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Abstract—Plug-in electric vehicles (PEVs) could provide w;(t) Average of willingness to pay parameters
valuable ancillary service for power systems with intermittent estimated by PEV;at timeslot t
renewables. This paper proposes a charging model of a large wei Willingness to pay parameter for PEV; when
amount of PEVs to mitigate the high-level wind power fluctuations charging
in a dlstrlbl{tl.on network so as t.o regfll.ate system frequency. With G, Willingness to pay parameter for PEV; when
the prerequisite that all PEV daily driving patterns are completely discharging

satisfied, the PEV charging power is economically allocated to
counterbalance the wind generation intermittency. Afterwards, a
center-free control scheme based on the consensus algorithm is
designed for PEVs to share the fluctuating wind generation in a
fully distributed manner. The scheme is robust and flexible to
practical PEV charging behaviors including arrival and departure
time, initial and desired SOC as well as the frequently changed
departure time. Comprehensive simulations on a distribution
system with coal and diesel generators, several wind farms and
2000 PEVs demonstrate that the proposed PEV charging scheme
could effectively regulate the system frequency in the real time
while the PEV users’ charging requirements could be flexibly
satisfied.

Index Terms—Plug-in electric vehicles, optimal charging
model, fully distributed control, frequency regulation, daily
driving patterns.

NOMENCLATURE

Catt,i Battery capacity of PEV;

Crom Coulomb capacity in Ah of PEV battery

E; Required amount of energy to finish the desired
SOC of PEV;

Pact it Actual power output of wind farm i at time t

Prore it Forecasting power output of wind farm i at
timeslot t

Pi fiuc(t) Fluctuating power output of wind farm i at
timeslot t

P; nuc(t) Average fluctuating power output estimated by
- PEV; at timeslot t

Vnom Nominal voltage of PEV battery

Voc Battery terminal voltage

Vw Actual wind speed

Vwa Average component of wind speed

Vg Gust component of wind speed

Vir Ramp component of wind speed

Vs Filtered wind speed

Vut Turbulence component of wind speed

dij Communication coefficient between agent i and
agent j

Npsi Charging efficiency of PEV;

Tw Time constant of wind speed filter

wi(t) Willingness to pay parameter of PEV; at
timeslot t
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I.  INTRODUCTION

With the increasing concerns on environment and energy
conservation, wind power as a typical sustainable and green
energy resource has been connected to power systems with a
dramatically high penetration level. The remarkable
characteristic of wind generation is the natural intermittency,
which is difficult to be accurately predicted even for a few
hours ahead, and hence it is a pressing need to seek effective
solutions for handling these uncertainties and accommodating
the highly variable wind generation.

To improve the controllability of a power system with
uncertain wind generations, a direct strategy is to reserve a
large-scale spinning capacity of the existing thermal plants to
provide sufficient margin for system security [1][2]. For
example, a stochastic security constrained unit commitment
model is proposed to determine the minimal spinning reserve
to facilitate wind power integration in [3]. These reserve
techniques could indeed ensure the system security by
requesting a large margin in advance. However, when they take
effect in the real time, the highly fluctuating wind power would
require frequent on-load cyclic operations of thermal units,
which results in detrimental wears and tears to the steam
turbine and reduces the longevity of the generation system [4].
In addition, due to the complex dynamics and comparatively
large time constants of thermal plants, they might not be
capable of catching up with the rapidly changing wind power
generation.

On the other hand, nowadays the new advancements in fast-
acting devices, such as the battery energy storages,
hydroelectric pumped storages, plug-in electric vehicles (PEVS)
and diesel generators etc., have enabled them as effective
remedies to match the fast wind power fluctuations. In
particular, PEVs with nearly zero emissions have been
supported at the national level in many countries and surged
with a huge quantity, for example 550,000 PEVs serviced in
US, 507,000 PEVs in China and 637,000 PEVs in Europe for
year 2016 [5]. As grid-connected PEVs can either draw grid-
to-vehicle (G2V) power for battery charging or inject vehicle-
to-grid (V2G) power for grid energy support, such a large
amount of PEVs could be an impressive energy storage in GW
level if properly controlled, and PEVs will be very effective in
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supplying the fast ramping power with proper charging scheme
after completing daily driving utilization [6].

In [7], the PEV charging scheme is proposed on the basis of
the demand response and game theory to optimize the total
charging cost, while in [8][9] multiple PEVs are coordinated to
smooth wind power fluctuations with operational costs reduced.
Reference [10] presents a predictive energy management
strategy to achieve enhanced fuel economy by using the
feedback data of the integrated real-time traffic flow velocity.
When adopting PEVs to provide frequency response service, a
centralized control scheme is proposed in [11][12] to assign
PEVs optimal charging power for islanded micro-grids. In [13]
and [14], the droop control strategy is performed to regulate
PEV power outputs according to the frequency deviation of the
grid. Besides centralized control, some works have investigated
the decentralized charging scheme. In [15] and [16], the
aggregated V2G control approach is proposed to suppress the
system frequency fluctuation with the help of a control center
computing PEV power based on the State of Charge (SOC).
The authors of [17] and [18] also design a decentralized PEV
charging algorithm to reduce the usage of conventional power
plants for power-frequency control. A hierarchical framework
to optimize the charging process of PEVs for frequency
regulation in a competitive electricity market is proposed in [19]
and [20]. The concept of congestion algorithm in Internet
traffic control is adopted to propose a novel PEV charging
method in smart grid with a good convergence [21]. The
congestion algorithm is further improved in [22] with a positive
multiplier a to ensure that the congestible resource exactly
converges to the actual wind power to be compensated, and
therefore the wind farm fluctuations can be fully neutralized.
Since the central information hub is generally needed to gather
the necessary information for generating the global signal, all
these above are so called the decentralized algorithm. For a
large and highly dispersed population of PEVs, however, a fully
distributed charging control approach is more desired than a
decentralized one.

So far, the state-of-the-art of PEVs for regulating wind
power fluctuations is mainly investigated in the viewpoint of
the power grid, while the PEV driving patterns and their
utilities are not completely addressed yet. Therefore, as the first
incentive, this paper proposes a novel PEV charging model to
regulate system frequency, maximize PEV total utility and
satisfy individual PEV daily drive patterns simultaneously. In
addition, to well fit the scattering feature of PEVs across the
charging network, a fully distributed control scheme is
proposed to economically share wind power fluctuations
among multiple PEVs with plug-in and play flexibility for
frequency regulation. The main contributions of this paper
include: 1) an original PEV charging model simultaneously
considering all PEV total utility, PEV daily driving
requirements and system frequency regulation is proposed; 2)
To solve the model, a fully distributed charging approach based
on the consensus algorithm is designed to economically
allocate PEV charging power in the real time; 3) The proposed
distributed scheme with plug-in and play characteristic is
flexible and robust to the frequent change of PEV charging
behaviors; 4) Simulation results demonstrate that wind power
fluctuation is well mitigated and system frequency is
effectively regulated by the proposed charging scheme.

The rest of this paper is organized as follows. The optimal
PEV charging model is first proposed in Section 1I, and then a
fully distributed power-allocating algorithm is designed in
Section Il followed by the discussion about the overall
communication network of distributed PEVs in Section IV.

Then three case studies are conducted in Section V and VI
respectively to validate the performance and good scalability of
the proposed scheme. Conclusions are drawn in the last section.

Il. PEV OPTIMAL CHARGING MODEL FOR MAXIMUM
UTILITY AND FREQUENCY REGULATION

In this section, the PEV optimal charging model is proposed
to mitigate wind power fluctuations and maximize PEV total
utility with daily driving patterns considered. In the following,
the fluctuating wind power outputs and the dynamic behavior
of PEV battery will be firstly presented, and then the PEV
charging model will be derived.

A. FLUCTUATING WIND POWER OUTPUTS

A popular composite model is adopted to simulate the actual
wind speed Vi, [23], which consists of four parts, the average
component Vy,, the ramp component V., the gust component
Vwe and the turbulence component Vi

VW (t) :Vwa (t) +Vwr (t) +ng (t) +th (t) (1)

The details of Via, Var, Vwg and Vi can be found in [23]. To
smooth the high-frequency wind speed variations over rotor
surfaces, the filtered wind speed Vs used for determining the
mechanical power of wind turbines is the output of a low pass
filter as

TWVWS = _sz +VW (t) (2)
where 7, is a time constant relevant to the turbine size. Finally,
the actual wind generator output is determined from the speed-
power curve of wind turbine as (3) [24].

0, Vws <Veutin OF Vws > Veutoff

O.SpERMZCp(ﬂ, /1)va5, Veutin < Vs < Vrated (3)

Prated, Vrated < Vws < Veut-off

P
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where p is the air density; Rw; is the radius of the rotor; C; is the
performance coefficient; f is the blade pitch angle; A is the tip-
speed ratio; Veutin, Vrated and Veuofr are the cut-in, rated and cut-
off wind speed, respectively. For wind farm i, the wind power
fluctuation is defined by

I:)i_fluc (t) = Pact_i,t - IDfore_i,t 4

Pi nuc(?) 1s either positive or negative indicating the necessary
charging or discharging power of PEVs.

B. PEV BATTERY CHARGING DYNAMICS AND DAILY UTILIZATION
REQUIREMENTS
1) PEV battery charging dynamics

In this paper, the battery is modeled as a Thevenin-based
voltage source in series with an internal resistance Rgeries and a
paralleled RC network (consisting of the resistance Riwans and
capacitor Cyans). The battery terminal voltage is related to SOC
and defined as a nonlinear term of SOC by Nernst equation.

Voc =Vnom + @(RT / F) In(SOC / (Crnom —SOC)) (5)

where o is a sensitivity parameter of V. to SOC; R, F and T are
the gas constant, the Faraday constant and battery temperature,
respectively. When SOC is kept within a range of 10%—95% to
preserve battery life, Rgeries, Rirans and Cirans can be approximated
as constants with typical values obtained from [25] shown in
Table I.

The dynamics of battery charging could be modeled by the
block diagram in Fig. 1, which mainly includes two integral and
one inertial elements [25]. In Fig. 1, Preqi: is the tracking
reference of PEV charging/discharging power, which is the
optimal variable x;(¢) of (19) or Xiical(?) of (23) calculated in
Section II.C, and Ppa i is the actual power output of PEV.
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Fig. 1. Model for PEV battery charging dynamics.

For PEV; with the present SOC (SOC;,), the required
amount of energy to finish the desired SOC (SOC;7) can be
calculated by integrating the V. as follows

SOCi 1

Pl‘valhl./
07

Ei= [ VodSOC =Vnom(SOC, , —SOC; )
SOC; ¢
Crom—SOC, 6
+a BT CogmIn(=n =20 imy ©)
F Crom—SOC, ,
soC,
+a R soc, , In(———=in
F ' Chom _SOCi,Ti
soc,
—«RTsoc, In(——2%i
F 7 Crom—S0OC, ,

2) Willingness to Pay Parameter for driving patterns

The key parameters relevant to PEV charging behaviors
include the arrival time and initial SOC when PEVs are plugged
in for charging, and the departure time and destination SOC
when PEVs are plugged out for driving. These daily driving
patterns should be considered properly for PEVs charging. In
the paper, a term named the willingness to pay (WTP)
parameter, based on the battery energy capacity (BEC) that can
be fulfilled before PEV departure and need to be fulfilled from
the current SOC to the destination SOC, is defined to synthesize
all factors of driving patterns and indicate the urgent level of
PEV charging requests as follows.

When the wind power fluctuation P; nu(?) is positive, the
G2V power is needed with PEV being charged accordingly and
the WTP parameter of PEV; at ¢ is defined as

Do © =1I(Pimax-17,; - (Ti —t) / Coat,i — Ei / Coan, i) ™)

term 2

term 1
where ¢ and T; are the present time and planned departure time
of PEV,, respectively; E; is the amount of energy required from
the current SOC to the destination SOC of PEV,, which is
calculated in (6). The term 1 and term 2 of (7) represent the
normalized BEC that can be fulfilled before the planned
departure time and to be fulfilled from the current SOC to the
destination SOC, respectively. The difference between them is
the BEC margin, which indicates how desirous a PEV is to have
G2V power.

On the other hand, one PEV which hungers for G2V power
should be very undesirous to supply V2G power. In other words,
a large value of wgav,; should correspond to a small value of
wvag,i. Therefore, when the wind power fluctuation P; u(?) is
negative, the V2G power is needed and PEV should be
discharged accordingly with the WTP parameter defined as

B30 =1/ @y =(Prmec 1y, - (Ti—t) = Ei )/ Coan,i (8)

When multiple PEVs are utilized to counterbalance the
wind power fluctuations, with the charging/discharging process
going on, some PEVs will lose the discharging ability while
some are fully charged for the departure, and therefore the
status of PEVs can be divided into three categories: the
responsive state with grid-connected, nonresponsive state with
grid-connected, and grid-disconnected state as follows

(Pimax-17,; - (Ti —t) — Ei) / Coat,i > BECitreshola (9.2)
0 < (Pimax-17,; - (Ti —t) — Ei) / Coatt,i < BECitvesnoa  (9.b)
Ei=0 (9.c)

For (9.a), PEV; is in responsive state only if its BEC margin
is greater than a preset threshold BECinreshold, which means that
PEV; is not urgent to charge power for departure and could
participate in charging or discharging properly to neutralize
wind power fluctuations. As time ¢ grows and PEV; approaches
its planned departure time 7}, the can-be-fulfilled BEC of PEV;
keeps decreasing at the rate of its maximum charging power
Prax, and this leads to the decreasing BEC margin over time.
When the margin drops below the preset threshold value, PEV;
will withdraw from the wind power compensation scheme and
switch to a nonresponsive state (corresponding to (9.b)).
Afterwards, the nonresponsive PEV; will be charged with the
maximum rated power P;max for daily driving utilization. Once
the desired SOC of PEV; is completed with E£=0, it will be
disconnected from the power network by the smart socket
(corresponding to (9.¢)).

C. MAXIMAL PROFIT SURPLUS AND FREQUENCY REGULATION
MODEL FOR MULTIPLE PEVS

The following proposed PEV charging scheme can be used
to provide frequency regulation service in a real-time electricity
market. This market is designed and operated by the
distribution system operator (DSO), and PEV users are the
active participators in the market to bid their frequency
regulating capacities. Since conflicts of interests coupled with
frequency regulation services exist among multiple PEVs, an
effective model capable of simultaneously optimizing the PEV
power and participating in frequency regulation is highly
needed in a competitive electricity market. As the technical
content of the proposed scheme is the focus in this paper, the
detailed market framework for the application of the proposed
scheme will be fully investigated in the future.

In this market, the designed PEV charging scheme should
benefit both PEV owners and power industry utility. It is
obvious that the utility can benefit from the effective frequency
regulation such as replacing part of the expensive coal-fired fast
reserve with grid-connected PEVs and reducing some extra
conventional spinning reserves. On the other hand, economic
incentives should be offered to PEV owners for their frequency
regulation services due to the battery degradation and losses
cost incurred from the charging/discharging process. As
investigated in [22][26][27], when PEV battery is subjected to
frequent charging/discharging events, the battery degradation
and loss are closely related to the amount of energy processed
by the battery and the rate cycling of the power. The battery
degradation and loss cost can be evaluated based on the amount
of energy processed by the PEV battery during its
charging/discharging process and the variations of battery
power between any two consecutive intervals. In another aspect,
the PEV owners would obtain revenues from providing the
reserve capacity of frequency regulation during both charging
and discharging process for wind power compensation. In the
authors’ previous work [22], an economic analysis was
conducted for the battery degradation and loss cost against the
revenue of frequency regulation, and the analysis demonstrated
that the PEV owner could overall gain a net cost saving based
on the state-of-art average hourly regulation market clearing
price in PJM. Moreover, since the grid-connected PEVs are
able to create economic benefit for both PEV owners and power
utility, the utility could even further relinquish a share of the
profits by providing a better incentive scheme of frequency



regulation services for PEV owners thus to make the charging
scheme more attractive to PEV owners and encourage them to
participate more in the market.

Based on the above discussion, we made four general
assumptions to form the PEV charging scheme in following
section. 1) Firstly, there is a proportionally fair pricing based
energy market designed and operated by the DSO, in which the
PEV owners who are willing to pay the higher prices would
have a larger share of the energy capacity [21]. 2) Secondly,
encouraged by an attractive financial compensation to PEV
owners, PEV users are willing to leave their PEVs during a
certain period for charging/discharging (say, starting around
22:00 after they arrive home until the departure time 8:00 of
next morning) as long as the vehicles can achieve satisfactory
SOC before the departure. 3) Thirdly, the static security
constraints such as feeder thermal capacity limits and nodal
voltages limits are not considered in the proposed PEV
charging scheme, as the focus of this paper is to regulate system
frequency. 4) Finally, the PEV charging facilities are properly
configured with smart sockets that could interact with a large
number of PEVs and control the PEV charging process based
on proper communication networks.

With these assumptions, inspired by [21] and [28], a
discrete time system where n PEVs share some power demands
(such as the wind generation fluctuations in this paper) is
considered. In each time slot t, PEV; has a quantity of x;(t)
charging/discharging demands, and the unit Market Price (MP)
of demands is determined as a function of the aggregated
demands > xi(t) arriving in that time slot as

P(V) = Ly x () ICO

where p(?) is the MP at time #; n is the number of PEV users;
xi(?) is the power of PEV; at time ¢#; C(¢) is the network capacity
available at time ¢; @ and k& are constants. Each PEV is evaluated
by a non-decreasing utility function, and a typical utility
function is logarithmic [21][28]

u; (t) = & (t) log xi(t) (11)
where () is the WTP parameter calculated by (7) or (8). The
individual profit surplus is equal to the utility minus the cost

Vi_protic = Ui (1) = Xi(1) p(t) = 9, (1) log xi(t) — xi(t) p(t) (12)
For multiple PEVs , the objective of the proposed charging
model is to maximize the total profit surplus

MEX DV, o = Max [, (010 ()~ x(0) ()] (13)

To keep the power balance for system frequency regulation,
all PEVs total power outputs should exactly match the total
fluctuating wind generation as

> 50 = 2R )

The proposed PEV charging model includes equation (7) or
(8), (10), (13) and (14). To solve the model, the Lagrangian
multiplier method is used to transform the proposed model into
a non-constrained optimal problem as

> [ ®1ogx(® - x OO s

I EWOED W0}

i=1

(10)

(14)

n
max zvifprofit = max
i=1

Substitute equation (14) into (15), we could rewrite (15) as

m

I:>i_ﬂuc (t)
i=1 (16)
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The second term in (16) is constant after p(t) is determined, and
therefore maximizing (16) is equivalent to optimizing the
following problem

> [0 ®log x(0]- pE)

max

n > [@ (1) log x(0)]
max zvi_profit =max = (17)

- m n
- +/1[z P () — Z xi(t)]

i=1 i=1

and the optimal solution of PEV; charging power is

;t:_zn:a).(t) Zmlpi_ﬂuc(t) (18)

X0 =0 0/4=0,0/ Y0 )x 3 R0 (19)

While for the individual PEV, to obtain its own maximal profit
surplus, the optimal MP should be settled by optimizing (12)
and PEV; optimal charging power is

Xi_local (t) = a)| (t)/ p(t) (20)
Considering the power balance constraint (14) for frequency

regulation and summing over index i on both sides of (20), MP

can be calculated as
p(t) = 2 o (t) z X 1ocat (1) = Z w(t) P () 2D
i=1 i=1 i=1 i=1
accordingly, the parameter C(f) in (10) is

C(t) =ax[Q P 1“ Y /> o, (OF"
i=1 i=1
and the local optimal solution (20) for the individual PEV is
X uea () = 0,0/ PO = 0O PO Ox Y R ac) (23
i1 i1

By comparing (23) with (19), it is clear that for the proposed
charging model, when the overall PEVs maximize their total
profit surplus, each individual PEV also get the maximal profit
surplus from charging network at the same time, and the market
price p(?) is exactly the same as the Lagrangian multiplier 1.

With the proposed PEV charging model, all PEVs are
coordinated to economically share the wind power fluctuations
with solutions indicated by (19) or (23), in which PEV; could
charge or discharge with the ratio of its own WTP over the
summation of all WTPs.

(22)

I1l1. FULLY DISTRIBUTED CHARGING SCHEME OF PEVS

In Section Il, the optimal PEV charging model with daily
driving requirement and frequency regulation constraints is
presented to maximize total profit surplus, and the optimal
solution is derived in (19) or (23), which can be easily
calculated in a decentralized manner if there is an information
hub to collect all WTPs and wind power fluctuations. However,
to nicely fit the wide scattering feature of PEVSs in the
distribution network and enhance the reliability of PEVs
charging control, a fully distributed optimal algorithm based on
the consensus theory is proposed in this section.

Consensus algorithm only requires local information of
neighboring gents and coordinates to find the global optimal
solution. In consensus algorithm, the value affiliated to agent i
is updated as [29]-[32]



n
yilk+1=d,y,[k] (24)

j=1
where y;j[k] is the local value assigned to agent j at iteration £,
yi[k+1] is the updated value of y; at iteration £+1, and n is the
total number of agents participating in the information
discovery process, which could be derived from Laplacian
matrix of the communication graph [29][30]. As the mean
metropolis indicator is distributed and adaptive to changes of
communication network topology with converged optimal
solution, it is directly introduced to calculate djj as

Y(n,+n;+2) (jeN)
d; = 1—zj€N_1/(ni+nj+2) i=j @5
0 otherwise

where N; is the index of neighbor agents connected with agent
i, nj and n; are the numbers of agents connected to agents i and
j, respectively. According to the consensus theory [29][30],
when k—oo all state variables will be stable

. 19 -
limy[k]==2y;[0]=y
—>00 n j:l

Equation (26) indicates all the state variables will converge to
the average value y of the initial value y;[0].

To solve the proposed model in Section II in a fully
distributed manner, the crux is to calculate the Lagrangian
multiplier in (18) locally. According to (26), the numerator and
denominator of (18) could be iteratively estimated to be

Yo =nxa=nxlinqOK @)

(26)

> Pi_fluc (t) =mx Pi_ﬂuc () =mx Lim P e (t)[k](28)
i=1 or T

with iteratively updating w;(t) and P; fuc

oOk+1=Y do,OK @9
=1
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For (29) and (30), wi(¢) and P; fuc(f) of PEV; are updated
based on w;(t) and P; au of its neighboring PEV;. With the
increasing of iteration k, w«#)[k] and P; au(?)[k] converge to the
average value; Then > w«(¢) and Y P; auc(?) are calculated by (27)
and (28) only using the local value w(f)[k] and P; auc(f)[k], and
consequently the Lagrangian multiplier of PEV; is calculated
by (18) and the optimal power output of PEV; is determined by
(19). Since consensus algorithm could converge well in a few
iterations [29]-[32], the maximum iteration kmay is fixed at 100
for the case studies in Section V and VI. The flowchart of
proposed distributed algorithm is presented in Fig. 2.

IV. COMMUNICATION NETWORK IMPLEMENTATION
CONSIDERATIONS

There are various candidate technologies both wired (e.g.,
power line communications and TCP/IP Ethernet) and wireless
(e.g., Wi-Fi, cellular, WLAN, TV white spaces and ZigBee)
available for two-way communication links of multiple PEVs
[21][33]. Each PEV has an intelligent agent that could control
its charging strategy and exchange information (e.g.
unbalanced power and the WTP parameters in this paper) with
neighboring PEVs via these communication technologies.
Among all these communication technologies, ZigBee is the
most promising platform for constructing the PEV
communication network with the following advantages [33]:

Input system data, PEVs parameters, wind power
fluctuation data, total simulation time T and the | (1)
maximal iterations of consensus algorithmK_ .,

Initialize the coefficient djj according to the @
communication network by (25)
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Fig. 2. Flowchart of the proposed PEV charging scheme.

1) low power consumption; 2) flexibility to various network
topologies; 3) simplicity for device implementing; 4) capability
of self-organizing mesh network. In addition, ZigBee’s data
rate at 2.4 GHz can reach around 250 kb/s to satisfy the
estimated bandwidth requirements for PEV applications
between 9.6 and 56 kb/s. In particular, its Low cost (e.g. device
cost, installation cost and maintenance cost) can boost the
commercial deployment of the desired communication
networks in a large-scale. As ZigBee based on the IEEE
802.15.4 physical layer of the open system interconnection
model and the link layer device enables the network to handle
any number of devices, ZigBee could accommodate a large
number of communication nodes per network and is very
suitable for the connection of numerous distributed PEVs, as
investigated and tested in [34] and [35].

ZigBee network has two typical devices, i.e., the Full
Function Device (FFD) and ZigBee Coordinator (ZC). ZC is
responsible for managing the local ZigBee network, as a root
node enabling ZigBee nodes to leave or join the network and
also serving as a bridge to other regional networks, and FFD
behaves as the end devices (connecting the PEV) which can
communicate with the ZC and other FFDs as well as act as an
intermediate router node in the ZigBee network. Based on
functionalities of the FFDs and ZC, a very flexible
communication network can be properly configured as Fig.3
for conducting the center-free control algorithm proposed in
this paper.

This is a hybrid two-layer communication network
consisting of the remote networks and local area ZigBee
networks. For the inner local area, there are numerous FFDs
and ZC attached to PEV chargers to properly form the ZigBee
network based on the IEEE802.15.4, by which the individual
PEV can freely exchange information such as the unbalanced
power demand and WTP parameters. with other PEVs. The
connectivity of the ZigBee network will determine the
reliability of the system, and here a n-1 rule could be utilized to
design the topology of the communication network, which
means that there is no isolated node even if any communication
link is disabled. For local ZigBee network, there could be
hundreds or even thousands of communication nodes for a
ZigBee network and it is very suitable for installing in public
charging facilities or community charging piles. To further



accommodate tremendous PEVs scattering in a distribution
system with long distances, the local ZigBee networks could be
easily expanded with the remote network based on the TCP/IP
Ethernet or power line communications, in which the multiple
regional ZigBee networks are also with highly reliable
connections based on certain strategies such as the n-1 rules. It
can be noted that Fig.3 is just an overall communication
topology, and the detailed implementation of the structure is
reserved for future work to align with communication
technology standardization for PEV charging in practice.

3 ‘:‘ | Area 2
Y N

/
N~ Areal (i=34,-+N-1)

. FFD at PEV PR Zigee
Communication link

TCP/IP or Power line communication

Fig. 3. Overall communication network structure of numerous distributed
PEVs.

V. SIMULATIONS

A single-area distribution system shown in Fig. 4 is used to
test the proposed PEV charging scheme. The system includes
the coal and diesel generators, five wind farms (denoted as WP,
to WPs5) and 2000 PEVs. As a simplified example for
demonstration purposes, these 2000 PEVs are divided into 16
groups evenly (denoted as PEV; to PEV ), and the PEVs in the
same group connect to one PEV aggregator/station, which have
the same initial SOC, arrival time, desired SOC, and planned
departure time. In particular, for PEV, to PEVy, there are five
wind farms WP; to WP;s nearby and each wind farm connects

to the communicating node of the nearby PEV station. In Fig.
4, all PEVs coordinate to counteract the wind power
fluctuations, meanwhile the coal and diesel generators act to
further keep the whole system power balance with primary
frequency control. The system parameters are given in Table I.

A center-free communicating network is implemented in
Fig. 4. Each PEV aggregator/station is equipped with an agent
(marked as a blue circle in Fig. 4), which is capable of
communicating with its neighboring agents, and could also 1)
calculate the PEV power according (19); 2) update the PEV
power-track reference Prq;. in Fig. 1. It should be noted that
the communicating network can be designed to be different
from Fig. 4, and the proposed distributed charging scheme can
be applied to various network topologies, as long as all PEVs
and wind farms are connected by the communicating network.
Different network topologies only affect the information-
exchanging rate or information sharing efficiency among
agents and thus have certain influences on the convergence of
the consensus algorithm.

In the following case studies, the typical period from 10 p.m.
of the first day to 8 a.m. of the next morning is investigated for
the proposed scheme. The battery parameters of PEVs are
obtained from commercial Nissan Leaf as shown in Table I with
a 220V/23A outlet [25], and the maximum allowable charging
power is 5.06 kW. The BEC margin threshold is 4%. The agents
in the communication network exchange information every 20
milliseconds, while the PEV power reference in Fig.1 is
updated every 2 seconds with WTP parameters recalculated
every 30 seconds.

TABLE | PARAMETERS OF PEV BATTERY AND DISTRIBUTION SYSTEM

For battery Value For AGC Value

Viom 364.8V M 10s
Crom 66.2 Ah D 12.5 MW/Hz
Chart 24.15 kWh Tce 02s

a 15 Ten 03s
RT/F 0.02612 1/Rcg 20 MW/Hz
Rieries 0.074 Q ki 0.2 MW/(Hz's)
Ritrans 0.047 Q Tpe 0.1s
Cirans 703.6 F Ty 0.1s

p 0.985 1/RpG 8 MW/Hz
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Fig. 4. Configuration of the distribution system with 16 PEVs and 5 wind generators.



A. CAsE STuDY 1 (DEMONSTRATION OF THE CONVERGENCE

PROCEDURE OF THE PROPOSED CHARGING SCHEME)

To demonstrate the convergence of the proposed scheme,
PEVs driving patterns are simplified and shown in Table II: the
initial SOC of PEV; to PEV /s is random in the range [25%,
55%], while the desired SOC are 95% for PEV, to PEV,, 90%
for PEVs to PEVs, 85% for PEV to PEV; and 80% for PEV ;3
to PEVys. The planned departure time for PEV; to PEVs is 7
hours after its arrival, and 8 hours for PEVy to PEV ;4. The total
fluctuating wind generation is assumed as Ppuy=Pact-Prore in
Table III, while the total wind generation fluctuation Pq, is
allocated to the wind power WP, to WP with the ratios of 0.1,
0.15, 0.15, 0.25 and 0.35 respectively, and wind farm power
fluctuations are sampled every 8s.

TABLE Il AssSUMED PEV USERS’ DAILY UTILIZATION REQUIREMENTS

WS 90C | SOCws | Ti(s) | usersneeds | SOCw | SOCws | Tis)
needs
PEVI | 0.5042 PEV9 0.3584
PEV2 | 0.4600 PEV10 0.5066

0.95 0.85
PEV3 | 02562 PEVI1 0.2536
PEV4 | 03018 PEVI2 0.2673

25200 28800

PEV5 | 0.2681 PEV13 0.3496
PEV6 | 0.5061 09 PEV14 0.2629 0s
PEV7 | 0.2668 ’ PEVI5 0.5100 ’
PEVS | 0.4067 PEV16 0.3562

TABLE 111 WIND POWER FLUCTUATIONS DURING 22:00-08:00

Time 22:00-23:00 | 23:0024:00 | 00:00-01:00 | 01:00-02:00 ] 02:00-08:00
Actual wind power 7500 6750 5625 4500 5250
Paa (KW)
Forecasting Wind 6000
power Ppore (KW)
Total wind power 1500 750 375 1500 750
fluctuation Py, (kW) ) ) )
WPI (kW) 150 75 375 7150 75
WP2 (kW) 25 1125 56.25 225 1125
WP3 (kW) 225 1125 5625 225 125
WP4 (kW) 375 187.5 9375 375 1875
WPS (kW) 525 2625 13125 525 2625

The key capability of the proposed scheme for locally
estimating Y wi(t) and Y P; auc(t) is firstly investigated for the
beginning 2s of 22:00-23:00. Based on the data in Table III,
since WP; to WP; only connects to PEV, to PEV; respectively,
in theory the total wind generation fluctuation estimated locally
by each PEV without other information should be
150kW*16=2400kW for PEV,, 225kW*16=3600kW for both
PEVs and PEVy 375kW*16=6000kW for PEV; and
525kW*16=8400kW for PEVs, while other PEVs should
estimate a value of zero total wind power fluctuation. Fig. 5
plots the estimated Y P; nuc(¢) within the first 200 iterations for
validation purpose, and the convergence curves exactly start
from 2400kW, 3600kW, 3600kW, 6000kW and 8400kW for
PEV.,to PEV;srespectively, while zero for other PEVs. With the
increase of iterations, all PEVs converge to a common value
and finally reach at 1500kW as the approximated total wind
generation fluctuations X P; quc(f) with 100 iterations. For

100-200 iterations, all agents detect no changes for WP; to WPs.
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Fig. 5. Convergence of locally estimated wind power fluctuations.
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Fig. 6. Convergence of locally estimated WTP Y wi(t).

Similarly, the summation of WTP paramater Y w(¢) is also
locally estimated and the convergence process is shown in Fig.
6. Different from Fig. 5, all curves in Fig. 6 start at non-zero
value, and settle down to the converged value. Based on the the
converged value of Y P; auc(?) and Y wi(¢) in Fig. 5 and Fig. 6,
the Lagrangian multiplier A in (18) could be locally calculated
and the optimal PEV power is determined by (19).

From the above analysis, it is clear that the estimation of
> Pi mue(?) and Y wi(?) relies on the self-evident value P; fiuc(?)
and w,(f) of agent i, which only exchanges limited information
with its neighbours by (29) and (30) instead of collecting
information from an all-round hub. On this basis, the
Lagrangian multiplier A and the optimal generation of PEVs are
calculated locally, and therefore the proposed approch is a fully
distributed PEV charging scheme.

For the remaining time period, the proposed distributed
algorithm continues to estimate the total wind power
fluctuations Y P; fuc(t) and summation of WTPs Y wi(t), and a
responsive PEV will react to the estimated Lagrangian
multiplier and adjust its G2V/V2G power by (19). The total
power generation of all responsive PEVs is expected to
counteract the wind power fluctuations, and Fig. 7 shows the
PEV charging/diacharging behavious during the 10 hours.
According to the data in Table III, the positive wind generation
fluctuation (1500kW) during 22:00-23:00 indicates that all
PEVs should be charged properly to counteract the wind power
surplus, and all PEVs indeed coordinate to charge power
correctly in Fig. 7a). PEV; has the smallest initial SOCin;
(0.2562), the largest desired SOCenq (0.95) and the earlier
departure time 7; (25200s), which has resulted in the largest
WTP paramater w;(t). Therefore, PEV; has the largest charging
power during 22:00-23:00. While for PEV s with SOC;,=0.51,
SOC.=0.8 and T=28800s, it is not so urgent compared with
other PEVs, and hence it has the smallest charging power. For
the period 23:00-24:00, the wind generation fluctutaion is also
positive but with a smaller value 750 kW, and thus all PEVs are
responsive with the smaller charging power compared with that
during 22:00-23:00, in which PEV; and PEV 5 are still charged
with the largest and smallest power. For the period 00:00-01:00,
the wind fluctuation is reduced to a negative value -375kW,
which indicates that the actual wind generation is smaller than
the forecasting wind generation, and all PEVs start to discharge
power accordingly. In this period, PEV3 is with the smallest
discharging power while PEV s is with the largest discharging
power. For the next period 01:00-02:00, most PEVs continue to
discharge power to compensate the negative wind power
fluctuation except PEV3;, which meets the non-responsive
criterion at nearly 01:40 (13381s after its arrival), and steps up
to the rated power for charging. For the period 02:00-04:00, all
PEVs meet the non-responsive criterion one after another and
start to charge power only. During period 04:00-06:00, PEV, to
PEVs is with the satisfied SOCenq and leaves the charging
network, and then the SOCeng of PEVy to PEV js1s satisfied. All
PEVs finish the charging tasks for daily driving within the



planned departure time 7;.

The total power outputs of PEVs are plotted in Fig.7b). It
can be seen that for the first three hours 22:00-01:00, all PEVs
are responsive to counteract the wind power fluctuation; with
time going, more PEVs start to charge power, and the total
power output of PEVs gradually steps up to
5.06*2000=10120kW. All PEVs finish the battery-charging
task before the departure time and finally the total power output
steps down to zero.

The SOC curves are further plotted in Fig. 7c) along with
Fig. 7a) and b). It is demonstrated that for 22:00-24:00, all
PEVs are with charging power and the SOC is increased; for
the period 24:00-01:00, all PEVs start to discharge power with
the SOC decreased; for the period 02:00-04:00, as some PEVs
are charged with the rated power, the corresponding SOC is
increased with a fixed slope. Since PEV, to PEV s has the same
maximal rated power, the SOC of all PEVs is increased at the
same slope for 02:00-04:00. For 04:00-08:00, PEV, to PEV;
firstly arrive at the desired SOCend and PEVy to PEV 4 arrive
later. Fig. 7c) also clearly reveals that PEV; is the most urgent
one to start charging with rated power, while PEV/s is not so

urgent and is the last one to be charged with rated power.
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Fig. 7. Charging/discharing power and SOC curves of 16 PEVs.

Fig. 8 simulates the system frequency deviation during
period 22:00-08:00 with the power outputs of coal and diesel
generators plotted in Fig. 9. It can be observed that with the
proposed charging scheme, the aggregated power outputs of
PEVs could exactly counterbalance the wind power generation
fluctuation during 22:00-01:00. For 01:00-08:00, as an
increasing number of responsive PEVs becomes nonresponsive
or even plugged-out, the power compensation provided by

PEVs becomes insufficient after 01:40 a.m. and hence the coal
and diesel generator need to response to ensure the power
balance with bouncing power output. Since most PEVs step up
to the rated charging power during 02:00-04:00, the frequency
slightly fluctuates with some burrs during that period as shown
in Fig.8.
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B. CASE STUDY 2 (VALIDATION OF FREQUENCY REGULATION WITH

VARIOUS DRIVING PATTERNS)

In case study 2, a more practical utilization of PEVs in
frequency regulation is demonstrated with the complex
parameters setup as: 1) the SOCiy of PEV; to PEVys is
randomly generated in the range of [25%, 55%], and the SOC,q
is 0.9 or 0.95; 2) the departure time 7; of all PEVs is random in
04:00-08:00; 3) the fluctuating wind power is generated based
on Section II.A with data from [22], and the forecasting wind
generation is assumed to be dynamic with time as shown in
Fig.10, and wind farm power fluctuations are sampled every 8s;
4) to test the plug-in and play capability of the proposed
charging scheme, PEV; is randomly plugged in for charging
power instead of at 22:00, and PEV/ is accidently plugged out
for emergency usage before 08:00.

The proposed charging scheme tries to coordinate all
responsive PEVs to neutralize the fluctuating wind generation
in the real time. As shown in Fig. 10, during 22:00-04:00, the
total power of all PEVs could perfectly counteract the wind
generation fluctuations, and the neutralized power output is
smoothed and matches well with the forecasting wind
generation. With time going from 04:00 to 07:00, an increasing
number of responsive PEVs meets the non-responsive criterion
and starts to charge with the rated power, and the capability of
counterbalancing wind power fluctuation of PEVs deteriorates.
Finally, the power compensation ability is completely lost



during 07:00-08:00, and the neutralized power output
considering PEV generation becomes exactly the same as the
fluctuating wind power.
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Fig. 10. Neutralized power output with 16 PEVs.

The frequency regulation performance is also compared
between two scenarios: 1) The frequency is only controlled by
the coal and diesel generators without PEVs; 2) The frequency
is controlled by coal and diesel generators as well as PEVs by
using the proposed charging scheme. The frequency deviations
of these two scenarios are shown in Fig. 11 with mean and
standard deviation (Std) indicated in the bracket. The
comparison results demonstrated that in a distribution system
with fluctuating wind power generations, the proposed PEV
charging scheme can effectively improve the frequency
regulation performance when there are enough responsive
PEVs due to PEVs’ fast-response capability. However, with
time going and the number of responsive PEVs reducing, the
capability of PEVs for frequency regulation has certainly
diminished.
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Fig. 11. Frequency deviation for the system with 16 PEVs and wind generations
sampled every 8s.

The SOC curves of PEV; to PEV,s with the charging
behaviors discussed above is displayed in Fig. 12. When PEVs
respond to neutralize the wind power fluctuation, all PEVs
except PEV, (with earlier departure) finally achieve the
satisfied SOC.nq before the departure time 7;. To simulate the
random departure of PEV, PEV; is assumed to drop out the
charging network at 23:00. With the proposed charging scheme,
the SOC of PEV, is not changed during 23:00-08:00 as verified
in Fig.12. In addition, in practice PEV user might postpone to
plug in PEV or randomly plug in PEV, and this circumstance is
simulated by PEV>. It can be found that the SOC of PEV; is
constant until 23:30. After it is connected to the charging
network, PEV; can correctly join in the proposed charging
scheme and finish the SOC target as normal. Furthermore, the

frequently changed departure time during charging process is
also simulated by PEV,. The user of PEV, changes the planned
departure time from 26200s (around 05:15) to 33200s (around
07:10) at 03:00. In Fig. 12, PEV, accordingly slows down the
charging power at 03:00, as it is not so urgent due to the
extended departure time, and reaches the desired SOCeng a bit
later. Therefore, it can be demonstrated that the proposed
scheme could effectively handle the common practical driving
patterns including the random arrival time, frequently changed
departure time, the random initial and desired SOC, and
correctly satisfy PEV charging requirements with the superior
ancillary service of frequency regulation. The results have
validated the plug-in and play capability of the proposed
charging scheme.
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Fig. 12. SOC curves of 16 PEVs.
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To see how sample time could affect the effectiveness of the
proposed scheme in term of frequency regulation, in the
following section the PEV charging scheme is investigated for
various sample time (e.g. 4s, 30s and 60s) of wind power
fluctuations. As shown in Fig.13, in general, the frequency
deviations are all effectively regulated for these three scenarios
at the beginning when with enough responsive PEVs. However,
with time elapsing, the performances of the charging scheme in
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frequency regulation are similarly deteriorated for the three
scenarios due to the reducing number of responsive PEVs.
When further make specific comparisons of these results, as
indicated by the frequency deviations in Fig.13 a), b), ¢) and
Fig. 11 b), Fig.13 a) is with the smallest mean and Std value
while Fig.13 c) is with the largest mean and Std value. There is
a tendency that with an increasing sample time of wind power
fluctuations, the frequency deviations regulated by the
proposed PEV charging scheme enlarge slightly. This is
because that PEVs are generally electronic-based devices with
fast ramping up/down power and thus could well follow up the
rapidly changing wind power fluctuations. However, with
sample time of wind power fluctuations increased, the
capabilities of fast ramping up/down of multiple PEVs are not
fully exploited to compensate the rapidly changing wind power
fluctuations, thus the frequency regulation performance in
Fig.13 c) with the largest sample time is not as good as that in
other scenarios.

V1. VALIDATING SCALABILITY OF THE PROPOSED SCHEME
FOR FREQUENCY REGULATION

For case study 1 and 2, these 2000 PEVs are divided into 16
groups, and each group including 125 PEVs is assumed to
connect to one aggregator. Afterwards the proposed fully
distributed approach is implemented at each aggregator.
However, there is no limitation for the proposed approach to
handle even more distributed PEVs. In the following section,
the original 2000 PEVs will be expanded to divide into 50
groups (regarded as study case 3) for investigating the
scalability of the proposed scheme for frequency regulation. It
is expected that with good scalability, the proposed charging
scheme shall be readily applied for more distributed PEVs such
as for 2000 individual PEVs or several thousands of PEVs.
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Fig. 14. Communication topology for 50 PEVs.

In this case, a communication topology for the 50 groups of
PEVs is selected based on the aforementioned n-1 rule. In
specific, each PEV; (i=1,2,...,50) is assumed to communicate
with its adjacent neighbors with the index number i+1 and i+10
as shown in Fig.14. The communication graph is connected
with 100 links, while the maximum possible number of links
for 50 PEVs is C%, = 1225 , so the density of the graph
connectivity is only 100/1225=0.08. Correspondingly, the
communication coefficients are set according to (25). The
parameters such as the initial SOC, the target SOC and the
departure time of PEV to PEV5 are randomly generated, while
the fluctuating wind power and the forecasting wind generation
are the same as that in case 2 shown in Fig. 10, and the wind
farm power fluctuations are sampled every 8s.

Communication links

Fig. 15 plots the frequency deviations of the proposed
algorithm applied to the distribution system with 50 groups of
PEVs. It is evident that the proposed PEV charging scheme can
also effectively regulate the system frequency. The maximal
and Std value of the frequency deviation shown in Fig.15 are
0.1123Hz and 0.0274Hz, which are comparable to the value for
assessing the performance of the proposed algorithm with 16
groups of PEVs indicated in Fig.11 b) of Section V.B.
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Fig. 15. Frequency deviation of the system with 50 PEVs and wind generations
sampled every 8s.
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Fig. 16. SOC curves of the system with 50 PEVs.

Fig.16 further plots the corresponding SOC curves of these
50 groups of PEVs, and the results show that each group PEV
could approach a satisfactory SOC level before the randomly
set departure time.

The comparisons between case study 2 in Section V.B and
the case 3 demonstrates that with increasing number of
distributed PEVs, the proposed PEV charging scheme could
still effectively regulate the system frequency in the real time
while the PEV users’ charging requirements could be well
satisfied. Therefore, the proposed charging scheme is with good
scalability, and it is reasonable to expect that the scheme is
capable of accommodating a large number of distributed PEVs
for frequency regulation of a distribution power system, as its
computational capability could be ensured by a reasonable
communication network, for instance with the similar density
of graph connectivity as shown in Fig.14.

VII. CONCLUSIONS

In this paper, a comprehensive PEV charging model is
presented to mitigate wind power fluctuations in a distribution
system. While PEV users’ daily driving requirements including
the SOC target and departure time are modeled by the defined
willing-to-pay parameter, PEV charging power is optimized to
share the wind power fluctuations. On this basis, a fully
distributed control scheme is designed to flexibly allocate the
charging/discharging power of multiple PEVs in the real time.
The scheme is robust to different PEVs driving patterns, such
as their random plugging in and plugging out, initial SOC,
desired SOC and the frequently changing departure time. Tests
on the distribution system with wind farms, coal-diesel
generators and multiple PEVs have demonstrated the
effectiveness and robustness of the proposed control scheme in
regulating system frequency as well as its good flexibility in
satisfying PEVs charging demands with plug-in and play
capability. Since the proposed PEV charging process to



exclusively regulate system frequency would affect the power
flows of the distribution networks and may result in operation
constraint violations, such as violating the voltage limits and
thermal limits, further ongoing research would elaborately
design an PEV charging scheme (e.g., a bi-level on-line optimal
power flow model) to simultaneously regulate system
frequency and ensure operation static security of distribution
systems.
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