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Abstract—With the rapid development of electric vehicles
(EVs), the consequent charging demand represents a significant
new load on the power grids. The huge number of high-rise
buildings in big cities and modern technological advances have
created conditions to mount on-site wind power generators on
the buildings. Since modern buildings are usually equipped with
large parking lots for EVs, it shows vital practical significance to
utilize the on-site wind power generation to charge EVs parked
in the buildings. In this paper, we first use a case study in Beijing
to show that the on-site wind power generation of high-rise build-
ings can potentially support all the EVs in the city. Considering
that the charging demand of EVs usually does not align with
the uncertain wind power, the coordination of EV charging with
the locally generated wind power in a microgrid of buildings is
investigated and three main contributions are made. First, we
investigate the problem and formulate it as a Markov decision
process, which incorporates the random driving requirements
of EVs among the buildings. Second, we develop a distributed
simulation-based policy improvement (DSBPI) method, which
can improve from heuristic and experience-based policies. Third,
the performance of the distributed policy improvement method is
proved. We compare DSBPI with a central version method on two
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case studies. The DSBPI method demonstrates good performance
and scalability.

Index Terms—Electric vehicles (EVs), building mounted wind
power, Markov decision process, distributed optimization.

I. INTRODUCTION

IN RECENT years, electric vehicles (EVs) have attracted
extensive concerns with the incentives to decrease car-

bon emissions and alleviate fuel depletion. However, with
the popularity of EVs, the consequent charging demand
represents a significant new load, producing non-negligible
negative impacts on the power grids [1]. This has been rec-
ognized as one of the most challenging issues that hinder the
wide-adoption of EVs around the world [2].

Currently, the huge number of high-rise buildings and mod-
ern technological advances have created conditions to mount
on-site wind power generators on buildings. The reported total
number of buildings higher than 200 meters has exceeded
1,000 in 2015 around the world, while China accounts for
about 40% [3]. The rapid increase of high-rise buildings,
especially in cities, shows great potential to fully explore
wind power of buildings due to less turbulence and abundant
wind resources [4]. Meanwhile, much effort has been devoted
to the development of wind turbines for buildings over the
past decades [5]–[7]. For instance, a newly designed wind
turbine for buildings, which is both silent and efficient at con-
verting wind into energy, shows great promise to be widely
adopted [8]. Besides, the axial load of wind turbines on build-
ings has been halved in the last few years [9]. Since modern
buildings, including residential, office and commercial build-
ings, are usually equipped with large parking lots for EVs,
the issue to utilize on-site wind power of buildings to charge
the EVs parked in the buildings shows vital practical signifi-
cance in various aspects. First, the huge number of high-rise
buildings in cities provides enormous wind energy to be fully
explored to support EV charging, thus decreasing their impacts
on the power grids. Second, unlike remote wind farms, the on-
site wind power of buildings can be locally utilized to charge
EVs parked there without a need to build a new high-voltage
transmission system. Third, the variability of wind power can
be regulated by properly scheduling EV charging due to their
charging flexibility.

In the literature, much effort has been devoted to the man-
agement of EV charging with various attempts. For example,
Sundström and Binding [10] established an individual charging
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plan for each vehicle of an aggregator to avoid grid congestion.
Vandael et al. [11] proposed a three-step approach to manage
the charging load of massive plug-in electric vehicles (PHEVs)
to minimize the cost for energy supplier. Besides, with the pop-
ularity of renewable energy, the coordination of EV charging
with renewable energy has attracted extensive attention. For
instance, Wu et at. [12] developed three heuristic dispatch-
ing approaches for EVs to improve the matching of energy
consumption and wind supply over the night. Kou et al. [13]
proposed a two-layer coordination of PEV charging with wind
power based on the prediction of wind power and EV charging
demand in each predefined planning horizon over the off-peak
time. Similarly, Guo et al. [15] addressed a two-stage frame-
work for the economic operation of an EV parking deck with
on-site renewable generation using the same idea of model
predictive control. These existing researches have explored
various dispatching methods for EV charging. However, lit-
tle literature has been able to consider the parking location
of EV, such as buildings, in the scheduling. Additionally, only
one trip instead of multiple trips for EVs is considered over the
planning horizon in most of the literature. With the popularity
of workplace and public charging to build range confidence,
these will play an important role in improving the utilization
of wind energy in supporting EV charging. Complementary to
the existing researches, this paper focuses on the coordination
of EV charging with locally generated wind power at multiple
buildings, which incorporates the random driving requirements
of EVs among the buildings. Meanwhile, multiple daily trips
for each EV among the buildings are considered.

The challenges regarding this problem are as follows. First,
there exist multiple uncertainties due to the volatile wind
power supply of buildings and the random charging demand
of EVs. Second, the charging decisions of EVs are not only
constrained by their parking duration (to fulfill travel require-
ments) but also determined by their parking locations due to
the time-dependent wind power supply at different buildings.
Third, the problem is a multistage time-dependent decision
process. Moreover, the charging decisions of EVs at the cur-
rent stage affect the future cost. Fourth, the decision space
of the problem increases exponentially with the number of
EVs, thus the complexity to find an optimal charging policy
is sensitive to the problem size.

In this paper, we first conduct a case study in Beijing
to explore the potential of wind power of high-rise build-
ings in supporting EV charging. Considering that the charging
demand of EVs usually doesn’t align with the uncertain wind
power generation of buildings, the coordination of EV charg-
ing with locally generated wind power in a microgrid of
buildings is investigated and three main contributions are
made. First, we investigate this problem and formulate it
as a Markov decision process (MDP), which incorporates
the uncertain wind power supply at different buildings and
the random driving requirements of EVs among the build-
ings. Second, we develop a distributed simulation-based policy
improvement (DSBPI) method as an extension of rollout [26],
to improve from heuristic or experience-based policies while
improving scalability. Third, the performance of the distributed
policy improvement method is proved in this paper. Moreover,

Fig. 1. The distribution of building height in Beijing.

TABLE I
MONTHLY AVERAGE WIND SPEED IN BEIJING

we compare DSBPI with a central version method on two case
studies to evaluate the performance and scalability of DSBPI.

The remainder of this paper is outlined as follows. In
Section II, a case study in Beijing on the wind power of
high-rise buildings is conducted. In Section III, the problem
is formulated as a MDP. In Section IV, a DSBPI method is
proposed. In Section V, the DSBPI is evaluated on two case
studies. In Section VI, the paper is briefly concluded.

II. THE POTENTIAL OF BUILDING MOUNTED

WIND POWER IN BEIJING

In the literature, much effort has been made on the technical
issues of building mounted wind turbines [7], [16]. However,
little previous work has explored the potential of wind pro-
duction of buildings, which directly determines its economic
benefits of application. High-rise buildings are now pervasive
in China, especially in big cities, such as Beijing. Considering
that Beijing is more likely to firstly promote large adoption
of EVs and widely develop wind power of buildings due to
the rapidly developed technologies and the enormous high-
rise buildings, we conduct a case study in the city to explore
the potential of locally generated wind power of high-rise
buildings in supporting EV charging in this section.

A. Statistics Data

Based on the incomplete report of EMPORIS [17],
the height distribution for the recorded high-rise buildings
(≥ 50 m) in Beijing is plotted in histograms as Fig. 1. The
statistics results reflect that the current population of build-
ings higher than 100 meters has exceeded 300 in the city.
To investigate potential wind power production of buildings
in Beijing, the monthly average wind speed of the city based
on the observations at Beijing Capital Airport (height=55 m)
from Jun. 2009 to Mar. 2016 [18] is listed in TABLE I.
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B. Estimation Models

It has been acknowledged that it is desirable to explore wind
power of high-rise buildings concerning the abundant wind
resource. However, the wind speed of buildings at different
heights is usually unavailable. In the literature, power law has
been recognized as one common approach to estimate the wind
speed at different heights [19], i.e.,

u(z) = u(zref) · (z/zref)
α (1)

where u(z) and u(zref) denote wind speed at height z and at
reference height zref. The exponent α is an empirically derived
coefficient dependent on terrain types. For city area with tall
buildings, we have α = 0.4 [19].

The instantaneous power output of wind turbines relates to
a designated wind speed by a cubic law, i.e.,

Pw(u) = 1/2Cpρu3A (2)

where Cp denotes the power coefficient of wind turbine, A is
the rotor swept area, ρ is the air density.

Considering that the monthly average wind speed usu-
ally underestimates the annual wind production, commonly
used Rayleigh models are derived in this paper to model the
variation of wind speed in each month of a year [20], i.e.,

fi,z(u) = πu

2ui,z
2

exp

(
0.25π

(
u

ui,z

)2
)

,∀i = 1, 2, . . . , No (3)

where i represents the month with No = 12. fi,z(·) is probabil-
ity density function for wind speed at height z in the ith month.
ui,z denotes the average wind speed at height z of month i,
which can be derived using (1).

According to [20], the annual average production of building
mounted wind turbine at height z can be estimated as

Pw,z = 1

No

No∑
i=1

∫ uco

uci

Pw(u) · fi,z(u)du (4)

where uci and uco denotes the cutin and cutout wind speed of
wind turbine.

C. Analysis Results

In the analysis, the power coefficient of wind turbines is
set as Cp = 0.45, which refers to a newly designed wind
turbine for buildings [8] with an estimated power coefficient
of Cp = 0.47. The cutin and cutout wind speed is set as 3
m/s and 25 m/s based on the parameters of most commercial
wind turbines.

• The reported daily average driving distance of private cars
in Beijing is about 40.2 km [21], thus an annual average
driving distance 14,700 km. If a Kia Soul EV with a
driving efficiency of 0.1617 kWh/km is considered [22],
the annual average energy consumption of one private EV
in Beijing is about 2,377 kWh.

• We consider a special case, where one wind turbine of
diameter 22 m is mounted on each high-rise building
(≥ 50 m) in Beijing. The estimated total annual wind
production is about 1.69 × 108 kWh. It is enough to sup-
port about 71,000 EVs, which is about three times of

the current population of EVs in Beijing (21,500, at the
beginning of 2016) [23]. We conclude that the estimated
annual wind production of the recorded high-rise build-
ings can suffice more than three times of the EVs in the
city.

• Besides, we consider a small-scale wind turbine, Aerostar
6 (diameter= 6.7 m, 10kW) in the case study. Suppose
one wind turbine of that size is employed on each of those
high-rise buildings. The estimated annual wind power
production could reach 1.56×107 kWh, which is enough
to suffice the travelling requirements of about 6,500 EVs
in the city. This implies that the annual production of four
Aerostar 6 wind turbines on each of those buildings will
be more than enough to support all the EVs in the city.

In the above case study, we consider two special cases
and conclude that the potential wind production of high-rise
buildings in Beijing is very promising. Specially, the annual
production of a small number of wind turbines on those high-
rise buildings is enough to potentially support the current
population of EVs in the city. Besides, in practical deploy-
ment, if more wind power generators can be installed on the
high-rise buildings, it is possible to suffice a larger population
of EVs. However, the charging load of EVs parked in build-
ings is usually uncoordinated with the locally generated wind
power of buildings due to their random driving requirements.
Considering that EVs are usually parked in buildings for long
time periods, the problem to schedule EV charging to align
with locally generated wind power in a microgrid of buildings
is investigated in this paper.

III. PROBLEM FORMULATION

A. System Description

In this part, we consider a microgrid consisting of multiple
high-rise buildings, on-site wind power of buildings and a
number of EVs. The system architecture is depicted as Fig. 2.
The buildings include residential, office and commercial build-
ings. The EVs are usually parked in the buildings or driven
among the buildings. For example, an office worker may drive
to work from a residential building in the morning and park the
EV in an office building till after work. The driving behaviors
of EVs are random, which depend on the travel requirements
of EV owners. The wind power generated at different buildings
is stochastic. In the system, the role of buildings with locally
generated wind power is to offer charging service to the EV
owners to make profits. And the EV owners are motivated to
register as dispatching load by a lower charging cost offered by
the buildings compared with getting charged in the state grid
without participation. Meanwhile, the buildings are contractu-
ally obligated to suffice the EV owners’ traveling requirements
every day. To improve the utilization of wind power of build-
ings, we consider a more general case, where neighboring
buildings (close to each other in distance) can share excess
wind power with each other. The locally generated wind power
of a building is first used to charge EVs parked there. When it’s
not enough to satisfy the EVs’ charging demand, surplus wind
power from its neighboring buildings or purchased electricity
from the power grid can supplement.
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Fig. 2. System Architecture.

In the system, there is a local coordinator corresponding to
each building and one system operator. The EVs are required
to report their charging demand (next trip time) and parking
duration to the local coordinator upon arrival at a building.
Meanwhile, the local coordinators are required to inform the
system operator of local charging information as well as on-
site wind power generation. Considering that the marginal cost
of wind power is usually much lower than thermal generation,
wind power is assumed free in the problem (the installation
and maintenance fees are ignored). However, power supple-
ment from the power grid is charged with time-of-use (TOU)
tariffs.

In order to simplify the discussion, the charging power is
set constant in this paper. The problem is formulated and dis-
cussed in a discrete time framework on a daily basis, where
each day is equally discretized into T = 48 stages with a
�t = 30 minutes’ interval.

B. Modeling

We consider a population of N EVs over the optimization
horizons T � {1, 2, . . . , T} in a microgrid of M buildings.
The EVs and buildings are labelled as N � {1, 2, . . . , N} and
M � {1, 2, . . . , M}, respectively. The problem to coordinate
EV charging with locally generated wind power of multiple
buildings is modeled as a finite-stage MDP problem as follows.

1) System States: The system state at time t is defined as
St = [W j

t , Ei
t, Li

t, Di
t] ( j ∈ M and i ∈ N ), where W j

t is the
on-site wind power generation at building j. Ei

t represents the
remaining required charging energy. Li

t is the remaining park-
ing time or remaining trip time. Di

t denotes the location of EV
i at time t. In the formulation, the location space is defined as
Di

t ∈ D � {0, 1, 2, . . . , M}. When EV i is parked in building
j (j ∈ M), we define Di

t = j, Ei
t ≥ 0 and Li

t as the remain-
ing parking time. When EV i is on travel, we define Di

t = 0,
Ei

t = 0, and Li
t as the remaining trip time.

2) Action Space: As mentioned, the charging power for
EVs is constant, thus a binary vector At = [z1

t , z2
t , . . . , zN

t ] is

used to denote the charging decisions at time t with zi
t ∈ {0, 1}.

If zi
t = 1, EV i is selected to be charged, otherwise zi

t = 0.
3) System Dynamics: With the state St and charging deci-

sion At given, the dynamics of state are depicted as follows.
The dynamics of the remaining parking time (Di

t > 0) or
remaining trip time (Di

t = 0) for EV i are described as

Li
t+1 =

⎧⎨
⎩

Li
t − �t if Li

t > 0
τ t+1 if Li

t = 0, Di
t = 0

ηt+1 if Li
t = 0, Di

t > 0
(5)

where τ t+1 and ηt+1 are random variables, τ t+1 represents the
parking time of EV i when it arrives at a building at time t+1,
ηt+1 denotes its trip time departure at time t + 1.

The location transition of EV i is depicted as

Di
t+1 =

⎧⎨
⎩

Di
t if Li

t > 0
Rt+1 if Li

t = 0, Di
t = 0

M + 1 if Li
t = 0, Di

t > 0
(6)

where Rt+1 ∈ M is a random variable and denotes the building
that EV i arrives at time t + 1.

The transition of the remaining required charging energy of
EV i is written as

Ei
t+1 =

⎧⎨
⎩

Ei
t − zi

t · P · �t if Li
t ≥ 0, Di

t > 0
max

(
Bi

t+1 − fi(ηt+1), 0
)

if Li
t = 0, Di

t = 0
0 otherwise

(7)

where P represents the constant charging power of EVs, Bi
t+1

denotes the energy state of EV i when it arrives at a building at
time t+1. The function fi(·) describes the relationship between
energy consumption of EV i and its trip time. The energy
consumption rate of an EV relates to velocity, acceleration and
roadway grade. In our discussion, the energy consumption rate
Qi is assumed constant, thus fi(ηt+1) = Qi · ηt+1 (i ∈ N ).

4) Constraints: In our formulation, the charging decision
variable At is implicitly constrained as follows,

0 ≤ Ei
t ≤ Ei

cap, ∀i ∈ N , t ∈ T (8)

0 ≤ Ei
t ≤ Li

t · P · �t, ∀i ∈ N , t ∈ T (9)

zi
t ≤ Di

t, ∀i ∈ N , t ∈ T (10)

where Ei
cap denotes the battery capacity of EV i. The con-

straint (8) imposes that the remaining required charging energy
can’t exceed the EV battery capacity. The constraint (9)
implies that the remaining required charging energy can’t
exceed the maximum possible charging energy during the
remaining parking time. The constraint (10) guarantees that
the EVs can only get charged during the parking durations.

5) Objective Function: In this part, we first classify the
neighboring buildings (close in distance) in the microgrid into
an aggregator. Among each building aggregator, excess wind
power can be shared with each other for free. However, wind
energy exchange among different building aggregators is not
considered in this paper. We assume the buildings can be clas-
sified into K aggregators denoted by K � {1, 2, . . . , K}. And
Mk is used to represent the collection of buildings in aggrega-
tor k, intuitively we have M = ∪K

k=1Mk. Since wind energy
generated at a building aggregator can be shared for free, the
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main cost for each building aggregator to offer charging ser-
vice to EVs is to purchase electricity from the power grid to
satisfy the surplus EV charging demands. In the scheduling,
the buildings receive a fixed payment from each individual EV
owner every day. Therefore the on-step profit for the buildings
can be computed as follows.

C̃t(St, At) =
N∑

i=1

mi −
K∑

k=1

(
βt max

(
Pk

t − Wk
t , 0

)
�t

− G
(

PT,k
t

))
(11)

where mi represents the fixed payment charged from EV
owner i, which may be defined α (0 ≤ α ≤ 100) percent lower
than the minimum charging cost that the owner should pay to
the state grid without participation as [24]. In this regard, the
payment of each EV owner is dependent on the amount of
energy charged to the vehicle. βt represents the electricity price
purchased from the state grid at time t. Pk

t = ∑
j∈Mk PEV,j

t

with PEV,j
t = ∑

i∈{i|Di
t=j} zi

t · P denotes the total charging
power of EVs parked in building aggregator k at time t.
Wk

t = ∑
j∈Mk W j

t denotes the total available wind power

supply in building aggregator k. PT,k
t represents the energy

transmission among building aggregator k, which can be com-

puted as PT,k
t = ∑

j∈Mk max(PEV,j
t −W j

t , 0)−max(Pk
t −Wk

t , 0).
G(·) denotes the cost due to transmission loss among each
building aggregatror. While the first term in (11) represents
the revenue of the buildings charged from the EV owners, the
second term is the cost for the buildings fulfill the EV owners’
traveling requirements, and the third term represents the cost
due to energy transmission loss.

Concerning the multiple randomness in the problem, the
expected profit of the buildings can be calculated as

J̃(π, S1) = Eπ
S1

[
N∑

i=1

mi −
T∑

t=1

K∑
k=1

{
βt max

(
Pk

t − Wk
t , 0

)
�t

+ G
(

PT,k
t

)}]
(12)

where S1 is the initial system state and π = [A1, A2,. . . , AT ]
denotes the charging policy over the optimization horizons.

Therefore, the problem to maximize the profit of buildings
can be described as problem P1, i.e.,

P1: max J̃(π, S1)

s.t (8) − (10) (13)

From P1, we note that with a proper financial compensa-
tion (α) designed, the buildings are able to gain profits while
reducing the cost for EV owners meanwhile. This has been
demonstrated in [24]. Considering that the buildings are con-
tractually obligated to charge all the EVs to fulfill their
traveling requirements every day, the payment mn for each
individual EV owner is not presented in the objective function,
therefore we define problem P2 instead, i.e.,

P2: min J(π, S1)

s.t (8) − (10) (14)

where J(π, S1) = Eπ
S1

[
∑T

t=1 βt
∑K

k=1 max(Pk
t − Wk

t , 0)�t +
G(PT,k

t )] denotes the total charging cost for the buildings to
fulfill EV traveling requirements. Accordingly, the one-step
cost is defined as Ct(St, At) = ∑K

k=1

{
βt max(Pk

t −Wk
t , 0)�t+

G(PT,k
t )

}
. The intuitive interpretation of P2 is that the prof-

its of buildings can be maximized by minimizing the cost to
supporting EV charging. To simplify the discussion, energy
transmission loss is ignored in this paper.

As described above, the stochastic problem is formulated as
a MDP. To solve the problem is to find a charging policy to
minimize the total EV charging cost for the buildings. Though
an optimal charging policy exists definitely, it is an intractable
task to employ traditional dynamic programming method to
find the solution due to the curses of dimensionality.

C. On-Site Wind Power

The wind power generation is characterized by wind speed
and the power curve of wind turbines. When the on-site wind
speed is known, the wind power generated at building j can
be calculated using the following equations [14].

W j
t =

⎧⎪⎨
⎪⎩

W j
cap, vrated < vt ≤ vcutout

W j
cap

(
vt

vrated

)3
, vcutin ≤ vt ≤ vrated

0, Otherwise

(15)

where vt is the on-site wind speed at time t. vrated, vcutin, vcutout

and W j
cap represent the rated, cutin, cutout wind speed and

wind power capacity for the wind turbines at building m.

IV. DISTRIBUTED METHOD

Due to the difficulties to solve stochastic MDP problem,
simulation-based policy evaluation is usually used to find
an optimal charging policy. However, it is usually time-
consuming due to the large policy space. In practice, there usu-
ally exist experience or heuristic charging policies, therefore
a distributed simulation-based policy improvement (DSBPI)
method is developed in this paper to improve from heuristic
or experience-based policies as an extension of rollout [26].
The rollout algorithm is first designed to approximate the solu-
tion of sequential decision problems and later extended to
MDP problems in [14] and [27]. In the distributed method,
the original MDP problem is decomposed into subproblems
corresponding to the building aggregators. Since the number
of EVs parked in each building aggregator is often much less
than the population of EVs in the microgrid, this method shows
performance in improving scalability.

1) Sub-States: In the distributed method, the system state
St is divided into sub-states with respect to the EVs parked in
each building aggregator as St = [S1

t , S2
t , . . . , SK

t , SK+1
t ]. The

first K sub-states correspond to K building aggregators and
K + 1 is related to the EVs on travel, i.e.,

∀k ∈ K, Sk
t = [W j

t , Ei
t, Li

t, Di
t], j ∈ Mk,

i ∈ {i|EV i is parked in building aggregator k at time t}
k = K + 1, Sk

t = [Ei
t, Li

t, Di
t],

i ∈ {i|EV i is on travel at time t, i.e., Di
t = 0}.
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2) DSBPI Method: In the DSBPI method, we first assume
there is a given base charging policy π = [π̄1, π̄2, . . . , π̄K+1]
for EVs parked in each building aggregator (e.g., a heuristic or
experience-based policy). We define π̄k = [d̄k

1, d̄k
2, . . . , d̄k

T ] as
the base charging decisions for EVs parked in building aggre-
gator k over the optimization horizons. It is straightforward
that we have d

K+1
t = 0 (t = 1, 2, . . . , T) (EVs on travel).

To develop a distributed policy improvement algorithm, the
simulation-based policy improvement (SBPI) method in [27]
can be presented in a distributed manner. We define a local
Q-factors for building aggregator k (∀k ∈ K), which is used to
evaluate the performance of sub-action dk

t adopted by build-
ing aggregator k regarding the state St = [Sk

t , S−k
t ] and the

charging policy d−k
t for the other building aggregators, i.e.,

Qk
t

(
Sk

t , dk
t , S−k

t , d−k
t

)
= Ct

(
Sk

t , dk
t , S−k

t , d−k
t

)
+ E

[
V
(

Sk
t+1, S−k

t+1

)]
(16)

where S−k
t � {Sn

t ; n ∈ K ∪ {K + 1}, n �= k} denotes
the collection of sub-states except for building aggregator k.
Accordingly, d−k

t � {dn
t ; n ∈ K ∪ {K + 1}, n �= k} is the col-

lection of charging decisions for EVs related to the building
aggregators except for building aggregator k. V(Sk

t+1, S−k
t+1) is

the optimal value function of building aggregator k, which
depends on the optimal charging policy for EVs related to
building aggregator k from time t + 1 to T , i.e.,

V
(

Sk
t+1, S−k

t+1

)
= E

⎡
⎣ T∑

τ=t+1

Cτ

(
Sk
τ , d∗,k

τ

(
Sk
τ

)
, S−k

τ , d−k
τ

)⎤⎦ (17)

where d∗,k
τ denotes the optimal charging decision for EVs

parked in building aggregator k at time τ .
Afterwards, the optimal charging decision for EVs parked

in building aggregator k at time t can be determined by
comparing the local Q-factors, i.e.,

d∗,k
t

(
Sk

t

)
= arg min

dk
t ∈Ak

t

Qk
t

(
Sk

t , dk
t , S−k

t , d−k
t

)
(18)

where Ak
t is decision space of EVs parked in building

aggregator k at time t.
From above, we note that the local Q-factor for building

aggregator k not only depends on the charging policy of EVs
parked in the other building aggregators (d−k

t ) but also relies
on the optimal charging policy for EVs parked in building
aggregator k from time t+1. However, they are often unknown
a priori before the problem is totally solved, thus the local
Q-factors are intractable to accurately calculated.

To tackle this situation, the idea of policy improvement (also
known as rollout) that using a base policy to estimate Q-factors
is adopted in this paper. And a distributed policy improvement
method is developed to improve from a given base policy
while improving scalability. In the DSBPI method, the pol-
icy improvement algorithm is used by K building aggregators
in succession. Consider a special case, in which the policy
improvement is firstly used by building aggregator 1. We can
use the base charging policy for the other building aggrega-
tors (k ∈ K\{1}) to approximate the local Q-factor for building

Algorithm 1 The DSBPI Method

1: Determine a base charging policy π = [d1, d2, ..., dT ],
where dt = [d

1
t , d

2
t , ..., d

K+1
t ]

2: Observe the initial state S1 and divide it into sub-states as
S1 = [S1

1, S2
1, ..., SK+1

1 ]
3: Generate Ns sample paths for on-site wind power at the

buildings as well as parking events for the EVs.
4: for k = 1, 2, ..., K do
5: The SBPI method is used by building aggregator k
6: for t = 1, 2, ..., T do
7: Divide the state St into sub-states as

St = [S1
t , S2

t , ..., SK+1
t ]

8: Compute local Q-factor Q̂k
t (S

k
t , dk

t , S−k
t , d̄−k

t ) as

(21), where d̄−k
t = [d̂1

t , ..., d̂k−1
t , d

k+1
t , ..., d

K+1
t ]

9:

Find d̂k
t = arg min

dk
t ∈Ak

t

Q̂k
t (S

k
t , dk

t , S−k
t , d−k

t )

10: Update the state
St+1 = g(St, dt), where dt = [d̂1

t , ..., d̂k
t , d

k+1
t , ..., d

K+1
t ],

g(·) denotes the system dynamics.

11: end for
12: end for

aggregator 1. As a consequent, an improved charging policy
π̂1 for building aggregator 1 can be obtained. After that the
policy improvement algorithm is used by building aggregator
2, in which the improved policy π̂1 for building aggregator 1
and the base policy for the others (k ∈ K\{1, 2}) are employed
to estimate the local Q-factor. Likewise, an improved charg-
ing policy π̂2 for building aggregator 2 can be attained. The
details of the method are described in Algorithm 1.

In the DSBPI method, when the policy improvement is used
by building aggregator k, the local Q-factor is estimated as

Q̂k
t

(
Sk

t , dk
t , S−k

t , d̄−k
t

)
= Ct

(
Sk

t , dk
t , S−k

t , d̄−k
t

)
+ E

[
V̂
(

Sk
t+1, S−k

t+1

)]
(19)

with the approximate value function estimated as

V̂
(

Sk
t+1, S−k

t+1

)
= E

⎡
⎣ T∑

τ=t+1

Cτ

(
Sk
τ , d

k
τ

(
Sk
τ

)
, S−k

τ , d̄−k
τ

)⎤⎦ (20)

with a little abuse of notation, we define d̄−k
t = [d̂1

t , . . . , d̂k−1
t ,

d
k+1
t , . . . , d

K+1
t ] in (19) and (20). It can be interpreted that the

improved policy for building aggregators 1 to k − 1 and the
base policy for building aggregators k + 1 to K are employed
to estimate the local Q-factor for building aggregator k.

Besides, we note that there exist multiple randomness, mak-
ing it computationally impossible to compute the expectations
of the local optimal value function. Common random number
technique is employed to approximate the expectations [14].
The main idea of common random number technique is a
variance reduction method in which policy alternatives are
evaluated against the common set of random sample paths.
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For instance, the local Q-factor at time t is estimated as

Q̂k
t

(
Sk

t , dk
t , S−k

t , d̄−k
t

)
= Ct

(
Sk

t , dk
t , S−k

t , d̄−k
t

)

+ 1

Ns

Ns∑
ω=1

T∑
τ=t+1

[
Cτ

(
Sk
τ , d

k
τ

(
Sk
τ

)
, S−k

k τ, d̄−k
τ

)
|ζω

]
(21)

where Ns represents the number of sample paths and ζω

denotes the randomness of the sample path ω.
Based on the estimated local Q-factors, an improved charg-

ing decision for building aggregator k can be obtained, i.e.,

d̂k
t (S

k
t ) = arg min

dk
t ∈Ak

t

Q̂k
t

(
Sk

t , dk
t , S−k

t , d̄−k
t

)
(22)

Considering that the charging decisions of EVs are binary vari-
ables (to charge or not to charge), the problem in (22) can be
solved by enumeration for a small scale problem. However, for
a large scale problem, the decision space is large, the technique
of sampling or the reduction rules in [14] can be used to find
a good enough solution.

In [27], the performance of the SBPI method is proved that
J(π̂, S1) ≤ J(π, S1),∀S1 and π , provided that the Q-factors
are accurately estimated. In this paper, we show that this the-
orem still holds in the distributed manner. And the proof is
attached in the Appendix.

V. NUMERIC RESULTS

In this chapter, the performance and scalability of distributed
simulation-based policy improvement (DSBPI) are evaluated
through two case studies. Firstly, we conduct a comparative
case study with N = 12 EVs, in which DSBPI and a central
version method are compared. Afterwards, we give another
case study with N = 100 EVs, in which the central version
method is intractable, to show the scalability of DSBPI in
coordinating the charging load of EVs with on-site wind power
generated at buildings.

A. Parameters

We consider M = 6 high-rise buildings, including 2 resi-
dential buildings, 2 office buildings and 2 commercial building
(shopping or entertainment center). In this case study, we
assume the buildings are far way from each other except
for the two commercial buildings, which are close in dis-
tance and can share excess wind power with each other. The
major usage of EVs consists of commuting between home
and workplace and travelling for shopping or entertainment.
According to the research of Qi [29] and 2015 Beijing trans-
portation report [31], most people in Beijing go to work
between 7:00 am and 9:00 am and get off work between
5:00 pm and 7:00 pm. In [32], the stochastic characteris-
tics of EV are analyzed based on real-world driving data
and conclude that the departure and arrive time EVs show
Gaussianlike distributions and correspond well to the general
commuting times. Therefore the departure time of EVs from
residential buildings and office buildings is described by a nor-
mal distribution N(8:00 am, (1.0h)2) and N(6:00 pm, (1.0h)2),
respectively. Considering that the trip time of EVs depends

TABLE II
DISTRIBUTION OF TRIP TIME BETWEEN M = 5 BUILDINGS

TABLE III
DISTRIBUTION OF EV USERS IN THE RESIDENTIAL AND OFFICE

BUILDINGS

TABLE IV
THE TOU ELECTRICITY TARIFFS IN BEIJING

on the distance, vehicle velocity and road congestion, nor-
mal distributions of different parameters are used to describe
the variation of trip time between different buildings, which
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)2). While the parking time
of EVs in the residential and office buildings is featured by
the random arrival and departure time, a normal distribution
N(1.2h, (1.2h)2) for EV parking duration in the commercial
building is derived from the statistics analysis of Beijing pri-
vate cars parked in commercial centers or supermarkets [25].
Without loss of generality, we assume the EV users drive to
the commercial centers with a probability p = 0.4 or go home
with a probability (1 − p) = 0.6 after work in the case stud-
ies. The EV owners go to commercial I with a probability of
p = 2

3 , and go to commercial II with a probability of p = 1
3 .

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

We assume the specification of the EVs are the same. The
EV battery capacity is set as Ei

cap = 60 kWh, which refers to
the parameters of BYD e6. The EV energy consumption rate
is set as Qi = 5 kW derived from the average driving speed of
passenger cars in Beijing (20 − 40km/h) [33] and the electric
energy efficiency of BYD e6 (0.2kWh/km). Besides, the con-
stant charging power is set as P = 4kW. The parameters of
wind turbines are selected based on the Ampair 10kW turbine
(vcutin = 2.95 m/s, vcutout = 50 m/s and vrated = 11 m/s).

A Rayleigh model with the annual average wind speed u =
3.6 m/s is used to describe the stochastic wind speed in the
numeric experiments. The industrial TOU electricity tariffs of
Beijing [34] in TABLE IV are used as the electricity price
from the power grid.
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Fig. 3. The distribution of total charging cost of EVs of 50 sample paths
with N = 12 EVs using (a) Base policy π1. (b) Improved policy IC(π1).
(c) Improved policy ID(π1).

B. A Comparative Case Study

In this part, we consider a comparative case study with
N = 12 EVs. The on-site wind power capacity for the build-
ings are set as 20kW (Residential I), 23kW (Residential II),
25kW (Office I), 20kW (Office II), 15kW (Commercial I),
and 15kW (Commercial II). The DSBPI and a central ver-
sion method are separately used to tackle the problem. The
main idea of the central version method is to improve from
heuristic or experienced-based policies of the original problem
using SBPI without decomposition. The details can be found
in [14] and [28].

The base policy may be chosen based on experience-based
rules or selected from some heuristic policies. Besides, there
have been some existed works concerning how to choose from
good candidates using efficient computing budget allocation,
such as [30]. In this paper, we choose two heuristic policies as
base policies. One is the greedy policy π1 described in (23), in
which the EVs begin to be charged upon arrival at a building
until the required charging energy is achieved.

π1 : zi
t =

{
1, if Di

t ≤ M, Li
t > 0 and Ei

t > 0
0, Otherwise

(23)

The other one is the myopic policy π2 in (24), which seems
a good candidate to reduce the total charging cost of EVs.

π2:zt = arg min
zt∈At

K∑
k=1

|Wk
t −

∑
i∈{i|Di

t∈Mk
} zi

t · P| (24)

where zt = [z1
t , z2

t , . . . , zN
t ], At is decision space at time t.

Before the results are displayed, we define the notations.
• IC(·): improved policy using the central version method.
• ID(·): improved policy using the DSBPI method.
In this part, the DSBPI method and the central version

method are evaluated in terms of the total charging cost
of EVs defined in (12). A common set of Ns = 50 sam-
ple paths with different driving cycles for EVs and on-site
wind power generation at the buildings is used to estimate
Q-factors for the central version method and local Q-factors
for DSBPI. The distributions of total charging cost of EVs
resulting from different base policies and improved policies
are plotted in histograms as Fig. 3 (base policy π1) and Fig. 4
(base policy π2). On average, the total charging costs of EVs

Fig. 4. The distribution of total charging cost of EVs of 50 sample paths
with N = 12 EVs using (a) Basic policy π2. (b) Improved policy IC(π2).
(c) Improved policy ID(π2).

Fig. 5. The distribution of total charging cost of EVs of 50 sample paths
with N = 100 EVs using (a) Base policy π1. (b) Improved policy ID(π1).

Fig. 6. The distribution of total charging cost of EVs of 50 sample paths
with N = 100 EVs using (a) Base policy π2. (b) Improved policy ID(π2).

using improved policies IC(π1) (IC(π2)) and ID(π1) (ID(π2))
are apparently reduced compared with base policies π1 (π2).
Consequently, we conclude that the central version method and
DSBPI indeed improve base policies. Besides, we observe that
the distributions of total charging cost of EVs resulting from
the improved polices IC(π1) (IC(π2)) and ID(π1) (ID(π2))
in Fig. 3 (Fig. 4) are similar. We can conclude that DSBPI
can compete with the central version method in improving
from base policies, however the former is advantageous in
reducing curses of dimensionality. Moreover, the improved
policies IC(π2) (ID(π2)) outperform the improved policies
IC(π1) (ID(π1)). This difference is a direct result of the better
performance of base policy π2 compared with base policy π1.

C. A 100-EV Case Study

In this part, we consider another case study with N = 100
EVs. The on-site wind power capacity for M = 5 buildings are



YANG et al.: DISTRIBUTED COORDINATION OF EV CHARGING WITH RENEWABLE ENERGY IN MICROGRID OF BUILDINGS 6261

Fig. 7. On-site wind power, the number of EVs, and EV charging power using different policies in residential buildings: (a) Residential I. (b) Residential II.

Fig. 8. On-site wind power, the number of EVs, and EV charging power using different policies in office buildings: (a) Office I. (b) Office II.

set as 160kW (Residential I), 130kW (Residential II), 200kW
(Office I), 160kW (Office II) and 100kW (Commercial). And
the buildings are assumed far away form each other in this
part. For the case, where some buildings are close to each
other, the EVs parked in the same building aggregator can
be aggregated in the algorithm to allow wind energy sharing
among the neighboring buildings.

With the growth of EVs in the system, the decision space
increases exponentially. It will be an intractable task to use the
central version method to deal with the problem. Considering
that the EVs parked in the same building may be aggregated,
time aggregators are introduced in DSBPI. Specifically, the
EVs parked in each building are aggregated by their remain-
ing parking time at each stage. Thus, the subproblem related
to a local coordinator is to decide the amount of power
charged to the aggregators. Afterwards, one optimal decision
to select a certain number of EVs to get charged in each
time aggregator, can be directly decided by the remaining
required charging energy in the descent order, which has been
proved in [14]. Since the number of time aggregators is often
much less than the number of EVs parked in each building,
the decision space of subproblems in DSBPI will be greatly
decreased.

Similarly, Ns = 50 sample paths for the driving cycles for
the EVs and wind power of the buildings are used to esti-
mate the local Q-factors. The greedy policy π1 and myopic
policy π2 are selected as two base policies. The distributions
of total charging cost of EVs resulting from base policies
and improved policies are plotted in histograms as Fig. 5
(base policy π1) and Fig. 6 (base policy π2). We can observe
that the total charging costs of EVs are significantly reduced
using improved policies ID(π1) (ID(π2)) derived from DSBPI
compared with base policies π1 (π2). While improved policy
ID(π1) outperforms base policy π1 with 56.8% less total EV
charging cost, improved policy ID(π2) produces a reduction
of 70.2% charging cost of EVs compared with base policy π2.

Fig. 9. On-site wind power, the number of EVs, and EV charging power
using different policies in commercial building.

Moreover, the amount of on-site wind power at different
buildings utilized to charge the EVs resulting from different
policies is investigated. Here base policy π1 is illustrated,
while a similar result can be obtained regarding base pol-
icy π2. Fig. 7 to Fig. 9 show the on-site wind power, the
number of EVs, and total EV charing power using different
policies (π1 and ID(π1)) in different buildings of a sample
path. We conclude that there are different types of charging
load in different types of buildings (residential, office or com-
mercial buildings). As Fig. 7 shows, a peak charging load
appears during the night to the early morning from 0:00 am
to 8:00 am. The result is caused by a massive percent of EVs
parked in the residential buildings during that time period. In
Fig. 8, we observe a massive charging load from 8:00 am to
6:00 pm in the office buildings. The phenomenon derives from
a large proportion of EVs parked in the office buildings dur-
ing the working hours. From 6:00 pm to 12:00 pm, a massive
percentage of EVs are used for shopping or entertainment. As
a result, a peak charging load occurs in the commercial build-
ing during that time period as Fig. 9. Besides, we conclude
that the charging power of EVs better follows the stochastic
wind power generation at each building with the improved
policy ID(π1) from DSBPI employed compared with base
policy π1.
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VI. CONCLUSION

In this paper, a prospective issue to utilize on-site wind
power of multiple buildings to charge EVs is explored con-
sidering the following facts. The challenges associated with
mounting and integrating wind turbines on buildings have
been gradually overcame due to modern technology advances.
The recent technical review study vividly captures the facts
and shows that the wind resource has a great potential to be
fully explored and developed in the urban environment [7].
In this paper, we first use a case study in Beijing to show
that wind power generation of high-rise buildings can poten-
tially support all the EVs in this city. Considering that the
random EV charging demand is uncorrelated with renew-
able energy, we use a MDP to formulate the coordination
of EV charging with on-site wind power of multiple build-
ings in a microgrid. Due to the difficulties to find an optimal
charging policy, we develop a distributed simulation-based
policy improvement (DSBPI) method to improve from heuris-
tic or experience-based policies while improving scalability.
Two case studies are conducted in which DSBPI is com-
pared with a central version method. We conclude that DSBPI
demonstrate good performance in reducing charging cost and
scalability.

At the current stage, the base loads of buildings other than
the EV charging demands are not considered. However, the
model can be extended to use the on-site wind power of build-
ings to satisfy the local demand first and then use the surplus
to charge the EVs. This will be our future work.

Note that exploring the structural property of the specific
Markov decision processes may lead to more efficient solution
methodologies, e.g., [35] and [36]. Event-based optimization
may provide an alternative scalable solution methodologies for
large-scale problems [37]–[39]. These are interesting direc-
tions to explore in the future.

APPENDIX

PROOF OF DSBPI METHOD

In DSPBI, we use π̄ = [π̄1, π̄2, . . . , π̄K+1] and π̂ =
[π̂1, π̂2, . . . , π̂K+1] to denote the base and improved charg-
ing policy correspond to the building aggregators as defined
previously. Accordingly, d̄k

t and d̂k
t denote the base and

improved charging decisions for EVs in building aggregator k
at time t.

When policy improvement is first used by building aggre-
gator k, we have
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Similarly, we can imply that
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The left-hand side (LHS) of (26) is J(π̂1, π̄−1, S1
1, S−1

1 ) and
the right-hand side (RHS) equals J(π̄1, π̄−1, S1

1, S−1
1 ), thus

J
(
π̂1, π̄−1, S1

1, S−1
1

)
≤ J

(
π̄1, π̄−1, S1

1, S−1
1

)
(27)

Similarly, we consider policy improvement is used by
the kth building aggregator. With a little buse of notation,
we use π̄−k = [π̂1, . . . , π̂k−1, π̄k, . . . , π̄K+1] and d̄−k

t =
[d̂1

t , . . . , d̂k−1
t , d̄k

t , . . . , d̄K+1
t ] to represent "base" policy in the

DSBPI to estimate the local Q-factors for the kth building
aggregator. Similarly to (25)-(26), we can conclude that

J
(
π̂k, π̄−k, Sk

1, S−k
1

)
≤ J

(
π̄k, π̄−k, Sk

1, S−k
1

)
(28)

Therefore, when the policy improvement method is used by
the Kth building aggregators, we can derive that

J
(
π̂K, π̄−K, Sk

1, S−k
1

)
≤ J

(
π̄K, π̄−K, Sk

1, S−k
1

)
(29)

with the “base” policy π̄−K = [π̂1, π̂2 . . . , π̂K−1] = π̂−K .
Thus we conclude that J(π̂, S1) ≤ J(π̄, S1) in DSBPI.
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