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Abstract—Electric Vehicles (EVs) are viewed as a promising
solution to reduce carbon footprint in transportation. However,
without proper coordination, a large scale of simultaneous EV
charging activities can cause voltage collapse and frequency
instability in power systems. In literature, various methods
have been proposed for EV charging coordination. Nevertheless,
most of them only focus on active power control. More recent
researches have considered Vehicle-to-Grid (V2G) based var
compensation, however, they are based on heuristic methods,
which are not computationally efficient and the global optimal
cannot be guaranteed. In this paper, a distributed EV charging
coordinating scheme is proposed for efficiently coordinating EV
charging processes and computing V2G based var capacity. Case
studies show that the proposed distributed coordination not only
has a similar performance as central coordination in terms
of gaining economic benefits, but also takes significantly less
computational time than the central coordination.

NOMENCLATURE

Variables
s State variable
SOC State of charge
u Decision variable
p Strategy
V Evaluating function
P Active power charging matrix of EVs
Q Var supply matrix of EVs
I Charging interval matrix of EVs
R Power rating matrix of EVs
Cpcbatt Capacity matrix of batteries
Costk Charging cost for kth EV

Parameters
K The amount of EVs
T The maximum amounts of intervals

Cx
Cost parameter of active power
/var/battery degradation

UTM Upper triangular matrix
RTM Matrix used to calculate variation
DoDlm Depth of discharge limit

Sets and indices

PS EV charging periods set
EV S The set of EVs connected to chargers
t Index of time periods (1 ≤ t ≤ T ), t ∈ PS
k Index of EV(1 ≤ k ≤ K), k ∈ EV S

I. INTRODUCTION

Electric Vehicles (EVs) are receiving increasing interests as
they are viewed as a promising technology for reducing green
gas emissions [1]. However, a large deployment of EVs not
only affects power system operation and planning, but can also
induce unprecedented phenomena [2], [3], [4]. For example,
uncoordinated charging of EVs can lead to voltage collapse
and large charging power variations can result in frequency
variations. Therefore, it is necessary to coordinate complicated
EV charging processes. Moreover, as EV charger technologies
advance, EV chargers are capable of providing var to power
systems [5]. From the perspective of power system opera-
tors, Vehicle-to-Grid (V2G) based var compensation is fast-
responding due to the nature of EV chargers, which, however,
is difficult to be utilized because of the mobile and uncertain
behaviors of EVs.

In literature, coordinated charging has been performed using
linear programming [6], sequential quadratic optimization [3],
[7], [8], dynamic programming [9], and heuristic methods [10],
[11], [12], [13], etc. However, these previous studies only
focus on active power coordination. More recent researches
have been done from the perspective of var compensation [14],
[15], [16], [17]. Nevertheless, they are not computationally
efficient as they are based on heuristic methods. Moreover,
charging demand of EVs is not considered in [14], [15], [16].
Notably, the aforementioned methods do not take into account
active charging power variations, which can cause significant
grid frequency variations.

Considering the disadvantages of existing methods, a new
coordination scheme is proposed in this paper. The major
contributions of this works are:

1) The proposed coordination scheme is computationally
efficient as it is based on quadratically constrained
programming (QCP).



2) The proposed distributed algorithm performs better than
other existing distributed algorithms in the literature.

3) V2G based var compensation is taken into consideration
and its capacity can be computed efficiently.

4) Uncertainties of EVs are simulated to validate the per-
formance of the proposed coordinating scheme in a more
realistic manner.

The rest of the paper is organized as follows. Problem formu-
lation is presented in Section II, followed by the description of
the case studies in Section III. Finally, conclusions are drawn
in Section IV.

II. PROBLEM FORMULATION

In the proposed EV charging coordinating scheme, two
agents are included, which are EV agent (EVA) and parking
lot coordinating agent (PLCA). The objective of EVA is to
minimize charging costs for the corresponding EV. However,
without coordinating the charging power of EV fleets, the
aggregated charging discharging power can become too high
in the peak and nadir price periods, respectively. Considering
the capacity of transformers located in buildings (parking lots),
it is necessary to control the peak charging and discharging
power. This task is done by PLCA in the proposed EV co-
ordinating scheme. Moreover, large charging power variations
may lead to significant grid frequency variations. Therefore,
controlling charging power variations is another objective of
PLCA.

A. Behavior and Objective Modeling for EVA

Before proceeding to the description of the EVAs’ behav-
iors, a preliminary step is to model the state of EVAs. This
is because the action taken by the EVAs is dependent upon
their state , the state of local environment and the messages
received. The local environment of EVAs is nondeterministic
and so is the state of EVAs. The nondeterminism originates
from the fact that future load variation and grid network topol-
ogy are uncertain, and that the time the EVs are connected to
or disconnected from chargers is uncertain. Considering the
uncertain nature of EVs, it is necessary to model the EVA
under uncertain decision-making process.

Moreover, in order to reduce the required computational
memory of EVAs and to simplify their behaviors, an appro-
priate choice of state variables satisfying the Markov property
is necessary. The model where the Markov property applies
indicates that past actions taken by agents have an impact on
the future only via the current status, in which case it is not
necessary for agents to memorize actions taken before [any
reference].

The model formulation of EVA under uncertain decision
making is shown below.

The state variable is defined as shown in Eq. (1).

st = (SOCt) (1)

where SOCt is the state of charge at time slot t, which is
a measure of the remaining energy in the batteries of EVs.

The decision variable is defined as shown in Eq. (2).

ut = Pt (2)

where Pt is the active power charging rate at time slot t.
Hence, strategies are defined as shown in Eq. (3).

pt,n(st) = (ut(st), ut+1(st+1), ..., ut+n(st+n)) (3)

Summarizing all above, the state transforming function is
shown in Eq. (4).

st+1 = Tt (st, ut) = st + ut × It (4)

Considering that economic benefits are what customers
concern most, the charging cost for a single EV is adopted
as an evaluating function, which is shown in Eq. (5).

Vt,n (st, ut, st+1, ut+1, ..., st+n, ut+n) =

i=t+n∑
i=t

uiIiCi (5)

As mentioned previously, economic benefit is the main
priority of the EV owners and it directly motivates them to
participate in EV coordination. Hence, the objective of EVAs
is formulated to minimize charging costs for the corresponding
EV, as shown in Eq. (6).

min Vt,n (6)

To be specific, the explicit objective function for kth EV is
shown in Eq. (7).

min Costk =
T∑

t=1
PktIktC

t
P +

T∑
t=1

QktIktC
t
Q

+
T∑

t=1
min (Pkt, 0) IktCd

(7)

This optimization is subject to the following constraints.

P 2
k,t +Q2

k,t ≤ R2
k,t︸ ︷︷ ︸

themaximal rating of charger

for t ∈ PS, k ∈ EV S (8)

Qk,t ≤ 0 for t ∈ PS, k ∈ EV S (9)

P ◦ I × UTM + SOCini < Cpcbatt︸ ︷︷ ︸
battery capacity limitation

(10)

P ◦ I × UTM + SOCini > DoDlim × Cpcbatt︸ ︷︷ ︸
depth of discharge limitation

(11)

P ◦ I × 1N×1 ≥ SOCtarget︸ ︷︷ ︸
SOC target

(12)

Without loss of generality, constraint (15) can be added
to set var compensation to be capacitive because inductive
loads are mostly seen in power systems. Qk,t can also be
constrained to be positive to provide inductive var according



to load demands. The formulation shown above ensures the
Markov property, which means the past strategy has an impact
on the future only via the current status. Hence, as long as we
know the current state, we have all information about the past
and we can make a decision only based on the current state.

One of the trigger conditions of the above optimization
behavior is that the respective EVA is generated. The condition
for generating EVA is that a new EV is connected to a charger
and the EVA will vanish when the EV is disconnected, in
order to save memory and computational resources. During the
periods when EVs are connected to chargers, the optimization
behavior is still necessary to be taken at a constant frequency
to reflect unexpected changes in power systems.

B. Behavior and Objective Modeling for PLCA

The objective of PLCA is to minimize the total charging
cost of a parking lot, which is shown in (13).

min Cost =
K∑

k=1

T∑
t=1

Pk,tIk,tC
t
P +

K∑
k=1

T∑
t=1

Qk,tIk,tC
t
Q

+
K∑

k=1

T∑
t=1

(Pk,t, 0) Ik,tCd

(13)
Respective constraints are listed below.

P 2
k,t +Q2

k,t ≤ R2
k,t︸ ︷︷ ︸

charger rating limitation

for t ∈ PS, k ∈ EV S (14)

Qkt ≤ 0 for t ∈ PS, k ∈ EV S (15)

P ◦ I × UTM + SOCini < Cpcbatt︸ ︷︷ ︸
battery capacity limitation

(16)

P ◦ I × UTM + SOCini > DoDlim × Cpcbatt︸ ︷︷ ︸
depth of discharge limitation

(17)

P ◦ I × 1K×1 ≥ SOCtarget︸ ︷︷ ︸
SOC target

(18)

P low
cap ≤ 11×K × P ≤ Phigh

cap︸ ︷︷ ︸
total charging active power is limted to the capacity of parking lots

(19)

Qlow
cap ≤ 11×K ×Q ≤ Qhigh

cap︸ ︷︷ ︸
total charging reactive power is limted to the capacity of parking lots

(20)
P low
ramp < P ×RCM < Phigh

ramp︸ ︷︷ ︸
charging power variation is limited

(21)

where

P =


P11 P12 ... P1T

P21 P22 ... P2T

... ... ... ...
PK1 PK2 ... PKT



Pkt is the charging active power of the kth EV at time slot t,

Q =


Q11 Q12 ... Q1T

Q21 Q22 ... Q2T

... ... ... ...
QK1 QK2 ... QKT


Qkt is the charging var of the kth EV at time slot t,

I =


I11 I12 ... I1T
I21 I22 ... I2T
... ... ... ...
IK1 IK2 ... IKT


and Ikt is the charging interval of the kth EV at time slot t.
RCM is a T by T − 1 constant matrix, as shown in Eq.

(22).

RCM =


1 0 ... 0
−1 1 ... 0
0 −1 ... 0
0 0 ... ...
... ... ... 1
0 0 ... −1

 (22)

The operator ◦ is the entrywise product, which is defined as
(P ◦ I)mn = Pmn × Imn. The UTM is the upper triangular
matrix. DoDlim is the maximum depth of discharge, which is
set to be 0.2 in this work.

To make (13) in the standard form of convex programming
problems, the dimension of variables is augmented by adding
a variable Z.

Zkt = min (Pkt) (23)

The new objective function is:

min Cost =
K∑

k=1

T∑
t=1

PktIktC
t
P +

K∑
k=1

T∑
t=1

QktIktC
t
Q

+
K∑

k=1

T∑
t=1

ZktIktCd

(24)

Two more constraints are needed to guarantee that the
modified optimization problem is equivalent to the original
one.

Z ≤ P (25)

Z ≤ 0 (26)

As it can be appreciated, the objective function (24) is linear,
constraints (16), (17), (18), (19), (20), and (21) are linear, and
constraint (14) is quadratic. Hence, the modified optimization
problem is a standard QCP problem.

Even though the QCP problem can be solved efficiently
by some commercial optimizers, such as MOSEK [18] and
Gurobi [19], when there is a large number of EVs, the
computational time required for the optimization process is
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Fig. 1. Distributed EV coordination

TABLE I
DISTRIBUTION PARAMETERS OF ARRIVAL TIME AND DEPARTURE TIME

Arrival Departure
Parameter weekday weekend weekday weekend
µT [h] 9 11 18 15

(σT )2 [h] 1.2 1.5 1.2 1.5

still extremely high. Hence, the central coordination of PLCA
is time-consuming with a large number of EVs.

k=K∑
k=1

minCostEV
k ⇒ min

k=K∑
k=1

CostEV
k (27)

To further reduce the computational time, the central coor-
dination of PLCA should be called only when it is necessary.
This progressive relationship shown in Eq. (27) indicates that
if constraint (19) and (20) are not violated, the PLCA is doing
charging optimization for each EV in a EV fleet, which further
indicates that only when constraint (19) and (20) are violated,
the PLCA should be activated to centrally control the charging
power of the EV fleet, as shown in Fig. 1. Moreover, to gain
some power margins to reduce the number of times the PLCA
is activated, the total charging power can be reduced to be less
than the maximum rating once the PLCA is activated.

III. CASE STUDY AND DISCUSSION

A. Uncertainty Modeling of EV Charging Parking Lots

To test the PLCA and the EVA, it is necessary to build
uncertainty scenarios for EVs. Using the data from [12],
uncertainty scenarios of EV charging in parking lots are
created based on Monte-Carlo simulation. The average and
variance of arrival and departure time are shown in Table
I. The visualization of the parking duration time distribution
during weekdays is shown in Fig. 2. The energy requirements
of EVs are shown in Fig. 3, which is plotted according to the
inverse Gaussian distribution of daily travel distance analyzed
in [12].

The visualization of the parking duration time distribution
in weekday is shown in Fig. 2.
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Fig. 2. Distribution of arrival time and departure time (500 EVs case)
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B. Simulation Setting

The peak charging and discharging power limit and charging
power variation limit for different cases are listed in Table. ??.

Cost parameters such as active power price and reactive
power price are taken from 2015 Singapore annual electricity
price [reference to EMA website]. The battery degradation
parameter Cd is set according to [20]. The simulation is done
on a DELL 9020 computer, with 12GB memory and i5-4590
CPU installed.

C. Results and Discussions

Four types of strategies are simulated in the case studies,
which are listed in Table II.

TABLE II
LIST OF STRATEGIES

Strategy Explanation
Average strategy Charge EVs at a constant power

Maximum power strategy Charge EVs at the maximum power rating
Central coordination Charge EVs only under PLCAs

Distributed coordination Charge EVs under EVAs,
PLCAs are activated when necessary

Fig. 4 shows the charging power and SOC profile of EV No.
130 in EV case 300. In the Fig. 4, under coordination, EV No.
130 is charged during low price periods and discharge during
high price periods. In the peak price periods or nadir price
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periods, EVs want to maximize their own profits. However, if
every EVA maximizes their own profits, the overall charging
power would be too large to be afforded by distribution
systems. In this case, PLCA plays a role in controlling the peak
charging and discharging power and charging power variation,
as shown in Fig. 5. The maximum power of the EV case 100
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Fig. 7. Economic comparison at individual EV level (100 cases)

is controlled to be less than 500 kW and the charging power
variation is less than 250 kW, which coincides with the peak
charging power and charging power variation limits. In Fig. 5,a
dynamic var capacity profile is also shown. As can be observed
from Fig. 5, as the number of EVs increases, available var
resouces generally increase as well. This is due to more EV
chargers can be utilized for var compensation.

The overall economic benefit comparison is shown in Fig.
6. Compared with the average charging strategy and the
maximum power strategy, the coordinated charging strategies
are convincingly superior. The distributed coordination has
almost the same performance as the central coordination.

The economic benefit comparison of individual EV is shown
in Fig. 7. As can be seen from Fig. 7, the performance of
the distributed coordination is mostly the same as the central
coordination at the individual EV level as well.



TABLE III
AVERAGE COMPUTATION TIME FOR EACH EV UNDER DISTRIBUTED AND

CENTRAL COORDINATION

Computational time(sec) Case 100 Case 200 Case 300
distributed coordination 2.31 2.12 2.97

central coordination 3.43 12.60 31.12
Improvement (%) 32.68 83.20 90.46

The computational time for each EV are analyzed in Table
III, in which it can be observed that the distributed coordi-
nation saves up to 90% computational time, compared with
the central coordination. Considering that they have mostly
the same performance in terms of economic benefits, the dis-
tributed coordination is superior because it takes significantly
less computational time.

IV. CONCLUSIONS

In this paper, an EV coordination scheme is proposed for
coordinating charging processes of EV fleets. In the pro-
posed scheme, EV coordination is formulated as a dynamic
programming problem and charging optimization is solved
using quadratically constrained programming. Further, to re-
duce computational time costs, the central EV coordination is
distributed to each EV. Case studies show that the distributed
coordination not only has a similar performance as the central
coordination in terms of gaining economic benefits for EV
owners, but also takes significantly less computational time.
Therefore, the proposed distributed EV coordination scheme
can improve the speed of optimal Vehicle-to-Grid var dispatch
and EV based demand response.
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