning horizon, therefore we can define the following
stopping criterion,

IL(to; &1, AP) —L(to; 2", AP)|/|L(to; ", AP)| < &1 (18)

where €; is a constant threshold.

We should note that Algorithm 1 can be implemented
when the lagrangian multipliers (AP) are given. However, the
lagrangian multipliers relate to the charging decisions of the
EVs, which should be dynamically adjusted in the iterative
process to ensure that the coupled constraints regarding the
load capacity of the building microgrid (e.g. (8)) are satisfied.
Therefore, a dual ascent algorithm is developed to update the
lagrangian multipliers as described in Algorithm 2. The sub-
script p represents the number of iterations for the lagrangian
multipliers. Also, considering that the dual global objective
function will be non-decreasing with the iteration p [39], we
define the following stopping criterion for the dual ascent
algorithm,

|G(to; &1 NHY) = G(to; 2", W) | /|G (to; 27, AP)| < €3
(19)

where we have the global lagrangian dual function
G(to; xP*, AP) = L(to; &P, AP). €5 is a constant threshold.

V. NUMERIC RESULTS

In this chapter, we first analyze the the temporal and spatial
stochastic characteristics of the EVs’ driving and parking
behaviors based on real world travel data. Afterwards, several
numeric experiments are conducted to evaluate the perfor-
mance and scalability of the decentralized charging algorithm
proposed in this paper.

A. Statistical Driving and Parking Behaviors of EVs

In the literature, a few works have investigated the random
driving and parking behaviors of EVs from different perspec-
tives [40], [41]. However, the spatial stochastic characteristics
of EV driving and parking have been less discussed, which are

important concerning the EV scheduling in smart distribution
grids. In this part, the temporal and spatial stochastic char-
acteristics of EV driving and parking among different types
of buildings (residential, office and commercial buildings)
are explored based on the real data from the 2009 National
household travel survey (NHTS) [42].

As aforementioned, the daily driving cycles of EVs usually
consist of several individual trips among different build-
ings. To explore the temporal and spatial stochastic char-
acteristics of EV driving behaviors of EVs among different
types of buildings, the trips from NHTS are mainly classi-
fied as “residential-to-office”, “office-to-residential”, “office-
to-commercial”, “residential-to-commercial” (other kinds of
trips are ignored). Based on the acquired data, the departure
time distributions of vehicles from one building to another
are plotted in histograms as Fig. 4. This implies that the
distributions of EV departure time from different types of
buildings can be approximated by Gaussian distributions with
different parameters. For example, the departure time of EVs
from residential buildings to office buildings shows gaussian-
like distribution with mean 7:25 and standard deviation of
1.2h. Moreover, we find that the departure time windows of the
vehicles from the residential and office buildings correspond
well to the general commuting time of work with a small
deviation. However, the departure time of vehicles commuting
between residential and commercial buildings demonstrates a
relatively larger volatility.

Intuitively, the arrival time of vehicles at a building is
determined by the departure time from the previous location
and the trip time between them. To illustrate it, we investigate
the relationship between the arrival time and trip time of the
EVs that depart from a residential building at 8:00 to an office
building with a 30km distance. The arrival time and trip time
for those vehicles are plotted in histogram as Fig. 5(a) and Fig.
5(b). We find that the arrival time of those vehicles shows a
similar gaussian distribution compared with the vehicles’ the
trip time. Therefore, the distribution of EVs’ arrival time at a
building can be derived from the departure time from a starting
building and the stochastic trip time between them, i.e.

P 111171{ (tar)= [P "l%if’,DEP(ttfiP :tarr_tdep|tdep)P ];%Pj (ﬁdep)dtdep (20)

taep <tarr

where P/:']?]{ (tar) is the probability density function (pdf)
of EVs’ arrival time from building m to building j.
PrRib pep(tuip|taep) is the conditional pdf of trip time for
Vehicies departure from building m at time tgep to building
J. P5gd (taep) is the pdf of departure time from building m to
building j.

As aforementioned, the departure time of vehicles from
commercial buildings demonstrates a relatively larger volatil-
ity. Therefore, the probability of EVs’ different parking du-
rations in commercial buildings are analyzed based on the
acquired data, which are plotted in histograms as Fig. 6.

B. Parameters Setting

A microgrid composed of M = 5 high-rise buildings (two
residential buildings, two office buildings and one shopping
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Fig. 6. The distribution of parking time in commercial buildings.

mall) is considered. The maximum charging power of EVs is
set as Pax = 6kW, which refers to the State Grid EV charging
standards [43]. The energy consumption rate v, = 5 kWh for
the EVs is derived from the average driving speed of passenger
cars in Beijing (20-40km/h) [44] and the electric energy
efficiency of BYD e6 (0.2kWh/km). The penalty factors for
the charging incompleteness of the EVs over each planning
horizon are set as o = 5. The major usage of EVs consists
of commuting between home and workplace and travelling
for shopping or entertainment. In subsection V-A, we derive
that the departure time of EVs from residential buildings
to office buildings can be described as a normal distribu-
tion N(7:25,(1.2h)?). And the departure time of vehicles
from office buildings to residential or commercial buildings
obeys a normal distribution N (16:20, (1.8h)?). The departure
time from commercial buildings to residential buildings can
be described by normal distribution N (15:00, (4.3h)?). And
the departure time from residential buildings to commercial
buildings can be described as N(12:45, (4.3h)?). Besides, we
derive from the acquired data that the vehicles are driven to
work (an office building) in the morning with a probability of
p1 = 0.72 or to a shopping center (a commercial building)
with a probability of (1 — p;) = 0.28. And an EV user will

drive to home after work with a probability of ps = 0.78 or
to a shopping center with a probability of (1 — ps) = 0.22.

The trip time of EVs depends on the distance between two
buildings, vehicle velocity and road congestion, etc. To capture
the uncertainties, normal distributions with different parame-
ters are used to describe the variations of trip time between
different buildings. They are listed in TABLE II. For instance,
the trip time of EVs between residential building I and office
building I obeys a normal distribution N (1.0h, (0.5h)?).

Considering that the EV users may live or work in different
places, we use TABLE II to denote the percentage of people
living or working in the two residential or office buildings. For
instance, 40% of the EV users live in Residential I, among
which 70% work in Office I and the remaining 30% work in
Office II.

The parameters of wind turbines (Veyin = 3.5mM/S, Veytour =
25m/s, vpeq = 10m/s) are set based on most commercial wind
turbines. The Rayleigh model (w) is adopted to describe the
variations of wind speed at the buildings [45]. The average
wind speed u = 3.6m/s is derived from the the observations
at Beijing Capital Airport from Jun. 2009 to Mar. 2016 [46].
In the decentralized charging algorithm, the penalty factors are
set as B, ¢ = {W] if D, (to) =m (n € N).

TABLE 1
DISTRIBUTION OF TRIP TIME BETWEEN M = 5 BUILDINGS
Units:h (hour)
Office 1

N (1.0, (0.5)%)
N(0.5,(0.5)2)

N (u, 02): normal distribution
Office I
N(1.5,(0.5)%)
N(1.5,(0.5)%)

Commercial
N(1.0,(0.5)%)
N(1.5,(0.5)%)

Residential 1
Residential 1T

Commercial | N(1.0,(0.5)%) N(1.0,(0.5)%)
TABLE II
DISTRIBUTION OF EV USERS IN THE RESIDENTIAL AND OFFICE
BUILDINGS
Residence Percentage =~ Working Place  Percentage
e Office T 70%
Residential I 40% Office 11 30%
. . Office 1 40%
0]
Residential 1T 60% Office T1 60%

C. Performance Evaluation

In this part, we consider two case studies with N = 50
and N = 100 EVs to evaluate the performance of the EBDC
method in improving the balance between the EV charging
demand and the local wind power supply of the buildings.
The charging strategy obtained from the EBDC method is



compared with the optimal charging strategy (Opt), myopic
charging strategy (MYO) and a greedy charging strategy
(Greedy).

e Opt: the optimal solution to maximize the balance be-
tween EV charging demand and the local wind power
supply of buildings depends on the global information
including 1) the daily driving cycles of EVs among the
buildings; and 2) the day-ahead accurate prediction of the
wind power supply at each buildings. However, they are
usually difficult to acquire in practical deployment. In the
comparative studies, we assume the global information
is known in the scheduling, therefore the optimal charg-
ing strategy can be attained by solving a deterministic
quadratic optimization problem, i.e.

tdep

s.t. By(ty';) + an VA > Lt:g Up, (21a)
t=ty
dep
B, (") +an (A, < B Vj =1,2,..., NP,
t= t‘;;rd

(21b)
B,(t+1) = Bp(t) + 2n(t)A¢ — v I (2), (21c)
0< {,Cn(t) < Pmam (21d)
2n(t) < Du(t),Vt = 1,2, .., Tr. Qle)

PR () SW i () +PC,
m=1,2 . MNVt=12..T,. (2If
where PRV (t) = 35 () @n(t) represents the total charg-

ing power of the EVs in building m at time t. Ny" is
the total number of daily trips of EV n.

e MYO: at each stage, the number of EVs to get charged
with a maximum charging rate (Pax) 1s determined based
on the predicted wind power output at each building.
However, the charging demand of the EVs should be
sufficed in time to guarantee their travelling requirements.

o Greedy: during each parking duration, each EV begins to
get charged with a maximum charging rate (Pp,x) upon
arrival at the buildings until the required charging energy
is reached.

We define the basic wind power capacity for M = 5 buildings
(Residential I, Residential II, Office I, Office II, and Commer-
cial) as We,p = [20 20 28 30 15] (kW). In the two case studies,
the wind power capacity for the buildings are set as W,
(N = 50) and 2W,, (N = 100), respectively. Considering
that there exists randomness both in the locally generated wind
power of buildings and the dynamic arrival and departure of
vehicles, S = 50 sample paths concerning the wind power of
buildings and the daily driving cycles of EVs are generated
based on the derived probability distributions. In particular,
the sample paths for the predicted wind power are generated
based on the real wind power generations of each building
with 20% prediction error.

In order to guarantee the travelling requirements of the
owners, the EVs must be charged to their desired level
before the departure time. Therefore, there exist minimum load
capacity for the buildings Pmm, which can be determined by

solving the following problem, i.e.
min P¢

. 2D
Constraints:(21a) —

(21)

In the two case studies (N = 50 and N = 100), the
charging strategies obtained from EBDC method with or
without load capacity constraints are studied. When there is
no load capacity limits (P“ is large enough), the charging
strategy can be derived based on Algorithm 1 with AP = 0.
Besides, in the case studies with load capacity constraints,
we set P¢ = 1.2P% kW. The step size of the dual ascent
algorithm are set as s? = 0.8.

In the two case studies, the distributions of the unbalance
between the EV charging demand and the local wind power
supply of the buildings under different charging strategies are
plotted in histograms as Fig. 7(N = 50) and Fig. 8(N = 100).
We see that the average unbalance between the EV charging
demand and the local wind power supply of buildings using
the myopic charging strategy is apparently reduced compared
with the greedy charging strategy. The result is attributed
to that the one-step prediction information about the wind
power generation of buildings is incorporated in the myopic
charging strategy. We first analyze the performance of the
EBDC method when there is no load capacity (or load capacity
is large enough) in the building microgrid. We find that the
unbalance between the EV charging demand and wind power
supply of buildings using the EBDC method has been reduced
by 68.4% (N = 50) and 61.1% (N = 100) compared with
the greedy charging strategy. Moreover, form Fig. 7(a) and
Fig. 7(b), we see that the EBDC method can achieve a close
performance compared with the optimal charging strategy
in improving the balance between the EV charging demand
and the local wind power supply of multiple buildings. The
minor differences 5.9% (N = 50) and 4.9% (N = 100)
of the EBDC method compared with the optimal charging
strategy are caused by the incomplete information about the
EV charging requirements and the prediction error on the
wind power output of buildings in the real-time scheduling.
Moreover, we find that the standard deviation (std.) of the
unbalance using EBDC is almost the same compared with
the optimal charging strategy. This implies that the EBDC
method performs well in incorporating the dynamic arrival
and departure of the EVs in the scheduling.

Besides, from Fig. 7(b) and Fig. 7(c) (Fig. 8(b) and Fig.
8(c)), we note that there exist minor difference (gap) between
the performance of the charging strategies obtained from the
EBDC method with and without load capacity constraints.
When the load capacity is set as P¢ = 1.2P% kW, the
accumulated unbalance between the on-site wind power gen-
eration and the EV charging demand has been increased by
0.4% (N = 50) and 0.2% (N = 100). The phenomenon are
reasonable because some new constraints are added in the
optimization problem.
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Fig. 7. The unbalance between the EV charging demand of N = 50 EVs
and the local wind power supply of the buildings. (a) Optimal. (b) EBDC
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D. Complexity and Scalability

In practical deployment, the EV owners are usually willing
to participated in the scheduling provided that their travelling
requirements are garanteed. It is not difficult to interpreted
that when the load capacity P¢ is large enough, the travelling
requirements of all EVs can be guaranteed otherwise may
not. Therefore, in the subsequent numerical experiments of
this chapter, we assume that the load capacity of the building
microgrid is large enough to supply the surplus charging
demand of EVs. In this regard, the decentralized charging
strategy for the EVs can be obtained based on Algorithm
1 with A? = 0.

In this part, a number of case studies with a larger popu-
lation of EVs, i.e., N = 200, N = 300, N = 500, N = 800
and N = 1000, are conducted to evaluate the complexity and
scalability of the EBDC method. The wind power capacity for
the buildings are set as 2We,, (N = 100), 3Weyp (N = 200),
4.5Weap (N = 300), 8Weqp (N = 500), 9Weyp (N = 800) and
12Weap (N = 1000), respectively. The stopping criterion is set
as €; = 0.02. Since each individual EV only needs to update
its own charging decisions by solving a small subproblem at
each iteration, the EBDC method is scalable. Considering that
it will be time-consuming to solve the centralized optimization
problem (21) even the global information regarding the day-
ahead wind power generation of the buildings and the daily
driving cycles of EVs can be acquired, the EBDC is compared
with the two heuristic charging strategies (myopic and greedy)
in this part.

Similarly, S = 50 sample paths are generated in each
case study to evaluate the performance of different charging
strategies. The mean and standard deviation (std.) of the
unbalance between the EV charging demand and the local
wind power supply of the buildings are listed in TABLE III.
We conclude that both the mean and the standard deviation of
the unbalance between the supply and demand are apparently
reduced using the EBDC method compared with the two
charging strategies. Specifically, the decentralized charging
strategies obtained from the EBDC method outperform the
greedy and the myopic charging strategy with about 60%-
80% and 34%-37% less unbalance, which are consistent with
the numeric results in Subsection B. This implies that the
EBDC method can still achieve a satisfactory performance
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Fig. 9. The amount of power from the power grid at the commercial building
(N = 1000).



300 600 400
! —4&— EBDC | 4
1 —e—MYO |,
R B O R Greedy [ 3007
S 200f— - 1400 =
z I #EVs |1 .-
o ! o 5 200}
8 * 3
a 100} 1200 o
1001
0 0 0
0 4 8 12 16 20 24 0 4 8 12 16 20 24
(a) Time (h) (b) Time (h)
Fig. 10. The amount of power from the power grid at the residential buildings (/N = 1000). (a) Residential I. (b) Residential II.
300 — 600 300 600
I ! —4A— EBDC v =——ad— EBDC
P! —e— MYO ; ! —— MYO
' |
' - S
: 400 < 200 1y Greedyl 5,
! w X | - #EVs »
1 > | >
- w o - L
: * 5 Iy *
1200 o I i 1200
!
- 0 : 0
0 4 8 12 16 20 24 0 4 8 12 16 20 24
(a) Time (h) (b) Time(h)

Fig. 11. The amount of power from the power grid at the office buildings (INV

when applied to larger scale problems.

TABLE III
THE UNBALANCE BETWEEN THE EV CHARGING DEMAND AND THE
ON-SITE WIND POWER SUPPLY OF THE BUILDINGS

Greedy x10% MYO x10% EBDC x10%

mean std. mean std. mean std.
N =100 12.20 1.07 7.53 0.95 4.74 0.79
N = 200 58.19 4.11 17.26 2.58 10.81 1.77
N = 300 130.06 7.54 37.64 4.76 24.06 3.61
N =500 382.96 2331 | 122.14 18.26 79.82 13.50
N =800 823.21 4588 | 180.22 21.30 | 11239 17.28
N = 1000 | 1308.23 73.85 | 293.13 3433 | 187.08 25.69

Besides, to evaluate the charging strategies in reducing the
dependence of EV charging demand on the power grid, the
procured electricity of different buildings (Pf,(t)) from the
power grid is studied. We consider a special case (a sample
path) with N = 1000 EVs in the microgrid, the curves of
the procured electricity of different buildings under different
charging strategies are displayed in Fig.9 (commercial), Fig.
10 (residential), and Fig. 11 (office). We see that the EBDC
can apparently reduce the amount of the procured power by the
buildings from the power grid to satisfy the surplus charging
demand of EVs compared with the two heuristic charging
strategies. This implies that the EBDC method can effectively
improve the utilization of wind power while supplying the
charging demand of the EVs. Moreover, we my observe some
phenomenon that coincide with the general driving behaviors
of the EV owners. Specifically, we see that the charging

= 1000 ). (a) Office 1. (b) Office II.

peaks of the residential buildings appear from the late evening
to the morning. This is attributed to the fact that a large
number of vehicles are driven back to the residential area and
needed to get charged. Besides, we observe that a massive
number of vehicles need to get charging between 9:00-18:00
in the office buildings. This time period corresponds well
to the general working hours. Different from the residential
and office buildings, a high charging peak appears in the
commercial building during 12:00-21:00. This phenomenon
is due to the fact that people tend to go shopping or have
recreations in the afternoon and in the evening.

To further investigate the scalability of the EBDC method,
the average computing time at each stage are studied. The
subproblems are solved using Matlab (R2016a) on Windows
7 with main frequency of 3.2GHz. The average computing
time at each stage with different number of EVs are shown
in Fig. 12. We observe that the average computing time at
each stage approximately increases linearly with the number
of EVs. This is reasonable because the main computation of
the EBDC method is for each individual EV to iteratively
update their own charging decisions at each sage. Besides, we
note that the average computing time at each stage is about 2.5
mins < Ay for N = 1000 EVs. This implies that the EBDC is
time-efficient in the real-time scheduling. Moreover, we may
note from Algorithm 1 that at each iteration, the EV agents
can update their charging decisions in parallel, therefore in
practical deployment, the computation efficiency of the EBDC
method can be further improved.
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VI. DISCUSSION

Considering that future buildings may be integrated with
various renewable energy, this part briefly discusses the case
where each building is integrated with wind generators and
PV arrays. In this case, to best utilize the local renewable
generation to supply the EV charging demand, the global
objective function in (22) can be modified to

to+T M

J(to;x) = Z Z[pm(t)*Wm(t)* Vm(t)]z

t=tom=1

+ Z ZaGn(tO + T)

m=1neN,,(to)

(22)

where V() denotes the predicted solar generation of build-
ing m at time t¢.

Accordingly, in the EBDC method, the charging “price” in
(14) should be replaced by

M
Tﬂ(t) = Z 2(Pm (t) _Wm (t) _Vm (t)>5Dn(t0):m —Tn

m=1

(23)

Similarly, the decentralized charging strategy for the EVs
can be obtained based on Algorithm 1.

To evaluate the performance of the EBDC method applied to
the case with multiple distributed renewable generation (i.e.,
wind and solar power) in the microgrid, we conduct a case
study with V = 50 EVs. The rated wind and solar power ca-
pacity for the buildings are set as W,, = [10 10 15 15 10]kW
and Vp = [10 10 15 15 10]kW, respectively. The models
regarding solar generation refer to [47]-[49]. The other pa-
rameters are the same as described in Section V-B.

Accordingly, to obtain the optimal charging strategy for
the EVs to maximize the balance between the EV charging
demand the local renewable energy supply, the global objective
function in (21) should be replaced by

T, M
min Y > (PR (1) = Win(t) = Vin (1)) (24)

t=1 m=1
In the case study, the decentralized charging strategy of
the EBDC method is compared with the optimal charging
strategy and the two heuristic charging strategies (myopic and
greedy). Similarly, S = 50 sample paths are generated to
assess the performance of different charging strategies. The
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Fig. 13. The unbalance between the EV charging demand of N = 50 EVs and
the local renewable energy supply of the buildings. (a) Optimal. (b) EBDC.
(c) myopic. (d) Greedy.

distribution of the unbalance between the EV charging demand
and the local renewable energy supply of the buildings under
different charging strategies are plotted in histograms as Fig.
13. From the case study, we note that the EBDC method still
can achieve a close perdormance compared with the optimal
charging strategy in improving the balance between the supply
and demand in the building microgrid. The minor difference of
the objective value (9.8%) under the optimal charging strategy
and the charging strategy from the EBDC method is attributed
to the prediction error of the on-site renewable generation
(wind power and solar power) of buildings.

vil. CONCLUSION

This paper investigates the coordination of EV charging
with the locally generated wind power of multiple buildings.
The problem is formulated in a centralized framework with
the objective to improve the balance between the EV charging
demand and the local wind power supply of buildings. To
tackle the uncertainties, the idea of model predictive control
(MPC) is introduced, which makes decision at each stage
based on the predicted wind power output of the buildings
and the current collection of parked EVs over a predefined
planning horizon. By exploring the structure of the central-
ized problem, an EV-based decentralized charging algorithm
(EBDC) is developed, in which each individual EV agent can
dynamically update their own charging decision based on the
charging “price” announced by the buildings. We prove that
the EBDC method can converge to an optimal solution of
the centralized problem. Moreover, the performance of the
EBDC is assessed through comparisons with an optimal and
two heuristic charging strategies (i.e., greedy, myopic). We



conclude that the EBDC method is scalable and performs well
in improving the balance between the EV charging demand
and the local wind power supply. Further, the extension
of the decentralized method is discussed and preliminarily
conclude that the current method still applies to the case where
there exist multiple renewable generation, such as building
integrated wind power and PVs. Note that it is an interesting
future work to coordinate the charging of EV with the multi-
energy systems in smart buildings [49]—[55], both of which are
flexible loads. Then one may need to combine the methods in
this work with event-based optimization [56] to address the
even larger optimization problem.

APPENDIX A
PROOF OF THE CONVERGENCE OF THE EV-BASED
DECENTRALIZED METHOD

In this part, we endeavor to prove that the EBDC can
converge to an optimal solution of the centralized lagrangian
problem in (13) over each planning horizon [tg, to + 7).

In Algorithm 1, we note that the subproblem associated
with EV n at iteration £+ 1 is a convex optimization problem
with the charging “price” r* = [r¥(t)] given. Thus we can
derive from the first order optimality condition that

to+T

t=tg
Ve, € X,

where we should note that the obtained charging decision
xF*tl = [2F+1(¢)] at iteration k + 1 is the optimal solution
of problem (17). &,, denotes the feasible charging decisions
for EV n over the planning horizon, which is a convex set
composed by (1)-(5).

It is straightforward that =¥ is a feasible charging decision
for EV n over the planning horizon [t, to + T, thus we have

to+T to+T
Zr R () =2k (1) < — Z 2B (i () — 2l (1))
t=to t=to

(26)

where 7% (t) = M
as defined in (14).
We summarize ( 26) for all n € NV, (o), thus we have

Z(Pr]:i (t)_Wm (t)+ )‘fn,t)(sDn (to)=m—"In

to+T
D (2PE(#) = W)+, ) (PEF (1) = PE (1)) <
f:‘; 27)

@y (1) = 2Bn ¢ (2" () — a7 (1))

D> ekt -

t=to n=Ny, (to)

where PF (t) = Zne/\fm(to) zk(t).
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As defined, the global lagrangian objective function at
iteration k can be described as

to+T M
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where we have =¥ = [zF .. z%] with =¥ denoting the

charging profile of EV n over the planning horizon obtained
at iteration k.

The difference of the global lagrangian objective function
at two successive iterations can be computed as
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where the first inequality is attained based on (27), the second
inequality is derived based on the Jessen’s inequality.

From (29), we note that if we have 28,: > N, (to) +
1 (Vn S Nm(t()), i.e., ﬂn,t Z (Nm(to) +1)/2 (VTL S Nm(t())),

we can derive that
L(to; $k+1, )\p) —

to+T M

<3 S ek
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L(to; ch, )\p)
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This implies that the global lagrangian objective function
over each planning horizon will be non-increasing with the
number of iteration. Moreover, it is straightforward that
L(to; ¥t AP) = L(to;x*, AP) can be reached if and only
if xF = 2kt vn e N, (to),m =1,2,..., M.

Further, if we encounter xk xk, (Vn € N) at iteration
k 4+ 1, we can derive from (27) that

k+1 _

to+T M
S5 @PEW®) - Wa(t) + Moy ) (Pr(t) — PE(1) > 0
=top m=1 (31)



It is easily noted that (31) is the first-order optimality condition
of convex problem (13) with the optimal solution P* = PF =
[PE (t)]. This implies that the EBDC algorithm can converge to
the optimal solution of the centralized lagrangian optimization
problem (13) over each planning horizon [tg,tg + 1.
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