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Abstract— The charging loads of plug-in electric vehicles (PEVs) within a network of charging stations (CSs) are not
uniformly distributed. The load distribution is skewed toward the
stations located in the hotspot areas, instigating longer queues
and waiting times, particularly during afternoon peak traffic
hours. This can lead to a major challenge for the utilities in the
form of an extended PEV load period, which could overlap with
the residential evening peak load hours, increase peak demand,
and cause serious issues, such as network instability and power
outages. This paper presents a new coordinated dynamic pricing
model to reduce the overlaps between residential and CS loads by
inspiring the temporal PEV load shifting during evening peak
load hours. The new idea is to dynamically adjust the price
incentives to drift PEVs toward less popular/underutilized CSs.
We formulate a constraint optimization problem and introduce a
heuristic solution to minimize the overlap between the PEV and
residential peak load periods. Our extensive simulation results
indicate that the proposed model significantly reduces the overlap
and the PEV load during evening peak hours.
Index Terms— Charging station (CS), electric vehicle, pricing
model.

N OMENCLATURE
A. Abbreviations
ACO Ant colony optimization.
BSSs Battery storage systems.
CS
Charging Station.
NP
Nondeterministic polynomial-time hardness.
PEV Plug-in electric vehicle.
RLS
Recursive least square.
SoC
State of Charge [%].
UP
Uncoordinated pricing.
B. Parameters
Correlation coefficient of iteration m for
χm
the updated price vector of CS j .
t
Time slot (time interval) equal to 1 h.
Uniform queue occupancy of CS j .
γ j (t)
Actual queue occupancy of CS j .
κ j (t)
κ max
Maximum queue occupancy of CS j .
j (t)
κ min
Minimum queue occupancy of CS j .
j (t)
PEV Arrival rate at CS j .
λj
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μkj
−−→
β j (t)
−−→
g j (t)
−−→
Q(t)
φ min
j (t)
π jR
σ
c j (t)
recharge
Cj
(k)
d j (t)
dst
e j (t)
E ca
j
I j (t)
j
L kj (t)
p j (t)
pmax
j (t)
pmin
j (t)
r (t)
src
t
T drive ( j, dst)
T drive (src, j )
T jwait (k)
xj

Service time at CS j for charging option.
Price coefficient vector of CS j .
Gain vector of CS j .
Inverse correlation matrix of the price vector in the RLS algorithm.
Minimum value for profit at CS j
[$/time slot].
Probability transition matrix for the R possible states at CS j .
Charging price coefficient.
Electricity purchase price [cents/kWh].
Charging cost for charging option k at CS j
[cents/kWh] (using time of use price).
Charging demand at CS j .
Destination of PEV.
Prediction error of CS j .
Maximum power capacity of CS j [kW].
Amount of incentive from the grid
[cents/kWh].
Index of a CS.
Queue length for option k in CS j (number
of PEVs in a queue).
Charging price at CS j [cents/kWh].
Upper bound of the charging price at CS j
[cents/kWh].
Lower bound of the charging price at CS j
[cents/kWh].
Residential load [MW].
Current source of PEV.
Time consisting of 24 time slots; t = t,
2t, 3t, 24 h.
Driving time from CS j to destination.
Driving time from current location of PEV
to CS j .
Waiting time for charging option k at CS j .
Price coefficient for price vector at CS j
based on the actual and uniform queue
occupancy at CS j .

C. Constants
E ca Capacity of the EV network [kW].
E gca Maximum capacity of grid assigned to a CS [kW].
k
Charging option (k = 1: swap battery; k = 2: dc
charging; and k = 3: ac charging.
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Total number of PEVs.
Total number of CSs.

I. I NTRODUCTION

T

HE PEVs are rapidly becoming a major component of
cities around the world, and their market penetration is
expected to significantly grow in the upcoming years. As the
expectations for future PEV sales increase, there is a greater
research focus on the development of charging infrastructure.
Charging infrastructure is broadly divided into three categories
based on the PEV charging speed. Levels 1 and 2 are in the category of ac charging, while level 3 represents dc charging [1].
Many countries around the world have already established
a network of electric vehicle CSs, commonly known as an
EV network [2]. Such infrastructures are eventually expected
to be as ubiquitous as the traditional gas stations. An EV
network provides the opportunity for quick recharging on
demand, thereby significantly addressing the range anxiety
problem among consumers. In addition, EV networks can play
a critical role in peak load shaving by offering the charging
facilities during off-peak hours. However, utilities have serious
concerns over the negative impacts of such stations on the
stability of the power grid [3]. For instance, simultaneous
charging of too many vehicles at CSs can substantially increase
the power demand at that station and impose detrimental
impacts on the grid components. However, intelligent routing
of PEVs can turn this challenge into an opportunity by viewing
the vehicles as mobile storage devices with charge/discharge
capabilities [4].
As more PEVs join the grid, the waiting time at CSs
in combination with the actual road traffic will constitute a
major challenge. During peak hours, CSs may end up with
long queues that can directly impact the comfort of PEV
owners. To resolve these challenges, we need a systematic
PEV-scheduling technique that not only takes into account the
distribution of the electricity load but also reduces the traffic
congestion and waiting times at the CSs.
Fig. 1 presents the average afternoon traffic pattern as a
percentage of the total vehicle counts and a typical residential
load profile in an urban area in New South Wales (NSW),
Australia [5]–[7]. Fig. 1 demonstrates that the busiest time
slots are between 2 P. M . and 6 P. M . when most of the PEVs are
expected to be on the streets and would need recharging. The
temporal PEV load profile of an EV network is also expected
to follow a similar pattern [7]. Utilities have already expressed
their concerns over the possibility of facing an overlap between
the PEV load and daily residential load periods. An extended
overlap period is likely to put significant stress on both the
generation and distribution sides of the energy industry [7].
The PEV load combined with the increasing residential load
during the evening hours, commonly known as the “duck
curve” problem, offers a major challenge (i.e., high peak-toaverage demand ratio) for the energy industry. Researchers
have been working to shift some loads from the evening hours
to address the duck curve challenges [8], [9]. This motivated
us to investigate the charging strategies in an EV network and

Fig. 1.

Daily traffic counts and daily residential loads in NSW [5], [6].

develop a coordinated dynamic pricing model for the temporal
PEV load shifting to reduce the PEV load during the evening
hours.
In the literature, various smart charging strategies have been
proposed to address the concerns raised by the PEV owners
and utilities. Most of these works aimed at reducing the
average waiting period and charging cost [10]–[12]. In our
previous work [7], we presented a solution to reduce the
waiting time and charging cost. This provides guidelines for
the PEV owners to select the best available CS based on the
minimization of distance, charging price, and waiting time at
the CS. The scope of the work presented in [7], however,
does not include the PEV load shifting and price coordination
among CSs in an EV network. In this paper, we show that
the price coordination among CSs can be an effective tool in
balancing the PEV load, which ultimately reduces the overlap
between the PEV and residential loads.
Lack of price coordination within a CS network leads to a
nonuniform distribution of charging load across the CSs (e.g.,
long queues at hotspot areas, whereas other CSs are not
utilized to their maximum capacities). This results in underutilization of the maximum capacity of the CS network, therefore
increasing the charging times and the overlap period between
the PEV and residential loads. As a result, the PEV load
during the evening hours can be high enough to cause network
instability problem due to an increase in total load (i.e.,
residential peak load plus PEV load).
In a consumer-driven market, utilities cannot directly deny
services to PEV owners even when a grid stability problem
looms. However, PEV owners’ behavior can be influenced
by adjusting the charging prices. Therefore, price incentives/signals can be used as the important management tools
in an EV network. Consequently, dynamic pricing has been
an active area of research, and researchers have made some
important contributions in the literature, such as [13]–[16].
However, none of the existing solutions addresses the challenge of reducing the overlap between the PEV and residential
load periods.
In this paper, we present a new coordinated dynamic pricing
model to reduce the overlap between the PEV and residential
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loads during the evening hours. The coordinated pricing policy
provides a price vector that encourages a uniform distribution
of PEV loads across all CSs so that the EV network can be
utilized to its maximum capacity. This leads to a reduction
in PEV load during the evening hours. However, this is not a
trivial approach since charging cost is not the only influencing
factor. EV owners are influenced by other factors as well,
including driving distance and waiting time, which we also
consider in our approach. In summary, the major contributions
are as follows.
1) We introduce a new coordinated dynamic pricing model
for the temporal PEV load shifting to reduce the overlap between loads associated with CS and residential
networks. To the best of our knowledge, this is the first
paper of its kind, which deals with temporal PEV load
shifting using price incentives/signals in a bid to reduce
the evening peak demand.
2) We formulate the research challenge as a constrained
optimization problem. We propose solutions to other relevant subproblems, including the estimation of demand
in response to charging price variation for each station
during various time slots. Considering the time complexity of the optimum solution, we introduce a rule-based
model to derive the appropriate price information.
3) The proposed model significantly reduces the overlap
between the PEV peak load period and the residential
peak load period, which ultimately leads to a lower
evening peak demand. In order to quantify and benchmark the benefits, we implement our proposed coordinated dynamic pricing model on the Washington green
highway EV network [17] and compare the results with
the smart charging strategy of [7] that uses an ACO.
It should be noted that a pricing model has an impact on
multiple parties, including the electricity utilities, PEV, and CS
owners. In this paper, we consider the potential grid stability
issue caused by an increase in peak demand during the evening
peak hours as the major challenge. As such, direct profit
maximization of CS owners is not within the scope of this
paper.
We assume that since the utilities will enjoy the maximum
benefit from the reduction of the peak load, they will need to
provide necessary incentives (e.g., adjustment of selling price
to CSs, reward for contribution to the reduction of peak load,
and so on [18], [19]) to the CSs to promote a dynamic pricing
model. One can argue that increasing the capacity of the utility
during the evening peak hours can solve the problem, but this
would require capital investment and the high evening peak
demand (i.e., the duck curve problem) would not help with
the economics of this decision (i.e., a low return on investment
caused by the high peak-to-average demand ratio).
II. R ELATED W ORK
In this section, we present previous studies related to the
estimation of PEVs charging load, pricing models, and PEV
charging strategies with emphasizes on reducing the overlap
between PEVs charging and residential loads during peak
hours. Abousleiman and Scholer [20] presented a novel hardware design and implementation logic for a smart grid system

to establish the interaction between PEVs and the power grid
in order to ensure a safe and semistable load on the grid and
minimize the cost. However, they focused on residential PEV
charging without considering EV CSs.
The electrification of transportation brings both opportunities and challenges to existing critical infrastructures [21]. For
example, Wu et al. [22] addressed the challenges of energy
scheduling in office buildings integrated with photovoltaic
systems and workplace PEV charging for public users. They
proposed to leverage day-ahead power market and time-ofuse electricity and used stochastic programming to address
the uncertainties in PEV charging. They proposed a model to
estimate the demands of charging a PEV at the workplace.
However, there is a limited flexibility for selecting the CSs
since they did not consider real-time pricing in their model
and overlooked various charging options.
Wong and Alizadeh [23] presented a framework of PEV
CSs using the queueing model. They proposed a price strategy
based on social optimal congestion that enforces the CSs prices
to the customer in order to minimize the total latency of PEV
users and total electricity costs of CSs. However, in their
queueing model for CSs, they did not mention the charging
rates, and also they did not consider any load management
of PEVs at peak hours. There are also a number of industry
projects [24] and research papers [25], [26] on fast CSs with
BSSs to store the purchased electricity from the grid at the
cheapest hours of a day and sell it to PEVs at peak hours.
Bai et al. [25] studied the power demand of the CS and
proposed an optimum design of a fast-CS equipped with BSSs.
Similarly, Nargestani et al. [26] have investigated the CSs
with BSSs but also estimated the optimum sizing of BSSs
for controlling the charging demand. However, none of the
existing literature discusses changing the price at CS and
controlling the PEVs demand at peak hours. Another important
factor in managing a CS is the power market. Similar to petrol
stations, multiple CSs in the same area may belong to different
owners; therefore, competition between different CSs should
be considered [27]. Lee et al. [28], Etesami et al. [29], and
Yuan et al. [30] have employed approaches based on game
theory to model an interplay among multiple PEVs or between
PEVs and power grid. They have established a competition
system based on game theory for CSs in terms of increasing
CS profits; however, the impacts of traffic load of PEVs
on the power grid at peak hours are not considered. ErolKantarci and Hussein [31] proposed a prediction-based charging scheme that receives dynamic pricing information via
wireless communication, predicts the market prices during the
charging period, and determines an appropriate time of day
to charge the vehicle at low cost. However, their predictionbased charging scheme was based on a simple, lightweight
classification technique that is suitable for implementation on
a vehicle or a CS. Therefore, they have not considered the
impact of driving and charging patterns, such as the increase
in the demand for charging at peak hours in their charging
scheme.
Junjie et al. [32] presented two indirect methods for the PEV
management system in the power grid. They used the marketand price-based controls to minimize the communication cost
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and computational complexity. However, both control strategies have some limitations, such as the uncertainty of the
price-based control strategy. Moreover, they did not present
real-time verifications of the proposed control strategies.
Kim et al. [33] developed an algorithm by controlling
charging price and the number of vehicles to be scheduled
as well as the charging/discharging of BSSs so that the CS
could achieve profit maximization. However, their work did
not consider PEV load shifting. In [13], a price strategy for
the economic operation of CSs equipped with the renewable
resources has been proposed. In their proposed pricing model,
they suggested a stochastic approach for dealing with the
uncertainty of the renewable energy sources to make an optimal price decision in order to maintain the operational cost at
the minimum level. Cherikad et al. [16] proposed a distributed
dynamic pricing model for PEVs charging and discharging
scheduling and building energy management in a microgrid.
Their model was based on the decentralized communication
architecture, and they used a linear optimization approach to
achieve the efficient price decision to maximize the PEVs
utility and maintains the microgrid stability.
Chen et al. [14] using a dynamic linear program for PEVs
charging process proposed a real-time price strategy for the
CSs to minimize the cost of electricity purchased from the
grid. However, temporal PEV load shifting was not the focus
of this paper.
As discussed earlier, although researchers have made important contributions in the areas of charging strategy, dynamic
pricing, and load management, none of the existing solutions presents a coordinated pricing model to control the
PEVs demand at CSs and mitigate the extra stress on the
power grid at peak hours, which is the main focus of this
paper.
III. F ORMULATION OF P ROPOSED
DYNAMIC P RICING M ODEL
This section presents the proposed coordinated dynamic
pricing model for EV CSs in terms of (1)–(20), which is used
in Section IV to present a new EV charging strategy to reduce
the overlaps between residential and CS loads by inspiring the
temporal PEV load shifting during evening peak load hours.
In EV smart charging, two entities, namely, the PEVs
and the electricity utility, are directly involved. The optimization model included in (1)–(5) is intended for PEVs.
This model finds the optimum CS for an electric vehicle
so that the travel time, waiting time, and charging cost can
be minimized. In the proposed model, we highlight that
charging price is an influential factor in the decision-making
process of PEV owners, and the utility can influence their
behaviors (e.g., which CS to choose and when, and thereby
time-shift the load) by controlling the charging price at
various CSs.
Equations (6)–(9) constitute the main problem formulation
in this paper. This formulation is intended for the utility, where
the goal is to find the price vector for various time slots, which
will ultimately reduce the amount of overlap between the PEV
and residential loads during evening hours. As a result, while

Fig. 2.
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Architecture of the PEV CS.

the waiting time parameter is a key concern from PEV owners’
perspective, this parameter is not a direct concern for the
utility. Instead, the PEV load, which is a direct concern for the
utility, is estimated based on a RLS approach [see (10)–(15)
and Fig. 3] and included in the problem formulation.
A. Charging Station System Model
We consider a city with a set of CSs under different
ownership structures that buy electricity from the power grid,
as shown in Fig. 2. At each CS, there are multiple charging
options, including ac level 2 charging, dc fast charging, and
battery-swapping facilities. In smart charging, both PEVs and
the electricity utility are directly involved. In the existing
works [7], [12], smart charging strategies that have been
designed for PEV owners attempt to find the optimum CS for
a PEV by considering multiple factors, including driving time,
waiting time, and the price to charge at a CS. Mathematically,
the objective of such smart charging strategies can be given
as [7]


recharge
(k)
(1)
min x(T drive (src, dst)) + yT jwait (k) + zC j
where x, y, and z are the positive coefficients of the objective
function. For a PEV, T drive (src, dst) shows the total driving
time from its current location src to the final destination dst,
recharge
while j shows the CS along the way and C j
(k) indicates
the charging cost. In addition to the driving time, a PEV
needs to stay in the queue at a CS to access an available
charging socket. As a result, the total waiting time [T jwait (k)]
at a CS j depends on the waiting time in the queue [E(W kj )]
and the time to recharge. Average waiting times for the three
types of charging options at time t can be estimated using the
M/M/s/C and the Little’s law models [34]
 
E L kj
 k
 ∀k : (k = 1, 2, 3).
(2)
E Wj = 
λ j 1 − π jR
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Therefore, for the queue of the battery-swapping facility at
CS j , the mean waiting time can be obtained [7]
 
E W 1j =

μ1j



.
λ j μ1j − λ j 1 − π jR

min Z = r (t) +
(3)

dj

(6)

j =1

N


d j (t) ≤ E ca ∀t

(7)
(8)

j =1

 
E W 2j =

μ2j


λ j μ2j − λ j 1 − π jR

(4)

 
E W 3j =

μ3j

.
λ j μ3j − λ j 1 − π jR

(5)



N


≤ p j (t) ≤ pmax
∀ j = 1, . . . , N, ∀t
s.t. pmin
j
j

Similarly, the mean waiting times for dc fast and ac charging
queues are


optimization model can be given as follows:

In addition to the parameters, such as driving time and
waiting time, the other parameter that influences the decision
of a PEV owner is the charging cost. Charging cost depends on
the charging prices at CSs. Existing works [7], [12] assume
that all CSs use their own pricing models, which offer no
price coordination among CSs and no price incentive to PEVs
for selecting lightly loaded CSs during various hours of the
day. While this assumption causes no major problem for PEV
owners, such an approach introduces a major concern for the
electricity utility.
One risk associated with such charging strategies is that
even when there are several other lightly loaded CSs available
nearby while a PEV waits at a heavily loaded CS located
at a hotspot area, the additional driving time and energy
consumption would discourage many PEV owners to use
the lightly loaded CSs. The other risk associated with such
charging strategies is that many PEV owners may prefer partial
charging at heavily loaded CSs [7], [35], meaning that these
owners are likely to plug into the grid straightaway after they
reach home, which will increase the peak residential load.
The overall risk is that due to the nonuniform distribution of
charging load, the maximum capacity of the charging network
will not be fully utilized during the peak PEV load period,
meaning that a fraction of this PEV load will shift and overlap
with the residential peak load. This is a major concern for the
utility and a coordinated dynamic pricing model can be useful
here to influence PEV owners to select lightly loaded CSs.
In Section III-B, we show how a coordinated time-varying
pricing model can be represented as an optimization problem.

B. Proposed Optimization Model for Temporal
PEV Load Shifting
Let us consider a set of N CSs in an EV network. The price
−−→
vector P(t) ∈ R N indicates the charging prices offered by the
CSs in the network, where p j (t) stands for the charging price
offered by the CS j at t. We consider a day, which is divided
into t time slots. The main objective of the proposed model
−−→
is to obtain an appropriate price vector P(t) (i.e., decision
variable) for the time slots during the busy hours to minimize
the overlap between the PEV load [d j (t)] and residential load
[r (t)]. Mathematically, the objective function of the proposed

d j (t)[ p j (t)+ I j (t)−c j (t)] ≥ φ min
j (t) ∀ j = 1, . . . , N, ∀t.
(9)
Constraint (7) defines the upper ( pmax
j ) and lower
min
bounds ( p j ) for the charging price at a CS. Constraint
(8)
 indicates that the aggregate PEV loads across all CSs
[ Nj=1 d j (t)] should be less than the maximum capacity of
the EV network (E ca ). Constraint (9) ensures that the price
vector does not lead to revenue loss for CSs. I j (t) represents
the incentive [36], [37] provided to CS j by the utility for the
time slot t in appreciation of the contribution of the CSs in
reducing the peak load. c j (t) indicates the electricity cost for
the time slot t at the CS j .
The PEV and residential load profiles can vary from day
to day (e.g., weekdays versus weekends). The optimization
model, however, can still find the optimum price vector, which
would lead to a reduction of overlap and peak load during the
evening hours. In cases when the overlap is not a significant
concern for the utility (e.g., low PEV load in the afternoon
hours during a public holiday), the period of interest can be
adjusted to reflect this in the optimization model.
The model is independent of the number of CSs and
distances between the stations. The optimization problem can
be solved given that the impact of price vector on PEV loads
[i.e., f j p j (t)] at various CSs [see (10)] can be quantified.
This is not a trivial task since the demand is influenced by
multiple factors, including the locations of CSs, their distances
from PEVs, and the relative price differences in their offered
charging price
⎤ ⎡
⎤
d1 (t)
f 1 ( p(t))
⎢ d2 (t) ⎥ ⎢ f 2 ( p(t)) ⎥
⎥ ⎢
⎥
⎢
⎥.
⎢ .. ⎥ = ⎢
..
⎦
⎣ . ⎦ ⎣
.
d N (t)
f N ( p(t))
⎡

(10)

In Section III-C, we show how a demand vector can be
estimated in response to a change in the price vector in an EV
network.

C. Temporal Demand Estimation at Charging Stations
in Response to a Price Vector
In this section, we consider the estimation of the PEV
charging demands at the CSs. Using the general demand
function [38], we can characterize the PEVs demand based
on the price fluctuations. Therefore, charging demand function
can be characterized by price variations during different time
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Fig. 3.

Dynamic state presentation of the price vector.

slots in a day, which can be given as
⎧
d (t) = α1 (t) − β1,1 p1,k (t) + · · · + β N,1 p N,k (t)
⎡
⎤ ⎪
⎪ 1
⎪
d1 (t)
⎪
⎨d2 (t) = α2 (t) − β2,1 p2,k (t) + · · · + β N,1 p N,k (t)
⎢ .. ⎥
⎣ . ⎦= .
⎪
⎪..
d N (t) ⎪
⎪
⎩
d N (t) = α N (t)+β1,N p1,k (t) + · · · − β N,N p N,k (t)
(11)
where [α1, . . . α N ] are factors other than price (e.g., distance,
location, and hourly aggregate load) which affect charging
demand, and [β1 , . . . β N ] are the price coefficients that influence the demand. For demand estimation, we need to obtain
the price coefficients during various hours of the day.
Equation (11) defines a linear system of PEVs demand
function, which is affected by the price coefficients of all the
CSs in the EV network. The price elasticity coefficients of such
a linear system can be estimated by the RLS algorithm (see
Fig. 3) [39]. RLS is an adaptive filter algorithm that recursively
finds the price coefficients at different time slots relating to the
input parameters. For applying the RLS algorithm, we need
the following equations:
−−→−−→
(12)
e j (t) = d j (t) − β j (t) p j (t)
−−→−−−−−−→
p j (t) Q j (t − 1)
−−→
g j (t) =
(13)
−−−−−−→−−→
+ Q j (t − 1) p j (t)
−−→
−−→
−−→
(14)
β j (t) ← β j (t) + e j (t)g j (t)
1 −−−−−−→ 1 −−→−−→
−−−→
(15)
Q j (t) = Q j (t − 1) − g j (t) p j (t)
where e j (t) is the prediction error, while 0 < ≤ 1 is the
forgetting factor that helps us to capture the last charging
demands and ignore the old information and track charging
−−→
demand variation over time. g j (t) is the gain vector and Q(t)
is the inverse correlation matrix of the input vector. In the
RLS algorithm, for a given time slot, the price coefficients are
derived, and the demand at a CS can be estimated for a given
price vector. This demand information is required to find the
optimum solution of the optimization problem.
The model described in Section III is a nonconvex NP-hard
constrained optimization problem. Since the optimal solution
is untraceable and computationally expensive, we look for
a suboptimal solution. Considering the need for a robust
solution, we solve the problem by introducing an iterative rulebased pricing model, which is described in Section IV.
D. Proposed Rule-Based Pricing Model
In this section, we introduce the rule-based instructions,
as shown in Table I, to obtain the spatial price vector for
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all CSs at different time slots. The rule-based model attempts
to find a price vector that encourages a uniform distribution
of PEV loads across all CSs so that the EV network can be
utilized to its maximum capacity during the peak PEV load
period.
The rule-based model starts with input parameters, which
include the current time slot t, current demand κ j (t) at each
−−→
CS j , and the target demand vector γ (t) in the EV network
−−→
obtained under the uniform distribution condition. γ (t) at
the time slot t can be derived from a charging strategy by
uniformly allocating the PEVs among all CSs according to
their capacities (i.e., sockets). It should be noted that the
demand parameters in the rule-based solution are expressed in
terms of queue occupancy in contrast to the demand parameter
in the optimization model, which is expressed in terms of
energy demand.
The rule-based model adjusts the price vector at the start
of each time slot so that the corresponding demand vector,
which is derived from the RLS algorithm, moves closer to the
solution under the uniform distribution condition. In order to
benchmark the proposed dynamic pricing model, we include
the proposed solution in a smart charging strategy modeled
as an ACO, which is presented in Section IV. The flowchart
of the charging strategy incorporating the proposed dynamic
pricing model is illustrated in Fig. 4.
IV. C HARGING S TRATEGY U SING THE P ROPOSED
DYNAMIC P RICING M ODEL
As discussed in Section III, in order to find an optimum
CS for a PEV, a charging strategy considers multiple factors,
including the total driving time, total waiting time (queue
and charging time), and the price to charge. In this section,
we describe the implementation of a charging strategy using
ACO [7] considering the impact of the proposed pricing
model on the grid and PEV owners. We selected ACO as a
metaheuristic solution to provide a robust solution in real time.
Using this approach, we can include real-time information
about the distance to a CS, waiting times at the CS, and
updated pricing information for each time slot. This enables
us to estimate the optimum path in the CS network using the
proposed pricing model based on the following steps.
1) Initialize the parameters, including the CSs number and
their attributes, number of PEVs and their attributes and
pheromone level, as well as the evaporation rate of the
pheromone for the ACO approach in the EV network.
2) Calculate Pikj (u) in each iteration with respect to the
heuristic values, such as travel time, waiting time, and
updated price at each CS
Pikj (u)

θ

τi j (u)α (T drive (src,dst))T jwait (k) p j (t)
= 

 .
α
drive (src,dst))T wait (k) p (t) θ
j
j
l∈N k τi j (u) (T
i

(21)
In (21) at each iteration u, using the updated information of pheromones and attractiveness of the heuristic
information in the model, a PEV moves stochastically
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TABLE I
O PERATION RULES OF THE P ROPOSED DYNAMIC P RICING M ODEL

Fig. 4.

Smart charging strategy using the proposed dynamic pricing model.

vector [see (16) and (17)] as follows [40]:

 
τi j (u + 1) = σ (1 − ρ)τ (u) + τilj
∀(i, j )] ∈ iterl
(22)
 
g 
τi j (u + 1) = σ (1 − ρ)τ (u) + τi j
∀(i, j ) ∈ iterg
(23)
g

where τilj and τi j are the incremental amounts of the local and
global updates at each iteration, respectively.
Fig. 4 shows the flowchart of the proposed dynamic pricing
approach to minimize the overlap between PEVs and residential loads.
V. S IMULATION R ESULTS AND D ISCUSSION
A. Simulation Model

to obtain the probability function of choosing the next
node in a graph of CS.
3) For the path constructions, the local and global
pheromones are updated using the new price coefficient

We tested the proposed solution using a simulation based
on the Washington City road EV network, as shown in Fig. 5.
Each CS is equipped with two charging options (dc fast
charger and ac level 2 charger) and a battery swap facility.
We considered a mix of up to 500 PEVs comprising of Nissan
Leafs (30 kWh), BMWs i3 (22 kWh), and Smart Eds (16 kWh)
with uniform SoC distribution in the range of 10%∼90%. The
PEV arrival at each CS is modeled as a Poisson distribution.
The number of sockets for a charging option at a station is
also distributed uniformly in the range of 1∼10. The fast dc
is 50 kW [43] and the ac level II charging is 22 kW [44],
while the average time to swap a battery is considered to be
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TABLE II
S IMULATION PARAMETERS

Fig. 6.

Fig. 5.

Hourly electricity price of the CSs.

Washington green highway EV network [17].

3 min [45]. Simulation parameters are presented in Table II.
The charging prices for all CSs at each time slot are generated
based on the proposed pricing model of Section III. It should
be noted that the peak charging price at CSs is maintained
below the peak residential price (i.e., 55 cents/kWH). This
is to encourage PEV owners to use CSs instead of charging
sockets at homes during evening hours since the load from too
many PEVs charging at the same time is likely to cause stress
on local substations. Simulation results using the MATLAB
software package are presented in Figs. 6–12 and summarized
in Table III. The price vector in the EV network [see (14)] is
updated hourly using the proposed pricing model, as discussed
in Section III.

Fig. 7. Hourly queue occupancy of the CSs in Fig. 5 with (a) UP model
and (b) proposed model.

B. Results and Discussion
In this paper, we analyze the hourly electricity price,
the queue occupancy, and the average waiting times at CSs as
well as the probability of overlap between PEV and residential
loads with the proposed dynamic pricing model described in
Section III. We compare the proposed solution with existing
studies that use an UP model for all CSs [7], [12]. In the UP
model, CSs independently choose their own charging price.
The discussion of the results begins with Fig. 6 that shows
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Impact of the proposed coordinated price model on the PEVs load.

the hourly electricity prices provided by the proposed model
for the 15 CSs in the EV network of Fig. 5. As Fig. 5 suggests,
charging prices at CSs are: 1) moderate before 3 P. M . (to
motivate early PEV charging that could be supplied from BSSs
and/or renewable energy resources; 2) high from 3 P. M . to
4 P. M . due to the increase in demand; and 3) low during the
late evening hours due to a drop in demand at CSs. The price
trend corresponds to the PEV load profile where the PEV peak
load is observed at 4 P. M . If there is a change in the PEV
load profile (e.g., PEV peak load shifts left or right depending
on days or there is an increase in demand at CSs during the
evening hours), the proposed dynamic pricing model would
follow the load trend and adjust the price at various hours
accordingly. We investigate the average queue occupancy at
all CSs during different times of the day in Fig. 7. Fig. 7(a)
presents the queue occupancy of the UP model. This shows
that when there is no price coordination among CSs, PEV
demands remain divergent during different time of a day, while
Fig. 7(b) shows that changing the prices at CSs using the
proposed model influences the queue occupancy (i.e., load at
a CS). As shown in Fig. 7, the proposed model distributes the
load among CSs more uniformly so that the EV network can
be utilized to its maximum capacity during the peak traffic
period. Fig. 8 shows the impact of the proposed coordinated
price strategy on the PEVs load during different time slots.
As it indicates, the PEV charging load during the peak period
decreases, resulting in uniform distribution of PEV loads
across all CSs. Fig. 9 highlights the potential advantages of
the proposed approach compared with the UP model in terms
of hourly PEV load demands, overlap of PEV and residential
loads, average charging prices, and normalized waiting times.
As evident in Fig. 9(a), the net PEV load per CS is significantly
lower during the peak residential load period (e.g., 6 P. M . to
8 P. M .) in the proposed model compared to the PEV load in the
existing UP model. This is because, the proposed model makes
the best use of the maximum capacity of the EV network
during the peak PEV load period by encouraging uniform
load distribution through the implementation of a coordinated
pricing model. Fig. 9(b) presents the probability of an overlap
between PEVs and residential loads during different time slots.
As the PEVs loads decrease during the peak hours with the
proposed model, it is obvious that the probability of an overlap
between PEVs and residential loads will decrease significantly.

Fig. 9(c) shows that the average price at CSs with the UP
model is higher than the proposed model during the day time
and lower than the proposed model during the afternoon hours.
This is because, in the proposed model, considering the PEV
demands at each time slot, price will change to encourage a
uniform distribution of PEV loads across all CSs.
In Fig. 9(d), we have normalized the average waiting time
over the travel time for both models. However, the result shows
that at first, the waiting time in the proposed model is higher
than UP model, but it decreases significantly during peak
hours. This is because, in the proposed model, information
in relation to the queuing delay for each charging option at
every CS is considered to update the price of the next time slot,
which attracts the PEV owners to start charging early due to
the low charging price. Fig. 10(a) shows the PEV and residential loads during a typical weekend in NSW [46], [47]. Note
that the overlap between the PEV and residential loads during
peak hours (see Fig. 1) is lower in the weekend compared
to weekdays. Fig. 10(b) illustrates that the proposed model
maintains its superior performance in terms of the reduced
load overlapping during the weekend as well. Considering
the popularity of Tesla’s PEVs and dc fast CSs, we also
implemented the proposed coordinated dynamic pricing model
in a scenario where PEVs were considered to have the capacity
equivalent to Tesla Model 3 (80.5-kWh battery capacity [38])
PEVs, and the ac charging sockets were replaced with dc fast
charging sockets in all CSs. Relevant results shown in Fig. 11
indicate a similar trend observed in Fig. 9 where the proposed
model was found to outperform the existing model in terms of
peak demand during the evening peak hours and the overlap
period.
Since a smart charging strategy needs to be robust, a solution is desired in real time. We have investigated the realtime computation time (in seconds) required by the proposed
dynamic pricing model to provide a solution. We have also
investigated the computation time required for each PEV to
find the optimum CS. As evident in Fig. 12(a), the computation
time of the rule-based model increases at a moderate rate with
the number of CSs. Fig. 12(b) demonstrates the computation
time for PEVs to find a CS. As it shows, the average
computation time remains relatively constant as the number
of PEVs increases.
Although the proposed solution relies on the estimated PEV
and residential loads, the uncertainty in loads will have impacts
on the outcomes. This uncertainty, however, is captured in our
simulation results, where the PEV arrival process at source
nodes is implemented using the Poisson distributions with
arrival rate λ [see (2)–(5) and Table II]; hence, the actual
PEV load at various stations varies from the estimated load
during various time slots. As such, the results presented in
Section V captured this uncertainty in PEV load (see Figs.
6–11). For the residential load, we have relied on the data
supplied by the utility and assumed that their estimation error
is not significantly high.
Table III summarizes the performances improvements of the
proposed dynamic pricing strategy over the existing UP model,
given a fleet size of 500 PEVs. Table III clarifies that the
proposed model provides a significant reduction of the overlap
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Fig. 9. Performance comparison of the UP model (see [7], [12]) and the proposed model. (a) PEV charging loads. (b) Probability of overlap between PEV
and residential loads. (c) Average PEV charging price. (d) Normalized waiting time in the queues.

Fig. 10. Performance comparison of the UP model [7], [12] and the proposed model for a typical weekend in NSW [46], [47]. (a) Weekend traffic counts
and residential load. (b) PEV charging load of weekend.

and the peak load during the evening hours. It should be
noted that the duck curve challenge motivated us to investigate
the overlap between the PEV and residential loads in this
paper. However, the proposed model can be applied to reduce
the overlap in other scenarios as well, for example, PEV
and commercial loads by changing the period of interest and
load profile in the optimization and the rule-based model.

Similarly, the proposed model would work for different PEV
and residential load profiles (e.g., weekend versus weekdays).
However, the period of interest can be different depending
on the load profiles, and the utility would have the option
to adjust this period of interest. The proposed model works
by providing price incentives to EV owners to use less
popular/underutilized CSs. As such, the impact of the proposed
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Fig. 11. Performance comparison of the UP model (see [7], [12]) and the proposed model with high capacity batteries for PEVs and dc charging in CSs.
(a) PEV charging loads. (b) Probability of overlap between PEV and residential loads.

Fig. 12. Computation time for the proposed charging strategy. (a) Computation time for the proposed rule-based model. (b) Average computation time of
ACO. Computer specification includes Intel i5 2.4-GHz CPU, 8-GB RAM.

TABLE III
S UMMARIZED S IMULATION R ESULTS

the same level of attention compared to other factors, such
as driving time and energy consumption. In cases where the
less popular/underutilized stations are located far from other
stations, the price incentive may not significantly influence
EV owners’ behavior because of the additional driving time
and energy consumption. As such, the impact of the proposed
solution can be limited in such networks.
The work presented in this paper is intended for the electricity utility. However, since smart charging involves both
the utility and the PEV owners, a real-time communication
platform, such as mobile applications, would be useful in
maintaining real-time communication between the two entities.
The mobile application can capture any change in the dynamic
price information, which would influence the PEV owners’
decisions. It can also analyze historical data and provide useful
information to the PEV owners, such as the period of a
day or the day of a week, when the charging price is low.
VI. C ONCLUSION

solution would be more significant for a large EV network
since the disparity in terms of load distribution is expected
to be high in a large network. The proposed solution would
work well for a scenario, where the price consideration enjoys

We have introduced, implemented, and evaluated a new
coordinated dynamic pricing model for vehicle charging in
CS networks that will encourage temporal PEV load shifting
to reduce their overlaps with the residential peak load periods.
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The dynamic pricing model was formulated as a constrained
optimization problem. We showed how the PEVs demand can
be estimated in response to charging prices at various CSs.
We also presented a rule-based heuristic solution to address
the dynamic pricing challenge in real time. The proposed
solution was included in a charging strategy, which was then
implemented using an ACO model for bench marking. The
findings of this paper revealed significant benefits to both the
consumers by minimizing the waiting times at the CSs (by up
to 22.15%) and the utilities by shifting the charging demands
to reduce their overlaps (by up to 46.7%) and average PEV
loads (by up to 67.2%) with peak residential loads and mitigate
grid congestion.
In this paper, we considered that all CSs would cooperate
with the utility, which would have a direct influence in
changing/controlling the charging prices at various CSs in the
network. In many cases, CSs can be owned by independent
entities, and the utility may not have a direct control over how
these independent entities choose/change their prices. In such
cases, a reward-based model will be required, where the utility
will provide rewards to CSs for their contributions in temporal
PEV load shifting so that a potential grid stability problem
can be avoided. In our future work, we will investigate a
reward-based model for the profit management of CSs in an
EV network.
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